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ABSTRACT

An Observing System Simulation Experiment (OSSE) system has been implemented at the National
Oceanographic and Atmospheric Administration Earth Systems Research Laboratory in the US as part of
an international Joint OSSE effort. The setup of the OSSE consists of a Nature Run from a 13-month free run
of the European Center for Medium-Range Weather Forecasts operational model, synthetic observations
developed at the National Centers for Environmental Prediction (NCEP) and the National Aeronautics and
Space Administration Global Modelling and Assimilation Office, and an operational version of the NCEP
Gridpoint Statistical Interpolation data assimilation and Global Forecast System numerical weather prediction
model. Synthetic observations included both conventional observations and the following radiance observa-
tions: AIRS, AMSU-A, AMSU-B, HIRS2, HIRS3, MSU, GOES radiance and OSBUV. Calibration was
performed by modifying the error added to the conventional synthetic observations to achieve a match between
data denial impacts on the analysis state in the OSSE system and in the real data system. Following calibration,
the performance of the OSSE system was evaluated in terms of forecast skill scores and impact of observations
on forecast fields.

Keywords: observing system simulation experiment, data assimilation, numerical weather prediction

OSSE was initiated to share resources for the creation of an
updated OSSE system following the previous global OSSE
effort developed in the 1990s (Masutani et al., 2010).

An OSSE consists of several components: a representa-
tion of the atmosphere called the Nature Run that plays the
role of truth, usually a long, free numerical model forecast;

1. Introduction

Observing System Simulation Experiments (OSSEs) are
modelling studies used to evaluate the potential benefits of
new observing system data in numerical weather predic-
tion. An OSSE can be performed prior to the development
of the new observing system, so that the results of the study
may help to guide the design and implementation of the
new system. As part of a collaborative Joint OSSE between
many different institutions, an OSSE framework has been

synthetic observations that are extracted from the Nature
Run fields for all existing and proposed observing systems;
and a numerical weather prediction model and data assimi-
lation system used for experimental forecasts. A diagram of

developed and implemented at the National Oceanographic
and Atmospheric Administration (NOAA) Earth Systems
Research Laboratory (ESRL) in support of the NOAA
Unmanned Aircraft Systems (UAS) Programme. This Joint
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the OSSE process is illustrated in Fig. 1. The European
Centre for Medium-Range Weather Forecasts (ECMWF)
created the Nature Run for the Joint OSSE using their
operational forecast model in a 13-month integration.
Synthetic observations have been developed both at the
National Centre for Environmental Prediction (NCEP)
and at the National Aeronautics and Space Administration

(NASA) Global Modelling and Assimilation Office

Tellus A 2013.  © 2013 N. C. Privé et al. This is an Open Access article distributed under the terms of the Creative Commons Attribution-Noncommercial 3.0 1
Unported License (http://creativecommons.org/licenses/by-nc/3.0/), permitting all non-commercial use, distribution, and reproduction in any medium, provided

the original work is properly cited.

Citation: Tellus A 2013, 65, 19011, http://dx.doi.org/10.3402/tellusa.v65i0.19011

(page number not for citation purpose)


http://www.tellusa.net/index.php/tellusa/article/view/19011
http://dx.doi.org/10.3402/tellusa.v65i0.19011

2 N. C. PRIVE ET AL.

Operational forecasts

. observation
Reality
OSSE
Nature | interpolation/” gy pninetic
Run data

Fig. 1.

(GMAO). The forecast model used for the ESRL OSSE is
the Global Forecast System (GFS) with the Gridpoint
Statistical Interpolation (GSI) data assimilation package
(DAS; Kleist et al., 2009).

The synthetic observations are ingested by the GSI data
assimilation system, and observation impact may be calcu-
lated by comparing forecasts that include or exclude
particular types of observations. The OSSE may also be
used to investigate how data assimilation systems use
different types of observations; because the ‘truth’ is fully
known for the OSSE, evaluation of observation impact may
be calculated in ways not possible with real observations.

Early attempts at OSSEs suffered from identical and
fraternal twin problems, in which the same or very similar
model(s) were used for both the Nature Run and forecast
experiments (Arnold and Dey, 1986). These identical twin-
model experiments suffer from insufficient model error that
may bias conclusions about data impact, as described by
Atlas et al. (1985). OSSEs have become more sophisticated
over the past two decades as computing resources and
model complexity have increased. OSSEs conducted at
NASA’s Goddard Laboratory for Atmospheres (Atlas,
1997; Atlas et al., 2001) were used to develop the
methodology that led to the first beneficial impacts of
satellite surface winds, as well as to evaluate the relative
impact of temperature, wind and moisture data, the
potential impact of a variety of space-based instruments
and trade-offs in instrument design.

More recently, a Joint OSSE collaboration using a
I-month Nature Run from ECMWF yielded a number of
OSSE studies for Doppler wind lidar (Marseille et al., 2001;
Stoffelen et al., 2006; Masutani et al., 2010). OSSEs have
also been conducted using a 3-month NASA generated
Nature Run to evaluate the impact of wind lidar data on
hurricane prediction (Atlas and Emmitt, 2008). By using an
OSSE with an ensemble Kalman filter data assimilation
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Schematic diagram of ESRL OSSE components (bottom) versus real operational forecasting procedure (top).

system, Otkin et al. (2011) demonstrated the potential of an
array of ground-based remote sensing boundary-layer
profiling instruments to improve the accuracy of winter-
time atmospheric analyses over land. Yussouf and Stensrud
(2010) applied a similar approach to study the impact of
phased array radar observations on very short-range
prediction of severe thunderstorms. The current OSSE is
a significant improvement in both the length and quality
of the Nature Run, with more sophisticated synthetic
observations than in previous global OSSEs.

It is necessary to calibrate the OSSE to ensure that the
behaviour of the system is sufficiently similar to the real
world for the results of the OSSE to be meaningful. In
previous OSSEs, calibration metrics have included com-
parison of statistics of observation minus analysis and
observation minus background for the OSSE vs. real data
(Stoffelen et al., 2006) and comparison of observation
impact through data denial experiments (Masutani et al.,
2006; Atlas and Riishojgaard, 2008). In most OSSE studies,
the calibration process was not used iteratively to improve
the performance of the OSSE system, but in the current
OSSE, the calibration process was used to adjust the OSSE
system to attain more realistic results.

This paper describes the OSSE framework developed at
ESRL and discusses the performance of the OSSE system
along with the results of data denial experiments used to
calibrate the OSSE system. Section 2 describes the compo-
nents and overall set up of the OSSE, along with the
calibration procedure. Evaluation of the performance of
the OSSE system is discussed in Section 3. Discussion of
the OSSE implementation process and uses of the OSSE
system for exploration of the behaviour of data assimila-
tion systems is given in Section 4. Results of experiments
testing new observing systems will be addressed in future
manuscripts.
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2. OSSE setup

The process of performing an OSSE consists of several
components: generation and evaluation of a Nature Run;
generation and calibration of synthetic observations from
the Nature Run; and experiments with new observation
types and/or assimilation methods using a second forecast
model. These experiments are then verified against the
Nature Run.

