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Abstract

The internal atmospheric variability (IAV) of the net surface heat flux (NHF) in the observed
20™/21 century atmosphere is estimated as the residual after removing the SST and externally forced
atmospheric response derived from the four atmospheric models of the Atmospheric Model
Intercomparison Project (AMIP) simulations under phase 5 of the Coupled Model Intercomparison
Project (CMIP5). The mean NHF of four atmospheric reanalysis datasets is an estimate of the
observed NHF.

Although the AMIP models are forced with the same SST and external forcing, the forced
responses differ significantly among AMIP models, suggestive of uncertainty in the models. Besides,
the uncertainty of 1AV in the reanalyses could also arise from the uncertainty in reanalyses as
observations contain errors and reanalysis includes interpolation by models. It is concluded that: 1)
The SST/NHF and SST/forced NHF correlations are significantly negative over most of world ocean
in the AMIP models, indicating damping of the SST anomalies by the NHF. 2) The IAV of the AMIP
models is not correlated with SST, while the positive IAV/SST correlations in the reanalyses suggests
the role of IAV in forcing the SST variability in the extra-tropics. 3) The standard deviation (STD) of
the IAV of AMIP models is indistinguishable from that of the mean reanalysis over a majority of
world ocean, and the STD of the NHF of the AMIP models is larger than that of the mean reanalysis
in the subtropics and midlatitudes. 4) The 1AV in the mean reanalysis plays a role in forcing the SST
variability in the extra-tropics (e.g., Atlantic Multidecadal Variability), while it may not be an

important forcing in the tropical oceans (e.g., ENSO).
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1 INTRODUCTION

In climate models, the atmospheric circulation can be separated into two parts, one part being
the response to the forcing external to the atmosphere (e.g., sea surface temperature, solar input,
volcanic aerosols), and the other being the internal atmospheric variability (Rowell et al., 1995). In
conceptual climate models, the internal atmospheric variability (referred to hereafter as 1AV) is
commonly parameterized as a specified stochastic forcing applied to the ocean. Hasselmann (1976)
demonstrated in a one-variable slab ocean model that the parameterized 1AV could play a major role
in forcing the low-frequency sea surface temperature (SST) variability. Using a simple linear coupled
atmosphere-ocean model, Barsugli and Battisit (1998) showed that the properties of the full coupled
model and an uncoupled version (atmosphere with specified SST) had important differences in
extratropical regions, which were attributed to the role of IAV in forcing the SST variability in the
coupled model but not in the uncoupled model.

Chen et al. (2013) decomposed the atmospheric circulation of a coupled GCM (CGCM)
simulation with constant external forcing into the SST-forced response and the IAV (named as
atmospheric noise in their paper). They applied the methodology of extracting IAV from a model
simulation by estimating the SST-forced component using auxiliary simulations and subtracting it
from the model results. The SST forced response was found as the average of an ensemble of
Atmospheric Model Intercomparison Project (AMIP)-type atmospheric GCM (AGCM) simulations,
using the atmospheric component of the CGCM. Each of the ensemble members was forced by the
CGCM simulation’s SST but with different initial atmosphere and land surface conditions (Harzallah
and Sadourny, 1995; Saravanan, 1998; Frankignoul, 1999; Compo and Sardeshmukh, 2009; Hurrell et
al., 2009; Fan and Schneider, 2012). The IAV was found to be statistically indistinguishable between
the CGCM and the AGCM simulations in this perfect model framework. Colfescu and Schneider
(2017) reached a similar conclusion for the 1AV in a CGCM simulation with historical external
forcing.

Some studies found that the IAV was the dominant driving mechanism for the SST

variability. Yeh and Kirtman (2004) used the interactive ensemble technique to control the amplitude



of IAV at the air-sea interface in the coupled model and found that most of the SST variability in the
North Pacific was the response to IAV. Applying the 1AV of the surface fluxes to the ocean surface of
an interactive ensemble CGCM, Chen et al. (2016) found that the 1AV forcing was responsible for the
SST variability in the Atlantic Ocean (in particular, the Atlantic multidecadal variability, AMV).
Colfescu and Schneider (2020) added historical external forcing to the same model and found the IAV
was important in driving the internal AMV, except for the high latitude North Atlantic. Besides
driving the SST variability, the 1AV also played a key role in the Atlantic Meridional Overturning
Circulation (Delworth and Greatbarch, 2000; Dong and Sutton, 2005; Jungclaus et al., 2005; Kwon
and Frankignoul, 2012) and ENSO (Moore and Kleeman, 1999; Thompson and Battisti, 2001; Zavala-
Garay et al., 2003; Yeh and Kirtman, 2006).

In this paper, we extend the methodology of Chen et al. (2013) to decompose the net surface
heat flux in analyses of the observed atmosphere into the SST/externally forced response and the 1AV.
The SST/externally forced response is estimated from an AMIP ensemble. Then the 1AV in the
observed atmosphere is estimated as the residual of the observed variable after removing the average
of AMIP simulations forced by the observed SST and external forcing. To our knowledge, this is the
first attempt to quantify and document the IAV in the observed atmosphere. However, the forced
response in the AGCM may not be same as the real forced response in observations (Colfescu et al.,
2013; Chen and Schneider, 2014). The estimate of the SST/externally forced response of the observed
atmosphere then includes model bias. Consequently, the 1AV of the observed atmosphere, computed
as the residual after removing the forced response, contains model bias as well as uncertainty.

