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Introduction

OSEs can provide useful information about the impact of observations
on analyses and forecasts in a particular assimilation/forecast
system.

The number of observations assimilated on a given cycle is on the
order of 10°to 106.

OSEs (withholding different observations) can be used to study the impact of
only a very small subset of these observations.

Assimilation/forecast systems are in continuous evolution so the
impact of observations needs to be regularly re-assessed.

OSEs are expensive so feasibility of this is questionable.
A less costly procedure is needed for regular monitoring of the
impact of observations.

This is an active area of research in NWP.

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007
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Analysis sensitivity to observations mim

|

What is the relative influence of the observations and background
state on the analysis?

How much influence do individual observations have on the
analysis?

An influential observation

may provide important information about an anomalous event
may point to a data quality control problem

may point to a problem with the assimilation system (e.g., an
incorrect specification of the error covariances B and R)

The influence matrix (from ordinary least-squares) provides a
quantitative diagnostic for answering these questions with statistical
data assimilation systems.

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



v(? The influence matrix
| (Cardinali er 2/ 2004 _QJRMS)

e Operational data assimilation methods are variants of statistical linear
estimation.

CEPFLC

e The (linear) analysis is given by

X*=x"+K(y°-Hx") = Ky °+ (I, —KH )X’

where

K =B +H'R')"H'R™ model-space inversion
BH "(HBH " +R)™

observation-space inversion

e The analysis at the observation points is
y* =Hx®= HKy °+(l, - HK )Hx"

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007
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The influence matrix

The analysis at the observation points is
y* = HKy °+ (I -HK )Hx"

The analysis sensitivity with respect to the observations is
oy °
oy’

The analysis sensitivity with respect to the background equivalent of the

= K'TH' Observation influence

observations is
a

oy -

d(HX®) ~ P

The influence matrix is definedas S = K'H'

KTH' Background influence

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



Properties of the influence matrix
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The diagonal elements S, of Sare the self-sensitivities, the off-diagonal elements S,

(i #]j) are the cross-sensitivities.
If Ris diagonal (uncorrelated observation errors) then 0 < S < 1.

S.=0implies the i observation has no influence in the fit.
S.=1implies the i observation has been fit exactly.

The information content or degrees of freedom for signal is defined as

p
trace (S) = Z S, p = no. of obs.
The Average observation Influence (Al) is defined as
p P
Globd Al -1 S, Patid Al -1 S, P = subset of obs.
P f= P, ¢

Methods that compute the reduction of error variance due to (subsets of)

observations are closely related to the above (Desroziers et al. 2005; QJRMS).
GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



vy . . .
(ﬁ‘ The influence matrix: a simple example
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e Consider 2 observations (yo,y0,) and 2 parameters (X, X,) with

background (Xb,, Xb,) .
O

N\

Yo,

—ar

1 +1-q°
S:2 2
r“+2r+l-a -ar

r+1-qg°

ah
&P

E where r:UOZ/UbZ
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({‘ The influence matrix: a simple example <’
2 S
S - 1 r+l-a -ar 1
f+2r+l-a°H -ar  r+l-q°
o=0
1721 :
e a2 2
r=a,lo, " . a=
. | 1 1 r
®r— 00 . 5,=0 Worthless observation/perfect bac
e =1, r=1:5=1/3 Perfect correlation, back. + obs. of equal accuracy
o =1, r=0:5=1/2 Perfect correlation, perfect obs.
o =0,r=1:5=1/2 No correlation, back. + obs. of equal accuracy
o =0,r=0:5=1 No correlation, perfect obs./worthless background

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007
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vy . .
(ﬁ‘ The important points

e High background-error correlations can significantly reduce the
observation influence (self-sensitivity) in favour of background
influence and surrounding observation influence.

e For observations that are sparse (relative to the background-
error correlation), the observation influence (self-sensitivity) is
determined by their accuracy relative to the background.

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



Computing the self-sensitivities <

To compute the self-sensitivities requires estimating the analysis
error variances (the diagonal of the inverse of the Hessian matrix).

For assimilation methods based on reduced-rank covariance
formulations, this computation should be straightforward.

For full-rank covariance formulations used with variational
methods, the computation is more complex.

Approximate methods have been developed using a combined
randomization and Lanczos algorithm (Cardinali et al. 2004; QJRMS).

Randomization methods are efficient if only the trace (GAI or PAl) is
desired (Desrozier et al. 2005; QJRMS).