2.1. Nature run

A Nature Run is a long, free forecast from a numerical
weather prediction model; this plays the role of ‘truth’ for
the OSSE. The Nature Run must be evaluated to determine
whether the behaviour of the model is sufficiently similar to
the behaviour of the real atmosphere, particularly in terms
of spatial and temporal variability. Unlike the real atmo-
sphere, the entire state of the Nature Run is known and
is used to verify the results of the OSSE experiments.
The Nature Run fields are also used as a basis from which
synthetic observations are drawn.

The Nature Run was generated by ECMWF using their
operational forecast model version ¢31rl, in a free run from
1 May 2005 to 31 May 2006 at TS511 [approximately 45 km
using an equal-area estimation (Laprise, 1992)] resolution
with 91 vertical sigma levels and output at 3-hour intervals.
This model version is similar to that used to generate the
ERA-Interim re-analysis (Dee et al., 2011). Boundary
conditions for sea surface temperature and sea ice were
taken from the 2005-2006 archived dataset. The model
output is available both on a reduced Gaussian grid at
N256 with 1024 points at the equator on all sigma levels,
and as a ‘quick-look’ 1° by 1° low-resolution dataset on
31 pressure levels for convenient data evaluation. The
general circulation, tropical and mid-latitude waves, and
tropical cyclones in the Nature Run have been investigated
(Reale et al., 2007; McCarty et al., 2012), and the behaviour
of the Nature Run has been found to be sufficiently
realistic overall.

2.2. Forecast model

The forecast model used for experiments should be different
from the model used to generate the Nature Run. If the
same model or similar model versions are used for both the
Nature Run and the forecast experiments, the forecasts will
have insufficient model error growth and will evolve too
closely to the Nature Run. Even when a completely different
model is used for the forecast experiments, it is possible that
the forecast model may behave more similarly to the Nature
Run model than to the real atmosphere.

The numerical weather prediction model chosen for the
experimental forecasts is the GFS with the GSI DAS. Both
the model and DAS are from the February 2007 opera-
tional version from NCEP. The resolution of the GFS used
here is T382 (approximately 60 km) with 64 vertical levels
for experimental forecasts and T126 with 64 vertical levels
for calibration experiments.

2.3. Synthetic observations

Simulated observations are extracted from the Nature Run
fields for all data types that are currently ingested into the
operational forecast model as well as for the proposed new
data types. Ideally, the synthetic observations would be gen-
erated by careful simulation of all aspects of the observing
system — i.e. by ‘flying’ satellites through the Nature Run
with full inclusion of cloud effects and satellite orbits,
and by calculating the advection of rawinsondes. In
practice, some compromises are necessary when generating
simulated observations. To create realistic synthetic ob-
servations, instrument and representativeness errors must
be added to the observations. It should be noted that some
degree of representativeness error is inherent in observa-
tions simulated from a high-resolution Nature Run and
subsequently assimilated in a lower resolution forecasting
experiment.

The basic method of generating synthetic observations
for existing observational data types consists of interpolat-
ing Nature Run fields at times and locations of archived real
observational data from the corresponding time period. For
example, the synthetic observations for 25 July 00Z are
based on the archived operational dataset from 25 July 00Z
2005. This retains a realistic distribution of observations in
time and space with relatively little computational expense,
but also introduces some potential discrepancies into the
synthetic dataset. For example, the cloud distribution in
the real world differs from that in the Nature Run, so
observations such as cloud-derived wind vectors will be
mismatched to the cloud distribution in the Nature Run.
Similarly, real world rawinsonde profiles will have signifi-
cant levels that are not representative of the Nature
Run vertical structure. Aircraft tracks that reflect current
weather patterns represent another discrepancy when
applied on the Nature Run atmosphere.

Two synthetic observation datasets were developed from
the Nature Run, one at GMAO/NASA, the second at
NCEP/NOAA. The ESRL OSSE set up utilises the NCEP
conventional dataset and both of the available radiance
datasets. The two datasets are similar, both relying on
an interpolation of relevant variables from Nature Run
grids to observation locations. The main difference in the
two conventional dataset occurs at or near the earth
surface where NCEP extrapolates values to the observation
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topography, whereas GMAO uses the Nature Run topo-
graphy to redefine the observation vertical locations.

Interpolation of the Nature Run fields was performed
with first a bilinear horizontal interpolation, followed by a
linear temporal interpolation, and then a log-linear inter-
polation in vertical pressure. One caveat of linear temporal
interpolation is that non-stationary features, such as
tropical cyclones, baroclinic lows and fronts, tend to be
‘smeared’ by the interpolation, with less accurate interpola-
tion for faster-moving structures. Because of this, care
should be taken when performing an OSSE to first evaluate
whether specific phenomena of interest are adequately
temporally sampled to be represented accurately in the
OSSE.

The radiance observations for AMSU-A, AMSU-B,
AIRS, HIRS-2, HIRS-3 and MSU generated by GMAO
are described in Errico et al. (2013). The brightness
temperatures were calculated from the Nature Run fields
along vertical profiles using the Community Radiative
Transfer Model (CRTM) version 1.2. Ideally, a completely
different radiance scheme would be used for the forecast
model compared to the generation of the synthetic observa-
tions, but the GSI employed the CRTM version 1.1. The
dissimilarity in the CRTM versions results in synthetic
radiance observations that are not perfectly interpreted
when ingested into the GSI. The archived radiance dataset is
thinned prior to generation of synthetic observations to
reduce computational expense, although less thinning is
applied than occurs within the GSI assimilation process.
A simple treatment of clouds is used for calculations of
infrared observations, using the cloud cover fraction of
low-, high- and mid-level clouds from the Nature Run. Due
to difficulties in generating microwave observations that are
affected by surface emissivity over land or sea ice, observa-
tions for AMSU-A channels 1-6 and 15, AMSU-B channels
1-2, and MSU were assigned missing values over land or
sea ice.

The simulation of radiance data at NCEP is very much
the same as at GMAO except a different approach is taken
in thinning the simulated datasets. Instead of attempting
to explicitly account for cloudiness and cloud-affected
radiances, the NCEP dataset used the operational thinning
as recorded in diagnostic files from the GDAS assimilation
cycle to locate footprints and channels to be simulated for
the OSSE experiments. It could be pointed out this method
contains the same discrepancy as was described regarding
characteristics of rawinsondes, cloud winds and aircraft
data that are not consistent with the Nature Run back-
ground. On the other hand, having an identical observation
template helps to account for incidents such as data
outages of particular observation types that can affect
observation impact calculations.

In addition to radiance-based satellite datasets simulated
in the NCEP project, the SBUV ozone retrievals of layer
ozone amounts were simulated. A simple conversion is made
from Nature Run ozone mixing ratio profiles to OSBUV
retrieval layer ozone quantities to simulate this data source.
OSBUV data are assimilated as retrieved profiles. GOES
radiance observations were also generated for the NCEP
radiance dataset, but are not included in the GMAO dataset.

