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ABSTRACT

Coupled data assimilation (DA) provides a consistent framework for assimilating satellite observa-
tions that are sensitive to several components of the Earth system. In this paper, we focus on low-peaking
infrared satellite channels that are sensitive to the lower atmosphere and Earth surface temperature
(EST) over both ocean and land. Our atmospheric hybrid-4DVAR system [the Navy Global
Environmental Model (NAVGEM)] is extended to include the following: 1) variability in the sea
surface temperature (both diurnal variability and climatological perturbations to the ensemble mem-
bers), 2) the coupled Jacobians of the radiative transfer model for the infrared sensors, and 3) the
coupled covariances between the EST and the atmosphere. Our coupling approach is found to improve
forecast accuracy and to provide corrections to the EST that are in balance with the atmospheric
analysis. The largest impact of the coupling is found on near-surface atmospheric temperature and
humidity in the tropics, but the impact extends all the way to the stratosphere. The role of each coupling
element on the performance of the global atmospheric circulation model is investigated. Inclusion of
variability in the sea surface temperature has the strongest positive impact on the forecast quality.
Additional inclusion of the coupled Jacobian and ensemble-based coupled covariances led to further
improvements in scores and to modification of the corrections to the ocean boundary layer. Coupled
DA had significant impact on latent and sensible heat fluxes over land, locations of western boundary
currents, and along the ice edge.

1. Introduction expose model biases thus enabling more rapid model
improvement. One component of such a system is
the assimilation of satellite observations sensitive to
more than one component of the ESM, such as low-
peaking infrared and microwave channels that are
simultaneously sensitive to the lower atmospheric
temperature, moisture, and the surface. Traditionally,
such radiances were not assimilated, or were assimi-
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Development of coupled data assimilation (DA)
methods that better initialize coupled Earth system
models (ESMs) is essential to the improvement of
coupled model forecasts. Better initial conditions
improve short- to medium-range forecasts and better
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These uncertainties are particularly large over land and
ice, surfaces that can be highly inhomogeneous (English
2008) within the footprint of a satellite observation.
Misspecification of Earth surface temperature and
emissivity in the radiative transfer model can result in
aliasing poor knowledge of the Earth surface into
erroneous initial condition for the lower atmosphere.

Assimilating low-peaking channels can be further di-
vided, based on the level of uncertainty in surface tem-
perature and emissivity, into assimilation over the ocean,
ice, and land surface. Over the ocean, the surface tem-
perature is reasonably well constrained (with errors in the
SST analysis used in this study on the order of 0.2-0.7 K),
with even better knowledge of the surface emissivity
(Geer 2019; Prigent et al. 2017). Over land, both the
surface temperature and the surface emissivity are poorly
known in the microwave and the infrared (Pavelin and
Candy 2014; Karbou et al. 2005; English 2008). Over ice,
developing reliable ice surface temperature retrievals has
been challenging due to uncertainty of the infrared cloud
clearing algorithm (Liu et al. 2010) and uncertainties in
microwave ice emissivity due to the presence of subgrid-
scale ice leads (Mathew et al. 2008).

In this article, we focus on extending assimilation
capabilities for low-peaking infrared channels over the
ocean surface, where most of the uncertainty can be
attributed to uncertainty in the ocean skin tempera-
ture (the first few microns of the ocean surface).
Following Akella et al. (2017), we used the model of
McLay et al. (2012) that incorporates the impact of the
diurnal warming. Our model is a modification of the
one-dimensional heat transfer model for the ocean
warm layer and skin sea surface temperature (SST)
(Zeng and Beljaars 2005; Takaya et al. 2010). In ad-
dition to the diurnal heating, we account for uncer-
tainties in mesoscale oceanic features by introducing
climatological SST perturbations in the short-term
ensemble forecast used by the hybrid DA. In the at-
mospheric DA system, we extend the control vector by
adding the two-dimensional field of EST to the standard
fields of atmospheric temperature, velocity, humidity,
and surface pressure. We also utilize the Jacobian infor-
mation from the radiative transfer model that partitions
the satellite brightness temperatures into atmospheric
and surface components.

However, unlike Akella et al. (2017) and Derber and
Li (2018), we also specify coupled ensemble covariances
between the atmospheric variables and the EST. These
covariances enable us to compute the EST increments
not only over the ocean (where we assimilate low-peaking
satellite channels) but also over land and ice, where,
through ensemble cross correlations, we estimate the EST
that is in balance with the atmospheric correction generated
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by the assimilation of routine atmosphere-only observa-
tions. It should be noted, however, that while these cor-
rections to the EST are in balance with the atmospheric
observations, they might not verify well with indepen-
dent measurements of the EST because of strong biases
in the land and ice temperature models and because of
large uncertainties in the surface emissivity.

The aforementioned coupled DA approach follows
the spirit of the interface solver method developed in
Frolov et al. (2016) that proposes to incrementally ex-
tend existing DA solvers by adding progressively more
information from the interfaces between coupled fluids.
This is in contrast to the ambition of an exhaustive solver
implementation of the strongly coupled DA, where the
cross covariance are prescribed and are used to estimate
the entire state of the ESM—from the top of the at-
mosphere to the bottom of the ocean (Sluka et al. 2016;
Penny et al. 2017).

2. Methods
a. Baseline system

This study used Navy Global Environmental Model
(NAVGEM; Hogan et al. 2014)—a semi-Lagrangian/semi-
implicit integration of the hydrostatic dynamical
equations of the atmosphere, the first law of ther-
modynamics, and conservation of moisture and ozone.
The resolution of the NAVGEM model used in this study
was T425 triangular truncation (about 31 km horizontal
resolution at the equator) and a 60 level hybrid sigma-
pressure coordinate (top at 0.04 hPa, or about 65 km).

The NAVGEM DA solver, based on the accelerated
representer (AR) method (Xu et al. 2005; Rosmond
and Xu 2006), was a strong-constraint hybrid-4DVAR
system (Kuhl et al. 2013). The flow-dependent aspect of
the hybrid covariance is computed from an 80-member
low-resolution (T119L60) ensemble generated using
the ensemble transform (ET) method (McLay et al.
2008). (See Fig. 1 for the detailed description of how
the 4DV AR and the ET systems interact.) On average,
approximately three million observations were assim-
ilated during each 6-h assimilation cycle. (The com-
plete list of satellite observation used in this paper is
listed in Table Al.) In the next section we expand on how
EST perturbations are introduced to obtain an ensemble of
coupled forecasts that are used to generate flow-dependent
error covariance in the hybrid-4DVAR DA system.

The ocean SST and the ice concentrations in the
baseline system were provided by the Navy Coupled
Ocean Data Assimilation system (NCODA; Cummings
and Smedstad 2014). It should be noted that unlike in
(Cummings and Smedstad 2014), no active ocean model
was used to generate a prior ocean state; instead,
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FIG. 1. Block diagram of the developed system. Modifications to
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persistence was used to propagate SST 12h into the
future. The NCODA SST analysis is similar to other
SST analyses (Reynolds et al. 2007), but with a more
extensive set of satellite observations: see (Cummings
and Smedstad 2014) for the complete list. We also
want to further clarify that this work is distinct from
the work of Cummings and Peak (2014) that also at-
tempted to account for assimilation of sea surface
temperature radiances.

b. Modifications to the baseline system

1) OVERVIEW

An overview of the enhanced system is presented
in Fig. 1. Modifications to the baseline system are
shown in blocks with orange border, and they include
the following: addition of the diurnal SST model to
NAVGEM, inclusion of the climatological SST per-
turbations in the ensemble, and modifications to the
hybrid-4DVAR solver. The details of these modifi-
cations are described below.

