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ABSTRACT
The long-term measurement records from the Atmospheric Radiation Measurement site on the Southern
Great Plains show evidence of a bias in the ECMWF model’s surface irradiance. Based on previous studies,
which have suggested that summertime shallow clouds may contribute to the bias, an evaluation of 146 days
with observed nonprecipitating fair-weather cumulus clouds is performed. In-cloud liquid water path and
effective radius are both overestimated in the model with liquid water path dominating to produce clouds that
are too reflective. These are compensated by occasional cloud-free days in the model such that the fairweather cumulus regime overall does not contribute significantly to the multiyear daytime mean surface
irradiance bias of 23 W m22. To further explore the origin of the bias, observed and modeled cloud fraction
profiles over 6 years are classified and sorted based on the surface irradiance bias associated with each sample
pair. Overcast low cloud conditions during the spring and fall seasons are identified as a major contributor. For
samples with low cloud present in both observations and model, opposing surface irradiance biases are found
for overcast and broken cloud cover conditions. A reduction of cloud liquid to a third for broken low clouds
and an increase by a factor of 1.5 in overcast situations improves agreement with the observed liquid water
path distribution. This approach of combining the model shortwave bias with a cloud classification helps
to identify compensating errors in the model, providing guidance for a targeted improvement of cloud
parameterizations.

1. Introduction
The general circulation of the atmosphere is driven by
differential radiative heating and cooling. To model
atmospheric processes correctly, it is necessary to adequately represent radiative processes. One measure
of success commonly used in general circulation models
is the radiative balance at the top of the atmosphere
(e.g., Hartmann et al. 1986). However, compensating
errors may combine to produce acceptable top-of-theatmosphere radiative fluxes, while surface conditions
or heating profiles remain incorrect. In the context of
numerical weather prediction in particular, surface temperature, cloud cover, and associated radiative processes
need to be accurately represented on short time scales,
not only in the longer-term mean. Thus, it is necessary to
investigate and address biases and compensating errors in
the surface radiation, particularly the downward radiative
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fluxes, which are directly linked to cloud amount and
properties. This study will focus on the shortwave component as previous evaluations have suggested a bias
in the surface irradiance over land in the European Centre for Medium-Range Weather Forecasts (ECMWF)
model.
In 2002, a systematic assessment of surface radiation
at the Atmospheric Radiation Measurement (ARM)
Southern Great Plains (SGP) site found that the ECMWF
model overestimates surface irradiance under all conditions, even clear sky (Morcrette et al. 2008). The shortwave radiation scheme in the model has since been
updated with the McRad package (Morcrette et al. 2008),
which has significantly improved clear-sky shortwave
radiation (Iacono et al. 2008). Cheinet et al. (2005) investigated a month-long summer period and found that
the ECMWF model appeared to be missing fair-weather
shallow cumulus clouds that are frequently observed at
the site and suggested that this lack of cloud cover may
contribute to the shortwave bias. Subsequently, much
effort was spent on improving and evaluating the model’s
representation of boundary layer clouds (Köhler et al.
2011; Ahlgrimm and Köhler 2010). Yet, a model bias in
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the surface irradiance persists at the SGP location. While
previous results were based on limited time periods (a
few months; Morcrette 2002; Cheinet et al. 2005), this
study takes advantage of the long record of available
observations from the SGP site to systematically assess
how much the fair-weather cumulus regime contributes
to the surface irradiance bias in a recent operational cycle
of the ECMWF model (CY36R4). Furthermore, substantial improvements have been made to the ECMWF
model since the earlier studies (see Bechtold et al. 2008;
Jung et al. 2010), which make it timely to revisit the issue
of shortwave biases.
The concept of compositing by meteorological regime
or cloud type in order to establish a link between space
or time mean model biases and model parameterizations
has been explored previously (Tselioudis and Jakob
2002; Jakob 2003). Kollias et al. (2007) propose a classification based purely on the observed cloud and precipitation fields at the SGP site. The usefulness of the
resulting cloud climatology for model evaluation is shown
in Tselioudis and Kollias (2007). The authors conclude
that while the ECMWF model produces the correct
amount of boundary layer clouds in the annual mean, this
is the result of compensating errors with an underestimate of wintertime boundary layer cloud amount and an
overestimate in summer. The model also lacks midlevel
clouds, particularly in multilayer situations.
The first aim of this study is to conclusively assess the
contribution of the fair-weather cumulus regime to the
ECMWF model’s surface irradiance bias. Unlike previous studies, a longer time series will be used to give
more confidence in the results. Second, the contribution
to the radiation bias from other cloud types will be examined using a simplified cloud classification similar to
that in Kollias et al. (2007). Rather than comparing cloud
amount and frequency of various cloud types, samples of
a given cloud type will be ranked by their contribution to
the radiation bias.
The observations and model data used in this study
are described in section 2 while section 3 describes the
model’s surface irradiance bias at the ARM SGP site.
In section 4, the impact of fair-weather cumulus clouds on
surface radiation in the ECMWF model is assessed based
on the composite of 146 days with observed fair-weather
cumulus clouds (Zhang and Klein 2010) at ARM SGP.
Section 5 describes the use of a cloud classification method
to identify the regimes that contribute most strongly to
the model bias. Section 6 provides the conclusions.

