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ABSTRACT
Recent success in assimilating cloud- and precipitation-affected satellite observations using the ‘‘all-sky’’
approach is thought to have benefitted from variational data assimilation, particularly its ability to handle
moderate nonlinearity and non-Gaussianity and to extract wind information through the generalized tracer
effect. Ensemble assimilation relies on assumptions including linearity and Gaussianity that might cause
difficulties when using all-sky observations. Here, all-sky assimilation is evaluated in a global ensemble
Kalman filter (EnKF) system of near-operational quality, derived from an operational four-dimensional
variational (4D-Var) system. To get EnKF working successfully required a new all-sky observation error
model (the most successful approach was to inflate error as a multiple of the ensemble spread) and adjustments to localization. With these improvements, assimilation of eight microwave humidity instruments gave
2%–4% improvement in forecast scores whether using EnKF or 4D-Var. Correlations from the ensemble
showed that all-sky observations generated sensitivity to wind, temperature, and humidity. EnKF increments shared many similarities with those in 4D-Var. Hence both 4D-Var and ensemble data assimilation
were able to make good use of all-sky observations, including the extraction of wind information. In absolute terms the EnKF forecast performance in the troposphere was still worse than that that with 4D-Var,
although the gap could be reduced by going from 50 to 100 ensemble members. EnKF errors were larger in
the stratosphere, where there are excessive gravity wave increments that are not connected with all-sky
assimilation.

1. Introduction
The assimilation of cloud- and precipitation-affected
satellite radiances in the microwave part of the spectrum
is one of the main success stories of global numerical
weather prediction (NWP) of the past 10 years (all-sky
assimilation; Geer et al. 2018). Using observations affected by cloud and precipitation allows NWP centers to
greatly increase the use of available satellite radiances
and to consistently and significantly improve analysis
accuracy and forecast skill (Geer et al. 2017). On the
other hand, the assimilation of cloud and precipitation
affected radiances challenges the assumptions made in
standard data assimilation algorithms. First, the variables that we wish to analyze have physical bounds, and
their errors depend on their proximity to these bounds
(e.g., Posselt and Bishop 2018; Bishop 2019). Second,
there can be a highly nonlinear relationship between
the observed quantities (cloud and precipitation affected radiances) and the control vector variables (e.g.,
Corresponding author: Alan J. Geer, alan.geer@ecmwf.int

Errico et al. 2007; Bonavita et al. 2018), which also introduces significant deviations from Gaussianity in the
prior and, to a lesser extent, in the posterior error distributions. Third, and possibly most important, representation errors and model errors (when not separately
accounted for) become the dominant error source for
these observations (e.g., Geer and Bauer 2011).
The most extensive use of all-sky radiances for operational forecasting is currently made at the European
Centre for Medium-Range Weather Forecasts (ECMWF),
using the Integrated Forecasting System (IFS). This is
based on hybrid four-dimensional variational data assimilation (4D-Var). 4D-Var uses the ‘‘generalized tracer
effect’’ to extract information that is not directly
observed—for example, it can extract wind information from observations sensitive to humidity and hydrometeors (Geer et al. 2017). Further, the variational
approach enables solutions to many of the difficulties
of using cloud and precipitation observations: the first
problem (boundedness of the control variable and
non-Gaussianity of its errors) can be tackled with a
regularising transformation of the moist control variables
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that can include condensed water species (see Hólm
et al. 2002; Geer et al. 2018), though extensions to a
non-Gaussian variational framework have been put
forward (e.g., Fletcher and Jones 2014). The second
problem (i.e., the nonlinear relationship between
observed and analyzed quantities), can be treated by
repeated relinearizations of the variational minimization around progressively more accurate first-guess trajectory solutions (i.e., the ‘‘inner-loops’’ in incremental
4D-Var; Courtier et al. 1994; Bauer et al. 2010; Bonavita
et al. 2018). The third problem (large errors of representation) is typically dealt with through the use of
adaptive observation error models that take into account the degree of cloudiness present in the observations and the model (e.g., Geer and Bauer 2011;
Zhu et al. 2016; Migliorini and Candy 2019)
Ensemble methods are a popular alternative to the
variational approach: the ensemble Kalman filter (EnKF,
e.g., Houtekamer and Zhang 2016) is widely used in
research; the ensemble-variational technique (EnVar)
is used at some operational centers (e.g., Buehner
et al. 2015; Kleist and Ide 2015). The key difference in
the EnKF and EnVar compared to 4D-Var is that
background error covariances are propagated in time
using ensemble correlations. In 4D-Var, this is done
with tangent-linear (TL) and adjoint forecast models,
which can be time consuming to implement. Further,
in currently used Krylov space minimization algorithms (Gürol et al. 2014) it is necessary to run the TL
and adjoint multiple times sequentially, which is less
computationally scalable than running an ensemble of
models in parallel. Currently, the best operational
global forecasts come from hybrid assimilation systems, retaining the TL and adjoint approach alongside
an ensemble component to provide situation dependence in the background errors (Bonavita et al. 2016;
Lorenc and Jardak 2018). Nevertheless, ensemble
approaches have been very popular for research on
the assimilation of cloud and precipitation, for example in the explosion of work on all-sky infrared
radiances in regional and local area models (Harnisch
et al. 2016; Zhang et al. 2016; Minamide and Zhang
2017; Honda et al. 2018; Zhang et al. 2018; Okamoto
et al. 2019; Sawada et al. 2019).
From an ensemble perspective, the challenges of
all-sky data assimilation are similar to those facing
variational methods. However, there may be additional
obstacles in assimilating all-sky radiances: vertical covariance localization is already difficult for clear-sky
radiance observations (e.g., Campbell et al. 2010;
Houtekamer and Zhang 2016) and for an all-sky radiance observation that is sensitive to cloud at any
level in the troposphere, it may become even more
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so (e.g., Geer et al. 2018; Okamoto et al. 2019); the
required covariance inflation could depend on the
presence of cloud and precipitation (e.g., Minamide
and Zhang 2019). Subtle differences between the
frameworks could be amplified in the presence of
nonlinearity and non-Gaussianity—for example, ensemble techniques find the posterior mean whereas
most 4D-Var implementations find the mode (e.g.,
Hodyss et al. 2016). Most fundamentally, an ensemble
method like the EnKF relies on a local solver, a
Gaussian statistical framework and a linear analysis
update. Although theoretical understanding is important, we must also run experiments on real systems. For example, although ensemble assimilation
has a clear theoretical ability to extract winds from
humidity and even from hydrometeors (e.g., Allen
et al. 2015; Lien et al. 2016) this has not been demonstrated in an operational-quality system with allsky radiance observations.
Here, we compare the impact of all-sky microwave
radiances on analysis and forecast skill in EnKF and
4D-Var (nonhybrid) versions of the IFS. Hence this
study extends the results of Hamrud et al. (2015) and
Bonavita et al. (2015), but with the addition of all-sky
radiance assimilation, which was missing from the
EnKF they tested, but not from the 4D-Var. We will
investigate whether all-sky assimilation can be successful using an ensemble method, despite the stricter
need for linearity and Gaussianity. It is also of interest
whether the addition of all-sky observations would
have made the EnKF version of the IFS more competitive with the 4D-Var version.
In this paper, section 2 briefly introduces the EnKF
and 4D-Var versions of the IFS, the all-sky microwave
observations coming from eight imaging and humiditysounding instruments, and the set of experiments that
we have used. Observation error modeling is key to
all-sky data assimilation, but it is not obvious how best
to transfer the existing Geer and Bauer (2011) approach into an ensemble framework. Hence section 3
covers this aspect in detail (but can be skipped by
those with less interest). This section introduces two
new approaches to observation error modeling that
may be more appropriate for ensemble data assimilation, and explores how to compute data assimilation
error budgets in an ensemble context. Section 4 gives
the results: it first examines the ensemble sensitivities
to the all-sky observations and explores the best EnKF
configuration, considering different possibilities for localization and observation error modeling. Then the
impact of all-sky assimilation is assessed in the EnKF
and 4D-Var contexts, looking at both increments and
forecast scores. Last, section 4e examines the absolute
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difference between EnKF and 4D-Var, now that we have
consistent observation usage between the two. Section 5
gives the conclusions.

Changes to these baseline values were also tested as part
of the experimentation and will be described later.

