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Introduction

Assuming Gaussian statistics, the

maximum likelihood solution to X, - X, =w(y- Hx,)
the linear estimation problem

results in observation analysis S bz

weights ( w) that are independent W=— >

of the observed value. S, TSy

0.8

Outliers will be given the same weight as
good data, potentially corrupting the
analysis

07 -

0.6 -

0.5 -

probability

4 -
0.3
0.2

01

00
-1i

DA/SAT Training Course, May 2010




Even good -quality data show significant
deviations from the pure Gaussian form
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A The real data distribution has fatter tails than the Gaussian

A 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):

J, =-In p+const
p is the probability density arbitrary constant,
function of observation chosen such that
error Jo=0 when y:HX
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The Normal observation cost function Jo (2)

When for p we assume the normal (Gaussian) distribution ( N):

we obtain the expression

J, =-InN +const=

y. observation

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

U,: observation error standard deviation

Normalized departure

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

<> ECMWF
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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°®

<N\

Normal distribution (pdf),
as appropriate for
60goodd dat

pdf for data affected by
gross errors

A Is the prior probability  of gross error

l e
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Gr os s error s

Positive observed temperatures (  €C)

reported with wrong sign.

(Chinese aircraft data 1 -21 May 2007)

LAl

Innovation Statistics
Sample=429,000
All data
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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.
G 1
P ==
2d

e

2dis the width of the
distribution

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

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

Qc eg +exp(- J, )IZJ
JO - - In e u
= g+1 i We can see
© how the
e ol presence ob
DJSC = DJON gl - g U modifies the
& grexp(-J;))yg normal cost
function and
: A2 its gradient
with o defined as:g = p 'S gradien
(1- A)2d
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Probabillity of gross error

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

thea-posterioriprobability of gross errde, givenx g

_ . P =
and assuming th#ixis correci(see Ingleby and g+exp(-IM)

Lorenc 1993)

Furthermore, we can define a VarQC weight W=1-P
It 1 s the factor by which t.heyogr adi
reduced. BJ, _R/V%ﬁo

A Data which are found likely to be incorrec&(p are given reduced weight

in the analysis.
A Data which are found likely to be correctd®) are given the weight they
would have had using purely Gaussian observation error pdf.

<> ECMWF
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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, JoQC¢ is computed as a sum (over the observations )
of independent cost function contributions:

I =-in( p> +const =-3 I p> +const = F I

Theglobalsetof observationatlataincludesa variety of observedquantitiesas
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 fhe
observed guantity.
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Tuning the rejection limit

The histogram on the left has been
transformed (right) such that the
Gaussian part appears as a pair of

straight | i nes f

The slope of the lines gives the St

deviation of the Gaussian.
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sgri(—2"In(f/fm))

The rejection limit can be chosen tp
be where the actual distribution is
some distance -away

rarpuinl gto 7& in thisVaBe, wauld pe z e
appropriate.

AIREP Temperature
apdp, 19970419-19970502, 00 06 12 18

sample=1742399
—— y=abs{x/1.38)

-15 -10 -5 0 5 10
Departure from background (K)

ECMWF



Tuning example

AIREP Temperature
E-suite, 19970419-19970502, 00 06 12 18 BgQC tOO toug h
500
| sample=174299
BgQC+VarQC, 3078 (bald)
VarQC rejections, 17 (filed)
400 +
300

Number of data

200

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 srrsthle features may be rejected
although the measurements are correct.

The problem occurs
when the resolution
of the analysis system|
(as determined by thef
B-matrix and model
resolution) is
iInsufficient.
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Jo

Huber -norm an alternative
A compromise between the |, and I, norms
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Huber norm:

/' ARobust method: a few
| erroneous observations
| does not ruin analysis

| AAdds some weight on

observations with large

1 departures

| AA set of observations with
| consistent large departures
will influence the analysis

AConcave cost function
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Huber norm variational quality control

The pdf for the Huber norm is:

2

: lﬁexpé’161 ad| g ifa <d

| - 5

TSO 2p (;2 -~

I -

1 _y- H(x

p(YDO=% e——2 g a ¢d b whered =

1 S \/ p 8 2 u so

T n

A ab’ 0

| — 5 if d>b

exp bd

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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Comparing observation weights:
Huber -norm (red) versus Gaussian+tflat (blue)

A More Welght in the Weights for Huber and Gaussian distribution
_ Sigma_n: 1.56 Sigma_h: 1.30 H_left: 1.5 H_right: 1.1
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Departure statistics for radiosonde temperatures

IS well described by a Huber

A Based on 18 months of data

Feb 2006 i Sep 2007

A Normalised fit of pdf to data

- Best Gaussian fit

- Best Huber norm fit

TEMP—T" N.Hemis_15000.0__ ZRLJLJ ).0_Vaisala_RS92
used data normalised bac kuro nd fit
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Weights for huber norm

Weights for Huber and Gaussian distribution
Sigma_n: 1.56 Sigma_h: 1.30 H_left: 1.3
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Weights for huber norm oTall TEMP

Weights for Huber and Gaussian distribution
Sigma_n: 1.82 Sigma_h: 1.47 H_left: 1. W H_right: 1.1
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Data counts (log scaling)

METAR surface pressure data (Tropics)
Blacklisting data may well contain gross errors

N 556/549. B: —0.104 5: 1.115 Hiber: 1.500 1.4
F ‘ T T T T | T T T T ‘ T T T T ‘ T T T T |

04l After removing the
" blacklisted data the
_ - departures are well
107 % described by a

: A Huber norm (black
| crosses & red line)

| What is left after
removing
blacklistgd data
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Aircraft temperature and winds N.Hemis
Huber norm distributed with some deviation for cold departures
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SYNOP ship Surface Pressure and buoy winds
Both follow a Huber norm distribution fairly well
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SYNOP land surface pressure N. and S. Hemisphere

S.Hemisphere follow a Huber norm distribution nicely. N.Hemisphere
bump linked to incorrect station height for some Alpine stations.
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Recent implementation of Huber norm VarQC
Il n ECMWFOs assimilation sy

Huber norm implemented and tested for
- SYNOP, METAR, DRIBU: surface pressure, 10m wind
- TEMP, AIREP: temperature, wind
- PILOT: wind

Relaxation of the first guess check

- Relaxed first guess checks introduced, because Huber
VarQC is a robust method

- Relaxation out to ~ 16 Sigma (16 St.Dev.)
Retuning of the observation error

- Smaller observation errors for Huber VarQC introduced,
representing the Agood datao ce
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North America 6 th of June 2008 case

A Large departures

Time series curves .
500hPa Geopotential over the US:

Anomaly correlation forecast

Europe Lat 35.0to 75.0 Lon -12.5to 42.5 E— oouUTC - Wind data
oper T+120
- ~200hPa
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First guess rejections. Operations 06.06.2008

06.06.

(6D Departures of
O fg-rejections
o VarQC
O weights < 25%
irple), FG-rejections (red)

A ~200hPa, wind
A 00-06 UTC
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