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Introduction
Current practice
In data assimilation the observation error
statistics consists of a measurement error and a
representation error, R = E + F.

Doppler wind
observations averaged
(super-observation) and
thinned to remove spatial
correlation.

Due to its dependence on the state of the geophysical system, the
representation error can introduce correlations between
observation errors.

Less than 1% of the
Doppler wind data
assimilated.

However, in geophysical data assimilation observation error
covariance matrices are typically assumed to be diagonal:

•

For computational speed and efficiency

•

As observation error statistics are unknown

To satisfy the assumption of uncorrelated observation error:
•

the observations are thinned,

•

the error variances are inflated

This reduces the observation usage to approximately 5%.
www.metoffice.gov.uk
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Introduction
Complex characteristics
We can quantify uncertainty and Many observation types have complex error statistics …
SAR
Water
Level

Waller et al. 2018

ZTD

Figure from Macpherson & Laroche 2019
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Introduction
Using a full R matrix
•

Using a full R matrix more computationally costly due
to matrix inversion.
•
•

Possible for small data subsets (e.g. interchannel correlations)
Matrix reconditioning can help (e.g. Tabeart et al. 2020)

Spatial correlations pose problems due to observation
distribution across processors, but new solutions are
emerging:

•

•

•

•

Example of ‘Family’ parallelization
Figure from Simonin et al. 2019

Treating families of observations with correlated errors
(Simonin et al., 2019)
Diffusion based methods for unstructured grids (Guillet et al .
2019)

Including correlations across multiple dimensions still
a huge technical challenge!

www.metoffice.gov.uk

FEM mesh for SEVIRI observations
Figure from Guillet et al. 2019
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Motivation
Why use a full error covariance matrix
Hourly
accumulated
precipitation
forecasts for 1500
UTC on 7 April 2016
at at T+3.

Using full observation error covariance matrices in data
assimilation scheme can:
• Reduce analysis errors.
• Improve forecast skill.
• Inject small scale information into the analysis.
• Allow better use of available information
Bad

Correlated
observation error
and increased
usage of Doppler
radar winds
improves forecast
of small-scale
features.

Good

Figure from Stewart et al. 2013
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Figure from Weston et al. 2014

Figure from Simonin et al. 2019
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Estimating observation uncertainties
How can we estimate observation uncertainties
Observation error uncertainties cannot be calculated directly. Instead, they can be estimated
using a number of methods, each with their benefits and limitations, the most popular
include:
• A metrological approach
• Triple colocation
• Residual based methods
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Estimating observation uncertainties
How can we estimate observation uncertainties
Observation error uncertainties cannot be calculated directly. Instead, they can be estimated
using a number of methods, each with their benefits and limitations, the most popular
Sentinel
include:
3 SLSTR –
uncertainty
• A metrological approach
tree diagram
• Triple colocation
Figure from
Smith et al.
• Residual based methods
2021

Build traceable uncertainty budget using
uncertainty propagation thorough
processing chain.
☺ Full accurate uncertainty estimation.
 Complex and time consuming
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Estimating observation uncertainties
How can we estimate observation uncertainties
Observation error uncertainties cannot be calculated directly. Instead, they can be estimated
using a number of methods, each with their benefits and limitations, the most popular
include:
• A metrological approach
• Triple colocation
• Residual based methods
Uncertainty estimated by compare three different collocated
(independent) data sources (Vogelzang and Stoffelen, 2012).
☺ Provides objective to characterize systematic biases and
random errors.
☺ Potential to segregate sources of error in each dataset.
 Requires three independent collocated datasets.
 Data set differences in temporal and spatial scale complicate
the computation (additional representation uncertainty).
www.metoffice.gov.uk

Figure from www.msca-like.eu/esr-projects/project-6
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Estimating observation uncertainties
How can we estimate observation uncertainties
Observation error uncertainties cannot be calculated directly. Instead, they can be estimated
using a number of methods, each with their benefits and limitations, the most popular
include:
• A metrological approach
• Triple colocation
• Residual based methods
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Residual based methods
Observation space diagnostics
Make use of by-products of data assimilation scheme to estimate various error covariance
matrices in observation space

