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Abstract

Radiation energy balance at the top of the atmosphere (TOA) is a critical boundary condition for
the Earth climate. It is essential to validate it in the global climate models (GCM) on both global
and regional scales. However, the comparison of overall radiation field is known to conceal
compensating errors. Here we use a new set of radiative kernels to diagnose the radiation biases
by different geophysical variables in the latest GCMs. We find although clouds remain a primary
cause of radiation biases, the radiation biases caused by non-cloud variables are of comparable
magnitudes. Many GCMs tend to have a cold bias in the air temperature and a moist bias in the
tropospheric humidity, which lead to considerable biases in TOA radiation budget but are
compensated by cloud biases. These findings signify the importance of validating the GCM-
simulated radiation fields, with respect to both the overall and component radiation biases.

(Plain Language Abstract)

Radiation energy balance at the top of atmosphere is crucial to the Earth climate system and is
routinely examined in climate model validations. Here, we show that seemingly good agreements
between model and observation can be due to compensating errors and propose the use of a
kernel method for separately identifying component radiation biases due to different geophysical
variables, which may afford a more stringent test of climate models.

Key Points

1. Climate models are subject to compensating radiation biases caused by cloud and non-cloud
variables.

2. Many models have a cold temperature bias and a moist humidity bias in the troposphere.

3. Kernel diagnosis of component radiation biases affords a stricter test for climate models.
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1. Introduction

Radiation energy balance at the top of the atmosphere (TOA) critically shapes the Earth
climate. The global mean values of the longwave and shortwave radiation fluxes, as well as their
distribution patterns are often used to validate the simulations of the global climate models
(GCMs) (e.g., Kiehl et al. 1994; Su et al. 2010; Li et al. 2013; Dolinar et al. 2015; Loeb et al.
2020; Wild 2020). As illustrated by Fig. 1 (a) to (f) and also by others (e.g., Zhao et al. 2018;
Golaz et al. 2019), the state-of-the-art GCMs show remarkable skills in reproducing observed
climatological mean radiation fields, including the net radiation and its longwave and shortwave
components.
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Figure 1. Climatological mean radiative fluxes in all-sky (units: W m) from (a, b, ¢) the
CERES satellite observation, and (d, e, f) multi-model mean of the AMIP simulations of GCMs.
Global mean values are shown on the upper-right corner in each panel. AMIP: Atmospheric
Modelling Intercomparison Project; GCM: Global Climate Model; CERES: Clouds and the
Earth's Radiant Energy System.

However, the validation of GCMs with regard to overall radiation field is known to conceal
possible compensating errors (Huang et al. 2007; Huang and Ramaswamy 2008; Huang, X. et al.
2008, 2013; Bani Shahabadi et al. 2016; Della Fera et al. 2022). For example, Huang et al.
(2007) showed, by validating a GCM against spectrally resolved satellite radiance, that a
seemingly good all-sky OLR field may result from compensating radiation errors due to the
biases in the cloud fields and those in the non-cloud fields, such as the atmospheric temperature
and humidity. On the other hand, comparisons of geophysical variables between GCM
simulations and observations, such as the satellite retrieval products, verify the biases in the non-
radiation fields. Some of these biases, such as those in the tropospheric humidity and
temperature, appear to be persistent in a number of models (Gettelman et al. 2006, Jiang et al.
2015). These recognitions thus bear important questions: Is the agreement in the radiation fields
between the latest GCMs and observations, as shown in Fig. 1, subject to compensating errors?
And how much do different geophysical variables respectively contribute to the total radiation
bias?
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To answer the above questions, especially the latter one, it is important to have a
comprehensive view of the error budget of the radiation fields and the ability to identify the
biases that matter the most energetically. Among the potential causes of radiation errors, clouds
are broadly conceived to be a major source of uncertainty in GCM simulations. This can and
should be confirmed by quantifying the cloud-induced radiation bias and compare it to those
caused by other geophysical variables. If, as revealed by previous studies (e.g., Huang et al.
2007), the cloud fields were tuned to compensate non-cloud biases in order for the model-
simulated all-sky radiation to match the observation, the model would have cloud and non-cloud
radiation biases of comparable magnitudes and opposite signs. On a relevant note, radiation
biases are often cited to justify the need of treating certain processes in the GCMs. A recent
example is the inclusion of the longwave scattering effect of clouds in the radiation codes (e.g.,
Chen et al. 2020). However, the impact of a proposed modification cannot be properly expected
without a "big-picture" knowledge, i.e., what other, possibly more dominant, radiation biases
exist in the models. These issues emphasize the need to separately quantify the individual
radiation biases. This is important to verify that the radiation agreement in a model is achieved
for the right reasons, or to identify which variable fields or physical processes are the most
imperative to improve.