2. Method

The operational ECMWF analyses are made with a
hybrid 4D-Var assimilation system, using an incremental formulation to address nonlinearity (multiple outer
loops, Courtier et al. 1994) and an ensemble of data
assimilations (EDA; Isaksen et al. 2010) to provide the
dynamic part of the background errors. The cost function includes a digital filter (Gauthier and Thepaut 2001)
to suppress gravity waves in the increments, although
this is not thought to have a large effect. Similar to the
previous experiments of Bonavita et al. (2015), a modified version of the operational 4D-Var IFS is used as a
reference with which to evaluate the performance of the
EnKF. The earlier work had limitations that are addressed here: first, that the EnKF experiments did not
use all-sky radiances, while the reference 4D-Var did;
second, the 4D-Var configuration was that of the operational ensemble data assimilation (EDA) of the time,
which employed only two outer loop relinearizations.
As shown more recently, when using all-sky observations in the ECMWF 4D-Var, more relinearizations lead
to improved performance (Bonavita et al. 2018).
The new incremental 4D-Var reference experiment
shares the same outer loop and forecast model resolution as the EnKF experiments described in this paper
(TCo319, 137 vertical levels) but it runs three minimizations at TL159/TL191/TL255 resolution (triangular
truncation at 159/191/255 spectral components over a
linear reduced Gaussian grid, corresponding to approx.
120/100/80 km grid spacing). While these resolutions are
smaller in an absolute sense than those used in the
operational 4D-Var (TL255/TL319/TL399), in relative
terms this is a skillful incremental 4D-Var setup for this
model resolution as the ratio of the outer to inner loop
resolution is only about 2 (as compared with a ratio of
approximately 5 for the operational 4D-Var). Apart
from the resolution there are three other significant
differences with respect to the operational 4D-Var.
One is the assimilation window length, which is set to
6 h instead of the 12 h of the standard ECMWF 4D-Var.
This choice was motivated by the desire to have a setup of the data assimilation cycle as close as possible to
the one used for the EnKF in order to make comparison of the algorithms easier. In terms of analysis and
forecast skill, the 6-h cycling results in only minor
performance differences. Another consequence of the
6-h cycling choice and the unavailability of a corresponding 6-h cycled EDA is that 4D-Var was run using
climatological background error covariance estimates.
Based on recent tests, the use of a static B is expected to

a. EnKF version of the IFS
The ensemble Kalman filter used in this paper is
a local ensemble transform Kalman filter (LETKF,
Hunt et al. 2007), and its ECMWF implementation
has been described in Hamrud et al. (2015). The experiments have been run at TCo319 resolution (triangular truncation at 319 spectral components over a
cubic octahedral grid, corresponding to approx. 39-km
grid spacing), 137 vertical levels ranging from near
surface to 1 Pa, with a 6-h assimilation window and 50
ensemble members. The IFS model version used in all
experiments is cycle 42r1, which incorporates only
minor technical changes with respect to the IFS cycle
used in the experiments described in Hamrud et al.
(2015). As described in that paper, covariance inflation and covariance localization are heuristic but
necessary measures to improve the performance of
EnKF-based assimilation. In our experiments we have
used both multiplicative covariance inflation (relaxation to prior variance, after Whitaker and Hamill
(2012), with a 0.9 relaxation factor) and additive covariance inflation (from a climatology of rescaled 24-h
forecast differences).
Covariance localization is commonly used in the
EnKF to combat the effects of the rank deficiency
of the sampled background error covariances (e.g.,
Houtekamer and Zhang 2016). In the LETKF used
here, calculations are done in ensemble space. Hence
we use a combination of domain localization, where a
fixed number of observations are selected in a local
domain around the grid point being analyzed (see
Hamrud et al. 2015) and R localization (Hunt et al.
2007; Greybush et al. 2011) where the observation
errors of the selected observations are inflated according to the distance from the analyzed grid point.
While conceptually different from the standard covariance localization that is applied to the background
error covariance matrix B or its projection in observation
space (HBHT; see section 3 for more details on H), results
are found to be comparable (Houtekamer and Zhang
2016, and references therein). A benefit of R localization
is that different localization parameters can be used, appropriate to the horizontal and/or vertical support of
different types of observations. Two thousand kilometers
is the horizontal distance of zero impact of an observation
on an analysis grid point, whereas vertical localization
is over 2 scale heights (zero impact vertical distance).

b. 4D-Var version of the IFS

Unauthenticated | Downloaded 01/09/23 08:38 AM UTC

2740

MONTHLY WEATHER REVIEW

VOLUME 148

TABLE 1. All-sky observations added in the EnKF and 4D-Var experiments in this work. The lowest peaking WV sounding
channels of MHS and SSMIS, 190.3 and 183 6 7 GHz, are used like the AMSR2 imager channels (i.e., not over land or sea ice). Polarizations (y 5
vertical; h 5 horizontal) are conventionally specified only for imaging channels.
Satellite

Sensor

Channels (GHz; polarization)

Utilization

Metop-A
Metop-B
NOAA-18
NOAA-19
GCOM-W
GPM
DMSP F-17

MHS
MHS
MHS
MHS
AMSR2
GMI
SSMIS

DMSP F-18

SSMIS

183 6 1, 183 6 3, 190.3
183 6 1, 183 6 3, 190.3
183 6 1, 183 6 3, 190.3
183 6 1, 183 6 3, 190.3
19y, 19h, 24y, 24h, 36y, 89y
19y, 19h, 24y, 24h, 36y, 89y
19y, 19h, 22y, 37y, 92y, 183 6 1, 183 6 3,
183 6 7
183 6 1, 183 6 3, 183 6 7

Ocean, snow-free land, snow-covered land, and sea ice
Ocean, snow-free land, snow-covered land, and sea ice
Ocean, snow-free land, snow-covered land, and sea ice
Ocean, snow-free land, snow-covered land, and sea ice
Ice-free ocean between 608N and 608S
Ice-free ocean between 608N and 608S
Low-frequency channels as AMSR2; high-frequency
channels as MHS
Ice-free ocean

degrade 4D-Var performance by approx. 2% in standard tropospheric performance measures. The final
difference consists in the fact that current operational
4D-Var runs with four outer loop relinearizations instead of the three used in the experiments described in
this work. Based on the results of Bonavita et al. (2018),
this is expected to degrade 4D-Var performance by
approx. 1%.

c. All-sky microwave observations
The IFS assimilates a suite of all-sky microwave radiance observations that is now large enough to provide
around 20% of all forecast impact at 24 h as measured
using an adjoint-based sensitivity diagnostic [Forecast
Sensitivity to Observation Impact (FSOI); Langland and
Baker 2004; Cardinali 2009]. The all-sky observing system used in the IFS is described in detail by Geer et al.
(2017), along with the aforementioned FSOI results.
The channels assimilated in all-sky conditions are all
imaging and humidity-sounding channels with sensitivities that are restricted to the troposphere. These
channels are directly sensitive to water vapor, cloud
and precipitation, along with details of the surface.
Indirectly, the 4D-Var assimilation extracts dynamical
information (e.g., winds) from these observations through
the generalized tracer effect.
As compared with the cycle 41r1 configuration described by Geer et al. (2017), the cycle 42r1 configuration that we test here additionally has all-sky water
vapor sounding (WV; 183 GHz) channels actively assimilated over snow-covered land surfaces, along with
the addition of the Special Sensor Microwave Imager
Sounder (SSMIS) F-18 WV sounding channels over
ocean. Table 1 summarizes the set of all-sky observations used in the current work. See the OSCAR website
(https://www.wmo-sat.info/oscar/) for full descriptions
of the satellites and their acronyms.
Further details of the all-sky microwave assimilation are given by Bauer et al. (2010), Geer et al. (2010),

and Geer and Bauer (2011). The implementations of
WV sounding channels of SSMIS and the Microwave
Humidity Sounder (MHS), Advanced Microwave
Scanning Radiometer 2 (AMSR2) and GPM microwave imager (GMI) are described by Geer et al.
(2014), Kazumori et al. (2016), and Lean et al. (2017)
respectively. In addition to the all-sky microwave data,
the observations assimilated in the EnKF and 4D-Var
versions of the IFS include microwave sounders not yet
converted to all-sky assimilation, notably microwave
temperature sounders including AMSU-A and ATMS
(details of these sensors are given later on). Further
observations being assimilated in both systems are infrared sounders on polar orbiting and geostationary
satellite platforms; scatterometer surface winds; Global
Navigation Satellite System (GNSS) bending angles and
in situ and/or ground-based measurements from aircraft,
radiosondes, ships, buoys and surface stations. This observing system is comprehensive enough that even when
the all-sky microwave observations are removed, the
quality of medium-range forecasts deteriorates by only
around 3%–4% (Geer et al. 2017). However, this is still
about as large an impact as can be obtained by removing
one major component of the global observing system
(cf. Bormann et al. 2019) and the extensive use of allsky microwave observations is a key advantage in the
overall quality of ECMWF forecasts.

d. Experiment summary
Experiments were run in the EnKF and 4D-Var
configurations as summarized in Table 2. In each case, a
baseline experiment was created by assimilating the full
observing system minus the all-sky microwave sensors
listed in Table 1. The 4D-Var configuration is that of the
operational IFS at cycle 42r1, but with the changes in
resolution, length of assimilation window, and static
background errors, as described earlier. The all-sky
observations were then added back in to the EnKF
and 4D-Var configurations to create a number of all-sky
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TABLE 2. Experiment summary (ID is the identifier in the ECMWF archive).
Name

Expt ID

All sky

Localization

Ensemble members

Obs error

EnKF baseline
EnKF all-sky localization 1
EnKF all-sky localization 2/symmetric
EnKF all-sky nonlinearity
EnKF all-sky spread-multiple (50)
EnKF all-sky spread-multiple (100)
4D-Var baseline
4D-Var all-sky

ghkr
ghkm
gjaq
gi67
gj6h
h5hf
h58p
h542

Off
On
On
On
On
On
Off
On

1
1
2
2
2
2
—
—

50
50
50
50
50
100
—
—

—
Symmetric
Symmetric
Nonlinearity
Spread multiple
Spread multiple
—
Symmetric

experiments. Various configurations of localization, observation error model, and ensemble size have been
tested in the EnKF all-sky experiments.
The EnKF experiments ran from 31 July to 31 October
2015, giving a maximum of 93 long forecasts for verification purposes. The exception was the experiment with
the original covariance localization, which only ran
until 1 October 2015, after which it was cancelled
due to poor results and to save resources. Due to an
oversight, the 4D-Var experiments were started one
day later, on 1 August. However, any comparisons
between EnKF and 4D-Var are based on the shared
period from 1 August.