2) SST PERTURBATIONS IN THE ENSEMBLE
SYSTEM

To emulate the distribution of the mesoscale ocean
features that one might expect from an ensemble of
fully coupled models, we perturbed the SST in the low-
resolution (T119) ensemble [see Fig. 1 and Kuhl et al.
(2013) for a description of how the high-resolution
control and the low-resolution ensemble interact].
These SST perturbations were generated by sampling
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random perturbations from a 20-yr-long archive of
SST anomalies computed from the ERA-Interim re-
analysis (Dee et al. 2011). The anomalies were com-
puted by differencing the 20-yr archive from a seasonal
SST mean. The random anomalies where then selected
within 7 days from the month-day of the experimen-
tal date (e.g., for each date there were 14 days X
20 years = 280 possible samples to draw from). The
random perturbations were then scaled to enforce the
average standard deviation of 0.4K. We chose this
magnitude as an optimistic value for the average
RMS error of the NCODA SST analysis. After the
experiments were conducted, the actual SST analysis
errors were evaluated to be closer to 0.7K (not
shown). We do not expect that this slightly lower
magnitude of the enforced SST spread would lead to
significantly different conclusions from this paper.
We decided to implement this simple scaling algo-
rithm instead of the original coupled ET approach of
McLay et al. (2012) because coupled ET has significantly
more atmospheric grid points than SST and, hence, the
rotation and scaling of the SST fields in the original ap-
proach was dominated by the number of the atmospheric
grid points. As a result, the original coupled ET struggled
to preserve the desired SST ensemble variance.

To simulate slowly evolving ocean perturbations, we
enforced temporal autocorrelations between climato-
logical perturbations using the following AR(1) model:

sst_ (k) =0.75 X sst_ (k—1)+Asst .. (k), (1)
where sst,.q(k) is the snapshot of the SST perturbations
smoothed in-time with the AR(1) model for each 6-h
DA cycle (k), 0.75 is the AR(1) coefficient that was se-
lected to represent typical weather decorrelation time
scales (~5 days), and Asstypic(k) is the random draw
from the SST anomaly archive [i.e., Asstypnio(k) are
correlated in space but not in time]. Perturbations were
applied only in the open ocean areas with ice concen-
trations less than 50%. It is important to note that the
random perturbations sst.q(k) were generated before
we scaled the magnitude of the SST perturbations to en-
force the average global magnitude of the SST error (see
Fig. 1). Hence, we didn’t need to worry that the red noise
process will generate perturbations with standard devia-
tions different than the magnitude of the sstypiie(k).

3) DIURNAL SURFACE MODEL

To add diurnal variation to our SST analysis, we used
the diurnal SST model of (McLay et al. 2012). The diurnal
SST model was applied to both the high-resolution
forecast and to each individual ensemble member
used in the computation of the hybrid error covariance.
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Our diurnal SST model (McLay et al. 2012) was based
on Takaya et al. (2010), which represents the following
surface layer processes: shortwave and longwave radia-
tive flux, evaporation, molecular thermal conduction,
and wind-driven turbulent diffusion determined through
Monin-Obhukov similarity theory. Unlike the original
model of Takaya et al. (2010), our implementation did not
represent impact of Langmuir circulation directly. Instead
the friction velocity was multiplied by a factor of 1.4 to
obtain a slight enhancement of surface stress. Unlike in
(McLay et al. 2012), the cool skin correction was active
in our experiments following the original publication of
Zeng and Beljaars (2005). The diurnal SST model was
active between 60°N and 60°S, where we expect the
magnitude of the diurnal signal to be the greatest be-
cause of the favorable sun inclination angle.

It is important to note that in the original paper,
McLay et al. (2012) tested the impact of the diurnal
SST model in the context of the extended-range en-
semble prediction system, where an ensemble of 10-day
forecasts was initialized using the ET technique cen-
tered on an external control analysis. In McLay et al.
(2012), the diurnal SST model did not impact the cen-
tering analysis. In contrast, this paper exercises the
diurnal SST model in a deterministic, cycling forecast
system, so that diurnal SST will impact the first guess
of the high-resolution (T425) forecast, and will im-
prove the near-surface spread of the low-resolution
(T119) ensemble system.

4) CHANGES TO THE HYBRID-4DVAR SYSTEM

Three changes were introduced to the atmosphere-
only hybrid-4DVAR equation:

x' =+ PM'H'(HMPM'H" + R)'[y —H(x)L. ()

where x” and x“ are the model forecast and analysis
states, y are the observations, H(x') is the first guess
(observation of the nonlinear forecast performed using a
nonlinear observation operator), R is the (potentially
correlated) observation error covariance, Py is the initial
time hybrid covariance, M and M™ are the tangent linear
and the adjoint of the forecast model, and H and H*
are the tangent linear and the adjoint of the nonlinear
observational operator. Following common termi-
nology, we also refer to the linear operator H as the
Jacobian operator.

The first change to Eq. (2) was to extend the analysis

vector x* to include x®ST"—the Earth surface tempera-
ture state:
atm
led _ | X
Xcoup ed _ |:XEST:|. (3)
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We should clarify that the analysis vector in our reference
system (the CONTROL experiment) did not contain x=57
as a sink variable. However, the nonlinear operator H(x')
always depended on the EST values in all of our experi-
ments, where the background values of the EST were
provided to the nonlinear radiative transfer model as a
parameter. When diurnal model was disabled, the EST
over ocean was equivalent to the external SST analysis
from NCODA as described in section 2a. When diurnal
model was enabled, the EST over ocean was equivalent to
the NCODA analysis with the addition of the simulated
diurnal signal.

The second change to Eq. (2) was to include coupling
through the observation operator between infrared ra-
diances and the ocean surface:

atm

radiance __ pgcrtm—jacobian_coupled __  jatm jsst X
y =H x“OUPed = [gy ]{x”t , 4

where J*™ and J*' are the Jacobians of the radiative
transfer model provided by the Community Radiative
Transfer Model v 2.2.3 (CRTM; JCSDA 2018). In the
baseline system (CONTROL experiment in Table 1),
x*™!" was not included in the state vector, which was
mathematically equivalent to setting J**' to zero. The
observation operator in Eq. (4) was only coupled for
low-peaking infrared satellite channels which were
assimilated over the surface of the ocean (x**").

