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Data Assimilation and Correlated Observation Error

e Data assimilation seeks to determine the best estimate of the atmospheric
state, the analysis, by minimizing a cost function J. The analysis serves as the
initial condition for forecasts.

2J(x) = (x — x5) "B (x — xp) + (Hx —y) "R (Hx — y) + Je

e |f something, for example observation processing, can cause similar errors in
two different observations, the observations have correlated error.

e Accounting for correlated error means using a non-diagonal observation error
covariance matrix R in the cost function J
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Correlated Observation Error

e Most major NWP centers account for correlated error in satellite radiances
(brightness temperature observations), using the Desroziers method, a
statistical method, to estimate the error correlation matrices
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Figure 1: Spire's IASI Metop-C error correlation matrix

e The success of using the Desroziers method and the positive impact of using
correlated error for satellite radiances in NWP is very well documented. In fact
studies show that even a poorly estimated correlation matrix provides benefit
when used.
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Radio Occultation
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Figure 2: A sample bending angle profile (left), and locations of RO profiles from
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Spire, MetOp, and COSMIC-2 for one assimilation cycle (right).
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Assimilating Radio Occultation Observations

The data derived from a RO profile requires much processing, to convert phase
delays to something suitable for assimilation.

Processing of RO observations
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Correlated RO Observation Error

Spire Error Correlation Tropics

10 COSMIC-2 Error Correlation Tropics

10
5 08 5| 0.8
0 s 1 o5
1 o4 04
_ b2 .
g ] .
22 00 £ 00
: £
T 30 -0.2 T30 -0.2
e s as o8
5 10 15 0 3 35 40 45 -1o 5 10 15 20 25 30 35 40 45 -0
Deione eione ks
MetOp Error Correlation Tropics 10
os
0 o6
1 s
e o2
g \
S N, 00
+ -0.2
. N “oa
| W-os
e 0
10

5 10 15 20 25 30 35 40 45
Height (km)

Figure 3: Spire RO, COSMIC-2 and MetOp, error correlation matrices (statistics from
Oct-Nov 2021).
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Correlated RO Observation Error
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Figure 4: Spire RO error correlation cross-sections. Binning is 220m.
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Correlated RO Observation Error
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Figure 5: COSMIC-2 error correlation cross-sections. Binning is 220m.
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Correlated RO Observation Error

Strategies for dealing with vertical correlations in RO errors:

e Ignore them and tune errors

e Apply vertical thinning

e Account for them in data assimilation
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Figure 6: Applying vertical thinning to Spire RO leads to forecast improvements, for
example, 500 hPa Hgt ACC is higher (left), and 850 hPa T RMSE is lower (right)

when thinning is applied.
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Radio Occultation Vertical Resolution

Spire bending angle observations have a higher vertical resolution than other
types of bending angle observations:

Spire | COSMIC-2 | MetOp | KOMPSAT-5

200m* 400m | 400m |  400m

Table 1: Vertical resolution of bending angle observations.

Error correlations for Spire bending angles are larger, and have longer
correlation lengths, than other bending angle observations.

*Spire RO is thinned to 400m before operational assimilation
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Data Assimilation at Spire

Spire performs data assimilation to generate various weather products. The DA
system uses the Gridpoint Statistical Interpolation (GSI) with hybrid 4DEnVar
(planning to upgrade to JEDI).

Spire assimilates around 14,000 of its RO profiles per day. Spire also
assimilates bending angle observations from COSMIC-2, KOMPSAT-5, MetOp,
TerraSar-X, Tandem-X, as well as satellite radiances, satellite winds, aircraft
and conventional observations.
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Experimentation with Correlated RO error

Experimentation with correlated error is ongoing, and requires fine-tuning. QC
thresholds, representivity error and correlation values are subject to tuning.

Correlated RO error is assumed for Spire observations only, and errors and
correlations are computed /treated separately in each hemisphere.

Spire RO Errors N. Hem. Spire RO Errors . Hem Spire RO Errors Tropics
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Figure 7: Estimated and original observation errors for Spire RO. Errors shown are
actually — log(err), so as values in plot increase, actual errors decrease.
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Correlated RO Observation Error
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Figure 8: Spire RO error correlation matrices in different regions.
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Experimentation with Correlated RO error
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Experimentation with Correlated RO error

on Value (%)

Figure 9: Spire RO statistics with and without thinning and with and without
correlated error.

Turning off vertical thinning adds a lot of data to the DA system. Tuning of
quality control procedures becomes necessary.

Without vertical thinning, RMS values are slightly larger at upper and lower
levels.
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Experimentation with Correlated RO error

1000hpa geopotential height NHX ACC 1000hpa geopotential height SHX ACC

0.035

0000 | = 0030 Positive difference in ACC-

Improvement with
correlated error and no
0,020 thinning

~0.005 0025
Negative difference in ACC-
_0.010 Degradation with correlated

error and no thinning

Anormaly Correlation Coethicient (ACC)
Anormaly Correlation Coefficient (ACC)

— Base
Corr-No Corr

0015
-0.015
0010
-0.020
0.005
—0.025 1 — Base
Corr-No Corr 0.000
0 25 50 75 100 125 150 175 0 25 50 75 100 125 150 175
Forecast Leadtime (hours) Forecast Leadtime (hours)

Figure 10: The impact of accounting for correlated RO error, as verified against
ECMWEF analyses

The impacts of accounting for correlated error without thinning are very

sensitive to quality control thresholds. For example, this experiment has stricter

QC in the Southern Hemisphere, compared to elsewhere. This benefits the
forecast in the Southern Hemisphere, but degrades it in the Northern
Hemisphere.
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Experimentation with Correlated RO error
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Figure 11: The impact of accounting for correlated RO error, as verified against
ECMWEF analyses

On the other hand, this experiment has globally relaxed QC. This benefits the
forecast in the Northern Hemisphere, but degrades it in the Southern
Hemisphere.
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Experimentation with Correlated RO error
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Figure 12: The impact of accounting for correlated RO error, as verified against
ECMWEF analyses

However, globally, the impacts of correlated error without thinning are
promising.
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Conclusion

e Error correlations in radio occultation profiles exist because of observation
processing and forward modelling, and are quite strong.

e Vertical thinning of bending angle observations can improve their NWP
impact, but may not make the best use of these observations.

e Accounting for vertical error correlations in RO allows for bending angle
observations to be assimilated at higher resolution.

e Tuning of RO quality control procedures in the GSI is expected to improve
further on these results.
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