Observation errors were added to the perfect synthetic
data to introduce both instrument and representativeness
errors using an early version of the methods described in
detail by Errico et al. (2013). Random errors were generated
from a normal distribution with mean of zero and SD
specified per observation type. The errors for conventional
data types were uncorrelated with the exception of sounding
observations, for which vertically correlated errors were
generated. Most radiance observation errors are horizon-
tally correlated, with the exception of GOES radiance and
OSBUYV (ozone) observations. The errors differ from those
described in Errico et al. (2013) as follows: satellite wind
errors including both feature-tracking winds and scatte-
rometer winds are uncorrelated; satellite radiance errors are
generated using the GSI error tables and are not refined for
individual channels; satellite radiance correlation lengths
are not calibrated. The impact of using uncorrelated rather
than correlated errors for radiance observations is discussed
in detail by Errico et al. (2013).

2.4. Calibration

As the Nature Run is not a perfect representation of the real
atmosphere, and the synthetic observations are likewise not
perfect representations of real observations, it is not
expected that the data impact of the synthetic observations
in the OSSE system will be identical to the data impact of
real observations. In the calibration process, the added
synthetic observation errors are adjusted so that the
statistical behaviour of the synthetic observations in the
forecast model and data assimilation system is as similar as
possible to the statistical behaviour of real observations.

A different approach to calibration is taken in compar-
ison to previous OSSEs. Instead of only using the calibra-
tion to inform the interpretation of the OSSE results
(as described by Atlas, 1997), an iterative process was
used to modify the observation error in order to ‘tune’ the
data impact on the analysis field in the OSSE system. The
analysis impact of the conventional synthetic observations
is adjusted by altering the random errors, which are applied
to the perfect synthetic data. The SDs of random errors with
Gaussian distribution are changed as a function of pressure
for conventional observations. The starting values of the
error SDs for the iterative process are the observational
error variances used by GSI during assimilation.
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Ideally, the observation impact on the forecast skill
would be used to tune the system, as it is this impact that is
often of primary interest when performing an OSSE. There
are several impediments to this approach, however. Fore-
cast skill and predictability is highly variable in time, so
that a lengthy period of forecasts would be required to
conduct a definitive comparison between the OSSE and
real data. Model error plays a large role in medium-range
forecast skill, and discrepancies in the relative model error
between the forecast model and the Nature Run compared
to the model error between the forecast model and the real
world can be very important. One way to help evaluate the
OSSE performance regarding forecast skill and observation
impact would be to run a series of ensemble forecasts with
data denial experiments for both real data and the OSSE
over several months. The ensemble spread of forecast skill
compared between the OSSE and real data would help to
indicate differences in model error. These forecast skill
calibrations would be extremely computationally expensive
and are beyond the currently available resources.

Another difficulty with using the forecast skill for tuning
the OSSE is that modifying the observation error char-
acteristics may not be an effective method of altering the
observation impact on medium-range forecasts. The growth
of model error may be unrealistic in an OSSE, in both large
scale error growth and in error growth of specific processes.
Depending on the particular discrepancies in model error in
the OSSE compared with real data, some types of observa-
tions may demonstrate incorrect observation impacts as a
result. Attempting to tune the observation errors in order to
adjust the forecast impact when the model error growth is
actually at fault, may result in overcompensation or
insensitivity of the observation impacts to observation
errors. It is not clear that a tuning method is possible
wherein all possible metrics of interest can be simulta-
neously tuned in an acceptable fashion. The solution chosen
here is to select a metric that can be tuned with moderate use
of resources. After completion of the tuning process, the
OSSE performance is then evaluated for a longer period for
metrics of forecast skill and observation impact. It is hoped
that the chosen tuning metric will also result in acceptable
OSSE behaviour for these additional metrics.

While the synthetic errors are altered during calibration,
the background and observation error variances used by
GSI are not changed. As a result, the relative weighting of
the observations and background fields (i.e. the gain K) is
unchanged during the calibration process and matches the
weighting used by the operational GSI. Using standard
notation, the analysis state x, is calculated as

Xq :xb+K[yo7H(xb)} (1)

where x, is the background state, y, are the observations,
and H is the operator that transforms the background state

into observation space. Since y, can be considered the sum
of the ‘perfect’ observation and the observation error, the
gain acts on both the perfect observation and the observa-
tion error. Using a 6-hour forecast from the previous cycle
as the background state, it has been found (Errico et al.,
2013) that x, is relatively insensitive to changes in y,, and
thus x, can be manipulated by changing the observation
error.

A rapid calibration method was used to perform
preliminary calibration and tuning of all conventional
data types. Archived real data from the same period as
the Nature Run were used for verification — these data have
the same temporal and spatial distribution as the synthetic
observations. The analysis impact is considered here as the
global root-mean-square difference between the control
analysis and the data denial analysis:

L W J(dy — A" cos g o

47

where [, is the analysis impact, A, is the data denial
analysis field, A. is the control case analysis field, ¢ is
latitude and A is longitude. In these cases, 2-week data
denial experiments were performed for groups of similar
observation types for the period 1 July to 15 July 2005
using a lower resolution of the GFS at T126 (approxi-
mately 180 km resolution). This reduced resolution was
chosen to expedite the calibration process due to the large
number of extended model experiments needed for calibra-
tion while retaining adequate representation of long-wave
behaviour in the forecasts. The analysis impact rapidly
increases during the first few days as the system adjusts to
the sudden removal of an observation type, and then
asymptotes to a steady value after the first week. Examina-
tion of the analysis impact over longer 6-week calibration
runs shows that the impact remains at this steady value
over the entire period, except for short periods in the event
of data outages. The steadiness of the analysis impact
metric indicates that the short 2-week period is sufficient
for the purposes of tuning the OSSE.

To tune the observation error variances, the OSSE
analysis impact was compared to the real data analysis
impact for the same time frame, and the synthetic error
variances were adjusted to nudge the analysis impact of the
synthetic data types toward the real data analysis impact.
In general, (de)increasing the error SD resulted in an
(de)increase in analysis impact as will be discussed in the
next paragraph, although in some instances the analysis
impact was insensitive to the observation error. A new set of
synthetic observations with the adjusted errors was gener-
ated and used for a new data denial case. This cycle of error
adjustment and data denial experiments was repeated until
the analysis impact of the synthetic observations matched
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the real data analysis impact as closely as possible. In some
cases, the synthetic data analysis impact could not be
adjusted to match the real data analysis impact at all (or
any) vertical levels; this was most common at levels near
the surface where differences in the real and Nature Run
topographies are important, and near the tropopause where
conventional observations are often sparse.

The analysis impact is expected to increase when the SD
of the applied observation errors increases because the
ingestion of larger errors results in a control analysis field
that has larger deviations from the data denial analysis
field. Only when the observation error is large enough to
cause removal of the observation due to quality control will
the analysis impact decrease with increasing observation
error as more observations are removed by quality control
in the DAS. Thus, analysis impact is a measure that does
not discriminate between improvements and degradations
of the analysis field due to ingestion of an observation type.

Observational errors for radiance data were not adjusted
in the same manner as the conventional observations, the
error covariances used for the radiance data match those
employed by the GSI. The error SD for radiance observa-
tions was assigned per satellite channel, and initial tests
of adjustments to the error statistics showed that the
analysis impact of satellite data was much less sensitive to
the magnitude of uncorrelated observational errors than
the conventional observations. This insensitivity was due
to the use of uncorrelated errors in the initial calibration
tests, greater sensitivity is expected for correlated errors
that were added to the final radiance observation dataset.
The impacts of correlated errors are discussed in detail by
Errico et al. (2013). The only exceptions to this were
OSBUV and GOES radiance observations, which were
excluded from the GMAO dataset; for these observation
types, uncorrelated errors with SDs taken from the GSI
operational tables were used. Due to time constraints,
iterative calibration of the applied errors of radiance
observation was not attempted.