3. All-sky observation errors for ensemble
assimilation
One reason that all-sky assimilation was not available
in the earlier EnKF experiments (Hamrud et al. 2015;
Bonavita et al. 2015) was the difficulty of implementing
the observation errors, which become much larger in the
presence of cloud and precipitation. This is partly due to
inaccuracies in fast modeling of scattering radiative
transfer, but it is mainly from errors of representation
and/or model error. The dominating error in all-sky
background departures is cloud location and intensity
(‘‘mislocation’’) errors on scales of order 100 km (e.g.,
Geer and Bauer 2011; Geer et al. 2017). This is larger
than the grid scale that is typically used to define the
error of representation. Since the error comes from the
lack of predictability of cloud features it could also be
seen as model error. Since model error is not explicitly
represented in the troposphere in the IFS 4D-Var or in
our implementation of the EnKF the precise definition
of this error is not of practical importance here. The
‘‘mislocation’’ error is included as part of the observation error.
To model the variable effect of cloud on observation
error, Geer and Bauer (2011) inflated observation errors
as a function of a cloud proxy variable c. This is inferred
using a simple retrieval from observation space (any y)
to be represented here as c 5 g(y). The cloud proxy

represents the most radiatively important aspects of
the cloud for the observation type, rather than any
straightforward geophysical quantity. It is conveniently
referred to as a ‘‘cloud amount,’’ even as its definition
varies. For example the original cloud retrieval, used for
the microwave imagers SSMIS, AMSR2 and GMI over
oceans, uses the normalized polarization difference at
37 GHz. This is sensitive to water cloud and rain absorption, which dominates cloudy radiative transfer for
this type of observation. Over land for SSMIS and for
the microwave humidity sounders (MHS) over all surfaces, where the sensitivity is to scattering from frozen
particles, one of two scattering indices is used (one for
ocean, one for land, Baordo and Geer 2016; Geer et al.
2014). The cloud amount is made ‘‘symmetric’’ by taking
the average of the cloud amount estimated from the
observations yo and simulated from the model background H(xb) using the nonlinear observation operator H():
1
1
c 5 (co 1 cb ) [ fg(yo ) 1 g[H(xb )]g.
2
2

(1)

This is a good predictor for the standard deviation of
background departures. The background departure standard deviations are binned as a function of symmetric
cloud amount, and fitted using a piecewise linear or quadratic fit (e.g., Geer and Bauer 2011; Geer et al. 2014).
Microwave imager channels use a linear fit, whereas most
water vapor sounding channels use a quadratic fit. The
observation error so is modeled as follows, with n 5 1 for
linear fit and n 5 2 for quadratic:
(
s 5 max
o

"

soclear , min

somax 2 soclear
3
(cmax 2 cclear )n

somax , (c 2 cclear )n
#)!
.

(2)

This gives an observation error that rises from soclear to
somax between the symmetric cloud amounts cclear and
cmax ; broadly these four coefficients determine the error
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model. Although these are fitted to background departure standard deviations, they are used as a model to
predict the observation errors. For some instruments an
insignificant amount of error variance is first subtracted
to represent clear-sky background errors (e.g., Geer and
Bauer 2011) but in general the background error component is assumed negligible relative to the observation
error. An alternative to the piecewise fit is to store the
binned departures in a lookup table (e.g., Okamoto et al.
2014; Harnisch et al. 2016) but that is not done here. For
the precise definitions of the observation error model
for each all-sky sensor, see the citations in section 2c.
As well as inflating the error variances, the presence
of cloud increases interchannel observation error correlations (Bormann et al. 2011; Okamoto et al. 2019).
However, the combination of interchannel observation
error correlations with an all-sky error inflation technique has only just started development (Geer 2019).
Hence in this work, observation error correlations are
ignored. We simplify the following equations using
scalar notation, but the full matrix-vector versions
could easily be substituted (see, e.g., Dee 1995; Hunt
et al. 2007).
For an ensemble data assimilation system implementing the framework of Geer and Bauer (2011), it is
not immediately clear how to represent the increase in
observation error coming from the presence of cloud in
the background ensemble. With i being the index of an
ensemble member and the overbar representing an ensemble average, candidates to supply the model cloud
amount include
1) the ensemble mean in observation space g[H(xbi )] as
in Harnisch et al. (2016),
2) the ensemble mean in model space g[H(xbi )] as in
Minamide and Zhang (2017),
3) the mean of cloud retrieved from different members g[H(xbi )], and
4) the control g[H(xbctrl )].
We used the control member (option 4) in our testing
because it was the most practical. However the presence
or lack of cloud in the control member is not a perfect
predictor of the presence of cloud in any of the other
ensemble members. The other options highlight that
introducing nonlinearity into the EnKF framework relies on careful linear approximation (Hunt et al. 2007).
In this work the cloud retrievals g() are linear functions
of the observations, so option 3 is identical to option 1, but
nonlinear cloud retrievals can be encountered (e.g., Zhu
et al. 2016). To summarize, when we tested the symmetric
error approach in the EnKF we used all the same settings
as for 4D-Var, except the choice of the control member to
represent the model cloud amount.
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The symmetric error approach has been successful
in both 4D-Var (Geer et al. 2017) and EnKF (e.g.,
Okamoto et al. 2019) but a disadvantage is that it may
violate Bayes theorem by using knowledge from the
observation in order to estimate the likelihood. With
limited time for this project, we explored two new candidate all-sky observation error models that fit naturally
into the EnKF system, rather than trying to further develop the symmetric error approach, or to test other
possible candidates (e.g., Minamide and Zhang 2017).
The two new candidates use information from the ensemble, not the observations, which means Bayes is
better respected.
The first new candidate is the ‘‘nonlinearity’’ error
model. It inflates the observation error above the clearsky minimum error soclear (which is the same as in the
symmetric error model) as a function of the difference in
brightness temperature between the control and the
ensemble mean:
"
#
jH(xbctrl ) 2 H(xbi ) . j
o
o
s 5 sclear 1 1 a
.
(3)
soclear
The divergence between the control (initialized from the
ensemble mean analysis) and the mean of the ensemble
members (initialized from the previous analysis plus a
perturbation) is a measure of the combined nonlinearity
of the 6-h forecast and the observation operator. Most of
the nonlinearity diagnosed by Eq. (3) likely comes from
cloud and precipitation (Bonavita et al. 2018). The parameter a is a tuning factor. With a 5 1 the model assumes that nonlinearity error is the only source of
additional observation error in cloudy conditions. If a .
1 it can allow additional error sources (such as representation error) as long as they also depend on the size
of the nonlinearity. We started with a 5 1 but this gives
relatively small observation errors in cloudy situations
compared to the other candidates (see later).
The second candidate error model, the ‘‘spread
multiple,’’ uses the ensemble spread to inform the
observation error. Satterfield et al. (2017) have shown
that ensemble variance can be a good predictor of the
error of representation. In reverse, Minamide and
Zhang (2019) have shown how all-sky departures can
drive an adaptive background spread inflation in an
EnKF. Harnisch et al. (2016) compared the spread
of an ensemble Kalman filter with all-sky infrared
background departures, binned as a function of the
symmetric cloud amount. The shape of the two curves
was similar but the background spread was around
3 times smaller in variance terms. If observation error
can be represented as a multiple of the ensemble
spread variance, and making sure to keep the clear-sky
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observation error as a minimum floor, it would be described as follows:
1 /2

so 5 max(soclear , fb Var[H(xbi )]g ).

(4)

Here Var() is an operator for computing variance over
the ensemble (over all i). b is the multiplication factor,
with b 5 3 the initially chosen value, in a cautious
approach giving observation errors that are large
relative to the background departure standard deviations (see later).
The assumed errors can be tested in the ensemble
framework by comparing the sum of background spread
and observation error variances to the background departure variance. In deterministic data assimilation the
standard error analysis (Dee 1995; Desroziers et al. 2005)
has no ambiguity over how to compute the background
departures. But with an ensemble it is not obvious
whether to use departures from the ensemble mean,
members or control to compute the error budget. Some
ensemble studies have not recorded which version they
used, and others used the ensemble mean but without
detailed justification (e.g., Houtekamer et al. 2005;
Harnisch et al. 2016). Hence, we devote some space to
explaining how the error budget can be correctly computed in an ensemble context.
In the LETKF (Hunt et al. 2007, their section 2.2.1)
the ensemble mean represents the background state,
which would have an error b from the true state of the
atmosphere xt:
xb 5 xt 1 b .

