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ABSTRACT
The Clouds and the Earth’s Radiant Energy System Synoptic (SYN1deg), edition 3, product provides
climate-quality global 3-hourly 18 3 18gridded top of atmosphere, in-atmosphere, and surface radiant fluxes.
The in-atmosphere surface fluxes are computed hourly using a radiative transfer code based upon inputs from
Terra and Aqua Moderate Resolution Imaging Spectroradiometer (MODIS), 3-hourly geostationary (GEO)
data, and meteorological assimilation data from the Goddard Earth Observing System. The GEO visible and
infrared imager calibration is tied to MODIS to ensure uniform MODIS-like cloud properties across all
satellite cloud datasets. Computed surface radiant fluxes are compared to surface observations at 85 globally
distributed land (37) and ocean buoy (48) sites as well as several other publicly available global surface radiant
flux data products. Computed monthly mean downward fluxes from SYN1deg have a bias (standard deviation) of 3.0 W m22 (5.7%) for shortwave and 24.0 W m22 (2.9%) for longwave compared to surface observations. The standard deviation between surface downward shortwave flux calculations and observations
at the 3-hourly time scale is reduced when the diurnal cycle of cloud changes is explicitly accounted for. The
improvement is smaller for surface downward longwave flux owing to an additional sensitivity to boundary
layer temperature/humidity, which has a weaker diurnal cycle compared to clouds.

1. Introduction
The earth’s radiation budget describes the exchange
of radiant shortwave (SW) and longwave (LW) energy
between the earth and space and indicates how much
energy is available to drive the hydrological cycle and
general circulation (Trenberth et al. 2009). Earth’s response and feedback to radiative forcing directly influences Earth’s radiation budget. At the top of the
atmosphere (TOA), satellite instruments such as the
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Clouds and the Earth’s Radiant Energy System
(CERES) provide global observations of radiant energy
reflected and emitted by Earth (Wielicki et al. 1996;
Loeb et al. 2009; Doelling et al. 2013). CERES instruments on board the Terra and Aqua satellites have
been operating since December 1999 and May 2002,
respectively, accurately monitoring the earth’s reflected
and emitted radiation. A CERES instrument on board
the Suomi–National Polar-Orbiting Partnership (SNPP)
mission launched in October 2011.
Estimating the surface radiation budget is more
complex than at the TOA, as it requires a radiative
transfer model and satellite-derived properties of clouds
and aerosols and atmospheric state from either satellites
or reanalysis. Underlying assumptions in the radiative
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transfer model calculations and ancillary input data error
increases the uncertainty in the surface radiation budget
estimates. Furthermore, it is known that the diurnal cycle
of clouds and their contribution to the diurnal cycle of
surface radiant flux must be taken into account (Bergman
and Salby 1996). Other studies (Slingo et al. 2004; Taylor
2012) indicate that including the diurnal cycle of clouds is
needed for meaningful comparisons with global climate
models (GCMs) and accurate representation of TOA and
surface radiation budgets.
Multiple independent estimates of the surface radiation
budget are necessary in order to increase our confidence in
satellite-derived surface radiation budget. Here we compare CERES surface radiative fluxes with those from the
International Satellite Cloud Climatology Project (ISCCP)
(Zhang et al. 1995) and the Global Energy and Water
Cycle Experiment (GEWEX) (Pinker and Laszlo 1992;
Stackhouse et al. 2011). Zhang et al. (2004) improved the
computation by including satellite-derived aerosol vertical
profiles. Unlike ISCCP, cloud properties used in the
CERES synoptic 18 3 18 (SYN1deg) product are derived
from both MODIS and geostationary satellite measurements using the approaches described in Minnis et al.
(2011a,b) and Minnis et al. (1995), respectively. The different independent datasets help improve our understanding
of the impact of different ancillary inputs used to compute surface radiant flux (hereinafter, the terms surface
radiant flux and flux will be used interchangeably).
More recently, new observations have emerged that
further improve the representation of Earth’s radiation
budget. At the TOA, the CERES energy balanced and
filled (EBAF) product uses 5 years of Argo in situ ocean
heat content tendencies (Roemmich and Gilson 2009) to
provide a constraint for global mean energy imbalance
(Loeb et al. 2009, 2012). Stephens et al. (2012), Kato
et al. (2011), and Henderson et al. (2013) use combined
CERES, MODIS, CloudSat, and Cloud–Aerosol Lidar
and Infrared Pathfinder Satellite Observations (CALIPSO)
data to provide improved instantaneous surface radiative fluxes. These datasets have also been used to estimate uncertainties in passive-only surface flux estimates
(Kato et al. 2011).
The CERES EBAF-surface product, which also integrates multiple satellite observations, provides monthly
mean surface upward and downward longwave and
shortwave fluxes that are consistent with the TOA EBAF
estimates (Kato et al. 2013). The primary input into the
EBAF-surface product is the CERES SYN1deg, edition 3,
data product. SYN1deg relies on a one-dimensional radiative transfer model to compute 3-hourly surface radiant
flux. Inputs to this model include imager data from Terra,
Aqua, and geostationary satellites to resolve the diurnal
cycle of clouds (Doelling et al. 2013) and reanalysis data
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for the diurnal cycle of temperature and water vapor
amount (Kato et al. 2013).
The purpose of this paper is to describe the SYN1deg
data product (section 2) and to evaluate the computed
surface fluxes by comparing them with surface measurements over both land and ocean at various sites around
the world (section 3). We also compare the SYN1deg data
to other surface radiation datasets, focusing on the impact
of the diurnal cycle of clouds on surface flux computations. As these data products are often used to assess the
quality of global climate models, it is important to assess
surface flux products over a range of time scales (3 hourly,
hourly, daily, and monthly). Additionally, in appendix C
we consider the continued need for globally distributed,
well-maintained, long-term surface observation sites.

2. CERES SYN1deg, edition 3a, data product
The SYN1deg product combines Terra and Aqua
CERES and MODIS observations and 3-hourly geostationary (GEO) data to provide 3-hourly broadband TOA
radiant flux and cloud properties (Doelling et al. 2013).
The SYN1deg product also contains computed 3-hourly
TOA, in-atmosphere (at three levels), and surface fluxes
based upon radiative transfer model calculations. Direct
and diffuse shortwave, photosynthetic active radiation
(PAR), and ultraviolet (UVA, UVB) radiation are also
computed in SYN1deg. The product also contains the
aerosol and atmospheric data used as input to compute
the flux. Fluxes are provided as a 18 3 18 latitude 3
longitude gridded product in 3-hourly UTC time. CERES
products and associated documentation can be obtained
at the project website (http://ceres.larc.nasa.gov).

a. Model inputs
The radiative transfer model calculations require numerous input datasets merged together in a consistent
manner. Table 1 provides a detailed list of ancillary inputs used to produce the SYN1deg data product. Cloud
properties are derived from MODIS and multiple geostationary satellites imagers. Each GEO instrument is
calibrated against well-calibrated Terra-MODIS radiances (Doelling et al. 2013). The CERES single satellite
footprint (SSF), edition 2, cloud algorithm (Minnis et al.
2011a,b) derives cloud properties (e.g., fraction, optical
depth, top height, particle size, and phase) from narrowband radiances measured by MODIS twice a day
from March 2000 through August 2002 (Terra only) and
4 times a day after July 2002 (Terra plus Aqua). The
GEO, edition 2, two-channel visible and infrared cloud
algorithm (Minnis et al. 1995) provides cloud properties
between MODIS observations at 3-hourly temporal
resolution. All cloud properties are gridded into 44 012
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TABLE 1. SYN1deg inputs.