2.5. Calibration effects

Adjusting the observation error during the calibration
process affects the quality of the background and analysis
fields as well as the quality of the observations. Observa-
tion minus forecast (O — F) statistics give an indication of
the disparity between the observations and the model fields
in a metric that combines the growth of error during
forward integration of the model with the observation
errors. Figure 2 illustrates the statistics of observation
minus analysis (O — A4, green symbols), observation minus
background (O — B, red symbols), as well as observation
minus the 24-hour forecast (O — F»4, dark blue symbols)
and observation minus 48-hour forecast (O — Fyg, cyan

symbols) before and after the calibration procedure for
rawinsondes; Fig. 3 shows similar results for aircraft data
types. Each panel in Figs. 2 and 3 compares the RMS for
real data (abscissa) with the RMS for the OSSE (ordinate);
each symbol plotted represents the global root-mean-
square difference between the observations and forecast
field for one cycle time at a particular vertical level. Ideally,
the data points would be scattered symmetrically about the
line x =y in the calibrated system.

Prior to calibration, it is noted that the RMS for O —F
are generally lower in the OSSE compared to the real data
statistics, indicating that either or both the observation
error or the forecast error is too small. By increasing the
observation error variance during the calibration process,
both the observation and forecast errors are increased, but
the forecast error tends to increase at a slower rate than the
observation error, as some of the observation error is
diminished during the assimilation process and forward
model integration. As a result, the RMS O — F for the OSSE
tend to increase when the observation errors are increased.

The changes in the RMS O — F due to calibration of the
observation errors show mixed results. For some observa-
tions, such as RAOB humidity data, the RMS O —F is
improved by calibration, with the calibrated OSSE RMS
O — F showing similar distribution to that of real RMS
O —F in the middle and upper troposphere. The lower
troposphere and near-surface RMS O — F were not strongly
affected by the calibration process, as was also noted during
calibration of the analysis impact. In some cases, the
calibrated O — F RMS is larger than for real data, such as
for RAOB wind observations in the middle and lower
troposphere and for aircraft temperature and wind data.
When the calibrated O — 4 RMS is much higher than for
real data, this indicates that the observation error is
overinflated in order to compensate for other deficiencies
in the OSSE. These deficiencies could include insufficient
model error and incorrect spatial or temporal correlations
of observation error.

The RMS O — A has the lowest values, with RMS of
O — B and O — F»4 being of similar magnitude for both real
data and the OSSE. The RMS O —F4s has the largest
values, as expected. For the data that has RMS O —4
distribution close to that of real data, the growth in RMS
O —F with forecast time occurs at a similar rate in the
OSSE compared to real observations. However, in cases
where the calibrated OSSE data have RMS O — A4 that is
significantly larger than for real data, the change in RMS
O — F with forecast time is slower in the OSSE than for real
data. This is most clearly illustrated for aircraft observa-
tions, where the RMS O — 4 is too high in the calibrated
OSSE, but the RMS O — F,g is much closer to the real data
distribution. The uncalibrated OSSE aircraft data have a
faster growth of RMS O —F with forecast time. Only a
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Fig. 2. Comparison of real data and OSSE O — F statistics for rawinsonde observations, each symbol indicates the global RMS O — F for
a certain vertical level for 1d of the calibration period. Green symbols indicate O — A4, red symbols indicate O — B, dark blue symbols
indicate O — F for the 24 hour forecast and cyan symbols indicate O — F for the 48 hour forecast. Plus signs indicate the 1000 hPa level, open
circles the 850 hPa level, closed circles the 500 hPa level, open squares the 300 hPa level, closed squares the 250 hPa level, multiplication
signs the 200 hPa level, open diamonds the 150 hPa level, open triangles the 100 hPa level and closed triangles the 50 hPa level. (a, b) T126
OSSE prior to calibration, 5 July to 31 July 2005; (c, d) T126 OSSE after calibration, 5 July to 31 July 2005; (e, f) T382 OSSE after
calibration, 5 August to 31 August 2005.

fraction of the analysis error field experiences growth calibrated case grew at the same rate as the errors in the
during forward integration while other analysis errors are uncalibrated case, the O — F4g should also be higher in the
damped; if the additional analysis errors present in the OSSE than the real data. The net analysis error that grows
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certain vertical level for 1 d of the calibration period. Green symbols indicate O — 4, red symbols indicate O — B, dark blue symbols indicate
O — F for the 24 hour forecast and cyan symbols indicate O — F for the 48 hour forecast. Plus signs indicate the 1000—700 hPa range, open
circles the 700—-300 hPa range and closed circles the 300150 hPa level range. (a, b) T126 OSSE prior to calibration, 5 July to 31 July 2005;
(c, d) T126 OSSE after calibration, 5 July to 31 July 2005; (e, f) T382 OSSE after calibration, 5 August to 31 August 2005.

during the first 48 hours of the forecast does not appear to
be strongly impacted by increased observation errors added
during the calibration process, possibly because the ex-
plicitly added observation errors for aircraft data are
spatially uncorrelated, and the forward model integration
tends to filter and damp out uncorrelated errors more
readily than correlated errors.

The lower panels of Figs. 2 and 3 show the RMS O —F
statistics for the T382 cases for comparison with the T126
calibration experiments. The T382 results show more
scatter of the RMS O — F, but otherwise, the distribution
of RMS O — Fis very similar to the T126 cases. This result
implies that the calibration can be performed at lower
resolution and the results transferred to higher resolution.
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Although the radiance observation errors were not
iteratively calibrated, the statistics of O — F are shown for
AMSU-A and AIRS observations in the OSSE in compar-
ison to real data at both T126 and T382 resolution in Fig. 4.
For AMSU-A, the RMS O — 4, O — B and O — F distribu-
tions are generally in agreement between the real and OSSE
cases, with values close to the x =y line. Increasing the
resolution from T126 to T382 maintains this agreement, but
the RMS O —F values decrease for channels 11 and 14.
AIRS data show less agreement of O — F statistics between
the real and OSSE cases, with some channels having much
higher or lower RMS O —F in the OSSE. Particularly
notable are a few AIRS channels where the RMS O — F
appears to be nearly fixed at a low value in the OSSE with
much higher RMS O — F for the real data. Although there
are some badly mismatched channels for AIRS, the bulk
of the channels have RMS O —F that is symmetric
about x =y.
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Fig. 4.