On one hand, uncertainty comes from the “observation.” Reanalysis datasets are widely used
as “observation” to represent the actual in situ and satellite observations, due to superior spatial and
temporal coverage. Reanalyses are observation-based, but studies have shown that reanalyses from
different research centers differ, particularly in regions with little or no data, due to the choice of in-
situ observations, changes in the observing systems, differing models, differing data assimilation
configurations and so on (Newman et al., 2000; Smith et al., 2001; Bosilovich et al., 2008; Hodges et

al., 2011; Chaudhuri et al., 2014; Grist et al., 2014).



On the other hand, model uncertainty comes from the models used to estimate the forced
response. Even forced with the same boundary conditions, the forced response from state-of-the-art
AGCMs from various modeling centers differ from each other in many aspects (Lau et al., 1996;
Boyle, 1998). Various differences in the model formulations, including in physical parameterizations
and numerics, are responsible for differences in the simulations (Taylor et al., 2012), although direct
attribution of how the differences in formulation affect the results is difficult (Schneider, 2002; Cash
et al., 2005, 2007).

The motivation of the current study is to apply the procedures of Chen et al. (2013) and
Colfescu and Schneider (2017) to investigate IAV in the observed atmosphere. There are several
reanalyses available for estimating the observed atmosphere for the recent past. Also, the data
necessary to calculate estimates of the SST/externally forced response of the atmospheric circulation
for the same period have been contributed by several modeling groups to phase 5 of the Coupled
Model Intercomparison Project (CMIP5). These datasets allow us to compute a number of estimates of
IAV. In the following, Sec. 2 describes the models, datasets and methodology used in the study. Sec. 3
examines the 1AV estimates and associated uncertainties that arise from trying to combine results

from models and reanalyses in a consistent manner. Sec. 4 contains discussion and conclusions.

2 DATA AND METHODS

The reanalysis, models and SST datasets that are used for our estimates of the IAV are
described in this section. The SST data is monthly means of the Hadley Centre Sea Ice and Sea
Surface Temperature dataset (HadlSST1; Rayner et al., 2003) merged with National Oceanic and
Atmospheric Administration (NOAA) Optimum Interpolation Sea Surface Temperature (NOAA Ol
SST; Reynolds et al., 2007). The data processed consists of 360 monthly mean fields from 1979 to
2008. The field analyzed for IAV is the net surface heat flux (NHF). The NHF and SST are detrended

and the annual cycles are removed.



2.1 Reanalysis datasets

The reanalyses are internally consistent but distinct estimates of the true atmospheric state for
the recent past. Four widely-used global atmospheric reanalysis datasets are employed: 1) European
Centre for Medium-Range Weather Forecasts (ECMWF) Interim Re-Analysis (ERA; Dee et al.,
2011), 2) Modern-Era Retrospective Analysis for Research and Applications (MERRA; Rienecker et
al.,, 2011) from the National Aeronautics and Space Administration (NASA), 3) Climate Forecast
System Reanalysis (CFSR; Saha et al., 2010) from National Centers for Environmental Prediction
(NCEP), and 4) NCEP/National Center for Atmospheric Research (NCAR) reanalysis (NCEP; Kistler
et al., 2001). The net heat fluxes in the reanalyses are not directly observed, rather they are model

output constrained to be dynamically consistent with the observations.

2.2 CMIP5 AMIP ensembles

The CMIP5 AMIP (Atmospheric Model Intercomparison Project, Gates et al., 1999)
ensembles are free running AGCM simulations with SST and sea ice boundary conditions specified
from the HadISST1 merged with NOAA Ol SST. Other time dependent conditions obtained from
observations are also specified in the AGCM simulations, such as concentrations of gases including
COy, incoming solar radiation at the top of the atmosphere, emissions or concentrations of short-lived
species and natural and anthropogenic aerosols or their precursors, and land use (Taylor et al., 2009).

The four AMIP ensembles that have at least five ensemble members out of the seventeen
available from the CMIP5 data archive are used in the analysis. The ensembles are CSIRO, GISS,
CCSM4, and GFDL: Commonwealth Scientific and Industrial Research Organization (CSIRO)-Mark
3 (MK3)-6-0 (CSIRO for short; Gordon et al., 2002) from CSIRO-Queensland Climate Change Center
of Excellence, Goddard Institute for Space Studies (GISS)-E2-R (GISS for short; Schmidt et al., 2006)
from the National Aeronautics and Space Administration, Community Climate System Model version
4 (CCSM4 for short; Meehl et al., 2012) from National Center for Atmospheric Research, and

Geophysical Fluid Dynamics Laboratory (GFDL)-CM3 (GFDL for short, Donner et al., 2011) from



NOAA-GFDL. There are 10 members in the CSIRO ensemble, 6 members in the GISS ensemble, 5
members in the CCSM4 ensemble and 5 members in the GFDL ensemble.

Atmospheric models forced by observed SST and external forcings produce estimates of the
model atmospheric response to those forcings. The forced responses from these AMIP simulations can
be considered to be estimates of the hypothetical actual forced response in the observed system that is
contained in each of the reanalyses. However, the actual forced response is not known and cannot be
directly compared with the model estimates. Errors due to unrealistic physical or numerical
representations of various processes cannot be excluded in the forced response of the AGCM that was
forced by observed SST (Chen et al., 2013; Colfescu and Schneider, 2017) and these errors will then
transfer into the 1AV estimates for the observed atmosphere, as described in the next section.