The last change was to include coupled initial time

covariance:

PCoupled = |:PAA PAE:| ~ aStalic |:P§§ic 0 :|

PE4  PEE 0 okl
PAA PAE

+aens ens ens , (5)
pPEA  pEE

where superscripts AA, EE, and AE denote cross
covariances between atmosphere—atmosphere, Earth
surface—Earth surface, and atmosphere—Earth surface
states, respectively. The subscript static corresponds
to the static (climatological) covariance and ens to the
localized ensemble covariance. We used the hybrid
coefficient of a'#¢ = o™ = (.5. We did not specify
cross covariances for the static and we used a trivial
identity matrix (I) to specify covariance of errors in
the Earth surface. Our weak justification for the last
assumption was based on the very coarse resolution of
the atmospheric ensemble (approximately 100km).
We assumed that at such long scales, horizontal errors
in the Earth surface temperature can be assumed largely
decorrelated (e.g., our stand-alone SST analysis system
assumes that decorrelation scales exceed 100 km only in
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TABLE 1. Configuration of the experiments.

Diurnal  Diurnal
Experiment SST in SSTin  Coupled Coupled
name high-res ensemble Jacobian covariance
CONTROL — — —
DSST_HR_ONLY Y — — —
DSST Y Y — —
CJAC Y Y Y —
CPBO Y Y — Y
COUPLED_DA Y Y Y Y

the vicinity of the equator). We also expect that at these
scales, the vertical processes will dominate, as evidenced
by robust vertical cross correlations (P4%) (Fig. 2). We
also assumed a conservative EST forecast error ogst of
0.4 K, which was possibly too low over land and ice.

To localize the ensemble correlation between the EST
and the atmosphere, we used the same vertical and hori-
zontal correlation matrix as used in the atmospheric
hybrid-4DVAR to localize the information between the
lowest level of the atmosphere and the rest of the vertical
column. Following Fig. 1 from Kuhl et al. (2013), the en-
semble correlations between the EST and the atmospheric
variables were localized to zero at the level of 500 hPa and
were localized to 0.5 at approximately 800 hPa. Horizontal
localization scales where about 2000 km.

We approximated the coupled tangent linear model using

peoupled _ {MAA MAE] ~ {MAA 0}. (6)

EA EE
M M 0 |

That is, we assumed persistence as the tangent linear
model for the evolution of the diurnal SST and the land
surface model. [We may be able to remove this ap-
proximation in future work by specifying the tangent
linear model for the surface processes and cross terms
using the ensemble tangent linear models of Bishop
et al. (2017) and Frolov and Bishop (2016).]

c. Experimental strategy

To evaluate the impact of the changes introduced in
this paper, we performed a series of 2-month-long
(1 June-1 August 2016) cycling DA experiments
(CONTROL, DSST_HR_ONLY, DSST, CJAC, CPBO,
and COUPLED_DA) summarized in Table 1. The
series of experiments was designed to add progres-
sively increasing level of coupling in the designed
system. We started by introducing the diurnal SST
model in the high-resolution forecast (DSST_HR_ONLY)
and the ensemble (DSST), followed by adding cou-
pling in the 4DV AR solver (CJAC and CPBO0), and
culminated with the run that combine all previous
changes (COUPLED_DA).
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F1G. 2. Statistics of the Earth surface and the lower at-
mosphere temperatures in run DSST. (a) Average standard
deviation of EST, (b) average standard deviation of 2-m at-
mospheric temperature, and (c) average correlations between
EST and 2-m temperature. Standard deviations and correla-
tions were first computed from 80 members of the T119 en-
semble for each analysis window and then averaged over all
analysis windows from 1 Jun to 1 Aug 2016.

In addition to the cycling run with the DA cadence of
6 hours, 5-day forecasts were performed daily at 0000 and
1200 UTC. We had 247 (total) 6-h deterministic forecasts
that were used to compute background fit-to-observations
statistics and 123 (total) 5-day deterministic forecasts that
were compared against ECMWF analysis.

d. Performance metrics

1) SKILL EVALUATION AGAINST ECMWF
ANALYSIS

To evaluate the skill of the modified system, we
compared the 0-5-day forecast skill against European
Centre for Medium-Range Forecasts (ECMWF) real-
time analysis from the TIGGE archive.

Our primary metric was improvement in the
root-mean-square error (RMSE) between the
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CONTROL forecast and each of the experimental
forecasts. We computed this metric d(r, z, 7) as
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follows for a set of regions (r), forecast length (7), and
height (z):

1

100 N, (ijter
d(r,z,7) =~ Sl

1

N z {[xcntrl(i’j’z’t’T)_xverif(i’j’z’t’T)]z} B ﬁ z {[xexp(i’j7z’t77)_xverif(i’j’z’["r)]z}

riijter

I\ 1

t

riijter

where x (i, J, z, t, 7) is the field of interest (temperature,
vector winds, precipitable water, or geopotential height);
i,], z,t, 7 are indices of the longitude, latitude, vertical
level, initial time of the forecast and the forecast lead
time respectively; r are the verifying regions [NH
(20°-80°N), tropics (20°S-20°N), SH (20°-80°S)]; N, is
the number of points in the verifying region; and N, is
the number of verifying forecasts. Note that d(r, z, 7)
is positive whenever the forecast error measure

\/(1/Nr)2,{i,j}er{[xexp(iaj’ Z,t, 7') — xverif(i7ja z,1t, T)]Z} asso-
ciated with the experimental setup is smaller than that
associated with the baseline control experiment. Negative
values of d(r, z, 7) indicate that the experimental con-
figuration has actually degraded forecast skill. Also note
that d(r, z, 7) is a ‘“‘percentage-improvement” type mea-
sure so that, for example, if the experimental configura-
tion had zero error by exactly matching the verification
then d(r, z, 7) = 100. The averaged metric d(r, z, 7) is used
in Fig. 3 with positive (negative) change colored in red
(blue). All colored boxes in Fig. 3 are statistically signif-
icant at the 95% level. White boxes are approximately
neutral and not significantly different.

2) BACKGROUND FIT TO SATELLITE
OBSERVATIONS

In addition to traditional long-forecast error statistics
described in section 2d(1), we also implemented back-
ground fit-to-observations statistics for the 6-h short
forecasts used in the DA cycle (similar to observation-
minus-background statistics in Akella et al. 2017, see
their Fig. 12). It has been shown that improvements in
the background fit-to-observation statistics track im-
provements in the long-forecast skill well (A. Geer 2017,
personal communication). In addition, it only requires
about two weeks of cycling to establish if a proposed
system change has a positive, negative, or neutral impact
using the background fit-to-observation statistics. In
contrast, it takes two to four month of long forecasts to
establish similar improvement or degradation with the
traditional long forecast metrics. Finally, unlike the
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external analysis, background fit-to-observation statis-
tics compares the forecast against observations and,
hence, is not sensitive to biases present in the external
analysis.

In this paper, we evaluated the background fit-to-
observations statistics only for radiance channels used in
the assimilation (see Table Al for the complete list of
channels and categories used for verification). Because
of the uncertainty in the radiance bias correction, we
only computed statistics for the standard deviation of
the innovations (i.e., our statistics is insensitive to
changes in the bias of the innovations). Details of our
background fit-to-observation calculations are pre-
sented in appendix B.