(5)

The unknown statistics of b give the true PDF and
covariances of background errors. To estimate the
background error covariance, the LETKF uses the
background ensemble spread Var(xbi ). Each member i
of the background ensemble can be seen as representing the ensemble mean plus an ensemble perturbation hbi :
xbi 5 xb 1 hbi .

(6)

The ensemble perturbation hbi is intended to be another
draw from the PDF of true background error but this
depends on the quality of the LETKF implementation.
To complete our survey of errors, an observation has a
true observation error o, here for simplicity assuming
the observation operator H() is perfect:
yo 5 H(xt ) 1 o .

(7)

The departure from each ensemble member can be defined and expanded as follows, assuming local linearity

and introducing H as a linearized version of the observation operator:
yo 2 H(xbi ) ’ o 2 Hb 2 Hhbi .

(8)

Using E() as the expectation operator, the expected
value of the ensemble member departure variances can
be simplified as follows, assuming there are no correlations between background, observation error, and ensemble perturbations:
2

2

2

Ef[yo 2 H(xbi )] g ’ E[(o )2 ] 1 E[(Hb ) ] 1 E[(Hhbi ) ].
(9)
Hence, the ensemble member departure variances
should be the sum of the true observation error variance, the background errors and ensemble spread in
observation space. Derived similarly, the expectation
of the ensemble mean departures is the sum of the true
error variances of observation and background:
h
i2 
2
o
b
(10)
’ E[(o )2 ] 1 E[(Hb ) ].
E y 2 H(xi )
Hence, the validity of the assumed errors can be tested
by comparing the variance of the ensemble mean
background departures [an estimate for the lhs of
Eq. (10)] to the sum of the assumed observation error
variance and the background spread in observation
space. Over a sufficient sample these should be equal
if the errors are correctly specified. A scalar version of
the x2 test can also be applied by computing the ratio of
the ensemble mean departure to its predicted (‘‘total’’)
error standard deviation:
yo 2 H(xbi )
f(so )2 1 Var[H(xbi )]g

1/2

.

(11)

Further assuming Gaussianity, this ‘‘normalized departure’’ should, if the errors are well specified, be distributed as a Gaussian with a variance of 1.
Based on a 10-day sample of assimilated observations,
Fig. 1 bins the standard deviation of background departures as a function of the symmetric cloud amount
{Eq. (1), using g[H(xctrl
b )]}. As also seen by Harnisch
et al. (2016), and consistent with Eqs. (9) and (10), the
ensemble mean departures have smaller error standard
deviations than those of the ensemble members. The
control member departures yo 2 H(xbctrl ) are also shown.
For a linear model and observation operator, the control
departure should be identical to the ensemble mean
departure, as seen in clear-sky situations (identified by
cloud amounts around zero). For cloud amounts between 0.4 and 0.8, the control member departures are
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FIG. 1. Standard deviation of the background departures computed against the ensemble mean, control, and individual members, binned as a function of cloud amount computed from the
control member, using a sample of assimilated SSMIS F-17
channel-13 (19 GHz, y polarized) brightness temperatures from 1
to 10 Sep 2015 from the symmetric error experiment.

FIG. 2. PDFs of ensemble mean departures normalized by estimated total error for the three different observation error models,
using a sample of assimilated SSMIS F-17 channel-13 (19 GHz,
y polarized) brightness temperatures from 1 to 10 Sep 2015 from
the symmetric error experiment. With an accurate combination of
background error and observation error modeling, the normalized
departures would have a Gaussian distribution (solid line).

closer to those of the individual members, illustrating
the effect of nonlinearity. Beyond cloud amounts of
0.8, there are relatively higher values of the ensemble
member departures for cloud amounts. This is likely due
to the use of the control member cloud amount in the
binning (since the presence of cloud in the control is
not a perfect predictor of cloud in any ensemble
member). We use the ensemble mean departure in the
following assessment of the error models, since it is
more theoretically correct. However, Eq. (10) assumes
linearity, and therefore, especially for all-sky assimilation (i.e., in nonlinear situations), we should be open
to using larger errors.
We now assess the ability of the candidate observation
error models (and the background error) to represent
the real background departures. Figure 2 shows PDFs
of normalized ensemble mean departures [Eq. (11)]
using the different error models for SSMIS channel 13
(19 GHz, y polarized) over the 10-day sample of assimilated observations. As introduced earlier, the symmetric error model [Eq. (2)] is the same approach with the
same settings as used in 4D-Var but using the EnKF
control member to provide the model cloud amount in
Eq. (1). The spread-multiple error model is Eq. (4) with
b 5 3. The nonlinearity error model is Eq. (3) with a 5 1.
In Fig. 2, the PDFs are narrower than the expected
Gaussian, suggesting that modeled errors are on average
overestimated. There are also clear non-Gaussian aspects such as ‘‘warm tails’’ to two of the PDFs. Both the
observation error and the model error can be affected by
non-Gaussianity, and the true errors are likely more
complex than can be represented by the simple approaches we have available so far. The 19y channel is

sensitive to heavy rain with additional sensitivity to
column water vapor and cloud. Adding rain makes the
brightness temperature warmer, so the warm tails contain situations where the observation is likely cloudy or
rainy but the ensemble is clear. To generate large
positive normalized departures, likely the observation
errors are too small because the ensemble does not
contain sufficient precipitation to generate either nonlinearity [Eq. (3)] or a large background spread [Eq.
(4)]. Here, the symmetric error model has an advantage, since it takes into account the presence of cloud in
the observation in order to boost the error (Geer and
Bauer 2011). The PDF of this error model is more
symmetric.
Figure 3 shows the standard deviation of the ensemble
mean departures [yo 2 H(xbi )], estimated background
error from the ensemble spread in observation space,
and the predicted total error. The total error is computed from the background spread and the estimated
observation error as in the denominator of Eq. (11), for
each of the three different observation error models. All
the quantities are given as a function of the symmetric
cloud amount [Eq. (1)], which is computed using method
4 above (i.e., getting the model cloud amount from the
control member). As expected, the ensemble spread
and the total error increase with the symmetric cloud
amount, but dip again toward the maximum symmetric
cloud amount, which requires cloud to be present in
both background and the observation (Geer and Bauer
2011; Harnisch et al. 2016). The symmetric error model
gives a high estimate of total error in cloudy situations
because it is derived from the total error assuming
background errors are negligible (Geer and Bauer 2011;

Unauthenticated | Downloaded 01/09/23 08:38 AM UTC

JULY 2020

2745

BONAVITA ET AL.

With the initial settings, and judged against the ensemble mean departures, the symmetric error model
gives reasonable weight to clear-sky observations and
too little weight to cloudy observations. The nonlinearity error model appears to give reasonable weights to
both clear-sky and cloudy scenes. Finally the spread
multiple gives apparently too little weight to clear-sky
and cloudy observations. Judged against the ensemble
member or control departures (such as illustrated in
Fig. 1) the error models do not look so inflated (not
shown): the nonlinearity error model would produce an
underestimate of total error in cloudy scenes, and the
other two models look more appropriate. Further, theoretical estimates of observation error typically need ad
hoc inflation to get good results in real assimilation
systems, which may come from the many other suboptimalities and assumptions used in data assimilation
(Bormann et al. 2016). Further, we are relying on the
background spread being a good estimate of the true
background error. Therefore it might not be surprising if
the apparently ‘‘too large’’ errors work best in practice.

4. Results
a. Ensemble correlations and localization

FIG. 3. Standard deviation of the ensemble departures, background spread, and total error models, binned as a function of
symmetric cloud amount using the control member to provide the
model part (the sample is as in Fig. 2), for SSMIS F-17 channels
(a) 19y and (b) 183 6 1 GHz.

Geer 2019). Under this philosophy, the background error is included twice in the total error.
For the 19y channel (Fig. 3a), the nonlinearity error
model appears to underestimate the total error for
midrange cloud amounts (this likely corresponds to the
observations forming the warm tail in Fig. 2). However,
for 183 6 1 GHz the nonlinearity model is relatively
consistent with the background departures for cloudy
scenes. The spread multiple approach produces a similar
distribution of total error as a function of cloud, but with
b 5 3 it gives relatively high total error. The results in
most other channels follow the pattern of 19y. Channel
183 6 1 GHz is an outlier because it is sensitive to the
upper troposphere and its errors are as much driven by
errors in humidity as in cloud and precipitation. In this
initial testing, we have chosen fixed values of a and b for all
channels; in practice these should vary as a function of
channel like the parameters of the symmetric error model.