The four reanalyses are used to construct a 4-member ensemble of reanalyses denoted 4Rean.
A 20-member ensemble of AMIP simulations, denoted 4AMIP is constructed by choosing 5 members

from each of the model AMIP ensembles.

2.3 IAV estimation and statistical bias corrections

The information contained in reanalyses and models can be better understood by comparing
the forced responses estimated for separate models and by comparing the 1AV implied by the forced
responses in reanalyses and models simulations. We introduce briefly the estimation of 1AV for the
reanalyses and AMIP simulations. Following Chen et al. (2013) an atmospheric variable is assumed to
be the sum of two parts, the forced response (the atmospheric response to SST/external forcing) and
the IAV. The procedure to estimate 1AV of an atmospheric variable is then to subtract the time-
varying forced response computed from an AMIP ensemble from the atmospheric variable in a model
simulation or a reanalysis. The estimates of the forced response described below are ensemble means
of the NHF produced by the four CMIP5 AMIP ensembles as well as the forced response from the
4AMIP ensemble.

While the forced responses in the CMIP5 ensembles can be considered to provide estimates

of the forced response in the reanalyses, the IAV in the model ensemble members is uncorrelated with



the actual 1AV in the reanalyses, since the evolution of the weather systems in the free running models
is not constrained to be that seen in the observations. Our comparison of the IAV between models and
reanalyses is then restricted to overall statistics, including correlations and comparisons of variance.

The 1AV for a reanalysis is found by subtracting from that reanalysis the SST/externally forced
response estimated from an AMIP ensemble. Model data of ensembles of M AMIP simulations are
considered, with each member forced by the same SST and external forcing over the historical period.
The SST/externally forced solution from that model ensemble, denoted F, is estimated as the
ensemble mean of the M members. Due to the finite number of members in an ensemble, statistical
bias exists between the unbiased and the estimated variances of the forced responses, as well as the
variances of the unbiased and the estimated IAV of the observed atmosphere (Rowell et al., 1995;
Chen et al., 2013 supplementary material). Details of the decomposition and the statistical bias

corrections used in the analysis of the variance-related statistics are given in the Appendix.

3 RESULTS
This section examines both the forced response and the IAV and their uncertainties in the

observed atmosphere for the NHF, to compare among the reanalysis datasets and AMIP simulations.

3.1 Local correlation of NHF with SST

Before investigating the IAV, we compare the reanalyses with AMIP simulations in capturing
the SST-NHF relationship for the undecomposed NHF.

Figure 1 shows the local correlations between the observed SST anomaly and the NHF from
four reanalyses, with dotted regions statistically significant at 5% level. It can be seen that the SST-
NHF correlations agree among the four reanalyses to a large degree, with negative correlations in the
tropical Pacific, eastern tropical Atlantic and northwest Indian Ocean, and positive correlations in the
subtropical Pacific, North Atlantic and southern Indian Ocean. Discrepancies exist in the Arctic Ocean
between 120°E and 160°W, where correlations are significantly positive for ERA and CFSR but

negative for MERRA, and more complicated for NCEP. Furthermore, CFSR shows a larger



magnitude of positive correlation in the subtropical Pacific and North Atlantic Ocean and a smaller
magnitude of negative correlation in the tropical oceans than other three reanalyses. Note that different
reanalyses do not behave the same everywhere, due to differences in the choice of in-situ
observations, the interpolating models, and the data assimilation schemes.

Figure 2 shows the local correlations between the observed SST anomaly and NHF from
AMIP runs from the four models. They are significantly negative for all of the AGCMs over a
majority of the globe. Additionally, although the four AMIP models are forced by the same observed
SST and external forcing, their atmospheric NHF fields have regions where they disagree in terms of
their relationship with SST. For instance, the SST-NHF correlation in the equatorial eastern Pacific
near the coast is negative for GISS (Fig. 2c¢) but is positive for other three models. The correlation in
the equatorial central Pacific is positive for CSIRO (Fig. 2d) but is negative for other three models.

Instead of using the undecomposed NHF from a single simulation of an AMIP model, Fig. 3
displays the local correlations between the observed SST anomaly and the forced response of NHF
(referred to as NHF_F, i.e., the average of a full AMIP model ensemble) for AMIP runs from the four
models. The spatial patterns are consistent with Fig. 2 for each AMIP model, but the magnitude of the
negative values and the significant regions are much larger for the SST-NHF_F correlations (Fig. 3)
than the SST-NHF correlations (Fig. 2).

The negative SST-NHF and SST-NHF_F correlations indicate damping of SST anomalies by
the NHF, which is consistent in the tropical oceans between the reanalyses and AMIP runs, except for
CSIRO in the equatorial central Pacific. However, the most striking difference between Fig. 1 and
Figs. 2-3 lies in the extra-tropics, with positive correlations for reanalyses (Fig. 1) but negative
correlations for AMIP runs (Figs. 2-3). The positive IAV/SST correlation is expected if the IAV in the
observed atmosphere plays an important role in forcing the SST variability (Chen and Schneider
2014).

