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ABSTRACT: We detail the system design, model configuration, and data assimilation evaluation for the CSIRO Climate retrospective Analysis and Forecast Ensemble system, version 1 (CAFE60v1). CAFE60v1 has been designed with the intention of simultaneously generating both initial conditions for multiyear climate forecasts and a large ensemble retrospective analysis of the
global climate system from 1960 to the present. Strongly coupled data assimilation (SCDA) is implemented via an ensemble transform
Kalman filter in order to constrain a general circulation climate model to observations. Satellite (altimetry, sea surface temperature,
sea ice concentration) and in situ ocean temperature and salinity profiles are directly assimilated each month, whereas atmospheric
observations are subsampled from the JRA-55 atmospheric reanalysis. Strong coupling is implemented via explicit cross-domain
covariances between ocean, atmosphere, sea ice, and ocean biogeochemistry. Atmospheric and surface ocean fields are available at
daily resolution and monthly resolution for the land, subsurface ocean, and sea ice. The system produces 96 climate trajectories (state
estimates) over the most recent six decades as well as a complete data archive of initial conditions, potentially enabling individual
forecasts for all members each month over the 60-yr period. The size of the ensemble and application of strongly coupled data
assimilation lead to new insights for future reanalyses.
KEYWORDS: Atmosphere; Ocean; Climate prediction; Ensembles; Data assimilation

1. Introduction
Understanding climate variability over recent decades can be
undertaken in a number of ways. Observations of the atmosphere, oceans, and sea ice may be gathered, quality controlled,
and interpolated through space and time. However, globally
heterogeneous observing systems with sufficient spatial and
temporal density to provide accurate estimates of the evolution
of the major climate teleconnections have only been in existence in the most recent decades. One of the aims of this work is
to assess the usefulness of strongly coupled data assimilation
(SCDA) where cross-domain covariances act as an additional
constraint during periods where one or more domains are
poorly observed.
Optimal interpolation (OI) of sparse observational data is
a common approach for state estimation (Jazwinski 1970).
Application of formal data assimilation (DA) methods can be
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employed combining available observations over a specified
temporal window and short-term forecasts that provide the socalled background states with information provided in the data
void areas. Alternately, OI methods can be also employed
whereby static or climatological background covariances are
determined from prior independent model simulations (Smith
and Murphy 2007; Oke et al. 2013). Data assimilation methods
can be regarded as generalized filters that extract the signal
from observations and produce analyzed states at required time
intervals and with complete coverage at the required resolution
(Houtekamer and Zhang 2006; O’Kane and Frederiksen 2008).
Systematic errors with respect to the observed mean climatological state are referred to as model biases. However, this
relies on two assumptions: first, that there are sufficient observations to accurately estimate the climatological state over a
given period, and second, that any changes in the climatological
state will arise largely as a response to changes in the (radiative) forcing. In particular, it is well known that temperature
and salinity observations of the subsurface ocean (0–2000 m)
have only reached sufficient density since the Argo program
became fully established (mid-2000s), enabling ocean general
circulation models to be effectively constrained using state-ofthe-art data assimilation systems and without recourse to restoring to climatology (O’Kane et al. 2019) or other forms of
bias correction (Carton et al. 2018). Additional challenges arise
in obtaining sufficient forecast samples for the accurate estimation of flow-dependent background covariances. Where
observations assimilated from one domain (e.g., ocean) have

DOI: 10.1175/JCLI-D-20-0974.1
Ó 2021 American Meteorological Society. For information regarding reuse of this content and general copyright information, consult the AMS Copyright
Policy (www.ametsoc.org/PUBSReuseLicenses).
Unauthenticated | Downloaded 01/09/23 07:52 AM UTC
5153

5154

JOURNAL OF CLIMATE

no influence on the state of any other domain (e.g., atmosphere), the procedure is termed weakly coupled DA as described in Zhang et al. (2007). In SCDA, in addition to
covariances specific to each domain of the Earth system, crossdomain covariances are also estimated, thus representing a
technical and computational challenge.
While there are a number of recent global atmospheric
(Kalnay et al. 1996; Compo et al. 2011; Hersbach et al. 2019;
Gelaro et al. 2017; Kobayashi et al. 2015) and ocean (Smith and
Murphy 2007; Penny et al. 2015; Forget et al. 2015; Carton et al.
2018; Oke et al. 2013; Balmaseda et al. 2013) reanalyses, there
are still only a relatively few coupled ocean–atmosphere reanalysis products (Laloyaux et al. 2018; Saha et al. 2010)
available. Both the CERA-20C (Laloyaux et al. 2018) (1901–
2010) and NCEP-CFSR (Saha et al. 2010) (1979–present)
coupled reanalyses have sophisticated atmospheric data assimilation schemes with assimilation windows of a few hours
and weak coupling (no cross-domain covariance) to the ocean.
Of the two, only the CERA-20C reanalysis provides an ensemble of state estimates (10 members) with which to account
for observational and model errors and to provide some estimate of the uncertainties. As noted previously (Laloyaux et al.
2018), climate state estimation is a tremendous scientific
challenge due to the sparse atmospheric observing system prior
to the radiosonde (pre-1930s) and satellite (pre-1970s) eras
(Stickler et al. 2014). The situation is even more problematic in
the ocean given the paucity of routine subsurface observations
prior to the Argo era.1
In addition to state estimation, reanalyses may also provide
initial conditions for prediction. By definition, the goal of nearterm climate prediction (NTCP) (Kushnir et al. 2019) is to
produce a skillful forecast of the evolving climate system over
1–10 years. In common with seasonal forecasts, accurate prediction of the internally generated climatic variability requires
that the system be initialized close to the observed climatic
state. The initial model state can be imposed; however, more
sophisticated approaches occur where the observations are
assimilated to construct an analyzed state that then serves as
the forecast (forward) model’s initial condition. As near-term
predictions extend well beyond the time scales where one
might reasonably expect prediction skill from initial conditions
and into the time scales where external forcing begins to
dominate, NTCP systems are required to use both the present
and projected anthropogenic radiative forcing in much the
same way as climate projections do. While reanalyses are
generally conducted to provide reconstructions of the past
climate, recent advances toward operational near-term climate
prediction have shown that observation-based initialization of
coupled general circulation model (CGCM) predictions of the
last half-century can lead to significant enhancement of predictive skill for particular variables on time scales from a year
to a decade (Smith et al. 2007, 2013; Doblas-Reyes et al. 2013;
Saha et al. 2014; Kushnir et al. 2019; Smith et al. 2020).

