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Basic verification concepts

Why verify?
Met Office purpose

» Monitoring performance

» Choice of model or model configuration (has the
model improved?)

purpose
* ldentifying and correcting model flaws

* Forecast improvement
purpose
* Improved decision making

* "Feeding” decision models or decision support
systems !’;

f alraining notes

@ Crown copyright 2010 Met Office

Matching forecasts and
metorme  ODSErvations

* Point-to-grid and
grid-to-point

* Matching approach can
impact the results of the
verification

@ Crown copyright 2010 Met Office
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Matching forecasts and
Met Office ObservatIOI‘IS

* Grid-to-grid approach
™~ ]
» Overlay forecast and << By
observed grids
» Match each forecast and Obfff_ved grid

observation

. \
\ \ ?
\ \ False Alarm
Miss \ Correctly Detected

\ (Detection = Yes)
Correctly excluded
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Traditional spatial verification
veromee USING categorical scores

Compute statistics on forecast-observation pairs

Observed

Yes no

yes hits false alarms

‘“ no misses correct
negatives

rop. his Fpy- fils+faise alarms

I“ i " hits + misses hits+ misses
‘“ |“ I FAR falsealams

Predicted

- hits + falsealamms

TS - hits
" hits+ misses+ false alamms
Forecast Observed

ETS - hits— hils

random

hits + misses: falsealarms- hils

random
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Traditional spatial verification

Met Office

* Requires an exact match between forecasts and observations at
every grid point.

+ Problem of "double penalty” - fcst obs fest obs
event predicted where it did not 10 10 3 10
occur, no event predicted where it
did occur
L Hires forecast Lowres forecast

+ Traditional scores do not say very RMS~4.7 RMS~ 2.7
much about the source or nature of POD=0, FAR=1 POD~1, FAR~0.7
the errors TS=0 75~0.3

How parameter characteristics
dictate the metrics

@ Crown copyright 2010 Met Office

Met Office
Cloud

+ Cloud cover

Precipitation

+ Positively bounded quantity

approximately log-normally distributed » Bounded (cloud fraction 0-1) but

+ Variety of sources: gauges, radar, mostly discretised (0.8 okta)

satellite » Complex 3-D structure with

discrete structuresin space and

+ Highly discontinuous in space and
time, possibly sparse; difficult to verify
dueto potentially large space-time
errors.

+ Continuous metrics (e.g. rmse) not
recommended

+ Focuson rain areas, thresholds,
spatial methods

@ Crown copyright 2010 Met Office

time, usually simplified into total
cloud amount (TCA)

# Continuous metrics not
recommended, ideally suited to 3 x
3 categorical contingency
analyses.

+ Radiances
# Continuous parameter which could

be assessed using continuous,
categorical or spatial methods.
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Observations

The monster(s) in the closet...

Met Office

* Inattempting to assess model

forecast skill, what are we
losing/risking by ignoring
observation uncertainty?

*«  Whatcan we gain by
considering it?

>

« Canwe affordto ignore it?

# Nol

© Crown copyright 2010 Met Office

(Confusion?)

of T
Cassic.”

-
il Bty s

Observations are NOT perfect!

Met Office

L ]

Observations error vs predictability and forecast
error/uncertainty

Differentobservation types of the same parameter (manual or
automated) can impact results

Typical instrument errors are:
» Fortemperature: +/-0.1°C
» Forwind speed: speed dependent errors but ~ +/~- 0.5 m/s
¥ For precipitation (gauges). +/- 0.1 mm (half tip) but 2 -- 50%
» Forcloud cover: 777

Then there are further issues of shielding/exposure etc

In some instances “forecast” errors are very similar to instrument
limits — so, should the forecast get the blame?
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Sources of error and uncertainty

Met Office

» Biasesin frequency orvalue «

» Random error or noise «

* Reporting errors v

(e.g., impact-based observations) ()
+ Representativeness error v

* Precisionerror

« Other?

@ Crown copyright 2010 Met Office

Effects of observation errors

Met Office
+ Observation errors add uncertainty to the verification results

« True forecast skill is unkhown (an impetfect model / ensemble may
score better!)

+ Extra dispersion of observation PDF

Effects on verification results

+ RMSE — overestimated

+ Spread — more ob outliers make ensemble look under-dispersed
Reliability — poorer
» Resolution — greater in BS decomposition, but ROC area poorer
+ CRPS - poorer mean values

L]

+ Canwe remove the effects of observation error?
+ More samples help with reliability estimates
Quantify actual observation errors as far as possible

-
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The pitfalls of observations type

Fact sheet

Met Office

Manual surface observations are a “dying breed”.

Using sparse and irregularly distributed observations for verifying
high-resolution models leads to potentially disappointing results.
“‘Where is the benefit of high-resolution?”

Cloud and precipitation are two of the most difficult parameters
to predictaccurately, yetthe impact of cloud biases (in particular)
have huge knock-on effects on other parameters, such as
temperature.