Background residual:
Analysis residual:
Another residual:

𝑑𝑏𝑜 = 𝑦 − 𝐻 𝑥 𝑏
𝑑𝑎𝑜 = 𝑦 − 𝐻(𝑥 𝑎 )
𝑑𝑏𝑎 = 𝐻(𝑥 𝑎 ) − 𝐻(𝑥 𝑏 )

Geometric representation of innovations
Figure from Desroziers et al 2005
www.metoffice.gov.uk

© Crown Copyright 2017, Met Office

Residual based methods
Observation space diagnostics
Make use of by-products of data assimilation scheme to estimate various error covariance
matrices in observation space

Background residual:
Analysis residual:
Another residual:

𝑑𝑏𝑜 = 𝑦 − 𝐻 𝑥 𝑏
𝑑𝑎𝑜 = 𝑦 − 𝐻(𝑥 𝑎 )
𝑑𝑏𝑎 = 𝐻(𝑥 𝑎 ) − 𝐻(𝑥 𝑏 )

☺ Makes use of by-products of the assimilation scheme.
☺ Simple to use.
 Isotropic, homogeneous and ergodic assumptions are
often required in order to obtain sufficient sample
residuals.
www.metoffice.gov.uk

Geometric representation of innovations
Figure from Desroziers et al 2005
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Residual based methods
Hollingsworth and Lӧnnberg (1986)
Calculate innovation error covariance using only innovation information.
𝑇

𝑹 + 𝑯𝑩𝑯𝑻 = E[𝑑𝑏𝑜 𝑑𝑏𝑜 ]
Separate contributions of 𝑹 from 𝑯𝑩𝑯𝑻 , by fitting correlation functions.
☺No need to run assimilation.
☺No prior specification of uncertainty required.
Separation of correlation typically achieved by
assuming that the observation errors are
uncorrelated.
Shape and length-scale of correlation function
subjective and influences retrieved statistics.
www.metoffice.gov.uk

𝜎𝑜2

𝑖=𝑗

𝑐 𝑖, 𝑗 = 𝜎𝑜2 + 𝜎𝑏2
𝑖≠𝑗

𝑐 𝑖, 𝑗 = 𝑐𝑜𝑣𝑏 (𝑖, 𝑗),
𝑙𝑖𝑚𝑖→𝑗 𝑐 𝑖, 𝑗 = 𝜎𝑏2

𝜎𝑏2

Separation 𝑖, 𝑗
HL Schematic.
Figure from D. Simonin.
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Residual based methods
Desroziers et al., 2005
Contributions to the innovation covariance calculated using different residuals.
𝑇

𝑹 ≈ E[𝑑𝑎𝑜 𝑑𝑏𝑜 ]
𝑇
𝑯𝑩𝑯𝑻 ≈ E[𝑑𝑏𝑎 𝑑𝑏𝑜 ]
𝑇
𝑯𝑨𝑯𝑻 ≈ E[𝑑𝑏𝑎 𝑑𝑎𝑜 ]

But the results assume that the exact error covariance matrices 𝐁 and 𝐑 have been used in
෩ and 𝐑
෩ , are not exact then,
the assimilation. If the assumed covariance matrices, 𝐁
𝑜𝑇
𝑜
E[𝑑𝑎 𝑑𝑏 ]

෩ (𝐇𝐁
෩ 𝐇𝐓 + 𝐑
෩ )−𝟏 (𝐇𝐁𝐇𝐓 + 𝐑).
=𝐑

Despite this assumption the diagnostic has provided estimates that are qualitatively similar
results to those estimated using metrological approaches (Chun et al., 2015, Mirza et al 2021).
There is also potential to improve the result by iterating.
www.metoffice.gov.uk
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Residual based methods
Desroziers et al., 2005 – Theoretical evaluation
Theoretical work has tried to understand impacts of the diagnostic assumptions (Waller et
al., 2016c, Waller et al., 2017, Bathmann 2018, Gauthier et al 2018, Sitwell and Ménard
2020).

