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Motivation
• Background (a-priori) error correlations (BECs) known to be 

important in DA.
• Until recently observation error correlations (OECs) have been 

neglected in NWP. To account for this the data has either been 
thinned, ‘super-obbed’ or the error variance have been inflated.
– Therefore, accounting for OECs correctly could allow for denser 

observations to be assimilated which could be important for high-
resolution/high-impact weather forecasting.

• This has motivated the OECs to be estimated for a range of 
observations, for example using innovation ‘Desroziers’ diagnostics.

• Can we expect to see benefit to including OECs in all observation 
types? Are their cases when thinning the data is still desirable?
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Aim of this work
• There have been numerous theoretical studies looking at the affect of 

correlated observations errors: Rainwater et al. 2015, Miyoshi et al. 2013, 
Stewart et al. 2008, 2013, Liu and Rabier 2002, Seaman 1977, Terasaki and 
Miyoshi 2014, Bergman and Bonner 1976.

• Unlike previous studies, the aim of this work is to show how the impact of 
observations with correlated errors depends on the specification of the 
background error statistics (B) and the observation operator (H).

• Three different metrics studied
– The analysis error covariance
– The sensitivity of the analysis to the observations
– Mutual information (entropy reduction)
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Impact of error correlations on 
uncertainty at different scales

• In can be shown that in the case of positive error correlations, OECs result 
in an analysis which is more accurate at small scales and less accurate at 
large scales (Seaman 1977, MWR and Rainwater et al. 2015, QJRMS)
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The Metrics
Analysis error covariance matrix
• For an optimal DA system this is given by

Influence matrix (see Daisuke Hotta)

• This can be related to the analysis error covariance matrix 
• The trace of this matrix gives the degrees of freedom for signal
Mutual information (or Shannon Information content)
• This measures the reduction in entropy due to the assimilation of the 

observation
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• In the following experiments, the background and observation error 
variances are defined as:

• In the interest of time the observation operator is given by the identity 
(See Fowler et al. to be submitted to QJRMS for more information on 
when the observations are non-direct).

• This setup results in circulant analysis error covariance and sensitivity 
matrices.

2 variable experimental design

6



Bayes’ illustration
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Numerical results, β=2,ρ=1
Analysis more 
accurate at small 
scales
---------------
Analysis more 
accurate at large 
scales

Analysis at large 
scales more 
sensitive to 
observations
-----------------
Analysis at small 
scales more 
sensitive to 
observations
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γ Background error correlations
Ψ Observation error correlations



Data thinning
• Results shown assume circular domain discretized into 32 gridpoints.
• R and B are given by circulant matrices with correlations given by the 

SOAR function

• The background error correlation lengthscale is given by Lb=5. The 
observation error correlation lengthscale Lo is allowed to vary.

• The observation and background error variances are both set to 1.
• Direct observation of the state variables
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Data thinning
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Conclusions
• The impact of observations with correlated errors cannot be considered in 

isolation of the background error correlations (or the observation operator).
– This is particularly true if interested in the impact on analysis errors or the 

spread in information.
– Find that when the correlation scales are very different in the observation 

and a-priori errors there is the greatest reduction in analysis error and the 
greatest spread in information.

• These results could be used in the design of new instruments and observing 
networks.
– It is found that dense observations are most beneficial when the 

observation error correlations are larger than the a-priori error 
correlations.
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