Meteorology
Cloud properties

Variable

Source

Profiles of temperature, pressure,
water vapor
Fraction, top, bottom, phase, liquid
and/or ice water path, emissivity

GEOS-4 (through 2007), GEOS-5
(2008 and beyond)
MODIS imager at CERES
overpass.
Geostationary Imager, every 3 h
Interpolated values otherwise
MODIS (collections 4 and 5) for
AOD, MATCH for properties/
profiles
SMOBA
Field- and laboratory-measured
spectra associated with IGBP
scene types
Clear-sky TOA to surface
parameterization
NSIDC, NOAA

Aerosol properties

Aerosol optical depth and scattering
profiles for the vertical column

Ozone
Surface spectral
albedo

Profile of ozone
Spectral albedo for radiative transfer
code computational bands

Surface broadband
albedo
Snow and ice

Broadband albedo for grid box
Snow over land, ice over water

equal-area grid boxes (18 3 18 between 458N and 458S,
and larger toward the poles) and interpolated to hourly
temporal values (UTC hour boxes centered on the half
hour) to fill times with no retrieved cloud properties.
Details on how the GEO data are processed can be
found in Doelling et al. (2013). Cloud-base height is
estimated by an empirical formula described by Minnis
et al. (2011a). Pressure, temperature, and water vapor
profiles are specified from the Global Modeling and
Assimilation Office (GMAO) Goddard Earth Observing System Model, version 4 (GEOS-4), a 18 gridded
reanalysis product (Bloom et al. 2005) until 2007, after
which GEOS-5.2 was incorporated. Ozone comes from
the National Centers for Environmental Prediction
Stratosphere Monitoring Ozone Blended Analysis
(SMOBA) product (Yang et al. 1998).
The radiative transfer code requires spectral albedo
and emissivity for the bands shown in appendix A.
Spectral albedo is estimated at 1/ 68 resolution and then

Original resolution
18 gridded reanalysis, 3-h
resolution
CERES analysis of MODIS,
GEO imager pixels

Gridded MODIS data. ;2.58 grid
for MATCH daily temporal
resolution
Gridded, daily maps
18 scene types plus daily snow
and ice on 1/68 resolution map
Based on mean TOA albedo for
each grid box
Daily gridded 1/68 resolution

integrated over the equal-area grid box. We also derive a
broadband surface albedo for each CERES grid box.
This broadband surface albedo is based upon observed
TOA albedo, meteorology, and surface type (Table 2)
and is used to adjust the initial spectral albedo such that
the integral of the spectral albedo equals the observationally derived broadband surface albedo value. Solar
zenith angle for a grid box is calculated as the integral
across an hour at its central latitude unless the box is
completely overcast, in which case a value of 558 is used.
Initial broadband surface albedo and spectral shape for
each grid box are determined through a hierarchy of
parameterized models as shown in Table 2. For all-sky
ocean albedo with no sea ice, snow-covered land, and
ice-covered water, SYN1deg uses a lookup table (LUT)
based on the Coupled Ocean–Atmosphere Radiative
Transfer (COART) model developed in Jin et al. (2004)
that provides broadband albedo and its spectral shape.
For snow-free land, spectral albedo comes from a static

TABLE 2. Surface albedo source for land and ocean. LINT: linear interpolation of albedo weighted by ice or snow fraction. SAH: surface
albedo history map (preprocessed before month is run) updated monthly. ASSALUT: all-sky surface albedo LUT for cloud optical depth , 20.
SGR: snow grain size retrieval (snow grain size points to one of two different spectral shapes, fresh and old snow, and its associated
broadband albedo. COART: Coupled Ocean–Atmosphere Radiative Transfer Model. FLSA: Fu and Liou surface albedo
parameterization.
Spectral albedo source
Surface scene
Ocean
Sea ice
Land (snow , 10%)
Snow (10%–90%)
Snow (.90%)

Clear

Cloud

COART (water) LUT
COART (ice) LUT
IGBP scene type associated with spectral
albedos from literature.*
COART (snow) LUT
SGR
Last clear SGR

Broadband albedo source
Clear

Cloud

FLSA
FLSA

COART LUT
LINT
SAH

FLSA
FLSA

ASSALUT
SGR

LINT
SAH

*See Rutan et al. (2009) for a complete description of the sources of the surface spectral albedo and how they are associated with the 17
IGBP scene types along with a scene type defined as tundra as well as sea ice and snow.
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resolution map based on International Geosphere–
Biosphere Programme (IGBP) scene type and associated
spectral shapes (Rutan et al. 2009). Broadband albedo for
clear sky, snow-free land is determined via a parameterized version of the Fu and Liou surface albedo (FLSA)
model. This model is run in advance, monthly, using
clear-sky data to create a surface albedo history (SAH)
map that is used for broadband albedo under cloudy
skies. The methodology is similar to that developed in
Rutan et al. (2009). The main difference is that the validation approach shown in that paper comparing CERES
footprint results to MODIS data does not apply to the
gridbox values used in SYN1deg. Land surface albedo is
handled in the same manner for grid boxes with less than
10% snow. Initial albedo for grid boxes that contain a
combination of snow or sea ice and land or water are
derived by integrating results from the previously mentioned models. Various scene-type limits for model selection are found in the lower rows of Table 2.
Emissivity over land and water is derived in 12 spectral
bands (appendix A) based on surface scene type (Wilber
et al. 1999) as defined by the IGBP map of 17 Earth
surface types along with fresh snow and ice placed into a
1/ 6th8 resolution grid (Rutan et al. 2009). In addition, three
LW bands (bands 5–7, appendix A) over land can be
changed based on monthly climatological values derived
from imager radiance observations to give a more accurate representation when observations are available. The
spectrally integrated value for the emissivity of water
does not change and is approximately 0.985. The 1/ 6th8
emissivity values are integrated to provide a value for the
CERES grid box.
Aerosol optical depths (AODs) come from the MODIS
(MOD04) product (Remer et al. 2005) and/or the Model
for Atmospheric Transport and Chemistry (MATCH)
(Collins et al. 2001). MATCH is a global chemical
transport model that assimilates MODIS retrievals of
aerosol optical depth using collection 4 prior to May 2006
and collection 5 thereafter. MATCH defines aerosol
constituents throughout the vertical atmospheric column
using Optical Properties of Aerosols and Clouds (OPAC)
from Hess et al. (1998) and desert dust from Tegen and
Lacis (1996). Snow and ice information come from National Snow and Ice Data Center daily maps supplemented by maps from NOAA NESDIS and a cryosphere
flag derived from MODIS clear-sky imager. All of these
input datasets provide consistent parameter quality over
the CERES record.