2. Observations and model data
Observational data for clouds, radiation, and meteorological state at the SGP site are available in an easy-to-use

VOLUME 140

and consistent format in the Climate Modeling Best Estimate (CMBE) product (Xie et al. 2010). This product
includes hourly averaged cloud fraction profiles from
the Active Remotely-Sensed Cloud Locations (ARSCL)
product based on the millimeter wavelength cloud radar
(MMCR) and micropulse lidar (MPL) retrievals, as well
as surface radiation measurements. The observational
record used in this study spans the years 1997–2009. In
this period, 146 days with fair-weather cumulus are
identified through a combination of an automatic selection algorithm based on the observed cloud fraction
profile in combination with a manual screening of Total
Sky Imager pictures. This method was first applied by
Berg and Kassianov (2008), then adapted by Zhang and
Klein (2010) to exclude days with precipitation within
a 50-km radius. The time series used here was kindly
provided by Zhang and Klein and is an extension to the
record used in their 2010 publication with additional
screening of satellite images to exclude days influenced
by weather systems in the vicinity.
ECMWF model data from the operational forecasts
are stored hourly for the grid box centered nearest to the
ARM SGP site, as well as averaged over the four grid
boxes nearest the location. This provides an easily accessible long-term record of model data for comparison
with observations. These data are used in sections 3 and
5. A drawback of this record is that the frequent upgrades to the operational forecast model at ECMWF
result in a time series from a variety of model cycles. It
would be impractical to rerun the complete span of
time with the most recent model version to produce
a consistent record. However, a recent cycle (CY36R4)
was rerun for the 146 shallow cumulus days with 91
vertical levels and horizontal grid resolution of 40 km
(triangular truncation at wavenumber 511 to the
model’s spherical harmonics). The model is initialized
at 1200 UTC on the previous day and output from
forecast hours 18 to 41 (approximately 0–23 h local
time) at the grid box centered nearest the SGP site are
used for comparison with observations. These data are
used in section 4.
The cloud fraction profile from the model is the instantaneous cloud fraction on each model level from
the model grid box nearest the ARM site, or averaged
over the four nearest grid boxes. The ARSCL profile
on the other hand is derived by averaging observations
from vertically pointing active sensors operating at
high temporal frequency over an hour-long period.
Thus, the cloud fraction representative of the area associated with a model grid box is compared to a temporal average at one point. This is commonly done
(e.g., Illingworth et al. 2007), yet adds an element of
uncertainty to the comparison. The analysis of the
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operational data record (sections 3 and 5) was performed with both the nearest-box and the four-box
average data records. While individual hourly samples
differ slightly, statistics for the long-term records are
very similar, and the choice of record does not affect
the conclusions drawn from this study. Only one set of
figures (for the nearest gridbox record) will be shown.
The ARSCL retrieval cannot always distinguish cloud
water species from precipitation, particularly in the
ice phase, such that the observed ‘‘cloud fraction’’ would
be more accurately titled a ‘‘hydrometeor fraction.’’
To take the contribution from precipitation to the
model’s hydrometeor fraction into account, a threshold
(1025 kg m22 s21) is applied to the model’s precipitation fluxes. Cloud overlap is calculated offline using the
generalized overlap assumption (Räisänen et al. 2004)
splitting the grid box into 112 subcolumns and assuming
a decorrelation length of 2.13 km for cloud fraction.
This is consistent with the subcolumn approach and
overlap assumptions in the model’s shortwave radiation
routine. Based on ground and satellite observations,
Shonk and Hogan (2010) suggest the use of a latitudinally dependent decorrelation length for cloud fraction.
The value of this model parameter (invariant throughout the year) falls within the range observed by Mace
and Benson-Troth (2002) for the fall and winter seasons
at ARM SGP. After cloud overlap has been determined,
any precipitation fluxes above the threshold are maximally overlapped with the cloud.
This new hydrometeor fraction is then used to assign
cloud types in the model. Ideally, a full radar/lidar forward model should be run on the modeled clouds to
estimate which part of the precipitation contributes to
the detectable hydrometeor fraction. However, the hydrometeor profile here is used only to determine the
base and vertical extent of cloud layers by searching for
the lowest and highest level where the cloud fraction
exceeds a threshold (2%), and results are not very sensitive to the threshold values chosen.