2.6. Calibration verification

Following the ‘quick calibration’, extended data denial
cases were performed over a 6-week period to verify that
the tuning process was successful. These data denial cases
were performed both for the synthetic observations and for
archived real observations from the same time period so
that the OSSE behaviour could be compared with real data
impacts. Five data denial cases were selected for these
longer tests: RAOB, aircraft, AMSU-A, AIRS and GOES
radiance, which were compared to a Control case in which
all data types were included. The GFS/GSI was then cycled
at T126 from 1 July 2005 to 21 August 2005, and the
differences between the Control results (including all data
types) and the data denial cases were examined. The
evaluation of rawinsonde (RAOB) data impact was re-
peated at T382 resolution after calibration of the entire
conventional dataset for both real and synthetic data.

b) AIRS Brightness Temp
3.3 e
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2 gt |
1.8 - g
151
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G.31-
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2
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Comparison of real data and OSSE O — 4 and O — B statistics for AMSU-A and AIRS brightness temperatures, each symbol

indicates the global RMS O — 4 or O — B for a particular channel at 0000 UTC for 1d of the calibration period. For AMSU-A, the channel
colours are 1: black; 2: red; 3: green; 4: dark blue; 5: light blue; 6: magenta; 7: yellow; 8: orange; 9: purple; 10: yellow—green; 11: medium
blue; 12: dark yellow; 13: aqua; 14: dark purple; 15: grey. For AIRS, these colours are rotated though the channel sequence, with every
other channel plotted. O — 4 and O — B are plotted with the same symbol and colour for each channel, the O — A4 cluster has smaller RMS
than the corresponding O — B cluster. (a, b) T126 OSSE, 5 July to 31 July 2005; (c, d) T382 OSSE, 5 August to 31 August 2005.
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The RAOB impact was similar for the synthetic and real
data at T382, indicating that the calibration at T126 may be
used for higher resolution runs.

The analysis impact I, defined in eq. (2) is calculated for
the five observation data types tested in data denial
experiments; the results for global averages for the 15
July—20 August period are shown in Fig. 5. For horizontal
winds, the u and v wind vector components are used in a
combined metric in eq. (2). In general, the analysis impact
is similar for the real and OSSE systems, with the relative
ranking of impact from different observation types being
the same for most fields and levels. One major exception is
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Fig. 5.

AMSU-A, which has too little impact in the lower tropo-
sphere in the OSSE, with RAOB types reflecting greater
impact at these levels. This is most likely due to the
treatment of AMSU-A, where near-surface channels over
sea ice and land are omitted from the synthetic observa-
tions. The peak in aircraft analysis impact for wind and
temperature at the 200—300 hPa level is well-represented in
the OSSE system. GOES radiance has the smallest analysis
impact in both the real data and OSSE systems, but
the amplitude of the impact is somewhat too weak in the
OSSE. This may be due to the use of errors for GOES
radiances that are spatially uncorrelated; because the

b)
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Global observation impact on the analysis field as a function of pressure level from data denial cases, from 15 July to 15 August

2005. Left, real data cases; right, OSSE cases with GMAO radiance observations. Top, temperature 7" (K); centre, specific humidity ¢ (kg/
kg); bottom, horizontal wind (m/s). RAOB impact, open circles; Aircraft impact, filled circles; AMSU-A impact, open squares; AIRS

impact, filled squares; GOES radiance impact, crosses.



EVALUATION OF THE ESRL GLOBAL OSSE SYSTEM 11

analysis impact does not discriminate between beneficial
and detrimental impacts, the greater degradation of the
analysis field caused by the ingestion of correlated ob-
servation errors would result in an increase in the analysis
impact.

The spatial distribution of analysis impact is shown in
Figs. 6 and 7 for select fields at 500 hPa. The distribution of
analysis impact for the OSSE system shows gross agreement
with the distribution for real observations. The relative
impact over land vs. ocean, tropics vs. mid-latitudes vs.
Polar Regions, and Northern vs. Southern Hemisphere are
adequately represented overall. The AMSU-A analysis
impact in the OSSE has areas of reduced impact over
continents due to the omission of the channels that are
affected by the surface; this is not observed for real data.

There are some regions which show significant bias in the
OSSE system compared to real observations: RAOBs in
particular have a very large impact over Siberia in the OSSE
which is not seen for real observations, as well as slightly
greater impact across the tropics. The synoptic pattern in
the Nature Run during July—August (not shown) features a
strong ridge over eastern Europe and a persistent trough
over Siberia; this unusual pattern may contribute to the
anomalously large RAOB impact over eastern Asia. This
impact may be particularly large due to the lack of lower
tropospheric AMSU-A channels that might compensate in
the RAOB denial case. It is unlikely that differences in the
observation errors of the OSSE compared to real observa-
tion errors would cause such a localised, persistent anomaly;
if large RAOB errors were the cause, similar anomalies
would be expected over regions such as South America and
Australia. This type of persistent anomaly may affect the
tuning process if the magnitude and spatial area of the
anomaly is sufficiently large to impact the global values of
analysis impact. One possibility for mitigating this type of
problem is to restrict the region over which the analysis
impact is calculated to exclude the area of anomalous
behaviour.

While the comparison of analyses and forecasts is the
only way to evaluate data impact in the real world, as the
actual state of the atmosphere is unknown, for the OSSE
system comparisons can be made using the ‘truth’, i.e. the
Nature Run. The observation impact is calculated as

I — \/ff(Ad — Ay)’ cos pded.
’ 4rn

B \/ 14, - AZ)Z cos b 5

T

where I, is the observation impact, A, is the data denial
analysis field, A4, is the control analysis field, Ay is
the Nature Run field, ¢ is latitude and A is longitude.

This gives a measure of relative data impact for each
observation type. It is possible for a data type which gives a
large impact with respect to the analysis to give a small or
negative observation impact in relation to the Nature Run.
This occurs when the inclusion of the data type signifi-
cantly adjusts the analysis field during data assimilation,
but not in such a way as to bring the analysis closer to the
truth. These differences could be caused by large error
variances of the observations or by poor handling of the
observations by the data assimilation system.

Figure 8 shows the observation impact of five observa-
tion types in relation to the Nature Run. It is notable that
the relative importance of the data types is not always
consistent with the analysis impact of the data types shown
in Fig. 5. For example, GOES radiance has a small but
non-negligible impact compared to the control analysis, but
a near-zero impact when compared with the Nature Run
for all areas, fields and levels. In the Northern Hemisphere
mid-latitudes, the observation impact for radiance types is
much smaller in comparison to the observation impact for
RAOB, in contrast to the analysis impact where AIRS and
AMSU-A show a moderate impact. While aircraft data
show a significant impact on wind and temperature at flight
levels both for the observation impact and analysis impact,
the aircraft observation impact from the surface to 400 hPa
shows negative (detrimental) impact for the wind field.

3. Forecast skill validation

In addition to the data denial impacts on the analysis
previously described, 5-d forecasts were generated for each
data denial case over the 6-week validation period, with
forecasts launched each day at 0000 UTC and 1200 UTC.
Two aspects of the forecast skill are investigated: the
relative skill of the OSSE control forecasts compared to
real data forecasts, and the impact of observations on
forecast skill determined through data denial experiments.
Ideally, the OSSE forecasts would show similar mean and
distribution of skill as real data forecasts, and likewise
similar observation impacts on forecast skill. As analysis
impact rather than forecast impact was the metric used for
tuning the synthetic observation error, there is no guaran-
tee that the OSSE forecast behaviour will mimic that of real
data forecasts.