Using the IAV estimated as in Section 2.3, correlations between SST anomaly and the 1AV of
NHF (referred to as NHF_I) are examined for the reanalyses and AMIP runs. For AMIP simulations,

the NHF_I is not significantly correlated with SST (figure not shown). The lack of correlation occurs



since the atmosphere cannot force SST anomalies in the AMIP simulations, while the forcing of the
atmosphere by the SST is captured by the forced response. Thus, the increased damping correlation in
Fig. 3 compared to Fig. 2 can be explained as follows: as NHF_I is uncorrelated with SST for AMIP
runs, the covariance of the NHF and SST is the same for each ensemble member in an AMIP model.
However, the variance of NHF_F is smaller than that of the undecomposed NHF, leading to larger
magnitude of SST-NHF_F correlation than the SST-NHF correlation.

Then the SST-NHF _I correlations for the reanalyses, where the 1AV estimates are found by
removing the forced responses from the AMIP simulations, are investigated (Fig. 4). The correlations
are significantly positive over a majority of the extratropical oceans in four reanalyses, indicative of
the role of 1AV in forcing the SST variability in the extra-tropics. Since the reanalyses represent the
NHF/SST relationships in the coupled atmosphere-ocean system, this agrees with Chen et al. (2013),
which attributed the differences between the CGCM and the AGCM forced with SST from the CGCM
to local 1AV forcing on the SST in the CGCM but not in the AGCM. It is also noted that the
correlations are weak negative over the tropical Pacific and tropical Atlantic in the four reanalyses,
suggesting that IAV may not be an important forcing for the SST variability in these regions. Similar
to Fig. 1, there are some differences among reanalyses, such as the magnitude and spatial extension of

the negative regions.

3.2 Standard deviations and standard deviation ratios

The standard deviations (STD) and standard deviation ratios (STDR) between the AMIP runs,
between the reanalyses and between the reanalyses and the AMIP runs are investigated in this section.
Firstly, the STD of the NHF_F are compared among the AMIP models (Fig. 5). The structures of the
NHF_F STD in each of the four model ensembles generally resembles that of the 4AMIP ensemble
(Fig. 5a), with largest variability in the tropical Pacific, Northwest Pacific and North Atlantic Current
regions. For comparison, the STDR of the 4AMIP NHF_F to the bias-adjusted NHF_F of the
individual models is shown in Figs. 5b-e. The bias corrections to the 4AMIP NHF_F are reduced

compared to those of the individual model ensembles as a consequence of using the large ensemble.
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The NHF_F variances and bias adjustments for the individual models are calculated using the full
ensembles of each model. In comparison with 4AMIP, the NHF_F variance in GFDL (Fig. 5¢c) is
larger than that of the other models along the western coast of North/South America and in the west
Pacific and northern Indian Ocean. The NHF_F variance in GISS (Fig. 5d) is smaller than that of the
other models in these regions, as well as in the equatorial Atlantic. CSIRO has larger variability in
NHF_F over much of the Atlantic as well as the eastern South Pacific (Fig. 5e). There are belts of low
variability with the STD less than 10 W m™ in the 4AMIP Arctic and Southern Oceans (Fig. 5a), and
very large or small ratios in these regions may be misleading as they can be due to small absolute
differences in NHF_F variability between the models. Then, although the AMIP models are forced
with the same SST and external forcing, the significant differences in the forced responses among the
AMIP models are indicative of uncertainty in the models due to intrinsic model differences.

The STD of the unbiased NHF in the 4Rean mean and the STDR of NHF between 4Rean and
the individual reanalysis are shown in Fig. 6. The 4Rean mean NHF is an estimate of the NHF of the
observed atmosphere including both the forced and 1AV components, and can be considered as a
noise-filtered representation of the observed information in the 4 reanalyses. The large-scale structure
of the STD of the 4Rean NHF (Fig. 6a) resembles that of the 4AMIP NHF-F (Fig. 5a); however, the
reanalysis mean NHF STD is generally larger than the model mean NHF_F STD in the extra-tropics
and smaller in the tropics excepting the equatorial eastern Pacific. The STDR of the individual
reanalysis relative to the 4Rean mean shown in Figs. 6¢-f shows that the individual reanalysis has
generally larger NHF variability than the mean. A decrease in the variability in the ensemble mean is
expected if, for example, the differences between the reanalyses are random noise. The largest
increases in STD relative to the mean occur in the tropics and the Arctic Ocean, both regions of small
mean NHF STD. While the large ratios indicate regions dominated by inter-reanalysis noise, the result
is due to small NHF STD differences in regions of small NHF STD in the mean reanalysis. The
MERRA reanalysis has the smallest NHF STD and is also closest to 4Rean in the extra-tropics. The

comparison in Fig. 6 shows that there is significant uncertainty in NHF between the reanalyses.
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The STD of the NHF_I in the reanalyses is compared with that in the models in Fig. 7. A
representative NHF _| for the reanalyses is found by removing the 4AMIP NHF_F from the 4Rean
NHF (Fig. 7a). The unbiased variance of the 4Rean NHF_I is computed from Eq. (A12). The NHF_I
is also found for the individual members of the 4AMIP and the full ensembles of the individual
models, with unbiased NHF _| variances computed using Eg. (All). The average of the NHF_I
variances of the members of the 4AMIP and AMIP ensembles is used to compute the STDR in Figs.
7b-f. The 4Rean NHF_|I STD pattern (Fig. 7a) resembles that of the 4Rean NHF (Fig. 6a). The 4AMIP
NHF _I variance, is indistinguishable from that of 4Rean, except for the deep tropics, the western
Indian Ocean, the eastern South Atlantic, coastal western North America, and the Arctic Ocean (Fig.
7b). The NHF _I of the individual model AMIP ensembles show similar characteristics. As mentioned
above, the deep tropics and Arctic ocean are regions of low NHF variance where the STDR can be
misleading. Thus, it appears that the NHF_I in the models is generally consistent with that in the
reanalyses.