The theory helps interpret diagnostic results.
For example:
If observation error variance is overestimated
in the assimilation the observation error
variance will be overestimated.
If background error variance is overestimated
in the assimilation the observation error
variance will be underestimated.
Change in estimated observation error variance.
Figure from Waller et al 2016c.
www.metoffice.gov.uk
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Residual based methods
Desroziers et al., 2005 – Theoretical evaluation
Theoretical work has tried to understand impacts of the diagnostic assumptions (Waller et
al., 2016, Waller et al., 2017, Bathmann 2018, Gauthier et al 2018, Sitwell and Ménard
2020).
True, assumed

The theory helps interpret diagnostic results.
For example:

If correlations in R are
neglected then the diagnostic
will underestimate R
correlation length scale.

www.metoffice.gov.uk

True Correlation
Estimated Correlation
Assumed Correlation

and estimated
observation
error
correlation
෩=𝐁
when 𝐁
Figure from
Waller et al.
2016c
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Residual based methods
Desroziers et al., 2005 – Theoretical evaluation
Theoretical work has tried to understand impacts of the diagnostic assumptions (Waller et
al., 2016, Waller et al., 2017, Bathmann 2018, Gauthier et al 2018, Sitwell and Ménard
2020).

The theory helps interpret diagnostic results.
For example:
Iterating the diagnostic
only improves the
observation
uncertainty estimate if
B is well specified.
Estimated error variance for AIRS observations.
Figure from Gauthier et al 2018.
www.metoffice.gov.uk
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Residual based methods
Desroziers - pros & cons
☺

The method returns the full 𝐑 (and other covariances).

☺

Theoretical studies provide insight into how to interpret diagnostic (Waller et al., 2016,
Bathmann 2018, Sitwell and Ménard 2020).

☺

The result may be improved by iterating the diagnostic

☺

Information content can also be extracted (Fowler et al 2020).



Requires observations to be actively assimilated.



Only gives an exact result if the assumed error statistics are correct and the observation
operator is linear.



Can not be applied directly to assimilation schemes using localization (Waller et al, 2017).
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Conclusion
•

Using full R in assimilation helps improve analysis, increase forecast skill scores, inject
more small scale information and make better use of the available data.

•

Several different methods exist for estimating observation uncertainties, each with
different benefits and limitations.

•

The most popular methods are residual method; they use by products of the
assimilation and are simple to use. Used with caution they can provide good estimates
of the full observation error covariance matrix.

•

Using multiple different methods can provide confidence in the result.

•

Using the full R matrix is possible in some circumstances, though can still be technically
challenging.
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Conclusion
•

Using full R in assimilation helps improve analysis, increase forecast skill scores, inject
more small scale information and make better use of the available data.

•

Several different methods exist for estimating observation uncertainties, each with
different benefits and limitations.

•

The most popular methods are residual method; they use by products of the
assimilation and are simple to use. Used with caution they can provide good estimates
of the full observation error covariance matrix.

•

Using multiple different methods can provide confidence in the result.

•

Using the full R matrix is possible in some circumstances, though can still be technically
challenging.

Thank you. Any questions?
www.metoffice.gov.uk

© Crown Copyright 2017, Met Office

References
Bathmann, K. (2018) Justification for estimating observation-error covariances with the Desroziers diagnostic. QJRMS; 144:1965–1974. https://doi.org/10.1002/qj.3395

Bormann, N. , Bonavita, M., Dragani, R., Eresmaa, R,. Matricardi, M., McNally, A.P. (2016) Enhancing the impact of IASI observations through an updated observation error covariance matrix. QJRMS. 142: 1767–1780. Campbell, W. F., Satterfield, E. A.,
Ruston, B., & Baker, N. L. (2017). Accounting for Correlated Observation Error in a Dual-Formulation 4D Variational Data Assimilation System, Monthly Weather Review, 145(3), 1019-1032.
Cordoba, M., Dance, S.L., Kelly, G.A., Nichols N.K., Waller, J.A. (2017) Diagnosing atmospheric motion vector observation errors for an operational high-resolution data assimilation system. QJRMS, 143: 333–341. 2017
Chun, H-W. , Eresmaa, R., McNally, A.P., Bormann, N., Matricardi, M. (2015) A physically-based observation error covariance matrix for IASI. In: The 20th International TOVS Study Conference (ITSC-20) Lake Geneva, Wisconsin, USA.
Desroziers, G., Berre, L., Chapnik, B., Poli, P. (2005) Diagnosis of observation, background and analysis error statistics in observation space QJRMS, 131:3385–3396.
Fowler, A. M., Simonin, D., & Waller, J. A. (2020). Measuring theoretical and actual observation influence in the MET Office UKV: Application to Doppler radial winds. Geophysical Research
Letters, 47, e2020GL091110. https://doi.org/10.1029/2020GL091110
Gauthier, P., Du, P., Heilliette, S., & Garand, L. (2018). Convergence Issues in the Estimation of Interchannel Correlated Observation Errors in Infrared Radiance Data, Monthly Weather Review, 146(10), 3227-3239.
from https://journals.ametsoc.org/view/journals/mwre/146/10/mwr-d-17-0273.1.xml