b. CERES SYN1deg flux computation
SYN1deg provides computed surface and profile radiant fluxes and cloud properties that can be compared
directly with climate model output. TOA, surface, and
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fluxes at three pressure levels (70, 200, and 500 hPa) are
computed hourly in approximate equal-area grid boxes
using the Langley Fu–Liou radiative transfer code (Fu
and Liou 1993; Fu et al. 1998; Kratz and Rose 1999; Kato
et al. 1999, 2005). Hourly values are subsequently averaged to give 3-h averages at 1330, 1630 UTC, etc., times of
the day. Gaseous absorption in the shortwave region is
treated by the method described in Kato et al. (1999)
and accounts for absorption by water vapor, carbon dioxide, ozone, methane, and oxygen. For carbon dioxide,
methane, and nitrous oxide, secularly increasing values
are used from the NOAA/ESRL annual greenhouse gas
index (AGGI; http://www.esrl.noaa.gov/gmd/aggi/aggi.
html). Note that the band structure used in computations is modified from the original Fu–Liou code and
different from that described in Kato et al. (1999). A list
of the LW and SW bands in the current model is given in
appendix A and in Rose et al. (2006). Gaseous absorption in the longwave regions is treated by the method
described in Kratz and Rose (1999). A complete description of the code is given in Rose et al. (2013).
To treat horizontal variability of optical thickness
within a cloud layer explicitly in radiative transfer computations, both linear and logarithmic means of cloud
optical thicknesses are computed for clouds at four levels:
low, low–middle, middle, and high. These layers are
defined by cloud-top pressure: surface to 700, 700–500,
500–300, and less than 300 hPa. Cloud optical thickness
expressed as a gamma distribution is estimated from the
linear and logarithmic cloud optical thickness means
(Barker 1996; Oreopoulos and Barker 1999; Kato et al.
2005). Once the distribution of cloud optical thickness is
estimated for each cloud layer, a gamma-weighted twostream radiative transfer model (Kato et al. 2005) is used
to compute the shortwave flux vertical profile for each
cloud layer. The logarithmic mean optical thickness is
used in the longwave flux computation with a modified
two-stream approximation (Toon et al. 1989; Fu et al.
1998). Though any combination of the four cloud layers
and clear conditions can be run for a single grid/hour box,
SYN1deg does not include cloud overlap in radiative
transfer calculations. Radiant fluxes are then computed
for several atmospheric states.
Radiant fluxes are computed for pristine (no aerosol,
no clouds), clear-sky (include aerosol, no clouds), allsky no-aerosol (no aerosol, include clouds), and all-sky
conditions with inputs described in section 2a. To
achieve consistency between computed and observed
TOA flux, small adjustments are made to the input variables within predetermined uncertainties for each variable
(Rose et al. 2013). Computed fluxes from original inputs are labeled ‘‘untuned’’ and the adjusted input and
computed fluxes are labeled as ‘‘tuned.’’ For example, in
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cloudy-sky conditions, cloud-top height, cloud optical
depth, and cloud fraction are noniteratively adjusted
within their uncertainties to simultaneously match calculated shortwave and longwave to TOA observed flux.
TOA observations also carry an uncertainty that is used in
the tuning algorithm. Uncertainty in the TOA flux outside
of CERES overpass times is large due to larger uncertainties in the GEO-derived TOA flux (Doelling et al.
2013). Because of this larger GEO uncertainty, inputs are
perturbed little in the tuning process resulting in a nearly
negligible impact on untuned monthly regional fluxes.
Thus, for the SYN1deg we recommend using untuned
surface and TOA fluxes, which are used for comparisons in
this paper.

3. Calculated surface flux validation
Doelling et al. (2013) describe the methodology and
impact of incorporating calibrated imager data from
geostationary satellites to determine TOA fluxes in the
SYN1deg product. We begin by examining the impact of
this enhanced diurnal cycle of cloud properties on the
diurnal cycles of surface downward shortwave and
longwave flux by considering results with and without
the enhancement. Figure 1 shows differences between
monthly 18 3 18 gridded mean shortwave and longwave
surface downward fluxes for July 2010 computed with
two sets of cloud properties. The first uses cloud properties derived only from the Terra satellite [CERES
flight model 1 (FM1) and MODIS imager] interpolated
across the day. Terra has a local equatorial crossing time
of 1030. The second uses cloud properties derived from
MODIS on both the Terra and Aqua satellites as well as
TOA fluxes and cloud properties derived using multiple
geostationary satellites that cover the 608N–608S latitudinal band. Surface downward shortwave flux shows
differences up to 10 W m22 in some regions. Prominent
differences are found in the eastern Pacific and Atlantic
Oceans, where marine stratocumulus clouds occur.
Generally, marine stratocumulus clouds reach their
maximum cloud fraction in the early morning (e.g.,
Rozendaal et al. 1995) and their minimum in the afternoon. A product that relied completely on sampling
based on instruments on board the Terra satellite, which
has an ;1030 equatorial crossing time, misses the decrease in afternoon cloud cover. However, when cloud
properties derived from Terra, Aqua, and geostationary
satellites are used, the decrease is captured, which appears as an increase in the surface SW flux. As a consequence monthly mean surface SW (LW) fluxes are
larger (smaller) for the combined satellite product than
those computed with Terra-only-derived cloud properties. This leads to the negative bias in SW and positive
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bias in LW in the marine stratocumulus regions found in
Figs. 1a and 1b. Similarly, sampling over the course of
the day by multiple satellites captures convective clouds
that occur in the afternoon over land. This gives a smaller
surface downward shortwave flux and larger downward
longwave flux than those computed with Terra only. In
addition, the low-level cloud amount over land reaches a
maximum in early afternoon (Cairns 1995). Mid- and
high-level clouds reach maxima in nighttime and early
morning for most regions (Cairns 1995). The differences
shown in Fig. 1 are consistent with these diurnal cycles of
cloud properties. To quantify surface flux improvements,
we compare calculations at the surface directly with observed surface fluxes.
To evaluate surface flux calculations, we use observations from 85 surface locations around the globe.
Figure 2 shows the locations of 37 land surface sites
(white diamonds) and 48 buoy locations (blue diamonds). We use observations taken from March 2000
through December 2007. More detailed descriptions of
these sites are given in appendix B. If available, combined observations from a narrow incidence pyrheliometer for direct flux and from a shaded pyranometer
for diffuse flux are used for observed shortwave. If not
available (as on all buoys), the unshaded pyranometer
observation is used. Longwave flux is typically observed
on land by a shaded pyrgeometer. Measurements at
these sites are independently calibrated under different
programs including the Baseline Surface Radiation
Network (BSRN; Ohmura et al. 1998), NOAA’s Global
Monitoring Division, the Surface Radiation Network
(SURFRAD; Augustine et al. 2000), and the U.S. Department of Energy’s Atmospheric System Research
(ASR) program. Ocean buoy site data were downloaded
from Woods Hole Oceanographic Institution (WHOI)
and the NOAA/Pacific Marine Environmental Laboratory (PMEL). Validation sites used in this study are
selected based on data availability, radiometer accuracy,
and proximity from other surface sites. All land and
buoy sites have shortwave flux measurements, while
pyrgeometers are included in all land and 19 buoys to
observe longwave flux. To avoid undersampled months,
an 85% operational time threshold is used to compute a
valid monthly mean. Site/months that do not meet this
threshold are also filtered from shorter time period
comparisons. Further information on these sites can
be found on the CERES/ARM Validation Experiment
(CAVE) website (http://www-cave.larc.nasa.gov), where
one can plot and download both surface observations
and the collocated SYN1deg data. We rely primarily on
quality flags provided by the surface data products to
filter poor-quality data and to perform threshold tests for
unreasonable values as well. Since errors in input used in
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FIG. 1. Global maps showing the bias in monthly mean downward (a) shortwave and (b) longwave fluxes at the
surface when diurnal cycle changes in clouds are not explicitly taken into account throughout the day. The bias is the
difference between surface fluxes computed using only the MODIS Terra instrument to derive cloud properties twice
daily and then interpolated across time, minus fluxes calculated using cloud properties from MODIS Terra, MODIS
Aqua, and calibrated 3-hourly geostationary imager data.
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FIG. 2. Locations where observations of surface downwelling flux are available during the time span considered in
this paper, March 2000–July 2010: 37 land-based site (white) and 48 ocean buoys (blue). Note that not all sites have
continuous records of observation for the entire length of time.

flux computations might depend on geographical region, it
is important that validation sites cover a wide range of
geographical regions. An analysis of how surface site selection influences the validation of computed fluxes is
found in appendix C. We find the bias distribution (calculation minus observation) is impacted by site selection
due to persistent biases that can compensate for each other
and that removing sites can affect the distribution in a
nonrandom manner.
In addition to the surface radiant flux included in the
SYN1deg product, several other surface flux data products are included in the comparison. These are the 40-yr
European Centre for Medium-Range Weather Forecasts
Re-Analysis, the ECMWF interim reanalysis (ERAInterim) (Dee et al. 2011), the Modern-Era Retrospective
Analysis for Research and Applications (MERRA)
(Rienecker et al. 2011), ISCCP flux data (FD) (Rossow
and Schiffer 1991, 1999; Zhang et al. 2004) and Global
Energy and Water Cycle Experiment Surface Radiation