Figure 8a shows the STDR of NHF in 4Rean to 4AMIP, with the 4AMIP variance computed
as the mean of the NHF variances of the 20 ensemble members (ho bias corrections). The reanalysis
NHF has substantially smaller variance than the AMIP NHF in the subtropics and midlatitudes, except
in a few isolated regions. Figure 8b shows that the variance of the NHF_I in 4Rean found from
removing 4AMIP NHF _F is larger than the 4Rean NHF in belts from 10 to 60 latitude in both
hemispheres. In contrast, Fig. 8c shows that the NHF_I in 4AMIP found using the 4AMIP NHF_F has
smaller variance than the 4AMIP NHF everywhere.

The results in Figs. 1-8 are consistent with the view that the models taken together are able to
produce realistic simulations of statistical aspects the NHF_F and NHF _I of the observed atmosphere,

and indicate NHF_I forces much of the SST variability over the world ocean.

3.3 Regressions onto SST indices
Chen and Schneider (2014) proposed an indirect way, without explicit calculation of the 1AV,

to test whether the SST-forced response is the same between two AGCM simulations forced by the
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same SST. This is to compare the time-lagged regressions, with SST leading the atmosphere by more
than the decorrelation time of IAV. They used this test to demonstrate that the SST-forced responses
in a perfect model framework were the same in a CGCM and an AGCM forced with SST from the
CGCM. This method can be extended to compare reanalysis with reanalysis, reanalysis with model, or
model with model. In this section, we will employ it to compare the SST/externally forced response in
the reanalyses and AMIP simulations taking CCSM4 AMIP as an example. Two SST indices are used,
the AMV index and Nifio3.4 index, which are defined as the area-averaged SST anomalies over (0°-
60°N, 80°W-0°) and (5°S-5°N, 170°W-120°W), respectively.

Figure 9 displays the lagged regressions of NHF from both ERA reanalysis and CCSM4
AGCM onto the AMV index. When SST leads the atmosphere, the NHF is negatively correlated with
AMV in the North Atlantic to the east of 30°W (Figs. 9a, b), and the differences between reanalysis
and model are not significantly different from zero over most of North Atlantic Ocean, except for a
region in the eastern North Atlantic at 30°-40°N (Fig. 9c), indicating that the SST-forced responses of
the NHF are indistinguishable between ERA and CCSM4 AGCM in most of North Atlantic Ocean.
For simultaneous regressions or when SST lags the atmosphere, the NHF-AMV relation becomes
positive in most of North Atlantic in reanalysis (Figs. 9d, g), while it does not change sign in the
AGCM (Figs. 9e, h). Differences between reanalysis and AGCM are significant in the North Atlantic
(Figs. 9f, i), indicating that 1AV forcing of the observed SST is probably important in the North
Atlantic. This is consistent with the IAV forcing SST in the coupled system but not in the uncoupled
model (Chen and Schneider, 2014).

Also note that there are regions in the Pacific with a negative NHF-AMV relationship in the
reanalysis (Figs. 9a, d, g), suggestive of possible teleconnections from the AMV. However, the
correlation is positive in these regions in the AGCMs (Figs. 9b, e, h), which might be explained as due
to model bias.

Unlike the AMV index, the lagged linear regressions of NHF anomalies onto the Nifio3.4
index in the reanalysis (Figs. 10a, d, g) show the same features for SST leading, simultaneous with, or

lagging the atmosphere, with the sign negative in the central and eastern tropical Pacific and positive
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in the western tropical Pacific and tropical Atlantic Ocean. The patterns are also the same in the
CCSM4 AGCM (Figs. 10b, e, h). This indicates that 1AV is unlikely to play an important role in
forcing the ENSO SST variability. The differences between the reanalysis and AGCM (Figs. 10c, f, i)
can be attributed to model bias as well.

The lagged regressions then suggest that the IAV forcing is an important forcing for the

AMV, but not for ENSO.

4 DISCUSSION AND CONCLUSIONS

The 1979-2008 monthly mean net surface heat fluxes (NHF) in four atmospheric reanalyses
and a set of CMIP5 AMIP simulations forced by observed SST and external forcing for the same
period were decomposed into the externally/SST forced and internal atmospheric variability (IAV).
The AMIP simulations were used to estimate the externally/SST forced NHF variability, which was
removed from the total NHF to estimate the IAV in the reanalyses and the AMIP simulation. The
4Rean mean was decomposed into a forced solution, taken as the NHF_F from the 4AMIP ensemble
and a residual NHF _I, representing the IAV in the mean reanalysis. In both reanalysis and model, the
decomposition is written as

NHF = NHF_F + NHF_I. (2).
Then taking variances of NHF,
Var(NHF)=Var(NHF_F)+Var(NHF_1)+2Cov(NHF_F,NHF_I) (2).