Guillet, O, Weaver, AT, Vasseur, X, Michel, Y, Gratton, S, Gurol, S. (2019) Modelling spatially correlated observation errors in variational data assimilation using a diffusion operator on an unstructured mesh. QJRMS; 145: 1947– 1967.
https://doi.org/10.1002/qj.3537
Macpherson, S, Laroche, S. (2019) Estimation of ground-based GNSS ZTD temporal observation error correlations using data from the NOAA and E-GVAP networks. QJRMS; 145: 513– 529. https://doi.org/10.1002/qj.3448
Mirza, AK, Dance, SL, Rooney, GG, Simonin, D, Stone, EK, Waller, JA. Comparing diagnosed observation uncertainties with independent estimates: A case study using aircraft-based observations and a convection-permitting data assimilation
system. Atmos Sci Lett. 2021; 22:el01029. https://doi.org/10.1002/asl.1029
Smith, D.; Hunt, S.E.; Etxaluze, M.; Peters, D.; Nightingale, T.; Mittaz, J.; Woolliams, E.R.; Polehampton, E. Traceability of the Sentinel-3 SLSTR Level-1 Infrared Radiometric Processing. Remote Sens. 2021, 13, 374. https://doi.org/10.3390/rs13030374
Simonin, D, Waller, JA, Ballard, SP, Dance, SL, Nichols, NK. A pragmatic strategy for implementing spatially correlated observation errors in an operational system: An application to Doppler radial winds. QJRMS 2019; 145: 2772–
2790. https://doi.org/10.1002/qj.3592
Stewart, L.M., Dance, S.L. , Nichols, N.K. (2013) Data assimilation with correlated observation errors: experiments with a 1-D shallow water model. Tellus A 65: 1–14.

Sitwell, M., Ménard, R. (2020) Framework for the comparison of a priori and a posteriori error variance estimation and tuning schemes, QJRMS, 10.1002/qj.3805, 146, 731, (2547-2575).
Tabeart, J. M., Dance, S. L., Lawless, A. S., Nichols, N. K., & Waller, J. A. (2020). Improving the condition number of estimated covariance matrices. Tellus A: Dynamic Meteorology and Oceanography, 72(1), 1-19.
Okamoto, K, Sawada, Y, Kunii, M. (2019) Comparison of assimilating all-sky and clear-sky infrared radiances from Himawari-8 in a mesoscale system. QJRMS; 145: 745– 766. https://doi.org/10.1002/qj.3463
Vogelzang, J., Stoffelen, A. (2012) Triple collocation, NWP SAF report. 2012.
Waller, J.A., , Simonin, D., Dance, S.L., Kelly, G.A., Nichols, N.K. Ballard, S.P. (2016b) Diagnosing observation error correlations for Doppler radar radial winds in the Met Office UKV model using o-b and o-a statistics. MWR.
Waller, J.A., Ballard, S.P., Dance, S.L., Kelly, G.A., Nichols, N.K., Simonin, D. (2016a) Diagnosing Horizontal and Inter-Channel Observation Error Correlations for SEVIRI Observations Using o-b and o-a. Remote Sens , 8, 581.
Waller, J.A., Dance, S.L. and Nichols, N.K. (2016c) Theoretical insight into diagnosing observation error correlations using observation-minus-background and observation-minus-analysis statistics. QJRMS doi:10.1002/qj.2661
Waller, J.A., Dance, S.L. and Nichols, N.K. (2017), On diagnosing observation-error statistics with local ensemble data assimilation. QJRMS, 143: 2677-2686. https://doi.org/10.1002/qj.3117

