Ensembles: invaluable tools to predict extremes
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Reliable probabilistic forecasts

Reliable probabilistic forecast allow
to identify predictable events.

Observation

>
20% .... ... 80%
Forecast
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In a reliable ensemble, small spread>small error

Cate 20191101 0D UTS  @ECMWEF
Frobability that MAHA will pass within 120 km radius durng the next 240 hours
tracks: solid=HRE5; dot=Ens Mean [reported minimum central pressure (hFa) 992 |
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Frobability that MAHA will pass within 120 km radius durng the next 240 hours
tracks: solid=HRE5; dot=Ens Mean [reported minimum central pressure (hPa) 966 |
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Reliable ensembles are more valuable than single fcs

For example, consider users that Suracs2moteramparatre
need to decide to take an action to e s AT o5

oper_ob 12UTC | Mean meathod: fair
1

protect against a loss.
For them, it is important to have a

prediction system capable to S
discriminate between the

occurrence and non-occurrence \

of events. I_"“»\\ENS PROB FC
Ensemble-based probabilistic

forecasts discriminate better than
single, deterministic ones.
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The 4 ECMWF ensembles

Since 2008, ECMWEF has
been running 4 ensembles:

Background forecast

= The 51-member
Ensemble of Data
Assimilation (EDA)
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Analysis !
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12-hour assimilation window
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The 4 ECMWF ensembles

Since 2008, ECMWEF has
been running 4 ensembles:

= The 51-member

Ensemble of Data
Assimilation (EDA)
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The 4 ECMWF ensembles

Background error correlation length
scale for long(p,s) @nd P

The EDA 51 members provide the
next cycle’s analyses (the HRES
4d-Var and the EDA) with flow

10°5 |G

dependent background error |B°°
- g 700
statistics.
600
500
20°5 400
300
200
g Un-pert obs - E DAOO g Un-pert obs 150
* EDA(-12h) » Perturbed obs * EDA(-12h)
var/covar « Model err var/co-var 30° 100
. ED;A(-12h)
var/covar
= 4DV I 4DV,
(M Bonavita)
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The 4 ECMWF ensembles

. Date 20190427 12 UTC @ECMWF
Since 2008, ECMWEF has Probability that FANI will pass within 120 km radius during the next 240 hours

been running 4 ensembleS' tracks: solid=HRES; dot=Ens Mean [reported minimum central pressure (hFa) 993 |
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The 4 ECMWF ensembles
NINO3.4 SST anomaly plume

Since 2008, ECMWEF has ECMWF forecast from 1 Aug 2018

Maonthly mean anomalies relative to NCEP Olv2 1981-2010 climatology

been running 4 ensembles: ——System 5

= The 51-member Ensemble
of Data Assimilation (EDA)

= The 51-member medium- s 1
range/monthly ensemble =
(ENS) £
-:% 0+ :.* -0
= The 51-member seasonal
ensemble (SEASS) &
1- -1
M A M J J A S ONU D JFEMAM UIIJIAS O
2018
= ECMWF
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The 4 ECMWF ensembles

Since 2008, ECMWF has
been running 4 ensembles: OCEANS ENS STD

= The 51-member Ensemble 60°N i * "‘-=r*""~' i
of Data Assimilation (EDA) 30°N froven [ T I it .

= The 51-member medium- 0° ;
range/monthly ensemble 30°s} : '= = .:

(ENS) 60°S|-

= The 51-member seasonal 90°3s
ensemble (SEASYS)

= The 5-member ocean < . B g
ensemb|e(QCEAN5) 0.1 03 05 07 09 11 1.3

(H Zuo, K Mogensen)

60°E 120°E 180° 120°W 60°W
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The NWP process: from obs to forecasts

Aproximately 20 million observations

Data .
T First guess
assimilation

Initial Intermediate
.. Model next step
conditions results

— The atmosphere is Laws of physics
SAEEERNN - .
N divided into about one
billion cells each
having associated Forecast
parameters such as

temperature, pressure,
and wind direction.
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The NWP process: from obs to forecasts

The ECMWF ensembles aim to simulate all sources of errors.