Using different observation types for verifying the same model
parameter will give different results. [How does one deal with this?]
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TCA and CBH distributions

Met Office * 14 months of data for Block 03_ stations
* Auto obs have greater proportion of no cloud (due to
instrument limitations, can't see high cloud)
* Observers hedge away from the “boundaries”.
» For CBH atrtificial cloud ceiling visible in cdf

Manual vs auto cloud obs distribution, 01/01/06-28/02/07
T T T T T

Manual vs aute CBH distribution, 01/01/06-28/02107

0.4 o8
ol | Manual s A PR TCA e
—a— Auto : : /
= =t+24h Man . : : : !
B3SF | _ & _pimsh o |

1000 10000
Okta cloud Cloud base height {m)
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How does ob type affect

Al verification measures?

Inthe UM we discovered that use of manual and auto TCA
leads to biases of equal but opposite magnitudes.

Manual vs auto cloud obs t+24h NAE freq ¥ bias, 01/01/06 Manual vs auto cloud obs t+23h NAE ETS, 01/01/06-2802/07
T T T

Bias

' UM VS auto:. too .muc.h cldud g
UM vs manual: too little

=]

ETS >« X ckia

Okta cloud
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DA vs verification

Observations treatment
Met Office

» DA and verification both require observations
BUT the type, treatment, temporal resolution of
observations used may be quite different.

« Verification (in near real-time) relies heavily
on the obs QC that DA provides, using
assigned flags to determine whether an ob is
safe to use (other non-DA based obs QC takes
a lot longer)

* Independent observations analysis systems
(that do not rely on model background
checking) are rarely available.

Observations treatment in DA
Met Office

1. Observations received, check whether in time
window, unit conversion and re-mapping

2. QC - “probability of gross error”
» Updating of “reject lists”
» Background checking (O-B) and buddy checking etc
» Update obs QC flags

3. Data thinning for satellite obs (in both space and
time) — all satellite obs tend to be QC’d

@ Crown copyright 2010 Met Office
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Impacts of observations handling

Met Office

DA

v Error tolerant but sensitive to
gross errors

v' O-B at observation time

v PGE different for each model so
observation sets may differ

v" DA is run at coarser resolution than
the forecast

v" Linear model assumptions and
interpolation methods

v Error inflation
v" Thinning results in a self-selecting
partial non-random sample

@ Crown copyright 2010 Met Office

Verification

¥ Error intolerant, dependent on DA
QC flags

v" F-A at validity time

¥ Want the same obs for comparison
of different models

v Forecast models are at finer
resolution

v" Impacts the QC flags so good
observations may be rejected

¥ Forecast skill under-estimated

v Issues with non-independence

Data filtering for assimilation and QC

O-A MSLP Departures 12z 20100514
Colour: Departure, Black Contour: QG12 20100514 T+0
Observations: 2010-05-14 11:30:00 to 2010-05-14 12:30:00
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Case study: OPERA

European radar composite

Stage 1. establish quality and advise
on usefulness, make suggestions for
improvements

Negative impact over UK —
OPERA degraded product compared to Nimrod

Negative impact over France —
OPERA is degraded product compared to Oper

Positive impact over Spain and Eastern Europe -
OPERA represents additional info available here

Met Office
» Two strands:
» Data assimilation
» Verification
n
Region OPERA vs Operational No Precip vs Operational
e ?__g
NAE 0.02% +n.(}1%>
Mes -0.13% -0.13%
UK Index List -0.42% -0.69%
WMO block 3 -0.27% -0.32%
Scandanavia -0.07% 0.0%
France -0.26% -0.02%
Iberia +0.85% +1.60%
- Lo Y
Germany 2950 -0.05%
Central Europe -0.21% -0.13%
Eastern Euru;(' +0.21% +0.29% )
.

From Mittermaier et al, 2008

OPERA anomalies

Met Office

to consider observations
inconsistencies and errors.

+ 35 days accumulated normalised
anomalies

+ Computed from detrended model
forecasts and OPERA
accumulations.

Pick out areas of:

» Range problems and cold season

bias
» Anaprop
» Bright band
From Mittermaier et al, 2008

@ Crown copyright 2010 Met Office
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Use the model forecasts as truth

Accum UM minus OPERA anomalies
r > i 7
- A 4 i

20080312 00Z
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The dreaded “verifying analysis”

Analyses: different flavours

Met Office

. here the purpose is provide the
best estimate of the atmospheric state for the model to
produce the best possible forecast sequence.

- here the objective is to match
the observations as precisely as possible to produce
the best possible high-resolution estimate of the current
atmospheric state. No forecast is produced from this.
Variational and statistical techniques are used, but the
use of model background fields is optional.

- here the desire is to fix the method for
creating the analysis, and produce a retrospective
dataset of analyses which are used for model re-runs
(of old case studies) and validation.