1

See http://www.argo.ucsd.edu/.
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Here we describe the CSIRO Climate retrospective
Analysis and Forecast Ensemble System, version 1 (CAFE60v1).
CAFE60v1 was developed to fulfil three key purposes: 1)
to provide a large ensemble of state estimates of sufficient
number and appropriate spatiotemporal resolution that the
evolving probability distribution conditioned on the available
observations over the recent six decades might be estimated;
2) to provide a large ensemble of balanced initial conditions
for retrospective forecasts (hindcasts) and initialized forecasts specifically focused beyond weather and seasonal time
scales for the near term-climate over the coming decade; and
3) to explore the utility of strongly coupled data assimilation
to better constrain data void areas in one domain through
cross-domain covariances with a better observed domain.
As it has been established that assimilation of ocean observations leads to better balanced initial conditions for seasonal forecasts (Alves et al. 2004), it is expected that strongly
coupled DA has the further potential to produce analyzed
states with improved balance for climate forecast initial
conditions.
The paper is structured in the following way. The model
configuration and forcing is described in section 2, followed by
the description of the coupled data assimilation methodology
and observations assimilated (sections 3 and 4 respectively).
Evaluation of the assimilation system is described in section 5.
Comments on the constructed initial conditions for forecasts
(section 6) and future development (section 7) follow.

2. Model
The CAFE60v1 climate model configuration is based on the
Geophysical Fluid Dynamics Laboratory’s (GFDL) Climate
Model 2.1 (CM2.1) (Delworth et al. 2006). The particular
configuration used in the CAFE60v1 system has been described previously (O’Kane et al. 2019; Sandery et al. 2020) and
is only briefly described here. The ocean model configuration
uses the 18 ocean grid as described by Bi et al. (2013). The
ocean model is coupled to the land, atmosphere, and sea ice
components from CM2.1, namely, Land Model 2 (LM2),
Atmospheric Model 2(AM2), and Sea Ice Simulator (SIS)
respectively.
The nominal resolution of the CAFE60v1 ocean component
(Modular Ocean Model, version 4.1) is 18, with extra latitudinal
resolution in the tropics, 0.338 at the equator, with extra horizontal resolution in the Southern Ocean, corresponding to
0.258 at 758S. There are 50 vertical levels, with a 10-m resolution in the upper ocean, increasing to ;300 m at depth. The
grid is tripolar over the Arctic, north of 658N, to avoid the
North Pole singularity. Subgrid processes for the CAFE60v1
ocean component are adopted from CM2.1, including neutral
physics (Redi diffusivity and Gent–McWilliams skew diffusion;
Griffies 2009), Brian–Lewis vertical mixing profile, a Lagrangian
friction scheme, and a K-profile parameterization for the mixed
layer calculation. Biases in the mode water structure and deep
open ocean convection are reduced by restoring the ocean
temperature and salinity below 2000 m to climatology based on
World Ocean Atlas observations with a 1-yr time scale. Deep
restoring further accounts for poor data coverage at depth. The
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sea ice model (SIS) is on the ocean grid and uses five ice
thickness categories.
The atmospheric model (AM2) has a resolution of 28 in
latitude and 2.58 longitude, and 24 hybrid (sigma-pressure or
terrain-following pressure) vertical levels. The land model
LM2 is on the same horizontal grid as the atmosphere.
Concentrations of atmospheric aerosols and radiative gases,
and land cover are based on the radiative forcing used over the
historical period 1960–2006 and are as for the GFDL CM2.1
submissions to the Coupled Model Intercomparison Project
(CMIP), phases 3 and 5 (Zhang et al. 2017), and supplemented
with RCP4.5 forcing data supplied by GFDL. The data were
extended beyond 2006 using RCP4.5 forcings for all the major
radiative gases (i.e., CO2, CH4, N2O, etc.) and aerosols. The
only fields that change at different dates are volcanic sulfate
aerosols, stratospheric O3, and ocean CO2 used to estimate
ocean carbon. Volcanic emissions post 2000 were based on a
‘‘neutral’’ year. Ocean CO2 was based on data used in the
ACCESS-ESM1 CMIP6 contribution. One specific point of
difference is that we have included the use of spatially heterogeneous stratospheric ozone forcing from the CMIP6 archive which was verified over various assimilation cycles to
produce lower RMS errors than zonal mean observed O3.

3. Data assimilation methodology
By choosing to implement SCDA with the ensemble Kalman
filter (EnKF) framework, we are required to produce a sufficiently large background ensemble of model states such that the
cross-domain covariances might be estimated with some fidelity.
Previous investigation by Sandery et al. (2020) indicated that on
the order of 100 members were required. The motivation to
sample the climate probability distribution function and produce
balanced initial conditions for multiyear forecasts combined with
available computational resources were further key factors in
configuring the CAFE60v1 data assimilation system.
A severe challenge for the CAFE60v1 reanalysis is the
representation of weather variability and in particular the
synoptic midlatitude troposphere. The basic premise we have
employed in CAFE60v1 is that monthly mean atmospheric
increments consistent with surface temperature gradients and
the ocean state can be used to constrain the large scales of the
atmosphere, for example the jets and cells (e.g., Hadley,
Walker, etc.), and that the statistics of the daily synoptic features during any given month will be generated by the model
dynamics consistent with the adjusted large-scale structures.
While one should not expect to capture the details of the
weather on any particular day correctly, it is expected that we
capture the trends and low-frequency variability of the various
teleconnection modes and statistics of the occurrence and
frequency of persistent coherent synoptic features with a degree of fidelity. Earlier variants of the CAFE data assimilation
system, where only the large-scale structures of the atmosphere
were constrained by cross-domain covariances from ocean
observations (O’Kane et al. 2019; Sandery et al. 2020), have
demonstrated that this is a reasonable assumption. Next we
present a complete description of the specific SCDA system
used to generate the CAFE60v1 reanalysis.