3. The surface irradiance bias
Shown in Fig. 1 is the diurnal cycle composite of surface irradiance [or downward surface shortwave radiation (SWDN)] from the multiyear operational model
record (2004–09) for all-sky conditions, together with
the observed shortwave flux from the CMBE product. In
the multiyear composite, the maximum bias between
modeled and observed radiation is around 50 W m22 at
noon, or 23 W m22 averaged over all samples and times.
Only daytime samples, as identified by model shortwave
radiation above 1 W m22, and samples with good-quality
observed shortwave radiation and cloud profile are
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FIG. 1. Multiyear (2004–09) all-sky diurnal composite of surface
irradiance at the ARM SGP site. The model is shown in black,
observations from the CMBE product in gray. Only daytime
samples (modeled SWDN exceeding 1 W m22) with good-quality
coincident observations are included.

included. It is the origin of this multiyear mean bias that
this study is investigating.
Shown in Fig. 2 are scatterplots of the observed and
modeled surface irradiance for clear-sky situations between January 2005 and December 2009. The new
shortwave radiation package ‘‘McRad’’ went into operations on 5 June 2007 (Morcrette et al. 2008). The left
panel shows results from the operational model record
previous to the shortwave radiation update, while the
right panel shows results following the update. As the
time periods before and after the update are similar,
samples sizes are also comparable. The mean surface
irradiance bias for all clear-sky samples dropped from
approximately 211.7 to 23.2 W m22. A clear-sky sample is identified as an hour-long period over which the
MMCR and MPL-derived total cloud cover indicates less
than 0.1% cloud cover in conjunction with a model total
cloud cover of less than 0.1%. The cloud fraction
threshold chosen here (0.1%) for the identification of
clear-sky samples is stricter than the one used above (2%)
to identify cloudy layer base and top heights. This is a
deliberate choice to avoid contamination of the clear-sky
assessment by samples with very low cloud fractions,
while requiring a more substantial amount of cloud to
mark the base or top of a cloud layer. The clear-sky bias
shown in Fig. 2 is opposite in sign to the all-sky bias
in Fig. 1. In addition, the all-sky bias from 2008/09 only
(after the radiation upgrade) has similar magnitude to
that from the pre-McRad period. Hence, the positive allsky bias must be related primarily to cloudy conditions.
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FIG. 2. Observed vs modeled hourly average clear-sky surface irradiance. (a) For the period from January 2005
through May 2007 with old shortwave radiation package. (b) For the period from June 2007 through December 2009
with new McRad radiation package. Linear fit in gray.

4. The fair-weather cumulus regime
A diurnal composite of surface irradiance from observations and the model for the 146 fair-weather cumulus days is shown in Fig. 3a. The model’s clear-sky
SWDN is shown for reference as a dashed line. Figure 3b
shows the modeled and observed shortwave cloud
forcing, in reference to the modeled clear-sky radiation,
while Fig. 3c shows the model’s composite radiation bias.
In the diurnal cycle composite, the observed shortwave
cloud forcing peaks around 90 W m22. The model is able
to reproduce this peak well. A small bias in the model’s
SWDN is evident particularly in the morning and evening
with changing sign throughout the day. Early in the day,
too much of the modeled shortwave radiation reaches the
ground, while SWDN is underestimated in the afternoon.
The bias is on the order of 10–15 W m22, or about a fifth
of the magnitude of the cloud’s impact in reducing incoming shortwave radiation. The measurement uncertainty of a single observation (including uncertainties
associated with radiometer calibration and measurement
system installation, operation, and maintenance) is approximately 10 W m22 (or 66%; Stoffel 2005). Averaging over many observations will minimize the random
error component, thus the observation error for the diurnal composite will likely be smaller than the estimate
above.
A diurnal composite of observed and modeled cloud
fraction for the 146 days is shown in Fig. 4. Qualitatively,
the model captures the fair-weather cumulus clouds
well. But despite the reasonable cloud forcing seen in
Fig. 3b, the model appears to underestimate the low
cloud fraction by about half. The modeled low clouds’
development begins about an hour later than observed