Budget (GEWEX SRB) 3.0 products (Stackhouse et al.
2011). Surface fluxes from ECMWF and MERRA are
based on reanalysis, whereas SRB relies on the same
GEOS profiles as SYN1deg and ISCCP clouds, which are
solely based on GEO data. ISCCP FD computes surface
fluxes using ISCCP clouds and TIROS Operational Vertical Sounder (TOVS) profiles. In addition we include
surface flux from the edition 2.7 EBAF-surface product
(Kato et al. 2013), though as the EBAF-surface product is
initially calculated from the SYN1deg product, it is not a
completely independent dataset.

a. Evaluation of computed surface flux using surface
observations
Tables 3 and 4 show monthly mean biases of shortwave
and longwave surface flux for land, ocean, and all 85 surface
sites combined as well as the standard deviations at three
time scales (3-hourly, daily, and monthly mean) for each
product. Statistics are for computed-minus-observed

TABLE 3. Statistics for calculated-minus-observed surface shortwave downward radiant flux across 8 years (2000–07) with observed means
of 181 (land sites), 236 (ocean sites), and 202 W m22 (all sites*).
Monthly mean bias (W m22) (s)

Standard deviation (W m22) (%) all sites

Product

Land

Ocean

All sites

3-h period

Day

Month

SYN1deg
ISCCP FD
SRB3.0
MERRA
ERA-Interim
EBAF surface

1.8 (12.0)
23.4 (22.8)
24.0 (24.2)
13.8 (19.7)
9.2 (15.7)
20.5 (11.8)

4.9 (10.8)
12.6 (14.2)
12.4 (12.8)
3.1 (21.0)
4.5 (18.3)
5.0 (12.5)

3.0 (11.6)
2.3 (20.6)
2.0 (21.2)
9.9 (20.8)
7.4 (16.8)
1.5 (12.4)

55.5 (27.5)
74.8 (37.0)
72.2 (35.7)
88.1 (43.6)

31.0 (15.3)
39.9 (19.8)
37.6 (18.6)
47.5 (23.5)

11.6 (5.7)
20.6 (10.2)
21.2 (10.5)
20.8 (10.3)
16.8 (8.3)
12.4 (6.1)

* The number of site/months used for the monthly mean statistics are 2879 land, 1641 ocean buoy, and 4520 combined.
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TABLE 4. Monthly mean bias and standard deviation of calculated-minus-observed surface longwave downward radiant flux across 8 years
(2000–07) with observed means of 319 (land sites), 401 (ocean sites), and 330 W m22 (all sites*).
Monthly mean bias (W m22) (s)

Standard deviation (W m22) (%) all sites

Product

Land

Ocean

All sites

3-h period

Day

Month

SYN1deg
ISCCP FD
SRB3.0
MERRA
ERA-Interim
EBAF surface

24.2 (10.2)
10.0 (19.0)
20.1 (11.0)
218.3 (10.9)
26.4 (10.1)
1.2 (10.4)

23.6 (5.9)
24.9 (10.9)
21.9 (5.5)
211.9 (9.4)
24.4 (6.0)
23.5 (6.8)

24.0 (9.7)
8.1 (18.9)
20.3 (10.5)
217.6 (10.9)
26.2 (10.4)
0.6 (10.4)

20.4 (6.2)
34.9 (10.6)
29.3 (8.9)
22.1 (6.7)

19.1 (5.8)
29.6 (9.0)
20.6 (6.2)
17.7 (5.4)

9.7 (2.9)
18.9 (5.7)
10.5 (3.2)
10.9 (3.3)
10.4 (3.2)
10.4 (3.2)

* The number of site months used for the monthly mean statistics are 2979 land, 413 ocean buoy, and 3342 combined.

fluxes for nearly 8 years, March 2000 through December
2007. The beginning of the SYN1deg and length of the
SRB3.0 products determines this time limit. ERAInterim and EBAF-surface data were compared for
monthly means only. Table 3 shows that the EBAFsurface data have the smallest shortwave bias overall,
though four products have biases between 1% and 2%.
However, the ISCCP-FD and SRB3.0 biases are low as a
result of compensating errors between land and ocean.
SYN1deg standard deviation is smaller by approximately
30% (relative to the other three high-temporal-resolution
products) for 3-h and daily averages. Standard deviations
for SYN1deg and EBAF-surface data are ;45% (relative) lower than those for the other products. Surface
shortwave fluxes are primarily dependent on TOA insolation, solar zenith angle, cloud fraction, and aerosol
(Long and Ackerman 2000). Since TOA insolation and
solar zenith angle are known, the diurnal cycle of cloud
fraction becomes the dominant feature to determine the
quality of calculated SW flux at shorter time scales.
Doelling et al. (2013) show that GEO imager radiances
calibrated to the Terra-MODIS imager provide a stable
database from which to derive cloud properties across
space and time. This improved diurnal cycle of cloud
fraction in the SYN1deg product accounts for the lower
standard deviations compared to the other products at
shorter time scales and is discussed in more detail in
section 3b.
Table 4 shows that for longwave flux, the SYN1deg has
the lowest standard deviation at the 3-h time average, but
that all products are similar at daily and monthly mean
time scales except perhaps for the ISCCP-FD product.
Monthly mean biases range from 217.6 to 18.1 W m22
with the SYN1deg product having a bias of 24 W m22.
This 24 W m22 bias in SYN1deg was estimated to be
primarily due to low clouds and is removed in the monthly
means as described in Kato et al. (2013) for the EBAFsurface data, whose bias is 0.6 W m22 (Table 4). Longwave
surface fluxes are primarily dependent on atmospheric
temperature, water vapor profiles, and cloud-base

height. Since both the satellite and reanalysis products
use similar meteorological inputs, there is less diversity
among the resulting statistics. Thus, improvement in
cloud fraction via the CERES-GEO processing has its
greatest impact on surface shortwave calculations.
To ensure the SYN1deg fluxes are of climate quality,
they must replicate the interannual variability of surfaceobserved flux. For each dataset we compute longwave
and shortwave monthly mean flux anomalies and compare them to anomalies observed by surface measurements. Figures 3 and 4 show deseasonalized time series
of observed and calculated shortwave and longwave
surface fluxes at 29 land, six island, and two buoy sites.
We do not include the majority of the buoy data, as few
maintain a complete time series over the 8 years considered. Deseasonalized anomalies DF(m) are defined as
differences between monthly mean flux F and the climatological monthly mean F, such that
DFx (m) 5 Fx (m) 2 Fx (M) ,

(1)

where x is shortwave or longwave, m is the month in the
time series, and M is the canonical month January, February, etc. For example, F(M) for July is the average of
monthly mean values from all available sites during July for
the years 2000–07. Each point represents a deseasonalized
value from the ensemble (up to 37 sites) mean month. The
histograms in Figs. 3a and 4a show the total number of sites
used for each month. While true not all months have the
same number of sites, the calculation of anomalies is valid
as a test so long as the products and observations are
treated equally and the variable number of sites does not
affect the variability significantly. ‘‘Truth’’ for the purpose of this analysis is not an accurate representation of
interannual variations of surface flux but instead, given the
available surface observations, do the products accurately
recreate the anomalies observed? Most products agree
well with observed anomalies for both longwave and
shortwave fluxes. There are notable differences in the
correlation coefficients as well as during periods when the
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FIG. 3. Deseasonalized monthly mean downward surface shortwave flux from March 2000 through December 2007.
Data are averaged for each month when surface observations at any subset of 37 locations are available. The correlation coefficient of calculated and observed deseasonalized anomalies and the standard deviation of the anomaly
differences are shown at the bottom left of each plot. The histogram in (a) shows the number of sites used in each
monthly average with a maximum of 37.