In this paper, we use a radiative kernel method to quantify the radiative biases caused by
different geophysical variables, including surface and atmospheric temperature, humidity,
surface albedo and clouds. The method and data are presented in Section 2. A systematic
assessment of the radiative biases in the current GCMs is shown in Section 3.

2. Method
2.1 Observation and GCM data

To quantify the biases in the GCM-simulated radiation fields, we use the satellite
observation of the Clouds and the Earth's Radiant Energy System (CERES, Wielicki et al., 1996)
as the reference values of the TOA radiation fluxes. Specifically, its Energy Balanced and Filled
(EBAF) dataset, version 4.2, with clear-sky radiation value consistently defined as in the GCMs
(Loeb et al. 2018, 2020) is used. All the radiative fluxes are defined to be downward positive.

To quantify the GCM biases in the geophysical variables, we use the fifth generation
European Centre for Medium-Range Weather Forecasts atmospheric reanalysis (ERAS)
(Hersbach et al., 2020) as the reference values of such variables as surface and atmospheric
temperature, water vapor, surface albedo.

The GCMs examined here are the models of the sixth phase of the Coupled Model
Intercomparison Project (CMIP6, Eyring et al., 2016). Particularly, the Atmospheric Modelling
Intercomparison Project (AMIP) simulations of the same period as the CERES data, years 2001-
2014, are used here for analysis. A list of the models included in this analysis are summarized in
the Supplementary Table S1.

2.2 Quantification of component biases: Kernel method
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Radiative kernels, g—i, are pre-calculated radiative sensitivities to different geophysical
variables, x, including surface temperature, atmospheric temperature and water vapor at different
altitudes, and surface albedo. In this work, we use the radiative kernels computed by Huang &
Huang (2023, under review) based on the ERAS global reanalysis dataset. When multiplied by
an anomaly of the geophysical variable, Ax, the product measures the radiation difference due to

this anomaly:
AR, = 2% Ax (1)

Consider Ax to be the bias of the geophysical variable x with respect to a reference value,
which we take from ERAS reanalysis of the same period in this study; then the above equation
measures radiative bias caused by x, which is a main objective here. The multi-model mean
biases in the geophysical variables are shown in Supplementary Information (Fig. S1).

Radiative kernels have been widely used for radiative analyses, e.g., for quantifying
climate feedbacks (e.g., Soden & Held 2006, Shell et al. 2008). A known limitation of Equation
(1) is that it cannot be readily applied to cloud property variables whose effects on the radiation
fields are strongly nonlinear. Hence, adopting the adjusted cloud radiative effect method used in
feedback analysis (Shell et al. 2008), we measure the cloud-induced radiative bias essentially as
a residual effect:

AR = (AR — AR®) — ¥, (AR, — ARY) (2)

Here, AR and AR are the all-sky and clear-sky total radiative biases in any of the TOA
radiation fluxes: longwave (LW), shortwave (SW) or Net (LW+SW). AR, and AR? are the all-
sky and clear-sky component radiative biases caused by a non-cloud geophysical variable, as
measured by Equation (1). Note the first term on the right-hand side of Equation (2) is the model
bias in cloud radiative effect (CRE),

ACRE=A(R — R°) 3)

which is often used to measure cloud-induced radiation bias but as discussed in the Results
section is subject to errors.

As we use different datasets as the references of radiation fluxes (CERES) and geophysical
variables (ERAY), it is worth examining their consistency. The Supplementary Fig. S2 shows the
radiation biases of CMIP6 models against CERES and ERAS are similar. Together with the
radiation closure tests presented below, which verifies that the total bias AR can be explained by
the sum of the component biases ), AR, this verifies the validity of using the geographical
variables from ERAS to diagnose the radiation biases against CERES.