and clouds persist longer throughout the afternoon. This
corresponds well with the changing sign of the SWDN
bias in Fig. 3c, which suggests that there is some information in the bias signal.
In Fig. 5, the projected total cloud cover (TCC) is
shown in Fig. 5a as solid lines. The dashed lines in the
same figure show the composite of a subset of 50 days
without high clouds during the day (0900 to 1700 local
time), such that the projected total cloud cover is coming
solely from low clouds. The same underestimate of cloud
fraction as seen in Fig. 4 is evident in the total cloud cover
as well. The subset of days without upper cloudiness
shows that this discrepancy is linked to the fair-weather
clouds, rather than to differences in upper-level clouds.
The middle panel of Fig. 5 shows the cloud amountwhen-present (AWP) for hours with cloud cover exceeding 2%, while the right panel shows the frequency
with which clouds occur. Evidently, the discrepancy in
the composite cloud fraction between model and observations stems primarily from an underestimate of
cloud occurrence in the model. This is confirmed by a
visual inspection of the model’s cloud cover whereby
17% or 25 out of the 146 days are free of low clouds.
These cloud-free days must be compensated for by
cloudy days with excessive cloud forcing in order to
produce a reasonable composite SW cloud forcing.
Observations of liquid water path (LWP) at the ARM
site are available from a two-channel microwave radiometer retrieval (MWRRET; Turner et al. 2007). Shown
in Fig. 6a (gray curve) is the normalized distribution of
LWP for samples retrieved every 20 s between 0730 and
1830 local time for the fair-weather cumulus days. Using
the product’s quality control flags, clear or bad quality
samples have been removed. Despite the screening, there
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FIG. 3. (a) Surface irradiance at ARM SGP site, composited over 146 fair-weather cumulus days from (gray) observations and (black)
model. Also shown is (black dashed) composite model clear-sky surface irradiance. (b) Surface shortwave cloud forcing from (gray)
observations and (black) model with respect to model clear-sky radiation. (c) Composite surface irradiance bias (model 2 obs).

are still many samples with LWP below zero. Based on the
retrieval’s uncertainty of approximately 20 g m22, the
frequency distribution includes only samples with values
above 20 g m22. Shown in black is the corresponding
curve from the ECMWF model. To show the in-cloud
liquid water path as the shortwave radiation scheme
would see it, the model’s overlap routine is run offline
to produce subcolumn profiles of in-cloud liquid water

contents (LWC) and LWP. A function of the form suggested in Eq. (1) of Räisänen et al. (2005) is applied to the
in-cloud liquid water contents on subcolumns to represent inhomogeneity within the cloud. The shape of this
function is invariant, and its effect is to add variance (i.e.,
increase sample numbers with very low or high LWP
while decreasing sample numbers with moderate LWP).
It is evident that the model produces relatively fewer

FIG. 4. Diurnal composite of (a) observed and (b) modeled cloud fraction for 146 fair-weather cumulus days
at ARM SGP.

Unauthenticated | Downloaded 01/09/23 09:49 PM UTC

3788

MONTHLY WEATHER REVIEW

VOLUME 140

FIG. 5. Diurnal composites of (left) total cloud cover, (middle) cloud amount when present, and (right) cloud frequency of occurrence.
Model data in black and CMBE observations in gray. Dashed lines show results for a subset of 50 fair-weather cumulus days without
observed high clouds above. A threshold of 2% total cloud cover was chosen to determine whether a sample (1-h period) is cloudy or clear.