In the AMIP simulations, the SST is specified and is not affected by the IAV. There is no
relationship between the NHF_Fsamie and NHF_lsamip in the 4AMIP ensemble members used to
compute NHF_Fsamip, S0 that Cov(NHF_Faamie, NHF_lsamip)=0 as would be expected if NHF_lsamip
were random noise. As a consequence, Var(NHFzamip)>Var(NHF _lsamip) (Fig. 8¢). Var(NHF _lsrean)
in the 4Rean mean, computed using the NHF_Fsamip, is close to Var(NHF_lsamip) (Fig. 7b). However,
Var(NHFsrean)<Var(NHFsamip) over most of the world ocean (Fig. 8a), so that
Cov(NHF_Faamie, NHF _larean)<0 in those regions, a relationship that can also be inferred in the

regions where Var(NHF_lsrean)>Var(NHFsrean) in Fig. 8b. If NHF _Irean can be thought of as

14



random noise, the relationship between the NHF_F and the NHF_Irean can be explained as due to
NHF _Igean forcing SST anomalies, while NHF _F is the response to these SST anomalies. The
correlations shown in Figs. 2-4 are consistent with NHF_Irean forcing on the SST, with the major
exception of the equatorial oceans.

On the other hand, a systematic bias in the magnitude of the NHF_F response in the AMIP
ensembles could lead to an erroneous conclusion that Cov(NHF_Fsamip, NHF _lsrean)<O in the
decomposition of the reanalyses. This cannot be ruled out in the present study.

In a perfect model framework, where an AGCM AMIP ensemble was forced by the SSTs
from a CGCM simulation, Chen et al. (2013) showed that the CGCM/AGCM STDR of NHF was
significantly less than one for most oceans, and the variances of 1AV are indistinguishable between
the CGCM and AGCM. As model bias is eliminated using the perfect model strategy, the less-than-
one ratio can be confidently interpreted as due to the destructive interference between the IAV and the
forced response in the coupled model, whereas the IAV and forced component are temporally
uncorrelated in the uncoupled simulations. The same interpretation is consistent with the results
presented here. Additional evidence of forcing of SST anomalies by NHF _Irean Was shown in lag
correlation.

The uncertainty of the IAV in the reanalyses can arise from two causes, the uncertainty in
reanalyses (as observations contain errors and reanalysis includes interpolation by models) and the
uncertainty in models (as the forced responses are different when estimated from different AGCMs).
Both of these sources are shown to be non-negligible by comparison of various reanalyses and AMIP
ensemble simulations made with different atmospheric models.

The local correlations between the observed SST and the NHF from AMIP runs are
significantly negative for most oceans, indicating damping of SST by the NHF in the AMIP models,
which is as expected if the IAV is forcing the SST variability. However, the SST-NHF correlations
from reanalyses are largely positive in the extra-tropics and negative in the tropics, suggestive of the
role of IAV in forcing the SST variability in the extra-tropics. The reanalyses are generally consistent

in their SST-NHF correlations, yet discrepancies exist, which must be due to differences in the choice
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and correction of in-situ observations, interpolating models, and data assimilation schemes. We have
addressed these differences by constructing a 4-reanalyses mean reanalysis and bias correcting the
variance of this mean using the differences of the individual reanalyses from the mean. The bias
corrected variance of this mean reanalysis represents the NHF agreed on by all of the reanalyses

Time-lagged regressions of NHF from reanalyses and AMIP models onto the AMV index
showed that the SST/externally forced responses of the NHF were indistinguishable between ERA
reanalysis and CCSM4 AGCM in most of North Atlantic Ocean and that the IAV was an important
forcing for the SST variability in the North Atlantic Ocean (i.e., AMV). In contrast, the 1AV forcing
was probably not important in forcing the SST variability for ENSO. The same pattern of the
difference field between reanalysis and AGCM, for the SST leading/lagging or simultaneous with
atmosphere, probably resulted from model bias in the forced response.

Since AMIP models forced with the observed SSTs and sea ice are necessary to estimate the
SST/externally forced response of the observed atmosphere, model bias cannot be excluded in the
forced response and the derived 1AV in the observed atmosphere. Furthermore, differences in the
reanalyses from various sources contribute to uncertainty in the 1AV estimates. Despite these
uncertainties, the IAV variances in the combined model ensembles and the mean reanalysis were very
similar. The current work suggests that the decomposition into the forced response and IAV could be a
useful diagnostic both to understand climate variability and to isolate and diagnose differences

between reanalysis datasets and between models.
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APPENDIX
The corrections derived below are applied to remove statistical biases in the externally forced
and internal variances that occur due to the use of small ensembles. An atmospheric variable in the
reanalysis is decomposed as
O, =H+rn=H+7 (A1)
where Oy is the undecomposed atmospheric variable in the k™ reanalysis, H is the actual field, which is
the same in each reanalysis, and r;, is the residual. The associated biased estimated variables are
H,and 7. Taking H to be estimated as the mean of the N reanalyses,
N N N
f= lz 0, = lZ(H +r)=H +lzr- (42).
N j=1 N j=1 ' N j=1 !
The actual residuals r;, are assumed to be realizations of random noise, each with equal variance,
uncorrelated with each other or with H. Denoting the variance by Var and defining Var(r) =