3. Results
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3.1 Global mean total radiation bias

According to the CERES data, the global annual mean all-sky longwave and shortwave
radiation fluxes for the period of 2001-2014 are 240.31 and 241.17 W m™, respectively. As
summarized in Table 1 and illustrated by Fig. 1, the CMIP6 models generally well reproduce
these radiation fluxes, with multi-model mean biases in the global mean values being 2.57 and -
1.97 W m (in the order of 1%) and the root-mean-squares (RMS, which measure the magnitude
of the biases regardless of their signs) being 3.89 and 4.20 W m%; see Supplementary Table S1
and S2 for the biases in the individual models.

All-sky Clear-sky
Longwave | Shortwave | Net Longwave | Shortwave | Net
CERES observation -240.31 241.17 0.85 -266.29 286.61 20.32
Overall radiation biases (model minus observation)

CMIP6 mean 2.57 -1.97 0.59 3.99 0.98 4.97
model bias | RMS 3.89 4.20 232 4.68 2.54 6.35
Kernel-diagnosed component radiation biases

total bias mean 1.58 -2.50 -0.92 3.00 0.45 3.46

RMS 3.48 3.96 2.97 3.84 2.25 5.22

Surface mean -0.17 -0.17 -0.26 -0.26

(land) RMS | 031 0.31 0.45 0.45

temperature

Atmospheric | mean 1.78 1.78 1.62 1.62

temperature | RMS 2.66 o 2.66 2.44 B 2.44

Water vapor mean 1.31 0.19 1.50 1.64 0.09 1.73

RMS 2.00 0.27 2.26 2.52 0.14 2.66

Surface mean 0.42 0.42 0.37 0.37

albedo RMS 1.74 1.74 2.20 2.20

Cloud mean -1.34 -3.11 -4.45 . . .

RMS 2.88 5.04 5.24

Residual mean 0.98 0.53 1.51 0.98 0.53 1.51

RMS 2.20 1.86 2.87 2.20 1.86 2.87

Table 1. The radiation biases in the CMIP6 models. Units: W m™. Summarized in this table are
the multi-model mean and root-mean-square (RMS) of the biases in the global mean radiation

fluxes of all the models examined (their respective biases are documented in Supplementary
Tables S1 and S2).

Although the CMIP6 GCMs generally achieve excellent accuracy in their simulations of
the all-sky global mean radiation budget, it is interesting to note that many of these models have
larger clear-sky global mean biases than the all-sky ones. For the global mean TOA net radiation
(the sum of longwave and shortwave fluxes) as an example, the RMS biases are 2.32 W m? in
the all-sky and 6.35 W m in the clear-sky. These results indicate that compensating errors
caused by cloud and non-cloud variables noted in earlier studies (e.g., Huang et al. 2007) still
exist in the current models. If a GCM has biases in non-cloud variables (as indicated by clear-sky
radiation biases), when its cloud fields are tuned to match the observed all-sky radiation values,
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it will have to produce cloud biases to offset non-cloud biases, to achieve a seeming agreement
with the observations. This means that besides the cloud biases that are widely recognized and
often emphasized, it is equally important to address the radiation biases due to non-cloud
variables, to simulate a truly correct radiation budget in the GCMs.

Moreover, as illustrated by the standard deviation of the model biases in Table S3, the
relative biases between the GCMs are of similar magnitudes to the multi-model mean and RMS
biases. This aspect of the model bias is independent of the choice of truth reference (for which
the CERES dataset is used in this study).

3.2 Component radiation bias

The diagnosis above signifies the importance of quantifying the radiation biases induced
by different geophysical variables individually. Here, we use the kernel method described in
Section 2.2 to measure the component radiation biases caused by each of these variables: surface
temperature, atmospheric temperature, water vapor, surface albedo and cloud. It is worth noting
that although the GCMs can generally well reproduce the global mean radiation budget
compared to CERES, there exist regional biases of greater magnitudes, which as revealed below
can be an order of magnitude larger than the global mean biases. It is thus important to examine
the component radiation bias at both global and regional scales.