Model uncertainties

Aproximately 20 million observations
Observation
Data Fi
errors assimilation Irst guess

ICS ’ Uncertainties # < In"fi;i‘l > [ Model next step ] < Intermediate >
conditions results
S The atmosphere is Laws of physics
//Z’/:é’iﬁ':"i":‘.“ divided into about one
;i??ﬁﬂﬂﬂ-' billion cells each
.‘."-,iii!!i" having associated Forecast
¢ parameters such as

temperature, pressure,
and wind direction.
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Key characteristics of the ECMWF ensembles

Ocean OBSIIC Frequency
Resolutlon Resolution

4DVAR Tco1279L137 4 x day

P (9km)

2 EDA . Tco639L137 - - pOBS - 2 x day

© (18km)
HRES 1 Tco1279L137 - - 4 x day
(d0-10) (9km)

% ENS 2 x day

S (d0-15) (4 x day to d6.5)

® ENS Tco319L91 2 x week

O (d15-46) (36km)
SEAS5 Tco319L91 SV SPPT + 1 x month
(mO0-7/13) (36km) SKEB (4 x year to 13m)
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ENS ICs: the SV-based perturbations

Spatially localized;

At initial time, have a larger
component in potential than
Kinetic energy

Show a westward tilt with
high, typical of baroclinically
unstable structures;

are computed solving an
eigenvalue problem:

E;"*L'ELE;"*v = 6%

[0
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SV(Temp)

SV(U-comp)

Cross section of T 20060922 1200 step O Expver exlt

30°N

Cross section of T 20060922 1200 step 0 Expver exlt

50°N
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EDA(U-comp)

Cross section of T 20060922 1200 step 0 Expver ex|t
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the EDA-based perturbat

ENS ICs

Are less spatially localized
than SVs;

(Roberto Buizza, IITM Pune (26 Nov 2019)

have a similar
" density and

amplitude in potential and

At initial time
Kinetic energy;
observations
accuracy

9
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Stochastic model uncertainties [SPPT(3L)]

Model uncertainties are linked to
the approximate description of the
physical processes, and to the
unresolved scales due to the
coarse resolution of our models.

~ 1000 km

They are simulated by perturbing
the tendencies by stochastic
perturbations with 3 spatial and
temporal characteristic scales.

15
time (davs)
(M Leutbecher)

e (T)=e,(0)+ I[Pj(ej,t)erPj(ej,t)JrAj(ej,t)]dt
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The skill of ENS fcs is measured with CRPS

ENS forecast probabilities are compared with observations (a very narrow
Gaussian). A climatological distribution is used as a reference fc.

= Accuracy is measured using the Continuous Ranked Probability Score
= Aforecast is skilful if CRPS(ENS fc) < CRPS(climatological ensemble)

ENS +5d I '

ENS +10d

ENS + ..

A
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Scale-dependency of the skill horizon

ENS grid spacing

1000 days

Unresolved ~ No skill § Monthly average sea-surface
1 year " : : : ;

L temperature (e.g. El Nino)

Monthly average
———— 2-metre temperature,
mean sea level pressure

1 season 100 dayg

La]]
D‘] - - -
£ 1 month . —— Teleconnection indices
= _ _ _ Upper-level fields
(V] e . : .
10 davs e
y : Surface fields
Rainfall
Extremes
Spatial 1 10 100 1000 10000
scale >
(km) From finer to larger scales

(ECMWEF Newsletter 145, 2015)
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A
=% ) Sant’Anna
TR [ School

How did we get there? Thanks to advances in ...

1. Modelling (including the simulation of model uncertainties)
2. Initialisation (including the simulation of the obs uncertainties)
3. Understanding predictability (how can we extract predictable signals?)

500hPa geopotential
Lead time of Anomaly correlation reaching B0%
SHem Extratropics a 800 1 -200,len -120.0% 180.0)

850hPa temperature
Lead time of Continuous ranked probability skill score reaching 25%
MHem Extratropics fiat 200w 900, lon 1800 10 180.0)

starg 12mMA reachas 80% crpss 12mMA raachas 25%
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Predictable signals versus errors

Predictable signals propagate from the better-initialized and more
predictable scales (‘mainly’ the large scales, the slowly evolving
components) to the less predictable (small/fast) scales

105 -

e 1054 4 o R .4 Cloud
1 aay 17777 clusters

£ 104 -

seconds
|
—
o
=
-1
i
I
I
I
|
]
S N

§ b AOSRR S— S : Errors propagate from
B 1 0 minens s ___convection o~ poorly initialized scales
i ' .
2102 ' (‘mainly’ the smaller
= min ======¢" SR A4 Oz .
- scales) thus reducing the
L
P ooune  Mesoscalel predictive skill
" iMich Emtiva iLar e

rscale 1scale 1scale
1 : I I i 1 I : 1
1em 10em  1m 10m 102m 1km 10km 102 km 10% km 104 km
Charactenstic length scale (R Buizza and M Leutbecher, QJRMS 2015)
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Extremes populate the tails of the distributions
= Ensemble-based probabilistic systems have low resolution in probability
space (e.g. in weather, 50 members can resolve dp=2%)