3. Results

a. Correlations between atmospheric temperatures
and the EST

Figure 2 examines patterns of variability and corre-
lation between the EST and the 2-m atmospheric tem-
perature. Figure 2a shows that the largest spread of the
EST was over land (about 1 K on average); in particular,
the largest spread was over deserts (about 1.5K)
and the lowest spread in the Amazon basin (0.3 K).
This spread over the land was driven by the fact
that each low-resolution ensemble member was cou-
pled to its own land surface model; hence, ensemble
perturbations in the atmospheric temperatures and
precipitation were resulting in correlated land sur-
face temperature perturbations. Over the oceans, the
highest spread was in the summer midlatitudes (about
0.5-0.7K), in the eastern tropical Pacific (about 0.5 K),
and along the boundary currents (about 0.6-1.0K),
such as the Antarctic Circumpolar Current (ACC) and
the Gulf Stream. The spread patterns of the 2-m tem-
perature followed the EST spread closely, with an ex-
ception of winter midlatitudes (SH for our study period
where the spread in the 2-m temperature was approx-
imately equal to the spread in the summer hemisphere)
and the Antarctic ice edge (about 2K). Correlation
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FIG. 3. Improved (degraded) RMSE skill score [Eq. (7)] for CONTROL vs COUPLED_DA run in red (blue) compared against the
ECMWEF analysis. Colored boxes indicate change at 95% significance level. White boxes are approximately neutral and not significantly
different. Tropics are defined from 20°S to 20°N and the Northern and Southern Hemispheres between 20° and 80° latitude. The avail-
ability of vertical levels for verification was determined by the availability of verifying data on the TIGGE archive.

climatological SST perturbations, which introduce

between 2-m temperature and EST follows previously
documented patterns in the CERA system (Laloyaux
et al. 2018), where the higher correlations are asso-
ciated with the regions of shallower mixed-layer
depth, such as tropical east Pacific and summer
midlatitudes.

It is remarkable that the system described in this work
can generate correlation and SST variance patterns
similar to the fully coupled forecast model used in the
CERA system (Laloyaux et al. 2018) but, in our case,
without a dynamically resolved ocean mixed layer
depth. We attribute this to our use of time-correlated
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mesoscale variability in the ensemble of SST anal-
ysis. Additionally, while our diurnal model did not
have a resolved ocean mixed layer depth, it did re-
spond to atmospheric processes that correlated with
shallowing of the mixed layer, such as lower winds
and higher solar insulation.

We should note, however, that while the patterns of
correlations in Fig. 2 resemble correlation patterns
in a coarse (1) CERA system, they diverge from the
early results that we obtained in the high-resolution
coupled ensemble (1/3° atmosphere and 1/12° ocean).
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Variable Vertical | Spectrum | #ch. | DSST_HR_ONLY DSST CIAC CPBO COUPLED_DA
Score WLT Score WLT Score WLT Score WLT Score | WLT
. all all all 474 041 | T 0.47 | W 048 | W 0.50 | W 0.51 | W
2 all all IR 348 037 | T 043 | T 043 | W 047 | W 0.48 | W
3 |all all MW 126 0.52 | W 0.60 | W 0.60 | W 0.60 | W 0.60 | W
4 | Other all MW 12 1.00 | W 1.00 | W 1.00 | W 1.00 | W 1.00 | W
5 | Ozone all IR 3 0.67 | W 0.67 | W 0.67 | W 0.67 | W 0.67 | W
6 | Surface all IR 65 0.48 | W 034 |T 0.32 | W 0.37 | W 0.45 | W
7 | Surface all MW 6 1.00 | W 1.00 | W 1.00 | W 1.00 | W 1.00 | W
8 | Temperature | strat IR 127 043 | T 0.50 | W 0.57 | W 0.64 | W 0.56 | W
9 | Temperature | strat MW 32 -0.25 | T 0.16 | T 0.00 | T -0.16 | T -0.13 | T
10 | Temperature | trop IR 118 018 | T 025 | T 020 | T 024 | T 031 |T
11 | Temperature | trop MW 47 0.68 | W 0.66 | W 0.68 | W 0.72 | W 0.70 | W
12 | Water vapor | trop IR 51 073 | W 0.80 | W 0.84 | W 0.82 | W 0.88 | W
13 | Water vapor | trop MW 29 0.79 | W 0.76 | W 0.90 | W 097 | W 0.97 | W

FI1G. 4. Background fit-to-observations scores for experiments in Table 1. Scores are computed for assimilated channels only. Number of
channels corresponds to a unique combination of platform, sensor, and channel identification and will not necessary replicate number of
channels in Table A1. W, L, and T stand for ““win,” “loss,” and “‘tie”’ as specified in appendix B. Highlighted in red is the best score in

this category.

Our preliminary analysis shows that ocean and at-
mosphere have significant coupling (correlation) be-
tween near-surface atmospheric and ocean temperatures
in the regions of strong ocean fronts such as the Gulf
Stream and the ACC [see e.g., slide 39 in Frolov et al.
(2018a)]. In contrast, Fig. 2 shows depressed correlations
in these frontal regions. This last result suggests that an
eddy-resolving ocean model is required to properly cap-
ture atmosphere—ocean exchanges along the mesoscale
ocean fronts.

b. Impact of coupled DA on the forecast

1) LONG FORECAST ERROR DIAGNOSTICS

Comparisons of the control forecast (CONTROL) and
the forecast initialized using coupled DA (COUPLED_DA)
against ECMWEF analysis showed that COUPLED_DA

-
O
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60E° 180° 60W° 0°
=) =4 =3
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forecasts were significantly better than CONTROL
forecasts for a wide range of metrics and forecast lead
times (Fig. 3). The RMSE scores improved the most
(greater than 3%) for the tropical geopotential above
700 hPa and for the boundary layer and 200 hPa tem-
peratures in the tropics. Modest improvements (1%-—
2%) were also detected for humidity in the tropics and
the SH. The impact of coupled DA was not localized to
the lower atmosphere and extends throughout the at-
mospheric column (see e.g., temperature scores up to
day 3 that were improved throughout the troposphere).
Closer investigation (not shown) showed that the pos-
itive impact was also apparent in the bias score metrics.

We hypothesize that improved tropical temperatures
near 200 hPa were due to improved representation of
tropical convection, which connects surface perturba-
tions with the tropopause. This hypothesis is supported

60E° 180° 60W° 0°

[=] w
kg/kg

FIG. 5. Average increments for the lowest atmospheric level for the CONTROL experiment: (left) temperature
increment and (right) specific humidity.
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FIG. 6. The 6-h temperature forecast bias averaged from 15 Jun to 1 Aug 2016. (a) First guess bias, (b) analysis
bias, (c) ratio of the experiment bias to control bias (forecast), and (d) ratio of the experiment bias to control bias
(analysis). Lower (higher) than 1 magnitudes in (c) and (d) indicate improvements (degradation) in the bias of one

of the experiments compared to the control.

by McLay et al. (2012) where introduction of the diurnal
SST submodel enhanced deep convection along the
intertropical convergence zone.