213
214

215
216
217
218
219
220
221

a) AR Net b AR LW c) AR SW .
N (~) oN ( )_ 2.57 90N ( ) 1.97
4 60N “4 60N :
30N | 30N
0 0
30S 30S
60S 1 60S

90S
0 60E 120E 180 120W 60W 0

-16 -8 0 8 16
(d)):AR Net

0 60E 120E 180 120W 60W 0

N @ ):AR |-W 1.58

- 90S
0 60E 120E 180 120W 60W 0

-16 -8 0 8 16

N (f) LAR, SW

0 60E 120E 180 120W 60W 0
| CEEEEEEEEEESEs
-16 -8 0 8 16

0 60E 120E 180 120W 60W 0

0 60E 120E 180 120W 60W 0

-16 -8 0 8 16 16 -8 0 8 16 -16 -8 0 8 16
AR; Net h) AR; LW . i) AR; Net
90N(g)~ e | -4459°N() c 1349°N() c
: 60N s "%ﬁ
30N PEEL e
0 .
308 |- 655\,

60S |

> S - _
90S o oA 3 90S ;
0 60E 120E 180 120W GOW 0 0 60E 120E 180 120W 60W 0 0 60E 120E 180 120W 60W 0
-16 -8 0 8 16 -16 -8 0 8 16 -16 -8 0 8 16

N (I) ZARnon-C SwW

0.61

0 60E 120E 180 120W 60W 0

-16 -8 0 8
) An,e, Net

16

"4 60N
71 30N
" ‘_‘4 0
-1 308
-1 60S

—— 90S
0 60E 120E 180 120W 60W 0

-16 -8 0 8 16

0 60E 120E 180 120W 60W 0
-16 -8 0 8 16
(O)ARMSW

" d 30N
308

n AR LW
( ) res 938 90N

4 60N
30N

0
30S

= - 60S e, i . ‘«4 ] 60S I
- 90S - e B 90S
0 soe 1205 180 120W60W 0 0 60E 120E 180 120W60W 0 0 60E 120E 180 120W 60W 0
| SEEEEEESEEEEes |__ SEmEEEEEEEEEEE | __ CEEEEEEEEEEEEE
-16 -8 0 8 16 16 8 0 8 16 -16 -8 0 8 16

Figure 2. The multi-model mean total and component all-sky radiation biases in the

CMIP6 models; units: W m™. Shown in the three columns are the Net, longwave and shortwave
biases, respectively. Shown in the different rows are AR: the total bias, }; AR

component biases diagnosed from the kernel method, AR : the radiation bias due to cloud,
AR, on—c: the radiation bias due to non-cloud variables, and AR,..,: the unexplained bias

residual. The dotted areas indicate where the multi-model mean bias is larger than the standard

deviation.

. the sum of all the
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Figure 3. Like Figure 2, but for component radiation biases diagnosed by the kernel
method. Shown in the different rows in order are the biases by surface temperature (AR;;), air
temperature (ARq), water vapor (AR), and surface albedo (AR ).

Fig. 2 and 3 show the global distributions of the total and component radiation biases
averaged from all the models examined here; it complements the global mean bias values
summarized in Table 1. In addition, interested readers can find the spatial correlation between
the component and total radiation biases in the Supplementary Table S4 and S5, the distributions
of the multi-model mean clear-sky biases in Figures S3 and S4, and the component radiation
biases in each model in the Supplementary datafile.

The results in Fig. 2 affirm that kernel-diagnosed radiation biases (3. AR,) can explain the
majority of the total radiation biases (AR) in GCMs; their spatial correlations are 0.84, 0.69 and
0.70 for the longwave, shortwave and net radiation, respectively; the performance as measured
by spatial correlation for each model is documented in Supplementary Table S4 and S5. The
generally small residuals (AR,..s = AR — Y. AR,) indicate that the kernel method achieves a good
radiation closure in explaining the total AR, especially for the longwave radiation budget.

Cloud-induced radiation biases are well recognized to be a primary contributor to the total
radiation biases. Table 1 and Fig. 2 (g-1) show that it has the largest global mean biases, as well
as prominent regional biases, which explain most of the spatial variance of the total biases (see
the spatial correlation coefficients in Supplementary Table S4, which is typically about 0.8).
Using the RMS of bias values in every grid point, we find the all-sky spatial biases in the CMIP6
models are typically in the order of several W m2, although some models have larger values
exceeding 10 W m (see Supplementary Table S6), which are mainly contributed by the cloud
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biases. The cloud biases are noticeably larger in the shortwave than in the longwave, as shown
by the multi-model mean in Fig. 2, which shows local maxima exceeding 15 W m 2 (the
maximum biases in the individual models may exceed 50 W m ). We find strong, common
biases in the stratocumulus regions in the eastern side of the ocean basins, e.g., adjacent to the
coasts of California and Peru, where considerably less solar radiation is reflected by the
modelled clouds compared to the CERES observation. In the rest of the tropical ocean, modelled
clouds tend to be too reflective. These shortwave biases are offset to some extent by the
longwave cloud biases, due to the compensating nature of cloud radiative effects.