samples with low LWP (,100 g m22) than observed, but
overestimates the occurrence of mid- and high LWP. This
is consistent with the overestimated shortwave cloud
forcing of the model’s fair-weather cumulus clouds. The
impact of the inhomogeneity function is positive in this
case (vs assuming homogeneous in-cloud LWC), as it
increases sample numbers with low LWP. Using the offline cloud overlap routine, we can assess the impact of
changes in the model’s cloud liquid water content on the
in-cloud LWP. If the model cloud liquid water is reduced
by a half to a third, the fit to the observed LWP distribution would significantly improve.
The Microbase product combines cloud radar, microwave radiometer, and radiosonde observations to
retrieve cloud microphysical properties (Dunn et al.
2011). Keeping in mind that this algorithm, using LWP
as input, is subject to the same uncertainty as discussed
above, it appears that the model overestimates the liquid
effective radius of fair-weather cumulus clouds by a
factor of 3 (Fig. 6b). The observations suggest that effective radii around 4 mm are most common, while the
model produces radii of 11–12 mm. The model’s secondary peak at 4 mm is artificial and a result of an imposed lower limit in the radiation code. The model’s
overestimate of effective radius would act to lessen the
cloud’s shortwave forcing, thus it is most likely the overestimated liquid water path that is the primary reason
for the excessive shortwave cloud forcing when cloud is
present.
In summary, the fair-weather cumulus regime, as represented by the 146 days investigated, contributes only
weakly to the multiyear mean all-sky bias in the model’s
surface irradiance. However, this is achieved through

compensating errors: cloud-free days compensate for days
with good cloud fraction, but overestimated cloud reflectance. The model’s in-cloud liquid water path is too
large in these clouds and likely the main cause for the
radiative bias. Better agreement might be expected
if the shallow convection scheme were triggered more
frequently, but the resulting clouds contained less water.

5. Cloud classification to determine source of
shortwave bias
The fair-weather cumulus regime was found to contribute only weakly to the overall surface irradiance bias,
so there is still a question of what other cloud regimes
may be contributing to the multiyear bias, or even if any
individual regimes may be identified as contributing more
to the bias than others. To explore this question, each
hourly cloud fraction profile between 2004 and 2009 is
classified by cloud type. Our approach is similar to the
classification described and used in Tselioudis and Kollias
(2007) and Kollias et al. (2007). However, instead of
comparing occurrence and cloud fraction profile associated with each cloud type, the SWDN bias associated
with each paired sample (consisting of an observed and
coincident modeled cloud profile) is examined. The
classification is performed following these steps:
d

d

A total of 23 906 hourly samples, consisting of a modeled and coincident observed cloud fraction profile
and the associated SWDN bias, are available over the
6-yr period, 2004–09.
Cloud types are assigned independently to each cloud
fraction profile (modeled and observed) based on cloudbase height and depth of cloud. Cloud boundaries
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FIG. 6. (a) Normalized frequency distribution of (gray) observed and (black) modeled in-cloud liquid water
path for 146 fair-weather cumulus days at ARM SGP. Only samples with LWP above 20 g m22 are included.
(b) Normalized frequency distribution of (gray) observed and (black) modeled liquid effective radius for fairweather cumulus days.

d

d

d

are determined for a 2% cloud fraction threshold.
Table 1 lists cloud-base and thickness limits for the six
cloud types considered, which may exist in combination (e.g., low clouds in combination with high clouds
in the same profile).
The matched samples are labeled based on the combination of observed and modeled cloud type (e.g., model
low cloud; observed low and high cloud).
Samples with the same cloud-type combination are
grouped to form a category.
The SWDN biases for all samples within a category
are added to form the accumulated (net) SWDN bias
for this category.

scaled bias of category 5

d

d

d

The SWDN biases from all samples with negative bias within a category are added to form the
negative accumulated SWDN bias for that category. This step is repeated for samples with positive
bias to calculate the positive accumulated SWDN
bias.
Using the accumulated SWDN bias for all samples as
a benchmark, the contribution of each category to this
bias is considered by comparing the category’s net
SWDN bias to the all-sample bias. As the accumulated
bias from all 23 906 samples is a very large number, it has
been scaled by the mean SWDN bias of 22.78 W m22 in
Fig. 7 and Table 2:

accumulated bias of category
3 mean bias of all samples:
accumulated bias of all samples

This scaled quantity expresses the contribution of
a category (in W m22) to the multiyear mean SWDN
bias of 22.78 W m22.
A shortlist of categories that contribute at least 2% to
the all-sample bias is created. This list is shown in
Table 2. Categories with similar cloud types have been
grouped together.