Ensemble Kalman filter
Data assimilation (DA) for large numerical prediction problems in the ocean and atmosphere requires calculating the
background error covariances. In the ensemble Kalman filter
formalism this can be achieved either in terms of static covariances estimated as anomalies or deviations from the climatological mean calculated from a long (detrended) control simulation,
the so-called ensemble optimal interpolation (EnOI) (Evensen
2003; Oke et al. 2013; O’Kane et al. 2014, 2019; Castruccio et al.
2020). Alternately, the time-evolving background covariance can
be estimated via propagating an ensemble of model states and
constructing the forecast (background) error covariance in terms
of deviations from the first moment or ensemble mean at a particular time (Bishop et al. 2001; Sakov and Sandery 2015; Sandery
et al. 2020). This comes at the additional computational cost of
running an ensemble of forward models and is the approach
taken here.
We apply the ensemble transform Kalman filter (ETKF)
methodology (Bishop et al. 2001) to a system with model dynamics given by F and considering an n-dimensional state
vector x at time step t, and a p-dimensional observation vector
d (here n and p 2 N natural numbers); the analysis and forecast
fields are defined as xai and xfi , where i 5 1, 2, . . . , k runs over
the entire ensemble (i.e., X 5 [xi, . . . , xk]), and angle brackets
(hi) indicate the ensemble mean.
The ETKF propagates an ensemble of k anomalies from
which the first and second moments of x can be calculated recursively. The background and analysis covariances are defined in terms of the anomalies zi for i 5 1, 2, . . . , k as
1
Zf 5 pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ[zf1 , zf2 , . . . , zfk ],
k21

(1a)

1
Za 5 pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ[za1 , za2 , . . . , zak ],
k21

(1b)

and where the state vectors are zfi 5 xfi 2 hxf i and zai 5 xai 2 hxa i,
which are n-dimensional in model space. The ETKF acts to choose
appropriate initial forecast anomalies consistent with error covariance update equations within the vector subspace of ensemble
T
T
anomalies [Eq. (2a)] formed as Pf 5 Zf Zf and Pa 5 Za Za and
where the covariance update is given by
Pa 5 Pf 2 Pf HT (HPf HT 1 D)21 HPf 5 (I 2 KH)Pf ,
21

K 5 Pf HT (HPf HT 1 D)

,

(2a)
(2b)

where K is the n 3 p Kalman gain, P is the positive definite
state covariance error matrix, I is the identity matrix, D is the
measurement error covariance, and H is the p 3 n linearized
observational operator mapping forecast grid point values onto
observational points. The innovation is defined as [di 2 H(hxfi)]
where di are measurements in observation space.
We calculate the matrix of ensemble perturbations in normalized observation space, that is,
E 5 (D21/2 HZf )T (D21/2 HZf ) ,
where H maps from Z into observable space and D
normalization.
f

(3)
1/2

does the
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We are next required to find the eigenvectors C and eigenvalues G of Eq. (3). The transform matrix T is now defined in
terms of the k 3 (k 2 1) matrix of nonzero eigenvalues
such that
T 5 C(G 1 I)1/2 CT ,

(4)

where the G (nonzero eigenvalues) is (k 2 1) 3 (k 2 1) and C is
k 3 (k 2 1). Equation (4) corresponds to the transform matrix
in spherical simplex form as described by Wang et al. (2004).
The ETKF generates new analysis perturbations as
Za 5 Zf T,

(5)

where the transform matrix T determines how the perturbations from different members are mixed. We directly initialize
the full state vector to the analysis
hxa i 5 hxf i 1 K[d 2 H(hxf i)],
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
xai 5 hxa i 1 k 2 1Zf T,

(6a)
(6b)

whereby model biases are reduced by constraining the model
to be close to observations and where the analysis fields are
calculated for each realization i. All state variables, regardless
of domain, are initialized to their analyzed fields without application of incremental analysis updating.
The EnKF-C software (Sakov 2018) is used to apply the
ETKF. EnKF-C is designed to handle model states defined on
multiple grids, thus making it particularly suitable for strongly
coupled systems. For each model grid EnKF-C calculates arrays of local ensemble transforms defined on a horizontal
subgrid with specified stride, and using linear interpolation to
obtain the transform on a given grid node. Inflation is employed in order to avoid possible systematic underestimation
of analysis error covariances leading to filter divergence.
Applying spatially uniform ensemble inflation can include
areas where no local observations are present and hence where
no assimilation is conducted, leading to the gradual injection of
energy into the model and a corresponding deterioration in the
performance of the DA system over time. Even in the presence
of local observations, where there occurs a lack of correlation
between particular state elements updated with the same
transforms, the ensemble spread for some elements may hardly
reduce after assimilation, yet the ensemble anomalies will be
inflated. To avoid this behavior, EnKF-C caps the inflation by a
specified amount, which means that for a given model element
it is limited by the magnitude of the reduction of ensemble
spread in the analysis: l 5 min(l0, sf/sa) (Sakov 2018, section 2.8.1 therein), where sf is the forecast ensemble spread,
and sa is the analysis ensemble spread. The term l0 is the
specified inflation coefficient; here l0 5 1.05.
CAFE60v1 uses a calendar month data assimilation cycle
length and an ensemble size of 96 members. The state vector
contains ocean temperature, salinity, sea level anomaly, ocean
velocity, ocean biogeochemistry (e.g., dissolved inorganic
carbon, alkalinity, phosphate, oxygen), sea ice concentration
thickness categories, atmospheric pressure, temperature, humidity, and winds. The model sea level anomaly (SLA) is the
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difference between model sea surface height and mean sea
level from a 100-yr control run (i.e., the model mean dynamic
topography).
All assimilated analysis gridded products—e.g., JRA-55
(Kobayashi et al. 2015), HadISST (Rayner et al. 2003), OISST
(Huang et al. 2020), and Ocean and Sea Ice Satellite Application
Facility (OSISAF) (Lavergne et al. 2019)—are preprocessed
to calendar month averages and assimilated synchronously.
For all heterogeneous observations a calendar month window
is applied to calculate superobservations. In practice, this
means that the increment K[d 2 H(hxfi)] in Eq. (6a) is calculated as K[d 2 H(hxf i)], where hxf i is the ensemble average
monthly mean forecast, and d represents the monthly mean
observations.
In the usual way, spurious long-range correlations in the
background are removed via horizontal localization function
(Gaspari and Cohn 1999) with support radius of 1000 km for all
ocean and atmospheric observations. A reduced length scale of
250 km is used for sea ice temperature and concentration observations. Localization radii were determined via experimentation and on the basis of the number of superobservations
assimilated per cycle. Specifically the assimilation uses monthly
mean superobservations and monthly mean background states
such that the localization length scales between superobservations and background covariances are consistent.
When assimilating dense gridded atmospheric data from JRA55, localization length scales of between 500 and 1000 km
were determined to give similar forecast innovation deviations. As we assimilate all observations in parallel rather than
sequentially, choices of larger localization radii required
additional thinning of the observations in order to avoid
exceeding memory limits. Localization removes spurious
long-range correlations present in the ensemble estimated
background error covariance, and has also been shown to
improve the consistency between ensemble spread and error.
Disadvantages to horizontal covariance localization have
been reported with regard to weather prediction, where localization can remove information due to large-scale flow
dependent inhomogeneities, creating potential imbalances