Figure 4 summarizes the correlations in the NH between model variables and satellite radiance observations
across the EnKF 50-member ensemble, binned as a function of distance in any horizontal direction. The individual
correlations do not always have consistent signs, so to aggregate them we computed their RMS. The lower limit
is 0.142, which is a floor set by noise-driven spurious
correlations resulting from the finite ensemble size (this
floor reduces with larger ensemble size). The top row
shows the correlations for AMSU-A channel 5, one of
the most influential microwave channels assimilated in
the clear-sky framework (this channel is at 53.6 6
0.1 GHz, very similar to ATMS channel 6, for which
Jacobians are shown in Fig. 6, which is described in
more detail below). The correlations span the entire
troposphere, and they appear to be broader and more
sustained across the troposphere than the direct temperature sensitivity illustrated by the ATMS channel-6
Jacobian. The additional correlations are thus geophysical (e.g., there is no direct sensitivity to wind, but
this arises through geostrophic balance, among other
causes). The middle row shows SSMIS channel 11,
at 183 6 1 GHz, which is directly sensitive to uppertropospheric water vapor and frozen precipitation.
Interestingly this channel has stronger wind correlations than does AMSU-A, but they are more localized.
The correlations with all variables span only the upper
half of the troposphere, and extend only around 200 km
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FIG. 4. RMS of correlations of the background forecast variables [(left) Q 5 specific humidity; (center) U 5 zonal wind component; (right) T 5 temperature] with observations from
(top) AMSUA channel 5 and SSMIS channels (middle) 11 (183 6 1 GHz) and (bottom) 14
(22 GHz, y polarization). Correlations are computed from the 0000 UTC cycle on 15 Aug
2015 in the 50-member spread-multiple configuration and represent the Northern
Hemisphere (north of 208). The shading colors have been allowed to go off scale to concentrate on the more distant correlations, but peak temperature correlations of AMSU-A are
around 0.27 in the midtroposphere, and peak SSMIS humidity correlations are around 0.4.

from the observation, in contrast to around 500 km for
AMSU-A channel 5. The lowest row shows SSMIS channel
14, at 22 GHz, y polarization (22y), which is directly
sensitive to the surface, lower-tropospheric humidity,
water cloud and rain. Similarly, it has restricted spatial
correlations of around 200 km horizontally and up to
around 500 hPa in the vertical direction. However, there
is some correlation higher up in the troposphere, likely
associated with deep precipitating structures. There are
more distant correlations in temperature near the surface,
which likely comes from the sensitivity of the radiances
to the skin temperature, which is then geophysically
correlated with boundary layer temperatures. At the
broadest level, the ensemble correlations reveal that
all-sky observations made in primarily water vapor
channels bring a different kind of information compared
to satellite temperature sounding: the information is
more correlated across all variables including wind, but it
is more restricted in the vertical and the horizontal.
In terms of localization, these results suggest it is
beneficial to have smaller localization values for the
all-sky radiances. Supporting this, Okamoto et al. (2019)
have found better forecast quality in a mesoscale data
assimilation system after decreasing the horizontal

localization radius for all-sky infrared radiances (to
100 km from 200 km). In our global system we tested
the application of new settings to the all-sky observations: halving of the horizontal localization compared to the default value (1000 km instead of 2000 km)
and a reduction of 20% of the vertical localization
(1.6 scale height instead of 2). We would expect this to
improve the results by reducing the effect of spurious ensemble correlations at long distances, although
reducing the localization length could also contribute to
imbalances in the analysis (e.g., Allen et al. 2015) and, in
the vertical, fail to represent broad and overlapping
satellite weighting functions (e.g., Campbell et al. 2010).
Figure 5 shows the impact of all-sky assimilation,
compared to the no-all-sky baseline, using the two different localizations (1 5 original; 2 5 reduced scales for
all sky). Impact on forecast quality is measured by the
background fits to ATMS observations (these are assimilated in clear skies only and are hence not part of the
set of all-sky observations). Note that in all the plots of
this kind shown, for the ensemble experiments they are
based on the departure from the control member. As a
key to the ATMS channels Fig. 6 shows their temperature sensitivities (Jacobians).
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FIG. 5. Normalized standard deviation of (a) analysis and (b) background (here named FG
for first guess) departures from assimilated ATMS observations, showing the impact of all-sky
assimilation in LETKF using two different versions of the vertical and horizontal covariance
localization.

Our first all-sky experiment used the same localization
as other observations and produced disappointing results, particularly the degradation in fit to ATMS channels 6–10, which have temperature sensitivities spanning
the troposphere and lower stratosphere (Fig. 6). Going
to the second localization approach improved fits to
ATMS by around 1% and was significantly beneficial,
both for the tropospheric temperature quality but also
the mid and upper-tropospheric humidity, as measured
by ATMS channels 18–22. ATMS channels 11–15 are
unaffected by all-sky assimilation, which is to be expected
as these sound temperature in increasingly higher
levels through the stratosphere. Other observational
fits confirmed the beneficial impact of tighter horizontal and vertical localization, but the experiments
were not run long enough to establish statistical significance in the longer-range forecast verification. Even
with the improved localization the addition of all-sky
assimilation still caused degradations in the background
fits to tropospheric temperature observations. Hence,
we looked for another source of improvement by trying
different types of all-sky observation error model.

b. Observation error model
The candidate observation error models were tested
with the benefit of the improved localization approach
(i.e., reduced localization lengths both horizontally and
vertically). As measured by the fit to clear-sky ATMS

radiances (Fig. 7) both the ‘‘nonlinearity’’ and the
‘‘spread multiple’’ gave significantly better results than
the symmetric error model. In particular the spread
multiple allows all-sky assimilation to improve forecasts
and hence improve fits to the ATMS tropospheric
temperature channels 6–9, whereas the other candidates
allow these to degrade, particularly so in the case of
the symmetric error model. The spread multiple error
model is the only model to consistently improve, rather
than degrade, the analysis fit. This cannot be interpreted
as a measure of the overall quality of the analysis but if
the fit is worsened, it could be due to additional perturbations being added into the analysis, perhaps if some
observations are overfit because their errors are imperfectly specified. However, the background fits (panel b)
are mostly improved with all three error models.
Consistent results are seen with other observation
types as the reference. As discussed earlier, none of
the three error models has seen any tuning to get the
best results in the EnKF, due to limited time to spend
on this project and the computational cost of running
the EnKF. Judged by a x2 statistic (not shown) the
‘‘nonlinearity’’ model could have achieved similar
weights as the spread multiple model, as a function of
cloud amount, with its a parameter around 1.5 rather
than 1.0.
Figure 8 shows verification of longer-range forecasts,
using the experiments’ own analyses as the reference.
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FIG. 6. For a standard atmosphere in clear skies, the temperature sensitivity (Jacobians) of
ATMS channels (left) 6–15 (pressure scale covers the troposphere and stratosphere) and (right)
18–22 (pressure scale covers the troposphere). The first set of channels is temperature sounding
channels around the oxygen lines at 50 GHz, mostly with minimal humidity sensitivity. The
second set is temperature and humidity sensitive channels around the 183-GHz water vapor line;
the humidity Jacobians for these channels are at broadly similar levels and are not shown.

Confidence intervals are specified at 95% following the

approach described in Geer (2016) with additional Sidák
inflation for multiple testing. There is no statistically
significant difference between the three experiments at

day 2 or beyond, but the symmetric error model still
generally gives the worst scores of the three, consistent
with the observation fits. All three all-sky experiments
improve the forecast out to at least day 3 and by up to

FIG. 7. As Fig. 5, but showing three different observation error models.
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FIG. 8. Normalized change in RMS error in 500-hPa geopotential height in comparison with a
control without all-sky assimilation, using one of three proposed error models.

5%. Based on the short-range fits to observations, the
spread-multiple error model was chosen for further
testing.

c. Increments in LETKF and 4D-Var
To see how the EnKF and 4D-Var make use of all-sky
observations, we examined the increments for a single
analysis, 0000 UTC 15 August 2015. Three additional
single-cycle experiments were run in which only the allsky observations from Table 1 were assimilated; all
other observations were excluded. Geer et al. (2014)
used experiments like this to reveal strong similarities
between wind increments made with a set of all-sky
observations and with a full observing system. This
demonstrated the ability of 4D-Var to extract wind information from all-sky microwave observations sensitive to water vapor, cloud and precipitation. Here, two
single-cycle experiments used the 4D-Var control configuration, and one the final EnKF ‘‘all-sky spreadmultiple’’ configuration with 50 members (as used in the
equivalent full-observing-system experiments listed in
Table 2). The two single-cycle 4D-Var experiments
differed by their initial conditions, which in one were
the background forecasts from the corresponding fullsystem 4D-Var, and in the other from the full-system
EnKF. For the single-cycle EnKF experiment, the initial
conditions came from the full-system EnKF. As will be
seen the choice of initial conditions has a strong influence on the similarity of the increments between different experiments.
Figure 9 shows the increments in wind divergence at
200 hPa from the two all-sky-only experiments (both
using the EnKF-derived initial conditions) along with
the equivalent full observing system experiments at that
time (see Table 2). For the 4D-Var experiments, the
‘‘true’’ increments are made in the control vector at
2100 UTC at the beginning of the window, but what is