To make rapid progress in reducing the surface irradiance bias, it is useful to focus first on those categories
that are either very common, or where individual samples
have large biases and where samples biases have

consistently the same sign. The accumulated SWDN bias
will highlight these categories.
Several groups of categories stand out in the short list
compiled in Table 2. As previously discussed in section
3, clear-sky samples contribute to a negative bias. While
the magnitude of this bias is small, the number of samples in this category makes the contribution from this
group significant for partially balancing the positive bias
from cloudy situations. Clouds with large vertical extent,
including combinations of deep cloud, a thick cloud
originating at midlevel (with or without low cloud beneath), contribute strongly to the positive multiyear
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TABLE 1. Cloud-base and -thickness criteria for classification of
cloud layers in vertical cloud fraction profiles. Note that heights are
measured above mean sea level (i.e., the cloud-base height
thresholds above are 318 m lower when considering height above
ground).
Cloud type

Cloud base

Cloud thickness

Deep
Low
Congestus
Thin midlevel
Thick midlevel
High

,2.5 km
,2.5 km
,2.5 km
$2.5 and ,8 km
$2.5 km
$8 km

$8 km
,3 km
$3 and ,8 km
,3 km
$3 km
,3 km

mean bias (the ‘‘deep group’’). Last, the ‘‘low cloud
group,’’ consisting of various combinations of observed
and modeled low cloud or clear cases, is a strong contributor to the positive bias. Other categories involving
thin midlevel clouds also make the shortlist, but are less
robust. The classification of thin midlevel clouds is more
sensitive to the treatment of precipitation in the hydrometeor fraction profiles.
Figure 7 (top row) shows the net, negative, and positive contributions to the bias from all samples. Positive
biases outweigh negative biases by a ratio of about 2:1,
resulting in a net positive accumulated bias. The corresponding numbers can be found in the bottom row of
Table 2. Also shown in the figure is the distribution of
samples throughout the year. For the ‘‘all samples’’ category, the longer length of day during summer is reflected
in increased sample numbers during this season. Shown
beneath in the figure are contributions to the bias from
the deep, low, and clear groups. The deep and low groups
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each explain just over a quarter of the accumulated bias.
The remaining bias listed as ‘‘residual’’ in Table 2 is due
to clouds that fall into a multitude of categories. With the
classification used here, it is difficult to identify a systematic link between these clouds and the remaining bias. In
this study, the focus is on the contribution from the low
clouds. Unlike samples from the deep group, which are
systematically biased positive, the low group contains
samples with both positive and negative biases. Further
separation of this group into low cloud with broken
(,90%) and overcast ($90%) total cloud cover reveals
that in overcast situations the model is systematically
biased positive (Fig. 8e), while for broken cloud cover the
bias is predominantly negative (Fig. 8c). The model frequently fails to produce overcast conditions when observed, instead producing broken clouds (Fig. 8f). Often,
the model remains cloud free when low clouds are observed (Fig. 8a). The opposite case (i.e., clouds in the
model when none are observed; Fig. 8b) is less common.
Not surprisingly, the model’s surface irradiance exceeds
observed values when clouds are absent (Fig. 8a) or
fraction underestimated (Fig. 8f). However, even when
both model and observations agree on overcast conditions, a positive bias remains (Fig. 8e). When model
and observations agree on broken cloud cover, the bias
is negative (Fig. 8c), consistent with the conclusions
drawn from the fair-weather cumulus days. Indeed, the
majority of samples with broken clouds are from the
summer season.
The frequency distribution of in-cloud LWP for
these broken cloud cases (Fig. 9a) is comparable to the fairweather cumulus days (Fig. 6a), and the same conclusions

FIG. 7. The accumulated contribution to the multiyear SWDN bias is shown, scaled by the mean bias of
22.78 W m22. The thick black bar shows the net contribution from all daytime samples, as well as from the ‘‘deep,’’
‘‘low,’’ and ‘‘clear’’ groups, as described in the text. The relative contribution to the mean bias is shown in percent.
The thin bar shows the extent to which samples with negative and positive bias contribute to the net for each group.
The number of samples within each of the groups is given in parentheses. The sample occurrence for each group
throughout the year is shown as histograms in the left half of the figure.
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TABLE 2. Accumulated SWDN bias from various cloud-type combinations identified in the modeled and observed cloud fraction
profiles. Values are scaled by the mean SWDN bias over all samples (i.e., the accumulated SWDN bias of a category is divided by the total
accumulated bias over all samples and multiplied by the mean bias over all samples; 22.78 W m22).