(Kepert 2009; Zagar
et al. 2010); however, the large length
scales used in CAFE60v1 mitigate this effect. When only
sparsely distributed observational data that are heterogeneous
in both space and time are available, such as is the case for the
ocean in the early period of the 1960s and prior to Argo, the
specified radius of influence can often lead to little observational influence on remote but data-sparse regions. Smith and
Murphy (2007) demonstrated that global covariances sampled
from a model simulation (i.e., pseudo-observations extracted
from the model data at the locations of real observations) can
be substituted, giving an effective global in-filling that has
proven to be of utility; however, this has not been tested here.
No vertical localization is employed in CAFE60v1.
Prior to 1992, sea surface temperature (SST) is bias corrected
using the method of Evensen (2003, section 4.2.2 therein) (see
also O’Kane et al. 2019; Sandery et al. 2020). To estimate
the SST bias field, an ensemble of bias fields is initialized to
independently identically distributed random spatially uniform values and the observed SST is then assumed to be the
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sum of the model SST and unknown bias. This field is then
updated similar to other model fields and the resulting ensemble of biases is evolved using a first-order autoregressive
1/2
[AR(1)] function: xfb 5 lxab 1 (1 2 l2 ) s. Here l is a forgetting factor, 0 , l , 1, and s ; s0 N(0, 1), where s0 is the
standard deviation of the bias state variable xb for SST l 5
0.95, and s 5 0.8. Further, the SST bias influences subsurface
temperature in the mixed layer, and therefore affects innovations from subsurface observations. Bias correction in this
form can only detect and correct systematic errors in the
initial conditions. Due to the relatively long assimilation
window (calendar month), model SST bias was found to
grow appreciably with lead time in particular regions and
very specifically the South Pacific Ocean during the austral
summer. Application of weak (90-day time scale) restoring
to an SST climatology constructed from HadISST was applied to the forward model post 1992 to ameliorate the biases
replacing the method of Evensen (2003).
Sea ice assimilation is applied via the five thickness categories in the SIS ice model, which are strongly coupled to the
ocean via the cross-domain covariances. Total sea ice area
fraction or concentration is calculated by summing the thickness categories and is used as the background concentration.
To ensure values at all times remain within physical bounds
(i.e., between 0 and 1) the analyzed thickness categories are
normalized by the analyzed concentration. To avoid representativeness error due to large uncertainties near the ice edge
we apply a prescribed ice-concentration error estimate of the
form s2 5 0.01 1 (0.5 2 jj0.5 2 cjj)2 following Sakov et al.
(2012). This approach targets regions where the largest uncertainties in observed ice concentrations c occur (i.e., in regions where cover is around 50%).
The ensemble of atmospheric models is on hybrid sigmapressure levels whose vertical grid positions vary from member
to member according to their respective surface pressure fields.
To assimilate the atmospheric data from the JRA-55 reanalysis
into the respective forward models, we found it necessary to
regrid all ensemble members onto a common grid to calculate
the covariances. The common vertical grid used was defined
using a reference daily mean surface pressure from JRA-55
corresponding to analysis time. Initialization of the atmospheric ensemble states was done by regridding the analyzed
fields back to the hybrid sigma-pressure levels of the atmospheric
model using the analyzed surface pressure for each member.
The CAFE60v1 system, and more specifically EnKF-C,
adaptively moderates the impact of observations of various
types using two parameters, the so-called R and K factors
(Sakov and Sandery 2017). The K factor, here equal to 1, limits
the impact of individual observations (i.e., those with large
innovations likely to be inconsistent with the state of the DA
system) by smoothly increasing observation error variance
depending on the projected increment such that the resulting
increment to generate the analysis does not exceed the estimated state error times K. A further benefit of the method is
that it minimizes the innovations by modifying the distribution
of observation error to better match the distribution of model
error, thereby increasing the gain and the observation impact.
In EnKF-C, R factors are defined for each observation type and

represent scaling coefficients for the corresponding observation error variances. Increasing the R factor decreases the
impact of particular observation types. (Sandery et al. 2020).
CAFE60v1 uses SCDA where, in addition to the projection
of oceanic, atmospheric, and sea ice observations onto their respective domains, specific cross-domain covariances are included. In particular, oceanic observations are projected onto
the atmospheric domain via the atmosphere–ocean crosscovariances and onto the sea ice domain via the sea ice–ocean
cross-domain covariances. Sea ice temperatures are projected
back onto the ocean and atmosphere; however, projection of
atmospheric observations (O’Kane et al. 2019; Sandery et al.
2020) onto the ocean domain was found to degrade the assimilation and is not used in CAFE60v1. We do not assimilate any
ocean biogeochemistry (OBGC) observations; rather, the crossdomain covariance from the available ocean observations projected onto the OBGC background is used to apply an increment
to the OBGC background state vector as a constraint. No land
observations are assimilated nor are there any explicit crossdomain covariances relevant to the land model.