Var(ry), it follows that

N
~ 1 1
Var(H) =Var| H +N2rj =Var(H) +NVar(r) (43).
j=1
From Egs. (A1) and (A2),
N N
. ~ 1 1
TRZOR_HZOR_ H+N27} :TR_NZT)' (A4)
j=1 j=1
Taking the variance of Eq. (A4),
N N
Var(#,) =V —lz =V ()+lv (r) — 2C lz -1, (A5)
ar(fy) =Var| n, N,lrj =Var(r Narr ov rk'N.lrj = ar(r) .
j= j=

From Egs. (A3) and (A5), the unbiased variances of the mean reanalysis and the residuals of the

individual reanalysis are given by

Var(H) = Var(ﬁ) —

N1 Var(7¥)  (46)

Var(r) =

N1 Var(#,).
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Since in practice the Var(#,) are not equal, the average is used instead of Var(#,) to estimate the

unbiased Var(r):

Var(r) = NN 1Var(7’) (A7),

with Var(#) = %zflv Var(#,).

A similar set of manipulations leads to the unbiased variances of the forced response and the
IAV in an ensemble of AMIP ensemble. An atmospheric variable in an AMIP ensemble is
decomposed as

Ag=F+m=F+1, (48),

where Ay is the undecomposed atmospheric variable in the k' ensemble member, F is the unbiased
forced response, which is the same in each ensemble member, and n,, is the residual, in this case the
ensemble member’s IAV. The associated biased estimated variables are F and 7j,. The IAV n, are
assumed to be realizations of random noise, each with equal variance Var(n), uncorrelated with each

other or with F. Then

L&
F =F—Mz7lj (49),
=

and the unbiased variances of the forced response and the 1AV in the ensemble members are

Var(F) = Var(F) — Var(@)  (A10)

M-1

Var(n) =

M -
=1 Ve (-
Since in practice the Var(7j,) are not equal, the average is used instead of Var(#j,) to estimate the

unbiased Var(n):

Var(n) = Var(i) (A11),

M-1

is used with Var(#) = %Z’l‘l Var(f).
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The 1AV in the mean reanalysis is estimated by removing the estimated forced response from
the estimated reanalysis mean. Denoting the actual IAV in the mean reanalysis as | and the estimated
IAV as I, and for an N-member reanalysis ensemble and an M-member AMIP ensemble,

I=H-F
Then from Egs. (A2) and (A9)
M
gRt

:1 ]:

II
ZIH
'1\42
EI

The actual 1AV in the mean reanalysis is assumed to be uncorrelated with the 1AV in the models or
the inter-analyses residuals, so that, using Egs. (A7) and (A11), the unbiased variance of the IAV in

the mean reanalysis is

1Var(7’) “ M =1

Var() = Var(l) — N 1_ Var()  (412).

If the 1AV is computed by removing forced response from a single reanalysis, Eq. (A12)
applies with [ = 0, — F and Var(¥) = 0.

The above results are also used in estimates of correlations of unbiased quantities. Assuming
that the covariance between the SST anomaly and the 1AV in the AMIP simulations are zero, the bias-
corrected correlation between the SST anomaly and the SST/externally forced response in an AMIP
ensemble is

Cov(F,SST)

Corr(F,SST) = (A13).

\/Var(F) — ﬁ Var(if)./Var(SST)

The bias corrected correlation between the IAV in a reanalysis and the SST anomaly is:

Cov(I,SST)
Corr(l,SST) = (A14).

\/Var(i) - ﬁ Var(#) — ﬁVar(ﬁ),/Var(SST)
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FIGURE CAPTIONS

FIGURE 1 Pointwise correlations between the SST anomaly and the undecomposed net surface heat
flux (NHF) from four reanalyses: (a) ERA, (b) MERRA, (c) CFSR, and (d) NCEP. The values
between -0.1 and 0.1 are not plotted. Regions are dotted that are statistically significant at 5%

confidence level using the t test.

FIGURE 2 Pointwise correlations between the SST anomaly and the undecomposed NHF from the
AMIP AGCMs of (a) CCSM4, (b) GFDL, (c) GISS, and (d) CSIRO. Each AGCM is a single
simulation chosen arbitrarily from the AGCM ensemble. The values between -0.1 and 0.1 are not

plotted. Regions are dotted that are statistically significant at 5% confidence level using the t test.

FIGURE 3 Pointwise correlations between the SST anomaly and the forced response of NHF
(NHF_F) from the AMIP AGCMs of (a) CCSM4, (b) GFDL, (c) GISS, and (d) CSIRO. The forced
response in each AMIP model is estimated as the ensemble mean of AGCM ensemble from that
model. The correlation is bias corrected using Eq. (A13). The values between -0.1 and 0.1 are not

plotted. Regions are dotted that are statistically significant at 5% confidence level using the t test.

FIGURE 4 Pointwise correlations between the SST anomaly and the 1AV of NHF (NHF_I) from four
reanalyses: (a) ERA, (b) MERRA, (c) CFSR, and (d) NCEP. The NHF_I in each reanalysis is
estimated as the NHF from that reanalysis minus the forced response from the average of the forced
responses of the four AMIP ensembles. The correlation is bias corrected using Eq. (A14). The values
between -0.1 and 0.1 are not plotted. Regions are dotted that are statistically significant at 5%

confidence level using the t test.