Some degradation of the forecast scores was also ap-
parent (Fig. 3). Specifically, the tropical geopotential
and temperature scores (between 500 and 200 hPa)
were degraded beyond day 3 of forecast. This degra-
dation is likely due to known biases in NAVGEM
tendency terms. NAVGEM is overactive and tends
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to have a strong negative geopotential tendency
(R. Langland 2019, personal communication). As a
result, NAVGEM has been historically tuned to
produce a biased analysis in favor of a more accurate
5-day forecast score. In other words, an improved
temperature analysis in this study (as shown by Fig. 3) will
lead to degraded midtroposphere temperature scores
at day 5. Such mixed impacts on forecast scores are
common for almost any changes to the forecast system
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FI1G. 7. Difference between the average analysis increments for the CONTROL experiment and the (a),(b) DSST
experiment; (c),(d) CJAC experiment; and (e),(f) COUPLED_DA experiment. (left) Lowest level of temperature

and (right) lowest level of specific humidity.

and, in this case, they are clearly outweighed by the
overwhelming positive impacts for other variables and
lead times.

2) SHORT-FORECAST ERRORS AND ATTRIBUTION
OF FORECAST IMPACT

Figure 4 summarizes background fit-to-observation
statistics for a sequence of runs with progressively in-
creasing level of coupling. The grand score across all
channels (line 1) indicates that introduction of diurnal
SST model in the high-resolution model was responsible
for the majority of the positive impact; however, using our
conservative metric, the introduction of the diurnal SST
along was still marked as a “‘tie.” Introduction of the di-
urnal SST had the biggest positive impact on water vapor
and surface channels in both infrared (IR) and microwave
(MW), which is consistent with the long-forecast score
statistics in Fig. 3. Diurnal SST also improved the fit to
tropospheric sensitive channels in the MW.
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Progressive addition of coupling characteristics [in-
troduction of diurnal SST model in the ensemble
(DSST), introduction of coupled Jacobians (CJAC), and
introduction of coupled covariance (COUPLED_DA)]
resulted in progressive improvements to the grand score
(line 1, Fig. 4). Specifically, introduction of the diurnal
SST model in the ensemble (cf. DSST_HR_ONLY and
DSST) made statistically significant changes to tem-
perature soundings in the IR and MW (lines 2 and 3)
and, as a result, flipped the grand score in line 1 from a
tie to a “win.”” The same change however, resulted in
the degradation of the IR surface scores (line 6).

Introduction of the coupled Jacobian and coupled
covariance further improved the grand score (cf. col-
umns DSST against COUPLED_DA). The biggest
improvements that can be attributed to coupled DA
were in surface IR (line 6), tropospheric temperatures
(lines 10 and 11), and in the water vapor channels (lines
12 and 13). Improvements in the surface IR channels
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FIG. 8. Zonal averages of the average difference between temperature analysis increments for CONTROL and (a) DSST_HR_ONLY
experiment, (b) DSST experiment, (c¢) CJAC experiment, and (d) COUPLED_DA experiment.

almost completely reversed degradation of scores due
to introduction of diurnal SST model in the ensemble
(cf. line 6 in columns DSST_HR_ONLY, DSST, and
COUPLED_DA).

3) COMPARISON OF ANALYSIS INCREMENTS

To further understand the impact of coupled obser-
vation operators and coupled initial time covariances on
the analysis, we compared average analysis fields from
the CONTROL, DSST, CJAC, and COUPLED_DA
experiments. On average, the analysis increment in the
CONTROL experiment Fig. 5 was cooling the air above
the ocean (indicating warm bias over the ocean) and
warming the air above the continents (indicating cold
bias over land). For specific humidity, the analysis was
adding moisture over most of the ocean (dry bias) and
removing moisture over land (wet bias). The pattern of
warm bias in the troposphere (and the corresponding
cool correction) is consistent with known NAVGEM
biases as illustrated by the average first guess and anal-
ysis errors measured against radiosondes (Fig. 6).
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Introduction of the diurnal SST further increased
the strength of the average temperature correction
that cooled the warm bias over the oceans (Fig. 7a). This
correction extends through a large part of the tropo-
sphere (Fig. 8a). No coherent change in the humidity
increment emerged from introduction of the diurnal
SST model.

Introduction of the coupled DA altered the structure
of the average near-surface temperature correction over
the oceans (Figs. 7e and 8d) by introducing a warm cor-
rection in the boundary layer while slightly strengthening
the cold correction aloft. These near-surface changes can
be attributed to the impact of both coupled Jacobians and
coupled covariances (Figs. 8c,d).

In COUPLED_DA, the largest EST increments (in
both the average magnitude and the standard deviation,
Fig. 9) were over land (positive) and off the west coast of
Americas (negative). This pattern of EST increments is
consistent with the pattern of cold average corrections
to the atmospheric temperatures in Figs. 5-8. We at-
tribute these large signals to 1) systematic errors in our
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F1G. 9. Statistics of EST increments for the COUPLED_DA
experiment. (a) Mean EST increment and (b) standard deviation of
the EST increment.

land model (the land was too cold) and 2) known warm
bias in SST quality control procedure that erroneously
rejects cold water pixels in the upwelling filaments in
presence of low stratus clouds (C. Barron, December
2018, personal communication). The EST increments
were close to zero over ice because very few atmo-
spheric observations were available to constrain the
lower atmosphere and, through cross covariances, the
ice surface temperatures. EST increments were also
close to zero over the Amazon, possibly because of the
extensive tropical forest cover that isolated EST from
the fluctuations in the tropospheric temperatures.

The variance of the EST increments was largest over
land (Fig. 9b)-indicating a strong diurnal cycle in the
land surface temperatures (see discussion below). Over
the ocean, the variance of the corrections was largest in
the boundary current regions (Kuroshio, Gulf Stream,
and the Agulhas current retroflection region) and the
west coast of the Americas. Large SST increments can be
expected in the boundary current regions because of large
SST gradients, difficulties with the cloud clearing algo-
rithms, and advection of the ocean mesoscale features.
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Finally, examination of the average EST increments
binned by the time of the day (Fig. 10) revealed strong
diurnal patterns of the average EST increment. We
found that the strongest corrections over land were in
the afternoon, suggesting that our land surface was too
cold during the sun-lit hours. In contrast, the bias over
the ocean upwelling regions was positive and strongest
during the night time, suggesting that the warm bias in
the SST quality control procedure was greater at night.
We also found that coastal upwelling regions were al-
ways too warm (cold increment on average), and the
equatorial Pacific region was too warm at night (cold
increment) and too cold during the daytime (warm
increment).

c. Impact on heat fluxes

Surface fluxes play important role in the fidelity of the
coupled model and, as we will see here, are very sensi-
tive to changes introduced by coupled DA. Because
turbulent fluxes are diagnostic quantities computed us-
ing the bulk formula, coupled DA changes these fluxes
through changes to the ESTs and to the lower atmospheric
temperature, humidity, and wind velocity. We choose
not to evaluate estimated fluxes against external fluxes
retrievals because of high uncertainty in the satellite-
retrieved fluxes. Instead, we rely on traditional observa-
tions described in section 3b to evaluate the fidelity of our
atmospheric model forecast. In this section our goal is to
evaluate how coupled DA changes the statistics of the
turbulent surface fluxes that provide flux of temperature
and moisture into the lower atmosphere.