Observed cloud type

Modeled cloud type

Clear
Clear
Deep
Deep
Thick midlevel
Thick midlevel
Low 1 thick midlevel Thick midlevel
Low 1 thick midlevel Low 1 thick midlevel
Thick midlevel
High
Thick midlevel
Thin midlevel
Deep
Thick midlevel
Thick midlevel
Clear
Deep group
Low
Clear
Clear
Low
Low
Low
Low 1 high
Clear
Low 1 high
High
Low group
Low 1 thin midlevel
Low 1 thin midlevel
Thin midlevel
Clear
Low 1 thin midlevel
Clear
Low 1 thin midlevel
Low
Total shortlist
Residual
All samples

Net accumulated
SWDN bias (W m22)

Negative SWDN
bias (W m22)

Positive SWDN
bias (W m22)

22.17
1.37
1.00
0.58
0.58
0.73
1.11
0.53
0.63
6.53
3.39
20.57
1.89
0.79
0.47
5.97
0.57
0.53
0.46
0.51
12.41
10.37
22.78

22.74
20.24
20.11
20.04
20.20
20.04
20.05
0.0
20.04

0.57
1.61
1.11
0.62
0.78
0.78
1.16
0.53
0.67

20.28
20.59
21.89
20.02
20.05

3.67
0.02
3.78
0.81
0.52

20.13
20.28
20.02
20.27
27.00
217.45
224.45

0.69
0.82
0.49
0.78
19.41
27.82
47.23

apply: the model overestimates in-cloud LWP in broken
low clouds. Figure 9b shows the distribution for cases
where model and observations agree on overcast low
cloud conditions, most commonly found during the
spring and fall. Here, the situation is reversed: the model
produces low LWP too frequently and underestimates
the occurrence of high LWP. As the overlap scheme is
run offline to produce in-cloud estimates of cloud liquid
water contents and path, we can experiment with increasing and decreasing cloud liquid water for a better
match to the observed distributions. A reduction of cloud
liquid water to a third of its original value provides a much
better fit for the broken cloud cases (Fig. 9c). The inhomogeneity function applied to the cloud liquid water
acts to shift samples to the tails of the distribution.
While this is beneficial for the broken cloud case where
low-LWP samples are underestimated, it is detrimental
for the overcast cloud case. Here, the assumption of a
more homogeneous cloud liquid water content provides
a better fit with the observed distribution. As a sensitivity
test, Fig. 9d shows the distribution for overcast clouds
where cloud liquid water is increased by a factor of 1.5
and is assumed to be homogeneous throughout the cloud.
These sensitivity tests suggests that future parameterization changes should aim to increase cloud liquid
water in overcast low clouds and decrease cloud liquid
water and effective radius in broken cloud situations

No. (%) of samples
5133 (21.47%)
421 (1.76%)
330 (1.38%)
89 (0.37%)
165 (0.69%)
229 (0.96%)
302 (1.26%)
51 (0.21%)
240 (1.00%)
1827 (7.64%)
1018 (4.26%)
284 (1.19%)
1190 (4.98%)
186 (0.78%)
119 (0.5%)
2797 (11.70%)
170 (0.71%)
702 (2.94%)
128 (0.54%)
218 (0.91%)
10 975 (45.91%)
12 931 (54.09%)
23 906

over land, which are dominated by shallow convective
processes. The impact of these changes on surface radiation will have to be assessed.