correlation with observations differ more severely, for example, ISCCP-FD data during the first several years of the
longwave record. The SYN1deg and EBAF-surface datasets have the lowest standard deviations and best capture
the monthly shortwave flux anomalies. A comparison of
monthly longwave flux anomalies with surface observations in Fig. 4 indicates the datasets are similar except for
the aforementioned ISCCP-FD dataset.
To summarize the statistics, Figs. 5a (shortwave) and
Fig. 5b (longwave) show Taylor diagrams (Taylor 2001)
demonstrating the standard deviations (of the time series) and correlations between observed and calculated
fluxes. Standard deviations between the calculated and

observed data are given by the semicircles radiating from
the mean-zero standard deviation of the observed time
series (shown by the radial dashed purple line). The
shortwave diagram (Fig. 5a) indicates that EBAF-surface
and SYN1deg surface fluxes have the highest correlation
and lowest standard deviations relative to observations.
All calculated shortwave fluxes show correlations greater
than 0.85 and all have approximately the same standard
deviation across time, close to the observed value of
;5.7 W m22. Standard deviations between calculated and
observed flux go from a low of ;1.7 W m22 for the
SYN1deg and EBAF products to a high of ;3.0 W m22
for the MERRA and ISCCP-FD products. In Fig. 5b,
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FIG. 4. Deseasonalized monthly mean downward surface longwave flux from March 2000 through December 2007.
Data are averaged for each month when surface observations at any subset of 37 locations are available. The correlation coefficient of calculated and observed deseasonalized anomalies and the standard deviation of the anomaly
differences are shown at the bottom left of each plot. The histogram in (a) shows the number of sites used in each
monthly average with a maximum of 37.

except for the ISCCP-FD dataset, computed longwave
flux clusters nicely with ERA-Interim and MERRA
reanalyses having the highest correlation and smallest
standard deviation with respect to observations. Five out
of six products have correlation coefficients near 0.95. As
mentioned above the surface downward longwave flux is
primarily a function of the input temperature profiles,
column water vapor (Swinbank 1963; Dilley and O’Brien
1998), and cloud-base height. Because near-surface air
temperature is fairly well characterized in reanalysis and
so subsequently the satellite data products (SYN1deg,
EBAF surface, and SRB) that use various reanalysis
products for meteorological inputs, most of the products

show a similar agreement with surface measurements. In
addition, although cloud-base height is difficult to retrieve
from satellite-based passive sensors, the error in the cloudbase height is often due to missing lower levels of overlapping clouds (Kato et al. 2011). This indicates either that
the variability of the cloud-base height has a minor contribution to variability in downward longwave flux or that
passive sensors capture part of the variability of lowerlevel clouds because the upper-layer optical thickness of
some midlevel and high-level clouds are small.
Downward surface shortwave flux is highly correlated
with the diurnal cycle of cloud fraction, but does an
accurate portrayal of the diurnal cycle of clouds improve
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FIG. 5. Taylor diagrams of computed and observed surface downward (a) shortwave and (b) longwave flux at land
and ocean sites. The correlation coefficient and standard deviation is computed over time with the time series of
deseasonalized anomalies shown in Figs. 3 and 4. The dashed line indicates the standard deviation of observed
deseasonalized anomalies at the sites.

the computation of monthly mean downward shortwave
and longwave flux? This is suggested by the statistics in
Table 3, where the SYN1deg has smaller 3-h and daily
standard deviations and relatively small biases for both
land and ocean sites. Another way to address this question is to look for a direct correlation between computed
and measured flux differences at 3-hourly and monthly
time scales. Figure 6a shows an 8-yr comparison between
SYN1deg and 3-hourly measurements, expressed as the

standard deviation of the difference in transmission (calculation minus observation) for each site and month
(abscissa) plotted against the monthly mean bias for that
same site/month (ordinate). It is not expected that such a
relationship would fall along the 1-to-1 line shown, particularly since a mean bias of zero can result from compensating errors as in the land/ocean differences in the
SRB3.0 and ISCCP-FD monthly means found in Table 3.
Small biases and variances in the SW can also result simply

FIG. 6. (a) Direct comparison of the standard deviation of the 3-hourly transmissions (calculation minus observation) for
each of 37 site/months over 8 years plotted against the monthly mean bias for that same site/month. (Red line is the linear fit.)
(b) The mean values of the data from (a) for four surface flux data products. Each product name is followed by the correlation
coefficient. The relatively high correlations and approximate linear relationship [in (b)] indicate that for the shortwave
surface transmission, the smaller the variability in the 3-hourly calculations, the better the monthly mean bias.
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FIG. 7. Observed monthly mean diurnal cycle of (a) shortwave surface downward flux at
Table Mountain and (b) longwave surface downward flux at the WHOI Stratus buoy (20.28N,
94.88W) in the eastern Pacific Ocean. Three time averaging scales are shown: 15-min averages,
hourly averages, and 3-h averages.

from low sun angles. But if the accuracy of 3-hourly calculations has a significant impact on the monthly mean result,
then one would expect the two to be correlated after sufficient sampling. Figure 6b shows the mean for the ordinate
versus the mean of the abscissa for each of the four products
with 3-hourly resolutions. Correlation coefficients for the
two variables are shown in parentheses. The datasets show a
correlation between 3-hourly error and monthly mean bias
ranging from 0.94 and 0.91, and a linear relationship indicating that as the 3-hourly standard deviation decreases,
so too does monthly mean transmission bias. A similar
analysis done for downward longwave flux (not shown) had
correlations between 0.27 and 0.38 and mean standard deviation versus mean bias showed little if any relationship.
Thus, improvements in high-temporal-resolution inputs
such as cloud properties (indicated by improved standard
deviation between calculated and observed transmission)
do positively impact the monthly mean bias in the SW
flux down at the surface but do not appear to improve
monthly mean bias in downward LW flux.

b. Calculation and observation comparison of
monthly mean diurnal cycle
We consider the observed monthly mean diurnal cycle
of surface downward shortwave and longwave flux at two
sites with distinct diurnal cycles: (i) Table Mountain,
Colorado, the Boulder site (BOS), in July; and (ii) WHOI
Stratus (STR) buoy in October, located at 20.28S, 94.88W
in the eastern Pacific Ocean off the west coast of Chile. At
the Boulder site, the diurnal cycle is strongly influenced by
afternoon convection during summertime, while marine
stratus clouds dominate at the WHOI site. At the latter
site, cloud fraction typically decreases in the afternoon,
while lower tropospheric temperature remains fairly constant. Consequently, surface longwave flux decreases in
the afternoon (Minnis and Harrison 1984). Figure 7 shows
observed monthly mean diurnal cycles at these locations
for three temporal resolutions: 15-min averages (gray
bars), 1-h averages (black line), and 3-h averages (red
line). The decrease in surface downward shortwave flux
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FIG. 8. Three-hourly surface downward shortwave flux observations and calculations at
Table Mountain, averaged using Julys from 2000 through 2007. (a) Observations averaged to
the mid-3-h time period, 0130, 0430, 0730 UTC, etc., to match SYN1deg and MERRA products.
(b) Observations averaged to the top of a 3-h time period, 0000, 0300, 0600 UTC, etc., to match
ISCCP-FD and SRB3.0 products. Solid lines indicate average downward radiant flux, dashed
lines are the difference of calculated minus observed. Bias and standard deviation are listed in
the label for each product in parentheses.