Figures 11c and 12c show that on average, the mean
latent and sensible heat fluxes changed the most over the
ocean (greater by as much as 5%). Average changes in
the latent heat flux where greatest over the tropics in-
dicating decreased evaporation in the COUPLED_DA,
which is consistent with cooling of the SST in the
COUPLED_DA run. Figures 11d and 12d show that the
standard deviations of the latent and sensible heat fluxes
changed the most over land (as high as 1/3 of the average
value) indicating that estimated changes in the EST
were having a significant impact on the daily varia-
tions in the heat and moisture fluxes over the land
surface. Over the ocean, daily changes in the EST
increments led to largest changes in the latent heat
flux along the ITCZ and along the boundary currents.
Daily changes in the sensible heat flux were greatest
along the boundary currents and along the Antarctic
ice edge.

d. Comparisons with buoy data

To further understand the structure of the coupled
increments, we compared estimated SST increments
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F1G. 10. Diurnal evolution of the average COUPLED_DA EST increment. Panels show increments centered at
(a) 0000, (b) 0600, (c) 1200, and (d) 1800 UTC.

with two buoys in the California current system, where smoothness could be expected from the definition of the
the average magnitude of the coupled increments was SST produced by the NCODA analysis. In contrast,
large. Figure 13 showed that the NCODA SST boundary EST-corrected SST from experiment COUPLED_DA
condition had very little diurnal signal (the blue line in  (red line in Fig. 13) had a significant diurnal cycle that was
Fig. 13 is very smooth compared to observations). This comparable to the magnitude of the diurnal cycle at the
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FIG. 11. Latent heat fluxes (average over 24 h and over the duration of the experiments). (a) Average flux for the
CONTROL experiment. (b) Standard deviation of the flux in the CONTROL experiment. (c) Average difference
in flux between CONTROL and COUPLED_DA. (d) Standard deviation of the differences in flux between
CONTROL and COUPLED_DA.
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FIG. 12. As in Fig. 10, but for the sensible heat flux.

location of the buoy sensor. Frequently, the magnitude of
the EST diurnal signal was even higher than the observed
at the location of the buoy sensor (e.g., between 26 June
and 9 July for buoy 46059). We attribute this to the de-
crease of the magnitude of the diurnal warming from the
surface to the submerged location of the sensor (ap-
proximately one meter depth).

For the COUPLED_DA experiment, mean error
statistics of the EST-corrected analysis showed signifi-
cant improvement at the location of the in-shore buoy
46047, reducing mean error from 0.89 to 0.58 K. We at-
tribute this to the fact that buoy 46047 is located in the
area of the largest mean EST correction over the ocean.
For the CJAC experiment, there was no significant
change in mean error statistics.

4. Summary and conclusions

This paper demonstrated the first implementation of
coupled covariance modeling in a hybrid-4DVAR
system with an operational model. In addition to
coupled covariance modeling, observation operators
for low-peaking infrared channels also used the cou-
pled Jacobians of the radiative transfer model, similar
to (Akella et al. 2017; Derber and Li 2018). These
developments were made possible by applying prin-
ciples of the interface solver design outlined in Frolov
et al. (2016). We showed that introduction of the EST
in the atmospheric DA solver had positive impact on
atmospheric forecast scores, including reduction of the
geopotential height errors (up to 50 hPa) and humidity
errors in the boundary layer.

Examination of analysis increments revealed pat-
terns of model bias in our atmospheric model that
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was coupled to the land model and to the diurnal
SST model:

1) Our land model had strong daytime biases (land
surface was too cold during the daytime (Fig. 10).

2) Both Equatorial and coastal upwelling regions had
strong SST biases (our SST analysis was too warm at
night in the upwelling areas). We attribute them to
the known warm bias in the quality control proce-
dures for SST analysis in presence of strong up-
welling filaments and low stratus clouds (upwelling
waters have been aggressively screened as clouds).
These bias issues have been since fixed in the
operational system.

3) Differences in the heat flux forecasts, showed
that coupled DA altered latent and sensible heat
fluxes over both land and ocean, hence, chang-
ing supply of heat and moisture into the lower
atmosphere.

4) Comparisons with buoy data suggested that EST
corrections from the COUPLED_DA run intro-
duced both the diurnal variation in the SST forcing
and reduced the mean error in the SST.

We conclude by highlighting some limitations of our
work that we plan to address in future research:

1) We used uncorrelated climatological background
error covariance for EST. Specifying correlated er-
rors for EST will improve smoothness of the EST
increments.

2) Our software implementation did not allow us
to tune localization functions between EST and
the atmospheric variables. It would be beneficial
to specify more complex cross-fluid localization
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FIG. 13. (a),(b) Comparisons of the buoy SST observations (at 1 m depth) in black with
analysis of the SST from NCODA analysis (blue) and NCODA analysis incremented by the
coupled EST increment (red). Locations of the buoy observations are shown in (c) for National
Data Buoy Center buoy 46059 [time series in (a)] and panel (d) for National Data Buoy Center
buoy 46047 [time series in (b)]. Background colors in (c) and (d) are average EST increments
from experiment COUPLED_DA (similar to Fig. 9a). Statistics of the mean error (ME) and
the root-mean-square error (RMSE) are noted on top of (a) and (b).

functions, for example as used in Frolov et al.
(2016) or Laloyaux et al. (2018).

We did not include surface emissivity as a part of
the hybrid-4DVAR control vector. We plan to
include surface emissivity in our future work to im-
prove estimation of EST over land, ice, and snow-
covered areas following (Karbou et al. 2005; Pavelin
and Candy 2014; Mathew et al. 2008).

We plan to further extend the state vector to include
soil moisture variables.
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5)

6)

We used trivial TLM and ADJ of the dynamical
model for the evolution of the EST and for dynam-
ical coupling between EST and the atmosphere. It
would be ideal to specify an actual TLM and ADJ
model based on simplified physics (Storto et al. 2018)
or based on the local ensemble tangent linear ap-
proach of (Allen et al. 2017; Bishop et al. 2017;
Frolov and Bishop 2016; Frolov et al. 2018b).

We used climatological perturbations to the SST. We
plan to use flow-dependent SST perturbations once
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this system is implemented as a part of our fully
coupled ensemble prediction system.
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APPENDIX A

List of Assimilated Satellite Radiances

Table Al provides a summary of all assimilated sat-
ellite radiance channels used in the experiments de-
scribed in this paper.

APPENDIX B

Fit to Observation Statistics

For each unique combination of satellite radiance
channel, sensor, and platform (designated as ch#), over
a period of a single DA window (£t + Atp,), the fit-to-

observation statistics £, was computed as follows:
. DA

ch# _ pgch# [ _exp
std |:yI:[+AIDA H (Xt:t+AtDA> }

tL':thrAt - ’ (Bl)
TUUPA ot d | et _ HCh# xeontrol
yt:t+AtDA L+ Aty
where y™ | are the observations for a given radiance
tt+Atpa

channel number and the assimilation window, and
H™(x;;? . ) are the matching forecasts of the radiance
observation. If f&f¥,  is less (greater) than 1.0, the exper-
iment fits the observation better (worse) than the control.
To aggregate the statistics over the length of the exper-
iment, we form a time series of f,, . and evaluate it
with a paired difference ¢ test on the log-transformed raw
ratios of standard deviations. We accounted for serial cor-
relation in time following Wilks (1995), his Eq. (5.13). The
confidence intervals (we used 95% significance level) were
then back transformed from the log-space to the normal
space. If the confidence interval did not include 1.0, then
the channel was counted as a “win” (“loss”) if the mean
S sip, Was lower (higher) than 1.0. If the confidence in-
terval included 1.0, then the channel was counted as a “tie.”
To compare across runs, we computed the grand fit-

to-observations score F as following:

F= Nwin — Nloss (Bz)
- Nwin + Nloss + Ntie '
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where Nyin, Nioss, and N, were the counts of wins,
losses, and ties, respectively, over predefined groups of
channels specified in Table Al. F in Eq. (B2) measure
the percentage by which the number of statistically sig-
nificant wins exceeds (or lags) the number of statistically
significant losses. Given a common reference, background
fit-to-observation score allows intercomparisons of multi-
ple runs. If the F score is larger for one run it means
that more radiance channels were significantly improved.
However, the F score, similar to many other score cards
used in numerical weather prediction, is insensitive to the
absolute magnitude of the improvement. For example, two
runs with perfect score of 1.0 might produce significantly
different RMSE for the long forecast verification.