plotted is the difference between the updated (3 h) and
background (9 h) forecast valid at 0000 UTC. For EnKF,
the plotted increments are the difference between the
ensemble mean analysis and the control (6 h) forecast,
again valid at 0000 UTC.
At the broadest scales in Fig. 9, the EnKF full-system
experiment is the odd one out, producing wind increments everywhere. The other three experiments give
significant increments in three areas on this figure, in the
Intertropical-Convergence Zone (ITCZ) and two areas
of active midlatitude weather in the SE Pacific and S
Atlantic. Both the all-sky and full-system EnKF experiments seem to generate increments of larger magnitude
and smaller spatial scale than the equivalent 4D-Var
experiments. To generalize this, Fig. 10 shows the standard deviation of global increments as a function of
pressure in the vertical. To smooth the figure, a sliding
window of 21 vertical model levels has been used in the
stratosphere and 5 model levels in the troposphere,
with a smooth transition between the two at around
100 hPa. Standard deviations are computed from a sample encompassing all the selected model levels and global
increments on the regular 18 latitude–longitude grid. This
confirms the EnKF generates increments of much higher
standard deviations than 4D-Var, particularly in the
stratosphere, not just in the wind variables but in temperature as well. The discrepancy is largest around 10 hPa
in divergence, where increment standard deviations are
about 15 3 1026 s21 in the full-system EnKF and just 4 3
1026 s21 in the full-system 4D-Var. Stratospheric increments are very much smaller in the all-sky-only experiments. Down into the troposphere, in temperature and
specific humidity, the 4D-Var and EnKF standard deviations are relatively similar, but in divergence and vorticity, EnKF increments are still around 60% larger than
in 4D-Var. Figure 9 also shows many similarities between
the wind increments in EnKF and 4D-Var, particularly
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FIG. 9. Increments in horizontal wind divergence on model level 74 (approximately 200 hPa) at 0000 UTC 15 Aug
2015; (a),(b) ‘‘All-sky-only’’ are experiments assimilating only all-sky data; (c),(d) ‘‘Full-system’’ are experiments
assimilating the full global observing system. Model levels are terrain following and adapt to the local pressure field,
so level 74 is at 197 hPa if the surface is at standard temperature and pressure. The full model resolution has been
truncated to 1 degree before plotting. The initial conditions in (a)–(c) are from the full-system EnKF experiment
and in (d) are from the full-system 4D-Var experiment.

between the all-sky-only experiments. The similarities
are strongest in the areas of active weather, for example
over the Atlantic just off the coast of Brazil. These wind
increments are also similar to those in the full-system
experiments, both with EnKF and 4D-Var.
Comparisons with observations in section 4e show our
EnKF implementation looks worse in the stratosphere.
An issue of excessive gravity wave increments was already
recognized and partially addressed using a divergence
adjustment technique (Hamrud et al. 2015; Bonavita et al.
2015). However this aims to stabilize the surface pressure
tendency, which is dominated by the mass in the mid and
lower troposphere. Hence it does not much constrain the
generation of gravity wave increments in the upper troposphere and stratosphere. The excessive stratospheric
standard deviations are not seen in the all-sky-only EnKF
experiment, so the problem must come from the assimilation of other observation types, likely those directly
sensitive to the stratosphere. In 4D-Var, the generation of
stratospheric gravity wave increments is suppressed in two

main ways. First the mass-wind balance of the analysis
increments is progressively deactivated starting upward
from 50 hPa, in such a way that the analysis becomes effectively univariate above 20 hPa. Second, specific parts of
the balance operators connecting the control space of the
analysis to the state space of the model are zeroed-out or
regularised because the underlying sample statistics appear
noisy or unphysical. The net result of this treatment of the
4D-Var balance operator is a reduction of the divergent
wind increment.
Many of the increments in the mid and uppertroposphere that are common between 4D-Var and
EnKF in Fig. 9 are wave-like patterns with wavelengths of
order 500 km. We speculate that in the midlatitudes these
are associated with mesoscale gravity waves that are often
generated by nongeostropic adjustment of Rossby waves
(e.g., O’Sullivan and Dunkerton 1995; Pavelin et al. 2001;
in these works, gravity waves are more precisely called
inertia–gravity waves). The data assimilation system must
correct both the larger (e.g., Rossby) scales but also the
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FIG. 10. Standard deviations of data assimilation increments in different experiments at
0000 UTC 15 Aug 2015. The standard deviations are ‘‘smoothed’’ in the vertical direction (see
the text); shown are (a) temperature T, (b) specific humidity Q, (c) horizontal wind divergence D, and (d) horizontal vorticity VO. The pressure scale is linear in the troposphere
(below 100 hPa) and logarithmic in the stratosphere.

gravity wave structures on the mesoscale. These structures
(and similar wave-like structures in the tropics) are of
genuine observational origin as they are, even in 4D-Var,
one of the most obvious features of all-sky background
departures in water vapor channels sensitive to the mid
and upper-troposphere [see the presentation of A. Geer at
ITSC XXI, available online (https://cimss.ssec.wisc.edu/
itwg/itsc/itsc21/program/index.html)]. The semi-implicit
semi-Lagrangian advection in the IFS heavily damps
gravity waves and cannot correctly model their phase
speeds (Simmons and Temperton 1997; Hamrud et al.
2015). Therefore every analysis cycle, the analysis system
has to reconstruct mesoscale gravity waves that have become damped and mislocated. 4D-Var allows this in the
active parts of the upper-troposphere and (based on the
success of 4D-Var) this likely adds important information
to the initial conditions that helps improve the long-range
forecasts. But EnKF also allows this in the quiet areas of
the upper troposphere and the stratosphere, which may
degrade forecasts, and certainly degrades the early range
fits to observations (see later). Whether the gravity waves
generated in these areas are physically realistic or whether
they are partially the result of noisy correlations in the
EnKF would need further research.

To further examine the similarity of increments between
EnKF and 4D-Var, Fig. 11 shows the global correlations
between the different experiments, as a function of vertical
level. There are relatively good correlations between increments in the all-sky-only EnKF and 4D-Var experiments that share the same initial conditions (the light blue
line). These are around 0.25–0.35 through most of the
troposphere for temperature, divergence and vorticity, and
as high as 0.4–0.5 for specific humidity. This reflects the
agreement seen visually between panels a and b in Fig. 9. If
the all-sky-only 4D-Var experiment uses the initial conditions from the full-system 4D-Var experiment, correlations drop to around 0.1–0.2. The biggest correlations are
between all sky only and full system, whether in the EnKF
or 4D-Var, which range from 0.4 to 0.6 for all four variables
throughout the troposphere. Similar correlations were
shown by Geer et al. (2014) in the 4D-Var context in the
mid and upper-troposphere, but their correlations were
smaller in the lower troposphere because their study did not
include microwave imager channels, which are more
sensitive to the lower levels (e.g., Fig. 4, bottom row).
Overall, it seems that all-sky observations are providing
similar information in EnKF and 4D-Var (even if EnKF
seems to generate slightly smaller spatial scales and

Unauthenticated | Downloaded 01/09/23 08:38 AM UTC

2752

MONTHLY WEATHER REVIEW

VOLUME 148

FIG. 11. Correlations in data assimilation increments between different experiments at
0000 UTC 15 Aug 2015. Other details are as in Fig. 10, including the vertical smoothing.

larger increments) and both appear to be using a form
of wind tracing to improve the wind fields. This should
not be a surprise given the correlations shown in Fig. 4;
also, for example, Allen et al. (2015) have demonstrated in a more theoretical context how wind tracing
can be achieved in an EnKF.

d. Comparing the impact of all-sky observations in
LETKF and 4D-Var
As will be seen in section 4e, the absolute quality
of the EnKF configuration remains lower than that of
4D-Var. However, it is interesting to contrast the relative impact of all-sky observations in the two systems.
This is shown in Fig. 12, in each case on top of the highquality baseline system containing all other observations.
At the broadest level, the impact of all-sky assimilation
is equally beneficial in the EnKF and 4D-Var, giving
around a 2%–4% improvement. Here we concentrate on
forecast scores in the medium range (beyond day 3) and
particularly in geopotential height at 500 hPa and wind
vector at 850 hPa. For these variables, and at these ranges,
synoptic errors grow rapidly so that the choice of verifying analysis is not too important, and thus these results
are robust. Despite the experiments being performed at
lower resolution and on a 6-h assimilation window, this

impact is also broadly comparable to the results for
the high resolution, T1279, 12-h operational cycle 41r1
4D-Var configuration (Geer et al. 2017).
Similar scores were also generated using each experiment’s own-analysis as the reference (not shown). For
these there were large apparent differences between
4D-Var and EnKF, particularly in the short-range (up to
day 3), in the tropics, and in relative humidity (RH). For
example the impact of all-sky in 4D-Var went from a
20% ‘‘improvement’’ in tropical 850-hPa RH to what
is likely an equally unreliable 35% ‘‘degradation.’’
In contrast EnKF apparently still improved forecast
quality by around 10%. However, in these variables and
ranges, there are correlations between analysis and
forecast errors as well as systematic errors that can be an
important part of the RMS error. All-sky assimilation of
microwave imagers in 4D-Var does a lot of work to fit
the observed patterns of oceanic boundary layer moisture, cloud and wind (Geer and Bauer 2010). This adds
substantial perturbations to the analysis that are diffused away over the next few days, but they can show up
as an apparent degradation in own-analysis forecast
scores. It is very interesting, but not currently explained,
that EnKF does not suffer this effect. The background
fits to other observations (not shown, but similar to
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FIG. 12. Impact of all-sky assimilation in 4D-Var and LETKF configurations, using the
spread-multiple error model and 50 members in the case of the LETKF run. Results use the
operational 4D-Var analysis as the verification reference in each case and show the change in
the RMS errors between an experiment and a control, normalized by the errors in the control;
shown are (top) geopotential, (middle) relative humidity, and (bottom) vector wind error.