FIGURE 5 Top row: SST/externally forced NHF (NHF_F) in the AMIP ensembles. (a) Standard
deviation (STD) of the 4-model 20 member mean (4AMIP) NHF_F (W m2). Lower rows: Ratios of
the standard deviation (STDR) of the 4AMIP NHF_F to the NHF_F in the model ensemble of (b)
CCSM4, (c) GFDL, (d) GISS, (e) CSIRO. The NHF_F in each AMIP model is estimated from the
mean of a 5-member AGCM ensemble from that model, while the 4AMIP NHF_F treats the 20
members of the 4 model ensembles as a single ensemble. The variances are bias corrected using Eq.
(Al10). The STDR in shaded areas are significantly different from 1 at the 5% level. Land is masked.

FIGURE 6 Top row: (a) The standard deviation (STD) of the unbiased 4-reanalysis mean (4Rean)

NHF, and (b) the bias removed from the mean (W m2). Bottom rows: Ratio of the standard deviations
(STDR) of the 4Rean NHF to the standard deviation of the individual reanalysis NHF in (c) ERA, (d)
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MERRA, (e) CFSR, and (f) NCEP. The variance of the 4Rean NHF is bias corrected using Eqgs. (A6)-
(A7). The STDR in shaded areas are significantly different from 1 at the 5% level. Land is masked.

FIGURE 7 (a) The standard deviation (STD) of NHF_I (W m?) in the 4Rean mean, estimated by
removing NHF_F of 4AMIP (so 4Rean4dAMIP). The 1AV estimates are bias corrected using Eq.
(A12). (b) The ratio of standard deviations (STDR) of the 4Rean4AMIP NHF _I to the 4AMIP NHF _I.
The 4AMIP 1AV is the average of the NHF_I of the 20 4AMIP ensemble members and is bias
corrected using Eg. (A11). Bottom two rows: The STDR of the 4Rean4dAMIP NHF_I to the NHF_I of
individual model ensembles: (c) CCSM4, (d) GFDL, (e) GISS, (f) CSIRO. The STDR ratios in shaded

areas are significantly different from 1 at the 5% level. Land is masked.

FIGURE 8 Standard deviation ratio (STDR): (a) The 4Rean NHF (Fig. 6a) to the 4AAMIP NHF,
computed as the square root of the average of the NHF variances of the 20 4AMIP members. (b) The
4Rean4AMIP NHF_I (Fig. 7a) to the 4Rean NHF. (c) The 4AMIP NHF_I to the 4AMIP NHF. The
STDR ratios in shaded areas are significantly different from 1 at the 5% level. Land is masked.

FIGURE 9 Lagged linear regressions of the undecomposed NHF anomalies onto the normalized
Atlantic multidecadal variability (AMV) index [W m? (std dev)?] in the (top) ERA reanalysis and
(middle) CCSM4 AGCM, and (bottom) the difference between top and middle, with the AMV leading
the atmosphere by one month (a-c), simultaneous with (d-f), and lagging the atmosphere by one month

(g-i). The shaded regions are significant at 5% level. Land is masked.

FIGURE 10 As in Figure 9, but for the regressions onto the normalized Nifio3.4 index.
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(b) MERRA
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(a) NHF_F STD: 4AMIP
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(a) NHF STD: 4Rean (b) NHF STD: 4Rean Bias
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NHF_I STD: (a) 4Rean4AMIP
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(c) NHF | STDR 4Reana4AMIP/CCSM4 (d) NHF_| STDR: 4Rean4AMIP/GFDL
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(a) NHF STDR: 4Reon/4AMIP
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Internal Atmospheric Variability of Net Surface Heat Flux in

Reanalyses and CMIP5 AMIP Simulations

Hua Chen, Edwin K Schneider and Zhiwei Zhu”

The internal atmospheric variability (IAV) of the net surface heat flux is estimated as
the residual after removing the SST and externally forced atmospheric response
derived from AMIP simulations. 1AV in the mean reanalysis plays a role in forcing
the SST variability in the extra-tropics, while it may not be an important forcing in the
tropical oceans. The standard deviation of IAV of AMIP models is indistinguishable
from that of the mean reanalysis in the subtropics and midlatitudes.



NHF_| STD: (a) 4Rean4AMIP
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(c) NHF | STDR: 4Reunu4-AMIP/CCSM4 (d) NHF | STDR: 4Rean4AMIP/GFDL

Top row: (a) The standard deviation (STD) of NHF_| (W m) in the 4Rean mean, estimated by
removing NHF_F of 4AMIP (so 4Rean4AMIP). The IAV estimates are bias corrected using Eqg.
(Al12). Second row: (b) The ratio of standard deviations (STDR) of the 4Rean4AMIP NHF_I to
the 4AMIP NHF_I. The 4AMIP 1AV is the average of the NHF_I of the 20 4AMIP ensemble
members and is bias corrected using Eq. (Al1). Bottom two rows: The STDR of the 4Rean4dAMIP
NHF_I to the NHF_I of individual model ensembles: (c) CCSM4, (d) GFDL, (e) GISS, (f)
CSIRO. The STDR ratios in shaded areas are significantly different from 1 at the 5% level. Land

is masked.
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