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



v&_‘ Example of analysis sensitivity in the ECMWF g
4D-Var system Z

From the 2003 ECMWF operational system (Cardinali 2004)
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v&_‘ Example of analysis sensitivity in the ECMWF
4D-Var system

Analysis sensitivity to Total Column Water Vapour (TCWV) observations

High
sensitivity

" 05

Low
sensitivity

0

(Cardinali 2004)

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



Y Forecast sensitivity to observations cERELCs

—Le_qﬂ_Langland_and_BakeL_ZQOA;leLLus)—zh

e Define a scalar measure of forecast error (a cost function J); e.g., the
“energy” of the difference between forecast and verifying analysis in a

given region.

e The forecast-error sensitivity with respect to the analysis is

0J ox' 0J M T 0J

ox*  ax* ax' ox"

e The forecast-error sensitivity with respect to the observations is
) ax*ad) 1 d)
ay°  dy° ox* 0x°

e The forecast-error sensitivity can thus be computed using the adjoint of
the forecast model and the adjoint of the data assimilation method (gain

matrix).
GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007
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r&" Forecast sensitivity to observations

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



v(ﬁ‘ How to computeK ' dJ/0x%n Var systems? ‘“2’-:’
K

! (HBH + R)_lHB observation-space (PSAS) inversion

R™ (B +H'R™H)™ model-space (Var) inversion
A

® |n operational Var systems, Ais ~10%x106 and B, Rand H are only
available in operator-form, so direct inversion of A is not possible.

e The linear system A7z = 8J/0x°
can be solved efficiently using a conjugate gradient method.

e Note that the variational analysis itself is obtained by solving the same
linear system but with a different right-hand side.

e Then compute  0J/dy° = R™'Hz

e An analogous procedure exists for observation-space formulations.

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



v({‘ How does Jvary with respect to the observations?‘“i"’

e We can use the adjoint sensitivity gradient to estimate the (first-order)

observation impact on forecast error:

0J (aJ/aXf )T X' = (aj/axf )T M (t,,t.) ox* in model space

M (t,,t,)7 03/ /ox" | &x* = (03/ox?)" (x* - x")
= (0J/0x ) K(y°-Hx") = (KTOJ/axa)T(yO—be)

= (aJ/ayo)T (y° = Hx b) = (OJ/ayO)T OY°  in observation space

We can use the last expression to examine the contributions to 0J from

subsets of the observations (innovations).

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



Monitoring forecast sensitivity in the ECMWF

4D-Var System
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- Example of 10-day forecast sensitivity in the
(? ECMWEF 4D-Var system
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Pressure, hPa

Traditional OSE

RAIN - NORAIN impact on relative
humidity forecast (T + 48h) error

TCWV observation impact on forecast error

g v =y 1 Io.m
200} 1 ]

400

600

S
o
o

800

o
o
(e ]

Normalised difference in RMS error

1000 ] \ f . )
90 60 -30 0 30 90
Latitude

-0.10

(Geer et al. 2007) (Cardinali 2007)

OSE and sensitivity experiment show consistency

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



v(ﬁ‘ Conclusions (1) =

e The information matrix provides quantitative information about the

impact of observations on analyses generated by statistical data
assimilation methods.

e |Important applications of the self-sensitivities (diagonal elements) of
the information matrix include:

Monitoring the influence of different data-sets/types.
Identifying problems in the assimilation system (B and R specification).

Quality control (effect of leaving one observation out).
Data thinning.

e Practical methods have been developed in NWP to estimate the self-

sensitivities (individual elements or trace).

Randomization methods (Desroziers et al. 2005; QJRMS).
Lanczos methods (Cardinali et al. 2004; QJRMS).

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



Conclusions (2) age

Practical methods for estimating forecast sensitivity to observations
have been developed in NWP. The fundamental ingredients are:

the adjoint of the forecast model (also needed for 4D-Var);

the adjoint of the data assimilation method - gain matrix (also needed for the
information matrix).

Forecast error is defined precisely via a cost function.

Different cost functions will give different sensitivities.
In NWP, forecast sensitivity experiments have been used to identify
model-bias and data-quality problems.

The techniques described here are complementary to traditional
OSEs/OSSEs which are more appropriate for longer range forecasts
(when the linear assumption breaks down) and testing impact on
forecasts (rather than forecast error).

GODAE-OOPC OSSE/OSE workshop, Paris, 5-7 November 2007