In addition to the grand fit-to-observations score F, we
also assigned wins, ties, and loses (WLT score) to sub-
groups of channels as follows:
if (Nwin >N, .t Ntie) = WLT =win
elseif (N >N . +N )= WLT=1oss.
else = WLT = tie

(B3)

It should be noted that the WLT score in Eq. (B3)
above is a conservative estimate because it assumes that
all tie scores will go against the better if sufficient data
were available. A less conservative estimate would be to
assume that ties are akin to random coin flips, then one
can assume, within 1% margin, that 60% of ties are
converted to losses and 40% are converted to wins.

REFERENCES

Akella, S., R. Todling, and M. Suarez, 2017: Assimilation for skin SST
in the NASA GEOS atmospheric data assimilation system. Quart.
J. Roy. Meteor. Soc., 143, 1032-1046, https://doi.org/10.1002/qj.2988.

Allen, D. R., C. H. Bishop, S. Frolov, K. W. Hoppel, D. D. Kuhl,
and G. E. Nedoluha, 2017: Hybrid 4DVAR with a local en-
semble tangent linear model: Application to the shallow-water
model. Mon. Wea. Rev., 145, 97-116, https://doi.org/10.1175/
MWR-D-16-0184.1.

Bishop, C. H,, S. Frolov, D. R. Allen, D. D. Kuhl, and K. Hoppel,
2017: The local ensemble tangent linear model: An enabler for
coupled model 4D-Var. Quart. J. Roy. Meteor. Soc.,143,1009—
1020, https://doi.org/10.1002/qj.2986.

Cummings, J. A., and J. Peak, 2014: Validation test report for the
variational assimilation of satellite sea surface temperature
radiances. Naval Research Laboratory Tech. Rep. NRL/MR/7320--
14-9520, Naval Research Laboratory, 33 pp., https:/apps.dtic.mil/dtic/
tr/fulltext/u2/a608635.pdf.

——, and O. M. Smedstad, 2014: Ocean data impacts in global
HYCOM. J. Atmos. Oceanic Technol., 31, 1771-1791, https://
doi.org/10.1175/JTECH-D-14-00011.1.

Dee, D. P., and Coauthors, 2011: The ERA-Interim reanalysis:
Configuration and performance of the data assimilation sys-
tem. Quart. J. Roy. Meteor. Soc., 137, 553-597, https://doi.org/
10.1002/qj.828.


https://doi.org/10.1002/qj.2988
https://doi.org/10.1175/MWR-D-16-0184.1
https://doi.org/10.1175/MWR-D-16-0184.1
https://doi.org/10.1002/qj.2986
https://apps.dtic.mil/dtic/tr/fulltext/u2/a608635.pdf
https://apps.dtic.mil/dtic/tr/fulltext/u2/a608635.pdf
https://doi.org/10.1175/JTECH-D-14-00011.1
https://doi.org/10.1175/JTECH-D-14-00011.1
https://doi.org/10.1002/qj.828
https://doi.org/10.1002/qj.828

654

Derber, J., and X. Li, 2018: Assimilating SST with an atmospheric
DA system. ECMWF Workshop on Sea Surface Temperature
and Sea Ice Analysis and Forecast, Reading, United Kingdom,
ECMWEF, 27 pp., https://www.ecmwf.int/node/17984.

English, S.J.,2008: The importance of accurate skin temperature in
assimilating radiances from satellite sounding instruments.
IEEE Trans. Geosci. Remote Sens., 46, 403-408, https:/
doi.org/10.1109/TGRS.2007.902413.

Frolov, S., and C. H. Bishop, 2016: Localized ensemble-based
tangent linear models and their use in propagating hybrid
error covariance models. Mon. Wea. Rev., 144, 1383-1405,
https://doi.org/10.1175/MWR-D-15-0130.1.

——, ——, T. Holt, J. Cummings, and D. Kuhl, 2016: Facilitating
strongly coupled ocean—-atmosphere data assimilation with an
interface solver. Mon. Wea. Rev., 144, 3-20, https://doi.org/
10.1175/MWR-D-15-0041.1.

——, and Coauthors, 2018a: Comparison of data assimilation
coupling strategies for Earth system models. ECMWF Annual
Seminar, Reading, United Kingdom, ECMWEF, 48 pp., https:/
www.ecmwf.int/sites/default/files/elibrary/2018/18545-comparison-
data-assimilatin-coupling-strategies-earth-system-models.pdf.

——, D. R. Allen, C. H. Bishop, R. Langland, K. W. Hoppel, and
D. D. Kuhl, 2018b: First application of the local ensemble
tangent linear model (LETLM) to a realistic model of the
global atmosphere. Mon. Wea. Rev., 146, 2247-2270, https:/
doi.org/10.1175/MWR-D-17-0315.1.

Geer, A. J., 2019: Correlated observation error models for assim-
ilating all-sky infrared radiances. Atmos. Meas. Tech., 12,
3629-3657, https://doi.org/10.5194/amt-12-3629-2019.

Hogan, T. F., and Coauthors, 2014: The Navy Global Environmental
Model. Oceanography, 27, 116-125, https://doi.org/10.5670/
oceanog.2014.73.

JCSDA, 2018: Community Radiative Transfer Model (CRTM).
JCSDA, accessed 26 December 2019, https://www.jcsda.org/
jesda-project-community-radiative-transfer-model.

Karbou, F., C. Prigent, L. Eymard, and J. R. Pardo, 2005:
Microwave land emissivity calculations using AMSU mea-
surements. IEEE Trans. Geosci. Remote Sens., 43, 948-959,
https://doi.org/10.1109/TGRS.2004.837503.

Kuhl, D. D., T. E. Rosmond, C. H. Bishop, J. McLay, and N. L.
Baker, 2013: Comparison of hybrid ensemble/4DVar and
4DVar within the NAVDAS-AR data assimilation frame-
work. Mon. Wea. Rev.,141,2740-2758, https://doi.org/10.1175/
MWR-D-12-00182.1.

Laloyaux, P., S. Frolov, B. Menetrier, and M. Bonavita, 2018:
Implicit and explicit cross-correlations in coupled data as-
similation. Quart. J. Roy. Meteor. Soc., 144, 1851-1863, https://
doi.org/10.1002/qj.3373.