Fig. 7) are significantly and consistently improved by allsky assimilation in 4D-Var and EnKF, confirming that
analysis-based scores (even using the operational analysis as a reference) likely do not show the true magnitude or sign of the improvement or degradation. Hence
all the apparent impacts in analysis-based forecast scores
in relative humidity and in all variables before day 3
should be treated with extreme caution.
Figure 13 compares the joint histograms between
background departures and increments from the 4D-Var
and EnKF experiments for SSMIS channel 13 (19 GHz,
y polarized). If the analysis were to exactly fit the observations, then all points would be on the 1:1 line. The
gradient is in practice smaller because the analysis is a
balance between prior and observational information,
and there is scatter because the analysis has to fit many
other observations, not just the all-sky data. For the same
departures, EnKF and 4D-Var produce surprisingly
similar increments in observation space. Hence EnKF
and 4D-Var increments do not seem to differ much at
the observation locations. This is consistent with the
increments in model space, which are partly correlated

between 4D-Var and EnKF. The strong similarity of the
observation-space increments in 4D-Var and EnKF also
further justifies a need for medium-range forecast verification statistics to reliably identify performance differences between the different systems.
Previous studies of the joint histogram between background departures and increments (Fig. 13) have shown
that the ECMWF 4D-Var system is more able to dry (i.e.,
to remove cloud and precipitation) than to moisten (i.e., to
create cloud and precipitation) (e.g., Geer et al. 2010).
Negative departures, which for channel 19y indicate the
model should dry, here generate increments that are
clustered approximately around the 1:2 line. Positive
departures, which require a moistening, are associated
with much smaller increments that are on average closer to
the 0 line. Previously the 4D-Var linearized moist physics
was suspected as a possible source of the asymmetry. If the
EnKF system has similar behavior, the relative inability of
data assimilation systems to moisten in response to all-sky
observations may come from something more fundamental, such as the boundedness of the problem (e.g., Geer and
Bauer 2011; Posselt and Bishop 2018).
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FIG. 13. Joint histograms of background departures and increments in SSMIS F-17 channel 13 (19 GHz, y polarized) from 4D-Var
(black) and EnKF all-sky spread-multiple 50-member (red) configurations, as based on all assimilated data from 1 to 9 Sep 2015. The
1:2 line is overplotted. EnKF increments are taken from the control
member (i.e., they are the ensemble mean analysis minus the
background forecast from the previous ensemble mean analysis). Contours are logarithmically spaced, starting with 3, 10, 32,
100, 316, and so on observations per 1 K 3 1 K bin.

e. Quality of LETKF compared to 4D-Var
Comparing the EnKF and 4D-Var experiments that
include all-sky assimilation confirms the findings of
Bonavita et al. (2015) that results from the EnKF are not
as good as from 4D-Var. Figures 14 and 15 show the
analysis and background fit of ATMS and radiosonde
temperature observations of the previously examined
50-member EnKF experiments with and without all-sky
assimilation, as well as an additional 100-member experiment that will be discussed shortly. All-sky assimilation brings improvements, but this is not nearly enough to
close the gap. The analysis error standard deviations of
the 50-member EnKF experiments are significantly larger
than the 4D-Var fit, by around 20%–30% in the stratosphere (e.g., ATMS channel 12) but reducing to less than
5% of 4D-Var in the troposphere (e.g., ATMS channel 6).
Similar results are visible with other major observing
systems as the reference. The most obvious impact of allsky assimilation is on the humidity-sensitive channels of
ATMS, where first-guess errors are reduced from being
around 20%–10% worse than 4D-Var. The impact on
temperature channels and radiosonde fits is much smaller.
Forecast performance in the medium range is consistent with the observation departure statistics. Figure 16
compares forecast skill of the EnKF experiments to that
of 4D-Var for the 500-hPa geopotential forecast. Even

VOLUME 148

with all-sky assimilation, the EnKF has a consistent
degradation of performance of 5%–10% through much
of the forecast range. In the stratosphere the gap in
forecast performance is even larger (20%–50%; not
shown), consistent with the larger background departure standard deviations seen in Fig. 15. The impact of
adding all-sky assimilation is a step along the way to
matching 4D-Var, apparently improving forecasts by
around 5% at day 2. However, larger improvements can
be made by changing the ensemble size, as already seen
by Hamrud et al. (2015). This is confirmed by increasing the ensemble size from 50 to 100 in the current
work, leaving all other parameters unchanged from the
50-member experiment with the spread-multiple error
model. The results in Figs. 14–16 show a significant improvement in analysis and forecast skill with the increase in ensemble size. The use of 100 members also
reduces standard deviations of the analyzed and shortrange forecasts fields of temperature and meridional
wind in the stratosphere, by up to around 10% (not
shown). This suggests that the additional members also
help reduce the possibly spurious stratospheric gravity
wave activity seen in the 50-member versions of the EnKF.
We have seen that increments are larger in the EnKF
than in 4D-Var (Fig. 10) but the analysis and forecast fits
to observations are worse (Fig. 15). It must be emphasized that in an ideal world more effort could have been
invested in optimizing the performance of the EnKF. It
might be possible to improve the analysis fit to observations by tuning the relative observation errors (since
the 4D-Var defaults were used for the non-all-sky observations) or the implied background errors (through
changes to localization and inflation parameters). A
possible explanation may be the excessive increments
resembling gravity waves, particularly in the upper troposphere and stratosphere (Fig. 10). Increasing the ensemble size may partially address this by reducing
spurious correlations and by reducing spurious variability in the background error standard deviations.
There might be cheaper ways to smooth and/or filter
either the implied covariances or the increments.
However, with current approaches and in a pure
EnKF context, this work further confirms that ensemble sizes of at least O(100) are needed to obtain
good results with global NWP systems using contemporary observing systems.

5. Conclusions
We have presented a comprehensive examination of
all-sky radiance assimilation within an ensemble Kalman
filter. The advantages of this study over previous work are
that (i) it uses a framework that is close to operational
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FIG. 14. Standard deviation of the normalized (a) analysis and (b) background (FG) ATMS
brightness temperature departures in some of the EnKF experiments, normalized with respect to the departures in the all-sky 4D-Var experiment. Values above 100 indicate worse
performance with respect to the 4D-Var.

quality for global weather forecasting; (ii) it assimilates a
full suite of all-sky microwave observations from 8 sensors, globally over ocean, sea ice and land scenes; (iii)
most experiments have been run for 3 months duration to

allow statistical significance testing. We sought to understand whether the assimilation of all-sky observations
might challenge the linear and Gaussian restrictions of the
pure ensemble approach. We also wanted to understand

FIG. 15. Standard deviation of normalized (a) analysis (b) background radiosonde temperature departures, normalized with respect to the departures in the all-sky 4D-Var
experiment.
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FIG. 16. Normalized change in RMS error in the (left) southern and (right) northern extratropics of the 500-hPa geopotential forecast for EnKF experiments with respect to the allsky 4D-Var experiment. Values above the zero line indicate worse performance with respect
to 4D-Var. Error bars indicate 95% confidence levels. Verification is against its own analysis.

whether ensemble systems can make practical use of the
tracing effect, which enables the extraction of indirectly
observed information, particularly winds, from all-sky
observations sensitive mainly to humidity, cloud and precipitation. This mechanism is thought to provide much of
the benefit of all-sky observations to medium-range forecast scores in 4D-Var (Geer et al. 2017, 2018). Further, the
ability of incremental 4D-Var to make use of nonlinear
and non-Gaussian observations is also considered a major
advantage (Bauer et al. 2010; Bonavita et al. 2018).
We compared versions of the IFS using the EnKF
and a 4D-Var using static background error covariances
and a 6-h assimilation window (this is a cleaner comparison than against the hybrid background errors and
12-h assimilation window used in operations). The increments generated from all-sky observations had similar
patterns in the EnKF and in 4D-Var with correlations
between them of around 0.3 in temperature, divergence
and vorticity, and around 0.4–0.5 in specific humidity
(when identical backgrounds were used). Further, the
impact of adding all-sky observations on medium range
forecast errors was around 2%–4% in both EnKF and
4D-Var (consistent with results at the full operational
4D-Var resolution, Geer et al. 2017). The generation of
wind increments confirms the expectation from studies,
with more limited assimilation systems, that an EnKF is
also perfectly capable of generating wind tracing from
constituents like water vapor (e.g., Allen et al. 2015) and
also from cloud and precipitation observations (e.g., Lien
et al. 2016).
The ensemble correlations in the EnKF reveal the
unique information content brought by all-sky microwave observations, particularly their strong indirect
sensitivity to the wind field. Typical temperature-sounding
microwave channels assimilated in clear-sky conditions