due to afternoon convection remains distinct in 15-min
and 1-h averages but is smoothed out in the 3-h resolution.
Failing to model afternoon convective clouds at any time
scale would incorrectly increase downward shortwave flux
after local noon for this month. The diurnal cycle of
longwave flux measured at the Stratus buoy is evident at
all three time average resolutions. However, the 3-hourly
flux increases the minimum value by ;5 W m22.
Surface downward radiant fluxes at 3-hourly resolution
averaged over 8 years from SYN1deg, MERRA, SRB3.0,
and the ISCCP FD are compared to surface observations
in Figs. 8 and 9. Shortwave comparisons are shown for
BOS in Fig. 8a (SYN1deg, MERRA) and Fig. 8b (ISCCP
FD, SRB3.0). Two separate plots are provided because
ISCCP FD and SRB3.0 are averaged to the top of a 3-h
time period (0000, 0300 UTC, etc.), while SYN1deg and
MERRA are averaged to the midpoint of a 3-h time

period (0130, 0430 UTC, etc.) For BOS, Fig. 8, except for
the SYN1deg, all computed fluxes overestimate the
downward shortwave between 1300 and 1800 local time
when afternoon convection occurs. As a consequence,
standard deviation from the observed diurnal cycle is
significantly lower for the SYN1deg (13.2 W m22).
Figures 9a and 9b show similar plots for surface
downward longwave flux at the STR site. Downward
longwave flux can be large relative to the diurnal cycle
differences, so to focus on those differences, we remove
the bias difference by subtracting the monthly mean
value FLW from the corresponding 3-hourly flux FLW(t),
dFLW (t) 5 FLW (t) 2 FLW .

(2)

Term dFLW(t) is plotted in Fig. 9 and by definition it
equals 0.0 over the day. Deviations in dFLW from surface
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FIG. 9. Three-hourly surface DLF observations and calculations at Stratus buoy site, S. East
tropical Pacific Ocean, averaged using Julys from 2000 through 2007. (a) Observations averaged
to the mid-3-h time period—0130, 0430, 0730 UTC, etc.—to match SYN1deg and MERRA
products. (b) Observations averaged to the top of a 3-h time period—0000, 0300, 0600 UTC,
etc.—to match ISCCP-FD and SRB3.0 products. Solid lines indicate average downward radiant
flux, and dashed lines are the difference of calculated minus observed. Bias and standard deviation are listed in the label for each product in parentheses.

observations are shown as dashed lines. At the STR
buoy, all but the MERRA-calculated fluxes appear to
show some decrease in afternoon LW flux though of
varying magnitude and time of day. MERRA (Fig. 9a)
captures little of the diurnal cycle of clouds, while
ISCCP FD (Fig. 9b) appears slightly out of phase. The
SYN1deg again has the smallest standard deviation
across the day, indicating relatively good representation of the nighttime increase and afternoon decrease
in low clouds.
These results demonstrate the importance of accounting for the diurnal cycle of clouds in computations
of downward shortwave and longwave fluxes (Smith
et al. 2011; Taylor 2012). Cloud properties derived from
both Terra and Aqua MODIS (twice a day for each
MODIS), supplemented with those inferred from
3-hourly geostationary satellites, reduce the error in the

monthly mean surface shortwave and longwave flux. To
determine if the SYN1deg maintains its advantage at
more than just the two sites considered, we investigate
the amplitude and phase of surface shortwave and
longwave fluxes at more surface sites.
The amplitude (A) and phase (f) of the diurnal cycles
are determined by expanding 3-hourly surface shortwave and longwave fluxes in a Fourier series:
Fx (t) ’ Fx 1 a cos(2pt/24) 2 b sin(2pt/24)
5 Fx 1 A cos[2p(t 1 u)/24],

(3)

where t is local time, a 5 A cosf, b 5 2A sinf, and
tan(2pf/24) 5 2b/a. Note that 1.5 h is subtracted from
f because the calculation is registered at the center of
the 3-h bin for the SYN1deg and MERRA calculations.
In addition, f is multiplied by 21,
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FIG. 10. (a) Scatterplot of the phase of the diurnal cycle first harmonic of calculated and
observed monthly surface downward shortwave flux. Observed fluxes are from 31 land surface
sites. Computed fluxes are from SYN1deg. (b) Scatterplot of the difference between computed
and observed amplitude of the diurnal cycle first harmonic for surface downward shortwave
flux (computed minus observed) and observed amplitude. ‘‘Sig’’ is the standard deviation and r
is the correlation coefficient.

u0 5 2(u 2 1:5) ,

(4)

so that positive f0 indicates a positive shift in time.
Figures 10a and 10b are scatterplots of phase and amplitude, respectively, for SYN1Deg computed and observed surface downward shortwave flux at 31 land
surface sites. Six polar sites are excluded, since cloud
properties derived from geostationary satellites are only
available between 608N and 608S. Figure 10b plots the
amplitude difference between monthly mean diurnal cycles against the observed amplitude. Figure 11 shows the
same but for surface longwave flux. We remove sites
where the amplitude is less than 5 W m22. The correlation
of shortwave phase is large (r 5 0.94 in Fig. 10a), as the
diurnal cycle is primarily caused by solar zenith angle
change. The correlation of the longwave phase is lower
(r 5 0.39 in Fig. 11a) because the downward longwave flux

varies with temperature, humidity, and cloud responses
to the solar diurnal cycle. The standard deviation of the
longwave amplitude relative to the mean is significantly
larger, ;5 out of ;14 W m22, than the standard deviation
of shortwave amplitude relative to the mean 17 out of
;300 W m22.
The same analysis is done for all products with 3-hourly
temporal resolution and the statistics are shown in
Tables 5 and 6 for the shortwave and longwave flux,
respectively. The tables show only standard deviations
of calculated values from observed for land and ocean
buoy sites separately. For the shortwave flux (Table 5),
the standard deviations of phase are approximately the
same for all four products though SYN does slightly
better. The error in the SW amplitude for SYN1Deg is
approximately half that of the other products. For
longwave, Table 6, the SYN1Deg performs better over
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FIG. 11. As in Fig. 10, but for downward longwave surface flux at the same 31 sites.

land than the other products in terms of both phase and
amplitude. Over ocean the ISCCP-FD and SRB3.0 LW
products are slightly better in terms of phase, but the
amplitude over the buoys is nearly identical for all
products except ISSCP FD. This smaller standard deviation in the amplitude of the first shortwave harmonic
(Table 5) indicates the improvement in SYN1Deg SW
flux diurnal cycle found at BOS and the STR site (Figs. 8
and 9) was not unique, but that the inclusion of CERES
GEO clouds enhances the SYN1Deg results at the sites
compared here and by inference around the globe.

inputs used in the calculations are also included as part of
the SYN1deg data product. Computed surface radiative fluxes are evaluated with surface observations from
85 land and ocean sites. Over all sites, both land and
ocean, the SYN1Deg bias in shortwave and longwave
surface downwelling flux is 3.0 and 24 W m22, respectively. The standard deviation of the difference between
SYN1deg computed and observed SW fluxes is 55.5,
31.0, and 11.6 W m22 for 3-hourly, daily, and monthly
time scales, respectively. These errors are smaller on
average than 3-hourly, daily, and monthly errors in
ISCCP FD, SRB3.0, and MERRA by 29%, 26%, and

4. Summary and conclusions

TABLE 5. Standard deviation between calculated and observed
shortwave surface downward radiant flux phase (h) and amplitude
(W m22) of monthly mean diurnal cycles.