3.1. Anomaly correlation

The skill of the 5-d forecasts is measured using the metric of
anomaly correlation. Forecast skill is explored both at the
lower T126 resolution used in the calibration experiments
and at the higher T382 resolution that would be used for
future OSSE cases.
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Fig. 6. Analysis impact maps, 500 hPa geopotential height, for real data denial cases from 15 July to 15 August 2005. Contour

interval 2.5m.

3.1.1. TI126 resolution. Anomaly correlation is calculated
for 500 hPa geopotential height using the NCEP reanalysis
long-term July mean field as the climatology. Figure 9
shows the anomaly correlation for individual forecasts and
forecast mean taken from 15 July to 15 August for the real

data and OSSE forecasts. The mean and SD of the
anomaly correlation coefficients at the 120-hour forecast
are shown in Table 1 for the control cases using real data,
the GMAO synthetic observation dataset and the NCEP
synthetic observation dataset. There is no statistically
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significant difference (using a Mann—Whitney U test at
95% confidence) between the 120-hour anomaly correla-
tion of the GMAO dataset run compared to the NCEP
dataset run. The GMAO dataset run has lower median skill
from the real data case in the Northern Hemisphere and
higher median skill in the Southern Hemisphere at
95% confidence, while the NCEP dataset case shows
significantly lower skill in the Northern Hemisphere but
marginally significant difference (94.7% confidence) for the
Southern Hemisphere.

80 120 180

240 300 360

As in Fig. 6, but for OSSE data denial cases from 15 July to 15 August 2005.

The real data control case has relatively high 120-
hour forecast skill for the last 2 weeks of July (not shown),
but there are multiple periods of low forecast skill
during August in the Southern Hemisphere. For the
OSSE, there are brief periods of low forecast skill in the
Southern Hemisphere in both the third week of July
and early August in both the GMAQO and NCEP dataset
cases. The Northern Hemisphere does not show any
incidents of very low skill for either the real control or
OSSE cases.



14 N. C. PRIVE ET AL.

a)
100

200
300

~N o U A
o O O
(=R = I = ]

(=3
o

Pressure, hPa

800
900

1000 i o i
005 0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

Observation Impact

b)

100
200
300

~N o u h
(=2 = =1
(=R = B = ]

o
o

Pressure, hPa

800
900
1000

1 05 0 05 1 15 2 25 3
4

Observation Impact X 10-

0 Wind
00— %

200 |oredeerde
300 '
8400 i AT

=
& 500
@ 600
o : ;
B 00 b B
600 |- : o
900

1000
-0.2-0.15-0.1-0.05 0 0.05 0.1 0.15 0.2 0.25 0.3

Observation Impact

Fig. 8.  Global observation impact for OSSE data denial cases
from 15 July to 15 August 2005, calculated using the Nature Run
for verification. Top, temperature T (K); centre, specific humidity
q (kg/kg); bottom, horizontal wind (m/s). RAOB impact, open
circles; aircraft impact, filled circles; AMSU-A impact, open
squares; AIRS impact, filled squares; GOES radiance impact,
Crosses.

With only 1 month of forecasts available, it is difficult to
determine the cause of differences in skill between the OSSE
and real data cases. The individual months may also differ

in the predictability of the overall synoptic pattern in the
Nature Run vs. the real case. The discrepancy in relative
skill between the Northern and Southern Hemispheres
could be due to seasonal effects, with strong baroclinicity
in the winter Southern Hemisphere compared to a more
convective regime in the Northern Hemisphere summer.
While a lengthier validation period would be ideal, resource
availability limits the time span to a single month. The vari-
ability of skill is similar between the OSSE and real obser-
vations in the Northern Hemisphere, but the variability is
smaller in the OSSE system in the Southern Hemisphere
compared to real data. It is unclear if the difference in
Southern Hemisphere variability is significant due to the
relatively small sample size.

The anomaly correlation is most often calculated
using the analysis sequence as verification; for the OSSE
system, the anomaly correlation can be calculated using the
Nature Run as actual truth. Anomaly correlations calcu-
lated in this fashion for the GMAO synthetic observation
dataset analysis sequence are shown in Fig. 10 and listed in
Table 1 as ‘GMAO T126 vs. NR’. The anomaly correlation
calculated in this fashion is 0.019 lower in the Northern
Hemisphere and 0.015 lower in the Southern Hemisphere
than the analysis-verified anomaly correlation metric for the
5-d forecast.

The OSSE framework enables investigation of the role of
observation error, as ‘perfect’ synthetic observations are
available for all data types. The cycling experiments are
repeated using only synthetic observations with no added
errors over the entire integration period for the GMAO
synthetic dataset. The resulting anomaly correlations for the
forecasts are shown in comparison to the error-added
observation forecasts in Fig. 11 and in Table 1 as ‘GMAO
Perfect Obs’. The decrease in the anomaly correlation
coefficient of the 120-hour forecast when errors are added
in comparison to the perfect observations is 0.12 in the
Northern Hemisphere and 0.22 in the Southern Hemisphere.

3.1.2. T382 resolution. The OSSE experimental forecasts
are performed at T382 resolution, so it is of interest to
determine if there are significant differences between the
OSSE behaviour at the full resolution and at the lower
T126 calibration resolution. Due to the computational
expense of the higher resolution forecasts, control runs at
T382 are generated for the period 1-30 August 2005 for
real data and for synthetic observations. Anomaly correla-
tions are calculated for 120-hour forecasts from 5 August
to 25 August 2005 and are shown in Fig. 12.

As in the T126 cases, the real data control at T382
showed multiple episodes of low skill forecasts in the
Southern Hemisphere during the first half of August, with
higher skill during the third week of August. Both OSSE
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Anomaly correlation for 500 hPa geopotential height, calculated using analysis fields for verification, from 15 July to 15 August

2005. Individual forecasts: grey lines; mean of all forecasts: solid black line; one SD from mean: dashed black lines. (a, b) Real data control
case; (c, d) OSSE control case with GMAO radiance; (e, f) OSSE control case with NCEP radiance. (a, c, e) 30°N—90°N; (b, d, f)

30°S-90°S.

cases featured high skill in the Southern Hemisphere during
mid and late August, with a period of lower skill during
early August. There were no incidents of low-skill ‘drop-
outs’ in the OSSE cases in the Southern Hemisphere,
although several ‘drop-outs’ were observed in the real data
control. In the Northern Hemisphere, the real data control
had relatively high skill during early and late August, with
a period of lower skill during the second week of August.
The GMAO dataset case showed consistently high skill
throughout the month of August, but the NCEP dataset
case showed two cases of low forecast skill later in August.