4. Observations
Table 1 describes assimilated observations. Before being assimilated, the observations are converted into superobservations
by combining all observations of a given type and specific product
falling within model grid cells over the time window, with known
error estimates, into one superobservation with a smaller error
estimate. The superobservation location, values, and error estimates are based on a weighted average using inverse error variances of the original observations. Assigned observation errors
are also given in Table 1. As stated earlier, CAFE60v1 does not
include assimilation of any land observations.

a. Altimetry
Altimetric SLA is assimilated from September 1991 onward.
SLA is provided by the Radar Altimeter Database System
(RADS) (Naeije et al. 2000), which includes tide, mean dynamic topography (MDT), and inverse barometer corrections.
SLA observations are limited to water depths greater than
200 m due to the small signal-to-noise ratio on the shelf and
coastal regions. Given that CAFE60v1 ingests SLA superobservations based on monthly mean averages, these observations are weighted (large R factor; see Table 1) such that the
main influence is to constrain the global sea level rather than
local features.

b. Sea surface temperature
Prior to the satellite era, SST is assimilated from gridded
HadISST over the period January 1960 through February 2004.
Once available, remotely sensed SST is assimilated from a
range of products: AVHRR from February 2006, AMSR-E
from June 2002, AMSR-2 from July 2014, VIIRS from June
2015, and WindSat (Gaiser et al. 2004) between March 2003
and June 2009. For a brief period between January 1988
and August 1990, OISST and OSISAF data were assimilated but
led to increased bias and forecast RMS errors in air temperature
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TABLE 1. Observation type and error estimates; [C] refers to concentration; daggers (y) indicate error estimates provided by the vendor.

Obs type
Sea surface
temperature
Sea level anomaly
In situ ocean temperature
In situ ocean salinity
Sea ice concentration
Sea ice temperature
Zonal wind
Meridional wind
Air temperature
Specific humidity
a

Abbreviation
SST
SLA
TEMa
SALa
SIC
SIT
ARU
ARV
ART
ARH

Spatial
distribution

Dataset
HadISST, OISST, AVHRR, AMSR-E,
AMSR-2, VIIRS, WindSat
RADS
Argo, XBT, CTD, TAO, PIRATA
Argo, CTD, TAO, PIRATA
HadISIC, OSISAF
HadISIT
JRA-55
JRA-55
JRA-55
JRA-55

Point
Track
Profiles
Profiles
Gridded
Gridded
Gridded
Gridded
Gridded
Gridded

Error estimate
0.5 K, 0.5 K, y, 0.5 K, y,
0.25 K, y
y
0.5 K
0.075 psu
0.1 [C], 0.1 [C]
0.1 K
1 m s21
1 m s21
1K
0.05 kg kg21

R
factor
8
64
8
8
8
8
8
8
8
8

Low confidence CORA5.0 in situ data TEM2 and SAL2 have twice the error and 4 times the R factor to the high confidence data listed in
the table.

and specific humidity over time. Our conclusion was that although no dramatic impacts of SST assimilation statistics are
evident, there must emerge a systematic bias when both
HadISST and OISST are assimilated that is inconsistent with
the JRA-55 reanalysis. Therefore the use of OISST was discontinued in favor of continued assimilation of HadISST up to
the satellite era.

c. In situ temperature and salinity

# observations x10

6

Ocean in situ observational data are spatially, vertically, and
temporally heterogeneous over the 60-yr period (Fig. 1). For
the period between 1960–2000 the data are dominated by
shallow (,100 m) coastal temperature observations in the
Northern Hemisphere, as well as expendable bathythermograph
(XBT) measurements, which provide temperature profiles to
around 800-m depth along a set of frequently occupied transects.
Since 2000 the ocean in situ data coverage has improved for both
temperature and salinity with increased and more homogeneous
global distribution with increased vertical profile depths (to

2000 m). However, there are still few observations below 2000 m
and a significant fraction of the global ocean with fewer than 10
observations per horizontal grid box per year.
Prior to 1 January 2016 we assimilate in situ temperature and
salinity from the Coriolis Ocean Dataset for Reanalysis (CORA5)
(Szekely et al. 2019). CORA5 contains 16 data groups including
Argo, XBT, conductivity–temperature–depth (CTD), XCTD,
moorings, marine mammals, and drifting buoys. After 1 January
2016 all available duplicate checked global delayed mode in situ
ocean observation from the Australian Bureau of Meteorology
MMT database were assimilated and used for verification.
MMT is sourced from the WMO GTS, CORIOLIS, and
USGODAE Data Assembly Centers (DACs) and has much
of the same delayed mode data while also providing access to
real-time in situ observations. CORA5 data reported to be less
accurate, such as XBT, marine mammals, and all transmitted
GTS data not received at the DACs, were assigned higher errors to reduce their impact on assimilation. Both databases
include Argo profiles (Roemmich et al. 2009), TAO, PIRATA,

100m

FIG. 1. The spatial distribution of ocean in situ observational data for the periods (left) 1960–2000 and (center) 2000–18. (right) Ratio of
temperature and salinity observations by depth.
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and RAMA moored arrays, and ship-based CTD and XBT
profiles. The CORA5.0 dataset low-confidence (here denoted
TEM2 and SAL2) and high-confidence (here denoted TEM
and SAL) in situ observations, errors and associated R factors are described in Table 1. The low-confidence in situ data
have a doubling of the error estimates relative to the highconfidence data and accordingly the R factors used in
CAFE60v1 are a factor of 4 times larger.

d. Sea ice concentration and freezing point temperature
Sea ice concentration data over the period January 1960
through December 2017 are sourced from HadISST Sea Ice
Concentration (HadISIC) (Rayner et al. 2003). Post January
2018 sea ice concentration data are sourced from the 25-km
resolution climate data record EUMETSAT OSISAF global
sea ice concentration reprocessing dataset 1978–2015 (v1.2,
2015) by the Norwegian and Danish Meteorological Institutes.
This uses passive microwave data from SMMR, SSM/I, and
SSMIS sensors.

e. Atmospheric reanalysis data
For the atmosphere, daily mean zonal and meridional
wind, temperature, humidity, and surface pressure from the
JRA-55 atmospheric reanalysis are assimilated with no direct
assimilation of atmospheric observations carried out. Sandery
et al. (2020) discuss the possible degradation caused by assimilation of an atmospheric reanalysis product due to both
systematic and random errors inherent in a reanalyzed data
product; however, any systematic biases present in JRA-55
may be in part offset by judiciously ascribing observation
errors to the gridded atmospheric data in order to avoid
overfitting.