The CERES SYN1deg, edition 3, data product provides
profiles of calculated upward and downward radiant fluxes
at five levels in the atmosphere over a 18 3 18 latitude–
longitude grid globally at 3-hourly temporal resolution.
Determining surface radiative fluxes requires a radiative
transfer model and ancillary inputs of cloud, aerosol, and
surface properties as well as atmospheric profiles of temperature, humidity, and ozone. Many of the ancillary

Phase

Product
SYN1deg
MERRA
ISCCP FD
SRB3.0

Amplitude

Land

Buoys

Land

Buoys

0.09
0.19
0.12
0.11

0.10
0.18
0.14
0.11

18.5
30.8
29.3
27.2

17.3
33.3
24.1
25.7
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TABLE 6. Standard deviation between calculated and observed
longwave surface downward radiant flux phase (h) and amplitude
(W m22) of monthly mean diurnal cycles.
Phase

Amplitude

Product

Land

Buoys

Land

Buoys

SYN1deg
MERRA
ISCCP FD
SRB3.0

1.8
3.1
2.7
3.9

4.1
8.4
3.5
3.4

5.0
4.3
9.3
7.1

2.8
2.6
4.1
2.9

44% (relative to the average of the standard deviations
of the ISCCP-FD, SRB3.0, and MERRA values), respectively. Since the various products considered here use
similar temperature and water vapor inputs (except ISCCP
FD, which uses TOVS), the variability in the downward
longwave flux (DLF) comparisons to surface observations
is relatively small.
An analysis at two surface locations with distinct
monthly mean diurnal cycles of longwave and shortwave
flux shows that over the 8 years considered, the SYN1deg
monthly mean diurnal cycle provides a better match
with surface observations compared to the three other
data products considered. A harmonic analysis was applied to 31 land surface sites and 48 ocean buoys. Based
upon the variance between the phase and amplitude of
the first harmonic in the monthly mean diurnal cycles for
those groupings of sites, the SYN1deg product retrieved
better monthly mean diurnal cycles in shortwave surface
flux. Results are only slightly better for the longwave
diurnal cycle phase, with little difference in the various
products’ longwave diurnal cycle amplitude. This is
likely because longwave surface fluxes are more dependent on atmospheric input data, especially nearsurface air temperature and humidity, while the cloud
contribution to longwave surface flux is less pronounced.
Using estimates of water vapor uncertainty from Zhang
et al. (2006), Kato et al. (2011) suggest a value of
5.2 W m22 for the global uncertainty of DLF due to
column water vapor and a value of 4.5 W m22 for the
uncertainty in DLF due to surface air temperature.
Improvements in the reanalyses that produce the atmospheric inputs are ongoing, and we will use a newer
GEOS-5 product for SYN1deg, edition 4.
We attribute the improvement in accuracy in the
shortwave surface calculations in SYN1deg to the inclusion of cloud properties derived from multiple 3-hourly
GEO imager radiances calibrated with coincident
MODIS radiance measurements. The statistics in Tables 3
and 4 show that of the four products with high temporal
resolution, the SYN1deg has the smallest overall land and
ocean bias and the lowest standard deviations with respect
to surface observations. An analysis of the first harmonic
of the diurnal cycle at 31 surface sites shows that the

SYN1deg has significantly improved the amplitude
with respect to surface observations in the shortwave
flux compared to the other products (Table 5). The amplitude of the downward shortwave flux is primarily dependent on solar zenith angle and cloud properties
(fraction and optical depth). Since all models are able to
calculate solar zenith angle well (Table 5), we conclude
the improved amplitude relative to the other products is
due to improved cloud properties in SYN1deg. Finally,
we show in Fig. 6b that the monthly mean bias of shortwave transmission decreases as the standard deviation
between observed and calculated 3-hourly transmission
decreases. Again, this implies that improving the diurnal
cycle of clouds, which in turn improves the diurnal cycle
of the downward shortwave flux, reduces the monthly
mean bias. This is not the case for the longwave downward flux, as it is more dependent on the quality of the
temperature and water vapor vertical profiles used in the
radiative transfer models.
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APPENDIX A
Spectral Band Limits for Langley Fu and Liou
Radiative Transfer Model
Tables A1 and A2 show the spectral limits for the 18
shortwave and 12 longwave spectral bands along with
gases treated in each band for the Langley Fu and Liou
radiative transfer model used in calculations for the
SYN1deg data product. The correlated-k method in the
Langley Fu and Liou model groups absorption lines of
similar strength within each band into subbands as
shown in the second column of each table. Two additional thermal LW bands are added (between 2200 and
2500, and between 2500 and 2850 cm21) to treat thermal radiation from hot surfaces, such as daytime
deserts, where the Planck curve begins to have nonnegligible energy in that wavenumber range.
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TABLE A1. Shortwave spectral bands for Langley Fu and Liou model used in this work.
Band

No. of subbands

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18

1
1
1
1
1
1
1
1
1
1
8
6
8
7
8
7
8
7

Wavelength (mm)
0.1754
0.2247
0.2439
0.2857
0.2985
0.3225
0.3575
0.4375
0.4975
0.5950
0.6900
0.7940
0.8890
1.0420
1.4100
1.9048
2.5000
3.5000

0.2247
0.2439
0.2857
0.2985
0.3225
0.3575
0.4375
0.4975
0.5950
0.6900
0.7940
0.8890
1.0420
1.4100
1.9048
2.5000
3.5000
4.0000

APPENDIX B
Surface Observation Databases
Several important sources of surface-observed downwelling radiant flux included in this study are outlined in
Table B1 (land) and Table B2 (buoys). For land and
island sites, we utilize data from the Baseline Surface
Radiation Network (Ohmura et al. 1998), NOAA’s
Global Monitoring Division (GMD) (Augustine et al.
2000), and the U.S. Department of Energy’s Atmospheric Radiation Measurement (ARM) Program as
well as NOAA’s GMD data, which are made available
through the NOAA/GMD Solar and Thermal Radiation
(STAR) group. SURFRAD data are made available
through NOAA’s Air Resources Laboratory/Surface

Wavelength (cm21)
57 000
44 500
41 000
35 000
33 500
31 008
27 972
22 857
20 101
16 807
14 500
12 600
11 250
9600
7090
5250
4000
2850

44 500
41 000
35 000
33 500
31 008
27 972
22 857
20 101
16 807
14 500
12 600
11 250
9600
7090
5250
4000
2850
2500

Gases treated
O3
O3
O3
O3
O3
O3
O3
O3, H20
O3, H20
O3, H20
O3, H20, O2
H20
H20
H20
H20, CO2
H20, CO2, CH4
H20, CO2, CH4, O3
H20, CO2, CH4

Radiation Research Branch. Buoy observations come
from two sources through four separate projects. The
Upper Ocean Processes (UOP) group at Woods Hole
Oceanographic Institution has maintained the Stratus,
the North Tropical Atlantic Site (NTAS), and the Hawaii Ocean Time Series (HOTS) buoys for a decade or
more, providing valuable time series of radiation observations in climatically important regions of the ocean.
We would also like to acknowledge the project office of
NOAA’s Pacific Marine Environmental Laboratory,
where three groups of buoy data were downloaded: In
the Pacific, the Tropical Atmosphere Ocean/Triangle
Trans-Ocean Buoy Network (TAO/TRITON) (McPhaden
2002) data; from the tropical Atlantic Ocean, the Prediction
and Research Moored Array in the Tropical Atlantic
(PIRATA) (Servain et al. 1998); and the Research

TABLE A2. Longwave spectral bands for Langley Fu and Liou model used in this work.
Band
1
2
3
4
5
6
7
8
9
10
11
12
Additional bands
13
14

No. of subbands

Wavelength (mm)