In the Southern Hemisphere for all datasets, mean
anomaly correlation coefficients for the T382 120-hour
forecasts increase by 0.02-0.03 in comparison to the
T126 cases, as seen in Table 1. However in the Northern
Hemisphere, the anomaly correlation only increases for the
case with GMAO synthetic observations, the anomaly
correlation decreases for both the real observations and
NCEP synthetic observations. At T382, the GMAO dataset
run skill is significantly higher than the real data skill in
the Southern Hemisphere but there is not a significant
difference in skill in the Northern Hemisphere, while the
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Table 1. Mean, u, and standard deviation, o, of 120-hour forecast anomaly correlation for 500 hPa geopotential height, 15 July to

15 August 2005

Experiment NH u NH o SH u SH o
Real T126 control 0.858 0.040 0.764 0.090
GMAO T126 control 0.835 0.037 0.801 0.071
NCEP T126 control 0.830 0.044 0.794 0.078
GMAO T126 vs. NR 0.816 0.041 0.786 0.070
GMAO perfect obs 0.847 0.043 0.823 0.063
Real T382 control 0.848 0.042 0.786 0.086
GMAO T382 control 0.854 0.039 0.829 0.055
NCEP T382 control 0.814 0.060 0.814 0.050

Northern Hemisphere (NH) areal mean from 30°N-90°N; Southern Hemisphere (SH) areal mean from 30°S—90°S.

NCEP dataset run skill is significantly smaller than the real
data skill in the Northern Hemisphere but there is no
significant skill difference in the Southern Hemisphere. The
skill of the GMAO dataset run is significantly different
from the skill of the NCEP dataset run in both hemispheres
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Fig. 10.
calculated using Nature Run fields for verification, mean of
forecasts from 15 July to 15 August 2005 as in Fig. 9. OSSE

Anomaly correlation for 500 hPa geopotential height,

control case with GMAO radiance; (a) 30°N-90°N; (b) 30°S-90°S.

at T126 and T382, with the NCEP dataset resulting in
overall lower anomaly correlations. While the conventional
observations are fairly similar in both datasets, there may
be more significant differences in the radiance observa-
tions that result in the consistently higher anomaly
correlations for the GMAO dataset compared with the
NCEP dataset.

30N-90N

0.9

0.85

o
©

Anomaly Correlation

0.75

0 24 48 72 96 120
Forecast Hour

o
-~

0.95

0.9

0.85

Anomaly Correlation

0.8

0.75
0 24 48 72 96 120

Forecast Hour

Fig. 11.  Mean anomaly correlation for 500 hPa geopotential
height for forecasts from 15 July to 15 August 2005. Solid black
line, real data control; dashed line, ‘perfect’” OSSE control with
GMAQO radiance; dotted line with filled circles, error-added OSSE
control with GMAO radiance; dotted line with open circles,
error-added OSSE control with NCEP radiance observations.

(a) 30°N-90°N, (b) 30°S-90°S.
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Mean anomaly correlation for 500 hPa geopotential height for forecasts from 1 August to 31 August 2005, as in Fig. 9 but for

T382 cases. (a, b), real data control case; (c, d) OSSE control with GMAO radiance; (e, f) OSSE control with NCEP radiance. (a, c, ¢),

30°N-90°N; (b, d, f) 30°S-90°S.

3.2. Data impact: forecasts

As the OSSE system is intended to evaluate the use of
new observing data in improving forecasts, the impact of
observational data on forecasts in the OSSE system is
crucial. Anomaly correlations of the data denial experiments
are used to quantify the data impact on forecasts. The
anomaly correlation impact (ACI) is calculated as

K K
> ACC, Y ACC,
i=1

ACI == - 4
T I )

where ACCy; is the anomaly correlation coefficient of the
ith data denial forecast, ACC,; is the anomaly correlation

coefficient of the ith control forecast, for K =62 forecasts
from 15 July to 15 August 2005 at 0000 UTC and 1200
UTC. A positive ACI indicates that removal of an
observation type reduces the anomaly correlation of the
forecasts. ACI is calculated for the extratropics of each
hemisphere and the results are shown in Fig. 13.
Agreement between the OSSE and real data ACI is best
for AMSU-A and GOES radiance data types. There is a
sign difference in the anomaly correlation impact for AIRS
observations in the Northern Hemisphere, with negative
impact in the extended forecast in the OSSE system, but a
strong positive impact for real data. In the Southern
Hemisphere, the AIRS ACI is much larger in the extended
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Anomaly correlation impact of data denial cases from 15 July to 15 August 2005. (a, ¢) Real data cases; (b, d) OSSE cases. (a, b)

30°N-90°N; (c, d) 30°S-90°S. RAOB impact, open circles; aircraft impact, filled circles; AMSU-A impact, open squares; AIRS impact,

filled squares; GOES radiance impact, crosses.

forecast for the OSSE system in comparison to real data.
RAOB impact also shows significant discrepancies, with
nearly three times greater ACI in the OSSE system at the
120-hour forecast in the Northern Hemisphere, but ACI
five times smaller in the OSSE than with real data in the
Southern Hemisphere. The large ACI for RAOB in the
OSSE case may be related to the large RAOB analysis

impacts observed over eastern Asia in Fig. 7. Anomaly
correlation is influenced by both model error and initial
condition error, with model error playing a large role at
extended forecast periods. The discrepancies in ACI
between the OSSE and real data cases may be due to
differences in model error relative to the Nature Run vs.
the real world. The nature of the observation error may
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also impact the ACI, as the synthetic errors lack intention-
ally added bias and may have errors that do not have
realistic spatial correlations.

The root-mean-square error between the forecast fields
and the analysis sequence (not shown) reveals similar
overall magnitudes and spatial distribution in the OSSE
and for real data. The fastest error growth is seen in the
Southern (winter) Hemisphere mid-latitudes and Polar
Regions, as well as the Arctic, although the errors are
somewhat weaker in these areas in the OSSE compared to
the real data case.

Forecast impact is calculated similarly to analysis
impact:

[ [(F; = A,)" cos pdpd )
If - 47

2
B ¢ i f(FCfA;) cos pddi. .

/i

where F, is the data denial forecast field and F, is the
control case forecast field. Unlike anomaly correlation,
forecast impact is useful in tropical areas for certain fields.
Figure 14 shows forecast impact for temperature at 850 hPa
and for horizontal winds at 250 hPa. Comparison of
Fig. 14a and b shows similar temperature forecast impact
for most of the tested observation types, with the exception
of RAOB data which has much too strong of an impact in
the OSSE in relation to the real data case. This is somewhat
explained by the large anomaly over Siberia that was seen
in the OSSE analysis impact in Fig. 7a. There is better
agreement for RAOB impact for 250 hPa horizontal wind,
shown in Fig. 14c and d. GOES radiance wind impact
decreases more rapidly in the first 12 hours of the forecast
in the OSSE system than for real observations.

4. Discussion

The current Joint OSSE effort represents an advance in
the sophistication of global OSSE studies. The Nature Run
is considerably longer and at higher resolution, and the
synthetic observations have been generated with more
realism than previous OSSEs. While improvements to the
OSSE setup are on-going, it is hoped that the Joint OSSE
effort will provide a resource for the study of observing
systems and data assimilation systems for years to come.
The particular set up of the OSSE described herein was
conscribed in part by limited computing resources and the
desire for timely experimental results. The synthetic data-
sets and the method of calibration used are preliminary
versions, and it is anticipated that significant modifications
may be made in the future.