5. Assimilation results
In the following, global mean error statistics are calculated
at the end of each calendar month and for all assimilated observation types. Specifically, we define forecast innovation
k
mean absolute deviation (MAD) as (1/k)åi51 jd 2 H(xfi )j and
where forecast innovation bias refers to the mean magnitude
of the forecast innovation. All error statistics are with respect to monthly mean model background, analysis, and superobservations. The number of observations indicated is in
terms of the monthly mean superobservations; the number of
raw observations ingested each cycle is many times larger.

a. Ocean
As previously discussed, the ocean observing network is
both spatially and temporally highly heterogeneous. Prior to
Argo, satellite SST, and altimetry, large parts of the ocean
domain were not sufficiently well observed to constrain the
model such that, from a data assimilation perspective, the ocean
is effectively unobserved. This is evident in Fig. 2 in the number
of surface and in situ observations available for assimilation.
Prior to the availability of satellite SST data, gridded HadISST
data are assimilated, and for a brief period between January
1988 and August 1990 OISST. Throughout this period analysis
biases are very small averaging between 60.2 K, spread is
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about 0.558C, and forecast MAD is typically less than 1 K. As
altimetry, then satellite SST and Argo come online (see also
Fig. 1), there is a significant adjustment of the upper ocean
structure and in particular the thermocline. This effect is most
clearly reflected in the statistics for TEM and SAL post 2005
with the halving of forecast MAD and the near elimination of
analysis biases and the corresponding reduction in spread as the
system becomes constrained.
Altimetry rapidly comes online from June 1992 quickly
adjusting the mean sea level with systematic biases of less than
5 cm and forecast MAD averaging 8.5 cm. The unconstrained
sea level background ensemble was initially biased and was
rapidly corrected once altimetry was assimilated. Error statistics for the low confidence CORA5.0 in situ temperature
TEM2 and salinity SAL2 observations are also shown. Despite
these observations having reduced impact weights (i.e., larger
R factors), these data are clearly of some utility with little or no
evidence that they degrade overall biases or forecast MAD in
any way.
To understand both the spatial distribution of observations
and forecast errors, we consider a particular assimilation cycle in September 2018. Figure 3 illustrates the ensemble mean
forecast, the observed state, the ensemble means of the
background and analysis innovations errors (i.e., differences
between analysis, forecast, and observations in observation
space), and the background ensemble spread for SST in observation space where the number of superobservations
(5171 550) is entirely due to satellite data. Here the ensemble
mean forecast and observations look similar; however, the
ensemble mean forecast innovation reveals errors of up to
618C in the tropical Pacific and both the North Pacific and
North Atlantic. The ensemble mean analysis innovation
reveals a significant reduction in amplitude and spatial heterogeneity in the differences between the analyzed and observed SST. Spread in the background ensemble reveals the
regions of large variance to be associated with the Kuroshio,
the Gulf Stream, and the eastern equatorial Pacific in particular. Given the relative lack of spread outside the aforementioned regions, it is quite surprising that the analysis
errors are so substantially reduced relative to the background
innovation.
A similar analysis for SLA, temperature, and salinity in
September 2018 is shown in Figs. 4 and 5. Here we show the
observed state, ensemble mean forecast, and analysis innovations and background ensemble spread for sea level anomaly,
temperature (0–200-m depth), and salinity (0–200-m depth)
binned on a uniform 38 3 38 grid. The largest ensemble-mean
innovations in SLA are evident about the Antarctic sea ice
zone and also obvious in the ensemble mean forecast and
background ensemble spread. Over the rest of the globe SLA
analysis innovations are generally reduced and sufficient to
constrain the global mean sea level. Errors in ensemble mean
forecast salinity are largest in the western equatorial Pacific
but, despite some few specific large values, are mostly homogeneously distributed. Temperature innovations are largest
and most coherent in the equatorial Pacific with values up to
618C in the equatorial Pacific, indicative of displacement
errors in the thermocline. While the amplitude of these errors
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FIG. 2. Forecast mean absolute deviation (red) and bias (blue), ensemble spread (orange), and number of observations assimilated (black) for SST, SLA, in situ temperature, and salinity. Auxiliary observations refer to the
CORA5.0 TEM2 and SAL2 observations.

is reduced in the ensemble mean analysis innovation, they
retain their spatial distribution indicating persistent differences in the analyses and observed equatorial Pacific
thermocline.
Ensemble mean depth-averaged (0–500 m) and time-averaged
(2005–17) forecast and analysis innovations for temperature
(Figs. 6a,b) and salinity (Figs. 6c,d) reveal regions of systematic model biases. In particular, forecast temperature biases
are mostly located where the currents are strongest (i.e., the
equatorial Pacific and Atlantic) and where boundary currents
such as Kuroshio and the Gulf Stream separate from the
coast. Other major regions of forecast temperature bias occur in the eddying regions of the ocean, for example the
Antarctic Circumpolar Current (ACC) and the Brazil–Malvinas
Confluence. These errors are in part due to the lack of finescale structure due to course model resolution, which further contributes to errors (i.e., displacement of the time
mean currents). An additional major region of bias occurs
in the form of a too warm western Pacific warm pool.
The analysis temperature innovations show a significant reduction in upper ocean biases; however, lack of model resolution and ensemble spread in the aforementioned regions
where significant observed variance occurs limits the

impact observations can have in the assimilation. Salinity
innovations have largest magnitudes in regions, broadly
similar to those of temperature; however, the region about
the Indonesian Seas is generally too fresh, indicating a significant density bias.