Waller, J. A., García-Pintado, J., Mason, D. C., Dance, S. L., & Nichols, N. K. (2018). Assessment of observation quality for data assimilation in flood models. Hydrology and Earth System Sciences, 22(7), 3983-3992.
Weston, P.P., Bell, W., Eyre, J.R. (2014) Accounting for correlated error in the assimilation of high resolution sounder data. QJRMS . DOI: 10.1002/qj.2306.

www.metoffice.gov.uk

© Crown Copyright 2017, Met Office

Diagnostic derivation
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Residual based methods
Desroziers et al., 2005 – Theoretical evaluation
Theoretical work has tried to understand impacts of the diagnostic assumptions (Waller et
al., 2016, Waller et al., 2017, Bathmann 2018, Gauthier et al 2018, Sitwell and Ménard
2020).

The theory helps interpret diagnostic results.
For example:
When using
localisation in an
assimilation scheme
the diagnostic can
only be used to
calculate certain
correlations.
www.metoffice.gov.uk
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Impact of observation space localisation on applicability of
Desroziers diagnostic.
Figure from Waller et al 2017.
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✓
✓

Diagnostic and localisation
The correlation between the errors of observations yi and yj can be estimated using the
diagnostic only if the domain of dependence for observation yi lies within the region of
influence of observation yj.
Example
We are able to estimate R1,2 but cannot estimate
R2,1 despite the fact that y1 and y2 lie within each
other’s regions of influence. This is because the
domain of dependence for observation y1 lies
within the region of influence of y2 but the domain
of dependence for observation y2 does not lie
within the region of influence of y1.
www.metoffice.gov.uk
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Correlated observation error
Implementation - Parallelisation
Traditional Parallelisation
•
•

One model column (𝐶𝑤) per observation (𝑂𝑏𝑠)
Each 𝑂𝑏𝑠 and 𝐶𝑤 are distributed across the PE using a
domain decomposition → 𝑂𝑏𝑠𝑃𝐸 = 𝐶𝑤𝑃𝐸

New Parallelisation
•
•

Each 𝐶𝑤 are distributed across the PE using a domain
decomposition.
Each 𝑂𝑏𝑠 are distributed across the PE using a family
decomposition

→ 𝑂𝑏𝑠𝑃𝐸 ≠ 𝐶𝑤𝑃𝐸

Family
•
•

A family is a group of observations that are correlated.
Each observation is assigned to a family.
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Estimating observation uncertainties
How can we estimate observation uncertainties
Observation error uncertainties cannot be calculated directly. Instead, they can be estimated
using a number of methods, each with their benefits and limitations, which include:
• A metrological approach
• Triple colocation
: integer
: modified Bessel function
• Diffusion based methods
: separation distance
: length scale parameter
• Residual based methods
FEM mesh for SEVIRI observations

Mass and stiffness matrix of finite element method
(FEM) used to construct R-1.
☺
☺




No need to invert R.
Unstructured mesh.
Only Matern type correlations.
Length-scale of function must be pre-determined.
Best for large dense groups of observations.

www.metoffice.gov.uk

Example Matern functions

Figures from Guillet et al. 2013
and Waller et al. 2020

Correlation for SEVIRI observations at six locations
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Residual based methods
Desroziers et al., 2005 – Theoretical evaluation
Theoretical work has tried to understand impacts of the diagnostic assumptions (Waller et
al., 2016, Waller et al., 2017, Bathmann 2018, Gauthier et al 2018, Sitwell and Ménard
2020).

The theory helps interpret diagnostic results.
For example:

If the correlations in B
are over-estimated
then the diagnostic will
underestimate R
correlation length
scale.

Estimated observation error
correlation when B lengthscale slightly too big.

Estimated observation
error correlation when B
length-scale much too big.

Estimated Doppler radar wind error correlations.
Figure from Waller et al 2016b.
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