6. Conclusions
As a result of improvements in the shortwave radiation and cloud schemes over recent years, the ECMWF
model’s representation of the fair-weather cumulus regime is in qualitatively good agreement with observations from the ARM SGP site. While the cloud radiative
forcing of the model’s clouds is overestimated, this is
compensated by occasional days when the model does
not produce clouds. These compensating errors need
further investigation, yet the fair-weather cumulus regime, as represented by the 146 days selected from the
observed CMBE record, does not contribute significantly
to the multiyear mean bias in surface irradiance that is
found at the model grid box centered nearest the SGP
site. A simple cloud classification used in conjunction
with the model surface irradiance bias identifies low
clouds as significant contributors to the multiyear mean
bias. Tselioudis and Kollias (2007) found that the
ECMWF model produces too little boundary layer
cloud in winter, but too much in summer. Considering
that overcast low clouds (stratus) are more common in
winter, while broken low clouds (fair-weather cumulus)
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FIG. 8. Accumulated contribution to the multiyear mean bias from samples with observed and modeled low clouds.
Notation as in Fig. 7. The first two bars show misses (model clear, observed low cloud) and false alarms (modeled low
cloud, observed clear). The following four bars show contributions from cases with coincident observed and modeled
low cloud, but sorted according to broken cloud cover (,90% total cloud cover) or overcast conditions ($90% total
cloud cover).

are found predominantly in summer, the SWDN biases
associated with the low cloud category here are consistent
with the conclusions drawn in Tselioudis and Kollias
(2007). Previous studies using spaceborne observations to
evaluate the frequency of occurrence and cloud amount
over ocean indicate a lack of cloud cover in the stratocumulus regime and a compensation between frequency
of occurrence and cloud amount-when-present in the
trade regime (Ahlgrimm et al. 2009; Ahlgrimm and
Köhler 2010). These compensations appear to be common themes in the model. By addressing the problem at
the ARM SGP site, it may be possible to reduce biases
globally.
The opposing biases produced by broken and overcast
low cloud samples explain why recent changes and qualitative improvements to the ECMWF’s shallow convection scheme were not reflected in the surface shortwave
radiation fields: reducing the bias for broken cloud conditions addresses only part of the problem. Unless the
bias observed during overcast conditions is addressed at
the same time, the lack of compensation will lead to an
overall worse result. Future developments will have to
address how to reduce the shortwave cloud forcing and
liquid water path for summertime shallow convective
clouds over land, while at the same time increasing cloud
cover and liquid water path for overcast cases in the fall,
winter, and spring seasons. A more sophisticated cloud
inhomogeneity function that is able to distinguish between
broken and overcast situations promises to improve agreement with observed in-cloud liquid water paths.
Observations from the Routine ARM Aerial Facility
(AAF) Clouds with Low Optical Water Depths (CLOWD)

Optical Radiative Observations (RACORO) campaign
(Vogelmann et al. 2012) provide a highly suitable in situ
dataset characterizing overcast and broken low clouds
around the ARM SGP site, from late winter into early
summer. These observations will provide more accurate
cloud microphysical observations for future assessment
of model clouds with low optical depth.
The focus here has been on low clouds. However,
‘‘deep’’ and ‘‘thin midlevel’’ clouds were also identified
as main contributors to the SWDN bias, and the shortlist
of cloud-type categories discussed here can only explain
about half of the multiyear SWDN bias. Clearly, other
cloud types need further investigation as well. By allowing any and all combinations between individual
cloud types, similar hydrometeor profiles may be scattered across marginally different cloud-type categories,
and thus fail to stand out as a distinct category. A stricter
classification with fewer categories might produce more
distinct groups of cloud classes that failed to make the
shortlist here. On the other hand, the hydrometeor fraction profile alone may not contain enough information to
differentiate between similar categories, some of which
contribute to the bias, while others do not. A more sophisticated cloud classification, such as used in Marchand
et al. (2009), which links cloud profiles with meteorological conditions in the area surrounding the SGP site
likely holds more promise when trying to establish a
connection between model parameterizations and radiation biases for more complicated situations with deep
and multilayer clouds.
Based on the new insights described in this paper, it
will be possible to carry out targeted sensitivity studies
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FIG. 9. Normalized frequency distributions of (gray) observed and (black) modeled in-cloud LWP at ARM SGP.
(a) For samples with broken (,90%) low clouds in model and observations. (b) For samples with overcast ($90%)
low clouds in model and observations. (c) As in (a), but with model cloud liquid water contents reduced by a factor of
0.33. (d) As in (b), but with cloud liquid water contents increased by a factor of 1.5 and homogeneous in-cloud liquid
water.

to improve cloud occurrence and radiative properties by
examining the formulations of the shallow convection
trigger, mass transport, and cloud microphysical properties. The combination of a simple cloud classification with
the model surface irradiance bias as described in this
paper has proved to be a valuable tool for model assessment to discover compensating errors and is a necessary
step to guide future parameterization improvements.
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