b. Atmosphere
We next consider global forecast MAD and bias, ensemble
spread, and number of observations assimilated for atmospheric air temperature, zonal and meridional wind, and specific humidity (Fig. S1 in the online supplemental material).
Errors are with respect to JRA-55 gridded data and averaged
over the entire volume of the atmosphere. Air temperature
(ART) and air specific humidity (ARH) have generally similar behaviors. Apart from a period between 1992 and 1994,
mean biases in ART are consistently around 0.58C or less;
ensemble spread is ’1.58C with variation due to the seasonal
cycle evident but otherwise generally uniform; ART MAD is
consistently between 2 and 4 K. For ARH, mean biases are
0.58 g kg21 or less, ensemble spread is ’0.58 g kg21, and MAD
between 0.5 and 1.5 g kg21. The 3-yr period 1992–94 sees the
rapid introduction of altimetric data and a corresponding adjustment of the global sea level. The rapid introduction of SLA
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FIG. 3. Ensemble mean forecast and observed state, ensemble
mean forecast and analysis innovations, and background ensemble
spread for SST in September 2018 in observation space.
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data has had a transitive impact on both the ARH analysis bias
and forecast MAD. The impacted analyzed states for specific
humidity during this period, particularly in the tropics, are
consequently reflected in ART via the cross-domain covariances. Post-1994 global sea level has been adjusted and ARH
biases systematically reduced whereas ART biases return to
prealtimetry values. That said, the reduced ARH biases do not
appear to significantly improve forecast MAD over the pre1992 values.
The analyzed zonal (ARU) and meridional (ARV) winds
show small but generally positive mean biases typically
,0.5 m s21, with forecast MAD of around 1.5 and 2 m s21 respectively with ensemble spread typically 0.2 m s21 below the
MAD values. Obviously, when comparing daily analyzed states to daily JRA-55 fields, many of the midlatitude synoptic-scale features would be out of phase after a
month and errors would be saturated. Instead, we compare
monthly mean analyzed CAFE60v1 states to monthly mean
gridded JRA-55 data with quite low MAD and bias values
evident for the atmospheric winds, reflecting consistent observed and analyzed large-scale features in the troposphere.
Noticeably, errors in ARU and ARV are only weakly impacted
by the larger errors in ART and ARH during 1992–94.
Again we examine the spatial distribution of observations and
forecast errors for September 2018. Around 2.4 3 104 superobservations are assimilated each cycle varying only with the
number of days in each calendar month (Fig. S1). In Figs. 7 and 8
we compare ensemble mean forecast, observed state, ensemble
mean forecast, and analysis innovations and background ensemble spread for air temperature and meridional velocity,
vertically averaged through the troposphere (from the surface to
200 hPa) for September 2018 based on the assimilation of
242 417 superobservations. The ensemble mean forecast innovation represents the difference between the ensemble and time
average of a 30-day forecast started on 1 September 2019 and the
time mean September ‘‘observed’’ state from JRA-55. Clearly
evident in the forecast innovations are the large errors in the
midlatitude troposphere associated with synoptic-scale features.
The large-scale background errors in ART of up to 638C are
substantially reduced in the analysis. In addition to reduced
ARV analysis errors of up to 63 m s21, the analyzed innovation errors are made largely homogeneous, thereby removing
the opportunity for rapid error growth arising from disturbances in particular spatially localized regions of instability.
For ART, innovation errors evident in the mean forecast are
effectively absent in the analysis apart from some regions near
land in the tropics (e.g., Brazil). Here the lack of ensemble
spread in both the ART and ARV covariances arises in the
tropics as a consequence of reduced model resolution. This
makes addressing sources of error, particularly in the major
convective regions, a challenge.
Time-mean ART forecast innovations between 850 hPa
and the surface and averaged over the entire reanalysis 1960–
2019 (Fig. 9) reveal the largest surface biases as an excessive
warming in the regions over Brazil and the Amazon basin,
the Arctic, and parts of Antarctica. Cool biases are present over the elevated regions of the Northern Hemisphere
midlatitudes. These biases are significantly reduced in
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FIG. 4. Ensemble mean forecast and observed state for sea level anomaly, temperature (0–200-m depth), and salinity (0–200-m depth) for
September 2018 binned on a uniform 38 3 38 grid.

the corresponding analysis innovations however are still substantial over South America. As expected, greatest bias reductions occur in regions where the background ensemble
spread is largest.

Overall, the error statistics indicate the assimilation has
constrained the large scales of the analyzed atmosphere to
observations. The efficacy of this approach will be demonstrated later in direct comparison to independent observations
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FIG. 5. Ensemble mean forecast innovation, analysis innovation, and background ensemble spread for sea level anomaly, temperature
(0–200-m depth), and salinity (0–200-m depth) for September 2018. The data are binned on a uniform 38 3 38 grid in observation space,
hence the gray areas where observations were absent.
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FIG. 6. Ensemble mean, time averaged over 2005–17 and depth averaged (0–500 m) forecast and analysis innovations for (a),(b) temperature and (c),(d) salinity binned on a uniform 38 3 38 grid.

of the major atmospheric teleconnections across a range of
products.

c. Sea ice
As described earlier, assimilated observations of the sea ice
can impact the ocean but not the atmosphere via the explicit

choice of cross-domain covariances. Observations are assimilated as monthly mean superobservations with their error
statistics described in Fig. S2. Analyzed biases in sea ice concentration in both hemispheres are quite small relative to the
large biases in summer sea ice freezing point temperatures,
which range between 228 and 248C, indicating far too little sea
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FIG. 7. Ensemble mean forecast and observed state for air temperature and meridional velocity vertically
averaged through the troposphere (from the surface to 200 hPa) and binned onto a uniform 38 3 38 grid for
September 2018.
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FIG. 8. Ensemble mean forecast innovation, analysis innovation, and background ensemble spread for air temperature and meridional velocity vertically averaged through the troposphere (from the surface to 200 hPa) and
binned onto a uniform 38 3 38 grid for September 2018.

ice relative to observations. Antarctic sea ice concentration
and freezing point temperature forecast MAD reach their
maximums during summer (0.4 and 2 K) and nearly double
those values for Arctic sea ice during the boreal summer. These
results point not only to significant biases in the simulated
summer sea ice but also poor ocean–sea ice cross covariances
due to model biases producing too warm under ice ocean
temperatures at this time of year.
Examination of ensemble spread in sea ice concentration
around Antarctica during September 2018 (see Fig. 10)
shows variance concentrated at the edge of the sea ice zone.
Comparison of the ensemble mean forecast to the observed
state and ensemble mean forecast innovation shows the largest
errors occur where the spread is large but also in the region
near 908E. The analysis innovations show only modest improvements on the largely very good forecast state with the
black contour indicating the maximum climatological extent
for September calculated using the 15% concentration threshold over the full OSISAF record. The sea ice forecasts over a
1-month lead time are highly sensitivity to model biases due

to the rapid adjustment of sea ice concentration to both
the fast variations of the atmosphere and subsurface ocean
temperatures.