The explicitly added observation errors are one of the
few elements of the OSSE that are easily adjusted, in
comparison to the quality of the Nature Run, the forecast
model skill, or the sophistication of the synthetic observa-
tion generators. While the analysis impact and innovation
statistics of the synthetic observations may be calibrated to
a certain extent by modifying the methods used to create
the observations or the error characteristics of the observa-
tions, adjusting the impacts of the observations on the
forecast field is much more difficult, particularly at longer
forecast lead times. Changes to the observation errors have
the greatest impact on the statistics of O —F, where the
observation error directly influences the metric. The
analysis and background fields and their statistics of A—B
are only indirectly influenced by the observation errors,
and the assimilation process and forward model integration
between cycles tends to diminish the impact of observation
errors on these metrics. As the model is integrated into the
medium-range forecast period, the influence of observation
errors decreases even further, so that there is only minor
impact on metrics such as anomaly correlation and RMS
forecast errors.

The statistics of O —B, O — A and O — F further indicate
that the calibration of conventional observations in some
cases tends to overcompensate for deficiencies in the OSSE
setup, resulting in excessively inflated observation errors
compared to real data. One possible cause of too-small
observation impact is insufficient model error, where the
forecast model behaviour is more similar to the Nature
Run behaviour than to the real atmosphere. Another
possible cause is observation errors that are not realistically
correlated either temporally or spatially. Uncorrelated
observation errors are more readily removed during the
data assimilation process than correlated errors, as the GSI
assumes that the observation errors are uncorrelated.
Although some spatial correlation of observation errors
has been included in the synthetic observations, no
temporal correlation has been included.

When calibrating an OSSE, there are several different
options to choose from when selecting the metrics used for
tuning. In this work, the observation impact on the analysis
field has been selected, as this metric is one that might be
used to quantify the role of new observation types in future
OSSE experiments. In contrast, the O — A4 or A — B metrics
might have been used, although the results of the Errico
et al. (2013) study imply that doing so would have resulted
in analysis impacts that were smaller in the OSSE than for
real observations. Likewise, the medium-range forecast
impacts could have been used as the tuning metric, possibly
resulting in even greater overinflation of observation
errors during the calibration process if model error is
insufficient in the OSSE. Forecast impact metrics are much
more computationally expensive for tuning an OSSE than



20 N. C. PRIVE ET AL.

a) 850 mb T, REAL

Forecast Impact

-0.1 i i i i
0 24 48 72 96 120
Forecast Hour
c) 250 mb Wind, REAL
2.5 T T T
"f |

oo o

Forecast Impact

o
4]

0 24 48 72 96
Forecast Hour

Fig. 14.

b) 850 mb T, OSSE

Forecast Impact

0.1 I i i i
24 48 72 96 120
Forecast Hour
d) 250 mbh Wind, OSSE

Forecast Impact

0 24 48 72 96
Forecast Hour

Global forecast impact for data denial cases from 15 July to 15 August 2005. (a, ¢) Real data cases; (b, d), OSSE cases. (a, ¢),

850 hPa temperature impact, K; (b, d) 250 hPa horizontal wind impact, m/s. RAOB impact, open circles; Aircraft impact, filled circles;
AMSU-A impact, open squares; AIRS impact, filled squares; GOES radiance impact, crosses.

metrics of analysis impact, observation innovation, or
analysis increments. It is not possible to simultaneously
tune the OSSE for all metrics, so instead a single metric is
selected for tuning and the other metrics are evaluated after
tuning is complete. If some significant discrepancy is noted
in these additional metrics after tuning, the option remains

to retune the OSSE using an alternative metric or to look
for more fundamental problems with the OSSE framework,
such as insufficient model error.

The 5-d forecast skill of the OSSE was compared to the
skill of the real system using the anomaly correlation of
500 hPa geopotential height. Because the predictability
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of the atmosphere can vary significantly with time, the
month-long period examined here is not sufficient to make
definitive declarations of discrepancies in forecast skill
between the OSSE and real data. However, the length of
time needed to make such a comparison is prohibitively long
given available resources. The constantly changing nature of
the operational data suite also makes comparisons difficult,
as the ideal validation would involve running many Augusts
with real data to make sure that the OSSE forecast skill falls
within the envelope of real data skill for the month. Only one
August with the 2005 data suite is available with real data,
making this comparison impossible.

The impact of observational data on the analysis and
forecasts was investigated through a series of data-denial
experiments in which particular data types were withheld
from the data assimilation. Data impact in the OSSE
system is evaluated quantitatively using analysis impact,
anomaly correlation impact and forecast impact. The
analysis impact shows the best agreement between the
real data and OSSE system, which is unsurprising as
analysis impact was used to ‘tune’ the synthetic observa-
tions during the calibration process.

As shown in Figs. 13 and 14, some current observation
types have at best a modest beneficial impact on forecast
skill beyond 72 hours, while some observation types have
near zero impact. When a new observing type is to be
evaluated in the OSSE, it is likely that these large-scale
metrics of anomaly correlation and forecast impact will not
show an impact unless the OSSE is run for several months
to attain statistically significant results. Instead, the evalua-
tion metrics should be carefully chosen to reflect the fields
where the forecast is expected to be influenced most
strongly by the new observations. As the results of the
OSSE validation demonstrate, any metrics for evaluation
should be tested first in both the OSSE framework and with
real data to determine if the OSSE yields meaningful results
for the metrics of choice. This type of ‘pre-testing’ can also
help to guide the design of the OSSE experiments in terms
of experiment length and tests of robustness that may be
necessary.

One advantage of the OSSE framework is the ability to
verify the forecast and analysis against an absolute ‘truth’;
this is not possible with real data as the state of the entire
atmosphere is never accurately known. If the OSSE set up
is sufficiently realistic, this capability for verification can be
a powerful tool. An example of this type of analysis was
performed to investigate the analysis impact of data types
in the OSSE when verified against the Nature Run truth as
compared to the impact when verified against the analysis
sequence as most often calculated with operational fore-
casts. Significant differences in the analysis impact of
observation types were found depending on the verification
field used. For some observation types, such as GOES

radiance and AIRS, a significant analysis impact was found
in comparison to the analysis sequence, but near-zero
impact was found in comparison to the Nature Run. This
implies that the observations are used by the data
assimilation system to alter the analysis fields, but are not
adding useful information into the system. These types of
calculations may be used to assist in evaluation and
improvement of data assimilation methods.

The calibration described in this manuscript should be
considered as a preliminary step and not the entirety of the
calibration processes needed prior to conducting an OSSE.
When a new observing system is considered for investigation
with an OSSE, additional calibration should be undertaken
specific to the characteristics of the new observing type.
The fields necessary to generate synthetic observations and
the desired metrics of forecast improvement for the new
observing system should be carefully considered. The
Nature Run should be examined to verify that these fields
of interest are realistically represented. The ability of the
data assimilation system to ingest the new observations and
the ability of the forecast model to predict the evolution of
the fields and phenomena of interest must be evaluated. If a
similar observing system is available in the current global
observation network, calibration and validation of the
performance of the current observations may be helpful in
determining whether the OSSE can accurately portray the
new observing system.

This OSSE developed at ESRL will be implemented in
support of the NOAA UAS Programme to investigate
the potential use of airborne in-situ and remote sensing
observations taken by unmanned aircraft systems for
improving operational forecasting of tropical cyclone track
forecasts and other high-impact forecast situations. The
results of this and other OSSE experiments at ESRL will be
the subject of future publications.
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