@ Crown copyright 2010 Met Office

Why do we want to use gridded

analyses for verification?
Met Office

— get the “bigger picture”

— “hides” the observations, QC process
has been done, consistent etc

- most created as part of the forecast
process

e.g. cloud and precipitation

« High-resolution models suffer from poor verification
results when compared at isolated points
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- The issues with using analyses

Met Office

* Non-independence, adjacent grid points correlated in
space and time. This reduces the degrees of freedom of
verifying sample.

+ Local effects not always well captured, or too much
local (spurious?) detail — resolution

+  Method - created as part of the forecast process. Need
to verify the analysis, can only do this at observations
locations. Even so, is this form of “truth” accurate
elsewhere? How does one know? Need for cross-
validation; impact of observations denial?

@ Crown copyright 2010 Met Office
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Dealing with observations errors
In verification

Approaches for coping with

weomee 0P SErvational uncertainty

of observations uncertainties through
verification approaches

 |ncorporation of uncertainty information into verification
metrics and
(e.g. Roberts and Lean MWR, 2008, ICP special
collection in WF)

(e.g. Candille and
Talagrand)

approaches

with observation error

Direct approaches for coping

weomee WIth Observational uncertainty

« Compare forecast error to known observation
error. Can we be as simplistic as:

« |[fforecast erroris smallerthan obs error then

¥ A good forecast

* Ifforecast error is larger, then

¥ A bad forecast X

 What about testing improvements? How can
you know you are making the forecasts better
when the improvement signal is in the “noise™?

@ Crown copyright 2010 Met Office
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Indirect approaches for coping
with observational uncertainty

(Roberts and Lean, 2008)
observed forecast

|
HEE |
|

Fraction =6/25=0.24 Fraction =6/25=0.24

Met Office

or fuzzy
verification approaches

» Other spatial methods (see the
special collection in WF on the Inter-
Comparison Project (ICP) of spatial

verification methods)

(Atgel‘, 2001) Uo 01 0.2 c.a;_a?;‘:jm:

@ Crown copyright 2010 Met Office

Fractions skill score
MetOffice (ROberts and Lean, MWR, 2008)

FSS
Pertect 1 Useful scales i Too much smoothing asymptotes to value
skill : that depends on the
i frequency bias
(1if no bias)
0.5+ fy/2-=--- AESOREREEREEE 1””"0"“ target skill
Present
output
i onthese
fo i scales .
No skill 0L~ _ _
grid scale entire domain

Spatial scale
(length of neighbourhood squares)
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- A “belt-and-braces” approach

Bundle up all sources of error, no direct attribution

BO-day Movieg averags FSS for axcesding 1 mm/Eh - Nov 2008 E=-mOnth miving avarage FES for axceating 16 mmieh - Nov 2008
r T T T T T T T T T ] D05y T T T T T T T T T
(el 1 mm/6h Saieeag 16 mm/6h Biggeris better -
s ) ’ AL 5 4
' ' w i - A
s -
tezah LA e
1, 1
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FSS at 25 km length scale
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* Is high-resolution
(dashed) better than
coarser resolution?

{FSS » 05) {um)
=
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1 1 I L 1 i I I 1
Apr My Jun  Jud Aug Sep Ot New Dee Jan Feb Mar Apr May Jun  Jul Aug Sep Ost New
oenCasty

@ Crown copyright 2010 Met Office

Remotely sensed cloud products:
the way forward?

Intensity-scale method
MetOffice  (Casatietal, 2004)

Normal probability plat for logit trenaferm of cloud fractian

Radar/Sat Forecast
[ - ' ~ - A= - :
-y K 3
1]
2}
W
N QF:
-1
25 _
20060405 187 20060405 127 140 . .
o 0.2 .4 0.5 a8 1T & 0.2 .4 0.5 :
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Conclusions

Met Office

1. Verification is much more strongly dependenton the availability
of quality observations.

2. Thecharacteristics ofthe (model) parametersand the observations
required to assessthem, i tood for verification, if
the results are to be meanmgful (| e. assessmg forecast skill).

3. Interpretation of conflicting results from different observation
types present a considerable challenge and must be treated with
care.

4. Increased horizontal (and vertical) model resolut|on neceSS|tates a
searoh for new ver|f|oat|on data sources. | data s .

5. Satellites may provide a useful dataset of remote cloud
characteristics, both forthe end user and the model physics
developer.

@ Crown copyright 2010 Met Office

Strategic direction

Met Office

+ Spatial verification methods need to be:

# Used for routine verification of high-resolution precipitation forecasts, to prove
that they are indeed getting better.

# Proven for other variables, using analyses or gridded data sets.

Error sources and magnitudes need to be better understood and
quantified.

« Prevent good observations from being rejected! Investigate how
observations are tagged.
' | ' 1l to test credibility of analyses.
+ Invest more in the development of “independent” analyses.

' i ures need to be developed that can be sensibly
mcorporated |nto the standard routine verification processes.

+ Greater use of error bars and use of hypothesis testing for assessing
the impact of model changes.
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