d. Ocean biogeochemistry
Quantifying the annual to multiyear variability in the sea–air
flux of CO2 is a challenging problem given the sparse observations available (Gloege et al. 2020). Furthermore, in the
absence of any explicit representation of ocean eddies in our
model, the fast OBGC processes (i.e., phytoplankton, production of nutrients and their transport, etc.) cannot be well
represented as they are intrinsically tied to the eddying regions
of the ocean. Slower processes, including the subduction of
carbon and alkalinity, are more closely tied to the slower
oceanic dynamics but insufficient observational data exist to
constrain the modeled OBGC processes over time. With these
constraints in mind, CAFE60v1 does not explicitly assimilate
OBGC observations, for example ocean color (i.e., chlorophyll
A) (Dunstan et al. 2018); instead, we have taken the approach
of using the cross-domain covariances from the ocean observations
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RCP2.6 concentrations. From these two tracers, we calculate
anthropogenic CO2 from ADIC minus DIC. We maintain
conservation of the anthropogenic CO2 in the ocean by the
following steps:
1) subtracting DIC from ADIC and storing the resulting
anthropogenic CO2 field at the end of the free model run
cycle (end of the month) before applying data assimilation;
2) computing the analysis DIC field using the assimilation of
ocean observations which modify DIC through the cross
covariances computed from the ensemble; and
3) setting the ADIC field to the analysis DIC field plus the
anthropogenic CO2 value determined in step 1 before
starting the next cycle.
In CAFE60v1, the DIC and ADIC tracers display the same
variability and only differ in how the ocean takes up anthropogenic CO2 at the surface and how the ocean circulation
distributes it within the ocean. Our approach ensures the
simulated anthropogenic CO2 is conserved in the ocean interior and is only modified by the sea–air exchange.

6. Initial conditions

FIG. 9. Ensemble mean air temperature forecast and analysis
innovations and background ensemble spread for air temperature vertically averaged from the surface to 850 hPa summed
over the entire reanalysis period and binned on a uniform 38 3 38
grid.

to project onto the OBGC state, which are then used to form
increments necessary to generate the analyzed OBGC states.
This approach is applied to constrain one of the dominant processes (i.e., ocean dynamics) responsible for modulating annual
to multiyear variability in the OBGC fields.
To evaluate the OBGC fields in CAFE60v1, we focus on
dissolved inorganic carbon, which is separated in our simulation into the total dissolved inorganic carbon (DIC) and anthropogenic dissolved inorganic carbon (ADIC). We do this
by including two DIC tracers in the ocean, one called DIC that
sees a fixed preindustrial atmospheric CO2 concentration (280
matm) and one called ADIC that sees the observed historical
atmospheric CO2 concentration until 2011 and then follows the

A primary function of the CAFE60v1 reanalysis is as initial
conditions for forecasting the near-term climate. As one of the
centers contributing to the WMO Lead Centre for Annual-toDecadal Climate Prediction,2 CAFE60v1 forecasts span from
1960 to the present with 10-member 10-yr lead time forecasts
available each November to present. Ensemble forecasts of
similar size are encompassed in the tier-1 hindcasts of the
CMIP6 Decadal Climate Prediction Project (DCPP) (Boer
et al. 2016).
Recently, a large ensemble of initialized hindcasts using the
Community Earth System Model (CESM) decadal prediction
large ensemble (CESM-DPLE) composed of 40-member ensembles initialized each 1 November between 1954 and 2015
with lead times of 122 months has been completed at NCAR
(Yeager et al. 2018), employing the model configuration of Kay
et al. (2015). In common with many other decadal forecast
systems, CESM-DPLE initial conditions for the ocean were
obtained from an ocean–sea ice configuration of the model
forced at the surface with historical atmospheric state and flux
fields obtained by atmospheric reanalysis (see also Leroux
et al. 2018).
A significant point of difference between CAFE60v1 and
all other systems is the application of strongly coupled data
assimilation. Importantly, CAFE60v1 provides multivariate
analyzed states each month with a comprehensive set of uncertainty estimates including errors with respect to particular
observational products and types. The CAFE60v1 forecasts
are initialized using the ensemble members of the coupled
reanalysis for which the complete restart files of all 96 member
have been archived every month, potentially enabling up to 96
(members) 3 12 (months) 3 60 (years) 5 69 120 individual

2

See http://www.wmolc-adcp.org.
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FIG. 10. Ensemble mean forecast, observed state, ensemble mean forecast, and analysis innovations and
background ensemble spread for Antarctic sea ice concentration in September 2018. The black contour
indicates the maximum climatological extent for September calculated using the 15% concentration
threshold using the full OSISAF record.
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forecasts. CAFE60v1 employs full field initialization from analyzed balanced initial conditions where cross domain covariances are explicitly taken into account. Furthermore, the
structures of the 96-member ensemble perturbations are by
construction coherent and balanced and capture the timeevolving error modes of the full coupled system. In this regard
it is expected that the CAFE60v1 forecast ensemble might
diverge less rapidly than systems using random or unbalanced
initial perturbations. An analysis of the CAFE60v1 forecast
utility is beyond the scope of this paper but is the subject of
follow-up studies.

7. Future developments
Current work is toward additional capability in the next
iteration of the CAFE system to further develop sea ice assimilation and parameter estimation (Kitsios et al. 2021), and
to extend OBGC DA to include the direct assimilation of
chlorophyll A and carbon observations, as well as the assimilation of remotely sensed land surface observations
(Babaeiana et al. 2018). With the recent awarding of one of
Australia’s largest ever competitive computing grants,3 the
CAFE60v1 forecast ensemble is currently being extended to
96 members initialized each season over the last decade with
lead times of 10 years. Once complete, these additional
forecasts will provide an unprecedented resource for analyzing the climate over the recent decade. A complete list of
CAFE60v1 variables and diagnostics are listed in Tables S1–
S7 in the online supplemental material.
In conclusion, the CAFE60v1 database will add to international efforts to develop a comprehensive data resource for
studying internal climate variability and predictability, including the climate response to anthropogenic forcing on
multiyear to decadal time scales.
The CAFE60v1 reanalysis will be publicly available for
download from June 2021 at the following URL: http://
hdl.handle.net/102.100.100/389002.
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