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Introduction

Assuming Gaussian statistics, the maximum
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Even good-quality data show significant deviations from
the pure Gaussian form
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= The real data distribution has fatter tails than the Gaussian

= Aircraft temperature observations shown here
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The Normal observation cost function Jo (1)

The general expression for the observation cost function is based on the
probability density function (the pdf) of the observation error
distribution (see Lorenc 1986):

= —In p + const

TN

arbitrary constant,
chosen such that
Jo=0 when y=Hx

p is the probability density
function of observation error
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The Normal observation cost function Jo (2)
When for p we assume the normal (Gaussian) distribution (N):
1 y—Hx

N = : exp
o ~N2x 2\ o

we obtain the expression

g, =—1nN+c0nst:;

y: observation

x: represents the model/analysis variables
H: observation operators

o,: observation error standard deviation

Normalized departure

In VarQC a non-Gaussian pdf will be used,
resulting in a non-quadratic expression for Jo.
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Accounting for non-Gaussian effects

In an attempt to better describe the tails of the observed distributions,
Ingleby and Lorenc (1993) suggested a modified pdf (probability density
function), written as a sum of two distinct distributions:

P =(1—-A)N+ Ap°
RN

pdf for data affected by
Sross errors

Normal distribution (pdf),
as appropriate for
‘cood’ data

A is the prior probability of gross error
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Gross errors of that type occur oc%asionally...
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Variational quality control

Thus, a pdf for the data affected by gross errors (p®) needs to be
specified. Several different forms could be considered.

In the ECMWF 1998-2009 implementation (Andersson and Jarvinen 1999,
QJRMS) a flat distribution was chosen.

2d is the width of the distribution

The consequence of this choice will become clear in the
following
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VarQC formulation

Inserting pQc for p in the expression Jo=-In p + const, we obtain:

JoC _ _1n y +exp(=J,)

- 4 +1 — We can see how
B 7] the presence of y
VJ OQC =VJ ;\I 1— /4 = Irllloililﬁfs thf
+6Xp(—_] ) ormal cost
— 4 o 7 _ function and its
gradient
A~ 27

with v defined as : y =

(1— A)2d
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Probability of gross error

The term modifying the gradient (on the previous slide) can be shown to be
equal to:

the a-posteriori probability of gross error P, given x and assuming ¥
that Hx 1s correct (see Ingleby and Lorenc 1993) P

 yrexp(=JY)

Furthermore, we can define a VarQC weight W-

It 1s the factor by which the gradient’s magnitude is reduced.

W=1-P
VJX =wvJ>

« Data which are found likely to be incorrect (P=<1) are given reduced weight in the analysis.

« Data which are found likely to be correct (P = 0) are given the weight they would have had using
purely Gaussian observation error pdf.
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Gaussian + flat PDF

Sum of 2 Gaussians

VarQC: pdf=(1-A)*N(0,s0) + A/(2L"so)
Jo=-log(pdf) ; A=1% L=5 so=2.
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VarQC: pdf=(1-A)*N(0,so) + A*N(0,3"so)
Jo=-log(pdf) ; A=1% L=5 so=2.
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Application

In the case of many observations, all with uncorrelated errors, Jo®C is
computed as a sum (over the observations i) of independent cost function
contributions:

J€ = ]anl + const = Z]HP +C0nSt_ZJ§C

The global set of observational data includes a variety of observed quantities, as used by the
variational scheme through their respective observation operators. All are quality controlled
together, as part of the main 4D-Var estimation.

The application of VarQC is always in terms of the observed
quantity.
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Tuning the rejection limit

The histogram on the left has been transformed The retection limi
) _ e rejection limit can be chosen to be where
(right) such that the Gaussian part appears as a the actual distribution is some distance away
pair of straight lines forming a ‘V’ at zero. from the ‘V’ - around 6 to 7 K in this case,
The slope of the lines gives the Std deviation of would be appropriate.
the Gaussian.
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Transforming the Gaussian pdf

2
1 1 y—Hx
N = C —
o 27 I o,

2

1 yv—Hx
2 o

| v — Hx|

O

o

—In/N = —const +

\/2(—]11 N + const) =

y: observation

x: represents the model/analysis variables
H: observation operators

o,: observation error standard deviation
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Tuning example

AIREP Temperature
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BgQC and VarQC correctly tuned

The shading reflects the value of P,
the probability of gross error
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Tropical Cyclone example

Observations of intense and small-scale features may be rejected although the
measurements are correct.

The problem occurs when the
resolution of the analysis
system (as determined by the
B-matrix and model
resolution) is insufficient.
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Huber-norm an alternative
A compromise between the /, and /, norms

Huber norm:

Gaussian

\ Huber norm (New operational)

\ | Gaussian + flat (old operational)

/ | « Robust method: a few erroneous
/| observations does not ruin analysis

/ | » Adds some weight on

observations with large departures
* A set of observations with
consistent large departures will
influence the analysis

* Concave cost function
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Huber norm variational quality control

The pdf for the Huber norm is:

2
! exp a——‘aé‘ ifa<o
o N2rx 2
1 1 ., ] y—H(x)
x)=- expl| —— &2 a<S<h where 6 =
p(ylx) g p[ 5 -
2
! exp b——‘bé ifo>b
o 21 2

Equivalent to L, metric far from x, L, metric close to x.

With this pdf, observations far from x are given less weight than
observations close to x, but can still influence the analysis.

Many observations have errors that are well described by the Huber norm.
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Transforming the Gaussian and exponential pdf

! 1(y-Hx) ! & (|y—Hx|
v — Hx B _
N: C e E— e}(p ——a
o, N2 P 2\ o, o 27 2 o
2
—2InN = —const + y— Hx —2In E = —const, +| 2a |y = Hx|
O, o,

y: observation

x: represents the model/analysis variables
H: observation operators

c,: observation error standard deviation
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Comparing observation weights:
Huber-norm (red) versus Gaussian+flat (blue)

= More weight in the middle
of the distribution

= More weight on the edges
of the distribution

= More influence of data
with large departures

-Weights: 0 — 25%
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Departure statistics for radiosonde temperatures is well
described by a Huber-norm distribution
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METAR surface pressure data (Tropics) Blacklisting data may well
contain gross errors

Data counts (log scaling)
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departures are well
described by a Huber norm
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VarQC Summary

= VarQC is efficient quality control mechanism — all data types are quality
controlled simultaneously as part of the 3D/4D-Var minimization.

= The implementation is very straight forward.

= VarQC does not replace the pre-analysis checks - the checks against the
background for example. However, with Huber-norm these are relaxed
significantly.
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