Liu, Y., S. A. Ackerman, B. C. Maddux, J. R. Key, and R. A. Frey,
2010: Errors in cloud detection over the arctic using a satellite
imager and implications for observing feedback mechanisms.
J. Climate,23,1894-1907, https:/doi.org/10.1175/2009JCLI3386.1.

Mathew, N., G. Heygster, C. Melsheimer, and L. Kaleschke, 2008:
Surface emissivity of arctic sea ice at AMSU window frequencies.

Brought to you by NOAA Central Library | Unauthenticated | Downloaded 07/06/21 05:57 PM UTC

MONTHLY WEATHER REVIEW

VOLUME 148

IEEE Trans. Geosci. Remote Sens., 46, 2298-2306, https://
doi.org/10.1109/TGRS.2008.916630.

McLay, J. G., C. H. Bishop, and C. A. Reynolds, 2008: Evaluation
of the ensemble transform analysis perturbation scheme at
NRL. Mon. Wea. Rev.,136,1093-1108, https://doi.org/10.1175/
2007MWR2010.1.

——, M. K. Flatau, C. A. Reynolds, J. Cummings, T. Hogan, and
P. J. Flatau, 2012: Inclusion of sea-surface temperature vari-
ation in the U.S. Navy ensemble-transform global ensemble
prediction system. J. Geophys. Res., 117, D19120, https:/
doi.org/10.1029/2011JD016937.

Pavelin, E. G., and B. Candy, 2014: Assimilation of surface-
sensitive infrared radiances over land: Estimation of land
surface temperature and emissivity. Quart. J. Roy. Meteor.
Soc., 140, 1198-1208, https://doi.org/10.1002/qj.2218.

Penny, S. G., and Coauthors, 2017: Coupled data assimilation for in-
tegrated earth system analysis and prediction: Goals, challenges
and recommendations. WWRP-2017-3, WMO/WWRP, 59 pp.
https://www.wmo.int/pages/prog/arep/wwrp/new/documents/
Final_WWRP_2017_3_27_July.pdf.

Prigent, C., F. Aires, D. Wang, S. Fox, and C. Harlow, 2017: Sea-
surface emissivity parametrization from microwaves to milli-
metre waves. Quart. J. Roy. Meteor. Soc., 143, 596-605, https:/
doi.org/10.1002/qj.2953.

Reynolds, R. W., T. M. Smith, C. Liu, D. B. Chelton, K. S. Casey,
and M. G. Schlax, 2007: Daily high-resolution-blended ana-
lyses for sea surface temperature. J. Climate, 20, 5473-5496,
https://doi.org/10.1175/2007JCLI1824.1.

Rosmond, T., and L. Xu, 2006: Development of NAVDAS-AR:
Non-linear formulation and outer loop tests. Tellus, 58A, 45—
58, https://doi.org/10.1111/.1600-0870.2006.00148 x.

Sluka, T. C., S. G. Penny, E. Kalnay, and T. Miyoshi, 2016:
Assimilating atmospheric observations into the ocean using
strongly coupled ensemble data assimilation. Geophys. Res.
Lett., 43, 752759, https://doi.org/10.1002/2015GL067238.

Storto, A., M. Martin, B. Deremble, and S. Masina, 2018: Strongly
coupled data assimilation experiments with linearized ocean—
atmosphere balance relationships. Mon. Wea. Rev., 146, 1233—
1257, https://doi.org/10.1175/MWR-D-17-0222.1.

Takaya, Y.,J. R. Bidlot, A. C. M. Beljaars, and P. A. E. M. Janssen,
2010: Refinements to a prognostic scheme of skin sea surface
temperature. J. Geophys. Res., 115, C06009, https://doi.org/
10.1029/2009JC005985.

Wilks, D. S., 1995: Statistical Methods in the Atmospheric Sciences:
An Introduction. International Geophysics Series, Vol. 59,
Elsevier, 467 pp.

Xu, L., T. Rosmond, and R. Daley, 2005: Development of
NAVDAS-AR: Formulation and initial tests of the linear
problem. Tellus, 5TA, 546559, https://doi.org/10.1111/j.1600-
0870.2005.00123.x.

Zeng, X., and A. Beljaars, 2005: A prognostic scheme of sea
surface skin temperature for modeling and data assimila-
tion. Geophys. Res. Lett., 32, L14605, https://doi.org/
10.1029/2005GL023030.


https://www.ecmwf.int/node/17984
https://doi.org/10.1109/TGRS.2007.902413
https://doi.org/10.1109/TGRS.2007.902413
https://doi.org/10.1175/MWR-D-15-0130.1
https://doi.org/10.1175/MWR-D-15-0041.1
https://doi.org/10.1175/MWR-D-15-0041.1
https://www.ecmwf.int/sites/default/files/elibrary/2018/18545-comparison-data-assimilatin-coupling-strategies-earth-system-models.pdf
https://www.ecmwf.int/sites/default/files/elibrary/2018/18545-comparison-data-assimilatin-coupling-strategies-earth-system-models.pdf
https://www.ecmwf.int/sites/default/files/elibrary/2018/18545-comparison-data-assimilatin-coupling-strategies-earth-system-models.pdf
https://doi.org/10.1175/MWR-D-17-0315.1
https://doi.org/10.1175/MWR-D-17-0315.1
https://doi.org/10.5194/amt-12-3629-2019
https://doi.org/10.5670/oceanog.2014.73
https://doi.org/10.5670/oceanog.2014.73
https://www.jcsda.org/jcsda-project-community-radiative-transfer-model
https://www.jcsda.org/jcsda-project-community-radiative-transfer-model
https://doi.org/10.1109/TGRS.2004.837503
https://doi.org/10.1175/MWR-D-12-00182.1
https://doi.org/10.1175/MWR-D-12-00182.1
https://doi.org/10.1002/qj.3373
https://doi.org/10.1002/qj.3373
https://doi.org/10.1175/2009JCLI3386.1
https://doi.org/10.1109/TGRS.2008.916630
https://doi.org/10.1109/TGRS.2008.916630
https://doi.org/10.1175/2007MWR2010.1
https://doi.org/10.1175/2007MWR2010.1
https://doi.org/10.1029/2011JD016937
https://doi.org/10.1029/2011JD016937
https://doi.org/10.1002/qj.2218
https://www.wmo.int/pages/prog/arep/wwrp/new/documents/Final_WWRP_2017_3_27_July.pdf
https://www.wmo.int/pages/prog/arep/wwrp/new/documents/Final_WWRP_2017_3_27_July.pdf
https://doi.org/10.1002/qj.2953
https://doi.org/10.1002/qj.2953
https://doi.org/10.1175/2007JCLI1824.1
https://doi.org/10.1111/j.1600-0870.2006.00148.x
https://doi.org/10.1002/2015GL067238
https://doi.org/10.1175/MWR-D-17-0222.1
https://doi.org/10.1029/2009JC005985
https://doi.org/10.1029/2009JC005985
https://doi.org/10.1111/j.1600-0870.2005.00123.x
https://doi.org/10.1111/j.1600-0870.2005.00123.x
https://doi.org/10.1029/2005GL023030
https://doi.org/10.1029/2005GL023030