2
3
4
4
3
5
2
10
12
7
7
8

4.54
5.26
5.88
7.14
8.00
9.09
10.20
12.50
14.90
18.50
25.00
35.70

5.26
5.88
7.14
8.00
9.09
10.20
12.50
14.90
18.50
25.00
35.70
—

5
5

4.54
4.00

4.00
3.50

Wavelength (cm21)
2200
1900
1700
1400
1250
1100
980
800
670
540
400
280

1900
1700
1400
1250
1100
980
800
670
540
400
280
0

Gases treated
H20
H20
H20
H20, CH4, N2O
H20, CH4, N2O, Cfc
H20, O3, Cfc
H20, Cfc
H20, CO2
H20, CO2
H20
H20
H20
H2O, N2O, CO2
H20, CO2
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TABLE B1. Surface observation sites for land/island locations. WCRP: World Climate Research Programme. Penn State: The
Pennsylvania State University.
Program name
BSRN
21 sites

Data source
WCRP
GEWEX

Locations
Alert, Canada
Bermuda

Alice Springs, Australia
Cabauw, Netherlands

De Aar, South Africa

Georg von Neumayer,
Antarctica
Lindenberg, Germany
Ny Alesund, Norway
Saudi Solar Village,
Saudi Arabia
Xianghe, China
LeRoy, KS (E03)
Cordell, OK (E22)
Nauru Island
Penn State, PA
Goodwin Creek, MS

Lauder, New Zealand
Sede Boqer, Israel
Tateno, Japan

ARMa
8 sites

U.S. Department
Of Energy

SURFRADb
7 sites

NOAA

GMDc
1 site

NOAA

South Pole, Antarctica
Larned, KS (E01)
Meeker, OK (E20)
Manus Island
Fort Peck, MT
Sioux Falls, SD,
Table Mountain, CO
Samoa Island

Barrow, AL
Chesapeake Bay Lighthouse,
United States
Kwajelein Island
Payerne, Switzerland
Syowa, Antarctica
Tamanrasset, Algeria

Lamont, OK (E13)
Cyril, OK (E24)
Darwin, Australia
Bondville, IL
Desert Rock, NV

a

http://www.arm.gov/
http://www.esrl.noaa.gov/gmd/grad/surfrad/
c
http://www.esrl.noaa.gov/gmd/grad/
b

Moored Array for African–Asian–Australian Monsoon
Analysis and Prediction (RAMA) (McPhaden et al.
2009) in the Indian Ocean.

APPENDIX C
Sample Representation of Statistics
Surface-observed radiant fluxes are commonly used to
assess the quality of radiative transfer calculations from
GCMs, reanalyses, and satellite data products that
produce surface flux estimates. However, resultant statistics may not always be as ‘‘normal’’ as they appear, as
different surface sites often have unique bias characteristics with respect to calculated surface flux. Thus,
should a site be added to or removed from a study, the
effect is not a simple random sampling of the overall
bias distribution. Figure C1 shows the distribution of
monthly mean bias (SYN1deg minus observations) of
longwave surface flux down at 56 surface sites (black
line) that appears to be a near-normal distribution with a
bias of 24.1 W m22. Red and blue lines show the bias
distributions for two sites that make up the larger curve
from Ny Alesund, Norway, and Alice Springs, Australia,
respectively. It is self-evident that removing or adding
such individual sites impacts the bias distribution in a
nonrandom manner. General statistical theory states
that as a population is randomly subsampled, the stanpﬃﬃﬃﬃ
dard error of the mean is represented as s/n. But,
removing a site is not randomly sampling the original

distribution, so this theory is not directly applicable for
this type of comparison.
Here the standard error of the mean is instead derived
empirically. To do this we progressively remove sites,
resampling the original distribution 500 times with the
new number of sites. We use a simple bootstrap statistic
where we rerun the comparisons of the SYN1deg observation to calculate across the same 8 years of data, for
four test cases, where for each case we remove four more
sites. Thus, for each case we remove 4, 8, 12, and 16 sites,
randomly, 500 times, ensuring that none of the 500
samples removes the identical set of sites. We plot the
final distributions for these four tests (at monthly mean
time resolution) with the expectation that as more surface sites are removed, we are less and less likely to
retrieve our original statistics.
TABLE B2. Surface observation sites for ocean buoy locations.
Program name

Data source

Locations

UOP*
3 sites

WHOI

PIRATA buoys
17 sites
RAMA buoys
10 sites
TAO array buoys
18 sites

PMEL**

Stratus buoy, 220.28N, 85.08W
North tropical Atlantic buoy,
14.58N, 51.08W
HOTS buoy, 22.58N, 1588W
East Atlantic Ocean

PMEL**

Tropical Indian Ocean

PMEL2

East and west tropical
Pacific Ocean

* http://uop.whoi.edu/projects/projects.htm
** http://www.pmel.noaa.gov/tao/data_deliv/deliv.html
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FIG. C1. Bias distribution of monthly mean longwave downwelling flux from 56 surface sites
(black line) and from the Ny Alesund site (red line) and the Alice Springs site (blue line).

Figure C2 shows the probability distributions for
longwave biases (Fig. C2a) and standard deviations
(Fig. C2b) for the test cases. The original bias (sigma)
using all sites is shown as a vertical dashed line. The
distribution of the monthly mean bias is the most robust
statistic. However, it is clear that by removing 8–16 sites,
the distributions become increasingly flat. The distribution of standard deviations also falls off quickly as
sites are removed, though their spread (as measured by
the variance of the distribution) does not increase as
rapidly at the monthly mean time scale.
Figure C3 shows the empirical standard error of the
mean (sigma) calculated from the bootstrapped distributions. The blue lines (hypothetical) are based on the

idea that if all site/months were available and if one
could sample the bias distribution randomly, then these
pﬃﬃﬃﬃ
lines represent the s/n values. The black lines show the
empirical results approaching the hypothetical as the
number of sites increases. Figure C3 indicates that increasing surface sites from 30 to 55 (LW) or from 60 to
80 (SW) dramatically reduces the standard error of the
monthly mean fluxes. As demonstrated in Fig. C1, the
bias error of computed flux depends on geographical
location. Subsampling 55 (LW) or 80 (SW) sites systematically excludes some sites that have a larger or
smaller bias error compared to the mean bias error. This
leads to a larger standard error than the standard error
when the bias error is distributed randomly across all

FIG. C2. Bootstrap distributions (500 realizations) of monthly mean bias (calculation minus observations) where
original the distribution of sites is reduced by randomly removing all realizations from 4, 8, 12, etc. surface sites:
(a) bias distribution and (b) standard deviation distribution. Each of the 500 samples has a different total n, since each
site has a distinct number of monthly mean values available. The standard deviation of each distribution represents
the empirical standard error of the mean increasing as more and more sites are removed. The gray dashed line is the
original bias and standard deviation of the dataset.

Unauthenticated | Downloaded 01/09/23 04:23 AM UTC

JUNE 2015

1141

RUTAN ET AL.

FIG. C3. Empirical standard error of the mean derived from LW (solid) and SW (dashed)
bias (black) and standard deviation (red) bootstrap distributions. Blue lines represent estimate
of a ‘‘true’’ standard error of the mean.

sites. If validation sites are concentrated in one geographical location, then the bias error might be distributed randomly across the sites. Another implication of
this result is, therefore, that the validation sites included
in this study cover sufficiently different geographical
regions that give a range of bias errors.
Since individual sites act on the overall distribution
nonrandomly, it is important to include as wide a variety
of geographical regions as possible for robust results.
Figure C3 shows that reducing the number of sites
moves the statistics in the wrong direction. While
satellite-derived, reanalyses, and atmospheric modeling
of radiative fluxes are pushed to shorter time scales
(3-hourly and hourly comparisons), this analysis shows
that to validate such results requires long-term surface
site observations at a wide range of geographical regions.
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