have broad correlations in the vertical (e.g., the whole
troposphere) and horizontal (out to 500 km) and relatively
weak but distant wind correlations. In contrast the watervapor sounding and imaging channels that are assimilated
in all-sky conditions have sensitivities that are more localized (to perhaps half the troposphere, and to 200 km
horizontally) but they have stronger sensitivity to wind.
Although there are known advantages of incremental
4D-Var for handling strongly nonlinear observations such
as all-sky microwave radiances, the linearity inherent in the
standard EnKF does not appear to block doing successful
all-sky assimilation in a high quality EnKF. Further, the
relatively compact ensemble correlations associated with
all-sky microwave observations is likely to make it easier
to implement them in an EnKF framework. Our results
back up the generally positive results in the literature
demonstrating all-sky assimilation mainly in shorter EnKF
experiments with less extensive observing systems. It must
be noted, however, that cycling the assimilation every 6 h
(instead of the customary 12 h used at ECMWF) and
using a 4D-Var test configuration with much closer
matching of outer-inner loop resolution than that used in
operations, has likely reduced the impact of nonlinearities and non-Gaussian effects in our experiments. More
generally, efficiently dealing with nonlinearities and the
resulting non-Gaussian effects in operational NWP can
be achieved through more frequent analysis updates, repeated relinearizations in the analysis algorithm [outer
loop mechanism in 4D-Var; iterated EnKF: e.g., Evensen
(2018) and references therein], or a combination of the
two. The algorithmic solution of choice will likely be
dictated not simply by the absolute accuracy but also
by other aspects which are important in an operational
context (e.g., computational efficiency, time to solution,
and scalability on available computing architectures).
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The similarity of results in the EnKF also extends to a
problem that has affected the IFS 4D-Var for many
years: it is difficult to moisten the analysis, particularly to
create cloud and precipitation when required (e.g., Geer
et al. 2010). In the EnKF this might be explained by the
zero-gradient problem or in 4D-Var it might be difficulties propagating moistening increments through the
TL and adjoint models, or by the suppression of moistening increments in the humidity control variable. A
more general explanation might come from the boundedness of the moist variables and the observations we
have of them (e.g., Hólm et al. 2002; Geer and Bauer
2011; Bishop 2019). Humidity, cloud and precipitation all
have a lower bound of zero and an upper bound set by
100% relative humidity in one case and by the processes
of condensation and precipitation in the other. Whatever
the explanation, there remains a general problem in
creating (rather than destroying) cloud and precipitation
in current operational data assimilation methods.
A substantial effort was needed to get the EnKF
working with all-sky observations. We obtained around
1% better results (in terms of short-range forecast
quality measured against other observations) by reducing
the vertical and horizontal localization scales compared
to those used for clear-sky radiances and conventional
observations (from 2.0 to 1.6 times the scale height, and
from 2000 to 1000 km). The choice of error model had an
even larger influence on the short-range forecast quality.
In addition to testing the commonly used symmetric observation error model, which degraded tropospheric temperature forecasts at short range in our experiments, we
proposed two new possible observation error models for
use in an ensemble Kalman filter framework (note that
observation error correlations are not yet considered, only
variances). First is a ‘‘nonlinearity’’ approach based on the
consistency, in observation space, between the ensemble
mean and the unperturbed control forecast. The second
new model assigns observation error as a multiple of the
prior spread in observation space, assuming that the major
error in cloud and precipitation-affected observations is an
error of representation and/or model error with similar
characteristics to the background error. The key distinctions of these new error models as compared with the
symmetric approach are that (i) they do not rely on the
observation, but rather on the background ensemble,
to inflate the observation error in the presence of cloud
and (ii) they take account of the presence of cloud in
any of the ensemble members, rather than just in the
ensemble mean or control forecast.
The ‘‘spread multiple’’ model worked best in these
tests, for example allowing all-sky observations to make
a 1.5% improvement in fit to ATMS channel-6 observations (a channel with mid tropospheric temperature
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sensitivity) as compared to 1% improvement in the
next-best model, the nonlinearity approach, and a 0.2%
degradation with the symmetric error model. However,
we did not have a chance to explore all the possible refinements to these models. For example, the ‘‘nonlinearity’’ error model was tested with its tunable parameter
a 5 1.0, which give it the smallest observation errors in
cloudy situations compared to the other two models, so
it may have been overfitting cloudy observations in some
situations. The most successful error model, the spread
multiple, generated total errors that were significantly
larger than the standard deviation of the ensemble mean
background departures. This would likely have compensated for suboptimalities in the data assimilation,
either from nonlinearity or non-Gaussianity affecting
the EnKF, or the effect of observation error correlations
that have not been fully accounted for (common to all
configurations here). Further work is needed to see
whether differences between the models are fundamental or result from different levels of tuning. Further,
the weighting parameters should not be globally constant, but should vary depending on the channel.
There remains great interest in seeing whether ensemble data assimilation (concentrating here specifically
to the use of ensemble correlations to propagate background errors through the assimilation time window)
can start to challenge the quality of global forecasts
made using 4D-Var (which uses TL and adjoint models
to propagate background errors). However, adding allsky assimilation is beneficial but does not change the
conclusions of Hamrud et al. (2015). In the troposphere,
the 50-member EnKF is still around 5%–10% worse
than 4D-Var. A further and bigger improvement in the
quality of the EnKF, of around 5%, comes from increasing the ensemble size from 50 to 100 members,
consistent with results from many other studies. This
brought the EnKF to within 2%–5% of the 4D-Var
performance in the troposphere. Here we have compared EnKF to 4D-Var with a static (i.e., climatological)
background error covariance. In practice, operational
ensemble and 4D-Var systems use hybrid configurations,
which do better than the individual components (e.g.,
Bonavita et al. 2015). It would be hard to extrapolate from
our results to say whether an improved EnKF could be part
of a system that would challenge the current IFS hybrid
4D-Var. Lorenc and Jardak (2018) have shown that the use
of TL and adjoint models in variational assimilation continues to outperform the use of ensemble correlations.
A remaining issue with the IFS EnKF is poor performance in the stratosphere (Hamrud et al. 2015;
Bonavita et al. 2015). This is not directly related to allsky assimilation. However the fitting of observed mesoscale (e.g., order 500 km) gravity waves appears a
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necessary part of both the EnKF and 4D-Var analysis in
many places, for example around active weather systems
in the midlatitudes in the upper troposphere. When assimilating just all-sky observations, these gravity wave
increments are similar in EnKF and 4D-Var, and are
thought to be beneficial. However, other gravity waves
generated by the EnKF using the full observing system
appear spurious by comparison to 4D-Var, particularly
in quieter areas of the upper-troposphere and throughout the stratosphere. These gravity waves may be responsible for degrading the background fits of the EnKF
to temperature-sensitive observations, which are 10%–
30% worse than 4D-Var in the stratosphere. The EnKF
increments were also generally larger (by up to 60% in
the troposphere) and were made on slightly smaller
spatial scales than in 4D-Var. Adding ensemble members mitigated this but it might be an expensive way of
addressing the problem. The stratospheric observing
system is dominated by nadir sounding microwave observations which sample the atmosphere over deep
vertical layers. Vertical covariance localization probably
limits the amount of information that can be extracted
from these observations, although new techniques have
been proposed to address this (e.g., Bishop et al. 2017;
Mitchell et al. 2018; Lei et al. 2018; Shlyaeva et al. 2019).
However there are deep stratospheric error modes in
the IFS that are connected to slowly evolving model
biases, and hence cannot be effectively represented by
the ‘‘errors of the day’’ of the EnKF (or any other online
ensemble data assimilation system). Normal mode initialization could also be helpful (e.g., Allen et al. 2015).
More generally, our assessment of the quality of the
EnKF can never be definitive as (given sufficient time)
there may be many ways to move forward.
A final factor is cost. Even if a system is affordable for
operations, the development of high-quality operational
forecast systems relies on plentiful experimentation. It is
not just a matter of ‘‘inspiration’’—major developments
like the move to 4D-Var, the introduction of hybrid
background error covariances, or the ability to use
cloudy and precipitating observations—but also of
‘‘perspiration,’’ the everyday grind of finding useful incremental improvements by running thousands of exploratory
experiments over many years. We have not been able to
fully explore the possible space of improvements that could
make the EnKF more competitive because our EnKF
configuration is approximately 3 times more costly than
4D-Var with static error covariances. An additional practical issue on the ECMWF supercomputer was the use of
a 6-h assimilation window exposed our experiments
to 2 times as much queueing time as a 12-h window
assimilation experiment, compounding the problem.
Experimentation would have been harder still had we
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used a 100-member ensemble throughout. Hence an argument against further development of the EnKF version
of the IFS (or, more generally, any pure ensemble-based
analysis algorithm) would be the reduced amount of
routine exploratory experimentation that could be
afforded to scientists seeking to improve the system.
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