We also find significant biases caused by the non-cloud variables. Some of them have
global mean magnitudes comparable to the cloud biases (Table 1). In particular, we find that
many models have a cold bias in the air temperature and moist bias in the water vapor
concentration in the troposphere (see Fig S1), both of which lead to an underestimation of the
outgoing longwave radiation - a positive bias in terms of TOA radiation budget (downward
positive). As marked by the shaded areas in Fig. 3 (d) and (g), the water vapor bias and air
temperature bias lead to radiation biases in many models in Tropical Pacific and Southern
Oceans, respectively. Interestingly, these positive non-cloud biases tend to be compensated by
cloud biases of an opposite sign, which in some models results in a seemingly good all-sky
radiation budget (see Tables 1 and S1) as noted above.

It is worth noting that cloud bias is often measured by the cloud radiative effect (ACRE, as
given in Equation (3)). Because this quantity depends on the clear-sky radiation field, this
potentially aliases model errors in clear-sky radiation fields caused by the non-cloud variables as
cloud bias. In comparison, the cloud bias AR, measured by Equation (2) explicitly deducts the
contributions from non-cloud variables to the total radiation bias (AR) and thus is less subject to
such aliasing errors. Comparing AR and ACRE in the CMIP6 GCMs, we find that except in
several models (see Supplementary Table S1), the two measures agree to within 10% in terms of
global mean cloud biases. However, as illustrated by Supplementary Fig. S5, in some models and
especially in regions where non-cloud biases prevail such as in the Arctic, the use of ACRE can
strongly bias the measure of cloud radiative bias.

4. Discussions and Conclusions

In this paper, we propose and demonstrate the use of radiative sensitivity kernels for
diagnosing the radiation biases in the GCMs. Using this method, we assess the TOA radiation
fluxes simulated in the AMIP runs of the CMIP6 climate models against the CERES satellite
observations and quantify how the total model biases in the net, longwave and shortwave
radiation fields result from the biases in their geophysical variables, including surface
temperature and albedo, atmospheric temperature and water vapor concentration, and cloud.

In terms of global mean radiation fluxes, the CMIP6 models can well reproduce the
CERES-observed all-sky values. However, we find many of the models have larger biases in the
clear-sky global mean radiation budget, with the biases in the net radiation fluxes typically
amounting to several W m and being several times of their all-sky values (Tables 1 and S1).
This signifies the existence of compensating errors in their simulated radiation fields.
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Specifically, cloud biases, possibly due to model tuning, compensate the radiation biases caused
by non-cloud variables.

Cloud-induced radiation bias makes a primary contribution to the total radiation bias.
This is especially the case for the shortwave radiation field, where significant biases are found in
the tropical regions, signifying errors in cloudiness and thus reflected solar radiation.

Concerning the non-cloud biases, we find that many models have a cold bias in the air
temperature and a moist bias in the tropospheric humidity compared to the ERAS reanalysis.
These biases each lead to a global mean radiation bias in the magnitude of several W m2 (Tables
1 and S1), and persistent regional biases especially in the Tropical and middle-latitude oceans
(Fig. 3). This means that the GCMs cannot achieve a good (better than several W m) radiation
closure compared to the observation benchmarks without addressing these non-cloud biases.

The kernel method used here aims to obtain a first-order quantification of the component
radiation biases. Given its linear approximation nature (Equation (1)), it is inevitable to leave
residuals in the model error budget. Moreover, the uncertainty of greenhouse gas and aerosols
prescribed in the models may also contribution to the residuals. Nevertheless, the explained bias
(2. AR,) is generally strongly spatially correlated with the total flux biases (AR) (see Table S4
and S5), indicating the method can explain the majority of model biases. Another notable
strength of it is that it avoids the aliasing issue in quantifying the cloud radiative bias. The
significant component biases, namely the cloud, air temperature and tropospheric humidity
biases, disclosed by this method warrant further investigations.
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