= Diagnosing the performance of numerical models in predicting extremes is
difficult because they are rare, and each is different: thus building a solid

statistics is difficult

Proba

ENS fc
4% CLI

25
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‘Extreme-value theory’ can be applied to extract signals

TMAX for Hannover

‘Extreme-Value theory’ ) _M-climate . obs-climate
can be used to calibrated g:; :;ax(t 10y)/ 9
probabilistic forecasts (by A -+t _

: Model Tmax(t-10y) 1 e
mapping from the model 34 degs
to the observation 7" . - (o
spaces). 3 3
An example is the & §-
‘Extreme Forecast Index’ E E :
(EFI) used to predict
surface weather /
variables.

(from Prates and Buizza, QJRMS 2011) # 02 03304 06081 2 34567870 20 3040 60 # 02 0304 0.6081 2 5 4567810 20 3040 60
Return Period (years) Return Period (years}
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EFl: compares the CDF of the fc and the model climate

Extreme Forecast Index (EFI): o —
= Compute the model climate Mg, 08 Al
CDF and the latest available 08 Mg, / ity
forecast CDF 04 Al Fea
» Compute the area between the two o2 i
curves P
. If the normallzed area IS Close to 1, 0051152 253354455556¢65775885)9
there is a high probability of an 0o o
extreme event 08 /ﬂ
0 Moy “
1 o A FCy
EF] ZEJ‘P—CDF(P) dp g.i — a ’
75 A p(-p) o ’
0051152 253354455556¢65775885)9
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The model climate is computed using reforecasts

30 4 7 11 14 18 21 24 28 May 2019...
Reforecasts are smaller- I I O s

size ensembles, run twice- 51
a-week, for the past 20

2018

years.

To compute M, the 5
closest 11-member 2017
ensembles for the past 20

years are used (1100 20y
members).

—> 1998

28
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2019: EFI precipitation for Gavi Italy (21 Oct)

Forecast and M-Climate cumulative distribution functions with EFI values

44.63°N 8.81°E
Valid for 24 hours from Sunday 20 October 2019 00 UTC to Monday 21 October 2019 00 UTC

CDF for 24h precipitation (mm)

——24-48h Climate extrema [Max = 80, Min = 0] -100%  -50% EFI 50% 100%
L0 = - t+ [24-4Bh] Gd%
t+ [36-60h] 60%
BO%— t+ [4B-72h] f5%
t+ [60-B4h] 8%
60% t+ [72-96h] 56%
t+ [B4-108h] 44%
A0%— t+ [96-120h] A5%
t+ [108-132h] 43%
2 0% —
0%— T T | | I
0 20 40 60 BO 100
Sant’Anna
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2019: EFIl map for total precipitation valid for 21 Oct

ECMWF ENS Extreme Forecast Index — 19/10@00+48-72h

Sat 18 Oct 2019 0OUTC SECMWF t+48-T2h WT:Mon 21 Oct 2018 00UTE - Tue 22 Oct 2019 DOUTC
Extreme forecast index and shift of Tails (olack contours 0,1,2,5,8) for total precipitation j. 1

0.5 0.&

£ na
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Three examples focussing on India

» Tropical cyclone FANI (Apr 2019)

» Ensemble based prediction of weekly-average precipitation anomalies
» Seasonal precipitation prediction

zn) Sant’Anna ¥
Jrrfd,/  School of Advanced Studies — Pisa (Roberto Buizza, II'TM Pune (26 Nov 2019)




Ex 1: medium-range ensemble strike probability

Date 20120427 12 UTC @ECMWF
Probability that FANI will pass within 120 km radius during the next 240 hours
trachs: solid=HRES; dot=Ens Mean [reported minimum central pressure (hFa) 993 |
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27 Apr +6d > 3 May
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m RERER LR 1 12 T 1l F7]
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ENS: 20190427@12+10d

Probakility (%) of Tropical Cyclans Intansiy aling in each catagory
TOup 1o 33] TS B34-63] HR1[G4-82] HA2 [&3-95] HR3 [= 95 H]

90
73
&0
45
aa
13

1}
SalT Sl Kol t ] Wikl 1 Thul Frid Sai & Sn 5 Ko & T T
i e

10m Wind Speed (ki) solid=HRES: dot=Ers Maan
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Ex 1: medium-range ensemble strike probability

Date 20190508 12 UTC @ECMWF
Frobability that FANI will pass within 120 km Rdius during the next 240 hours

tacks: solid=HRES; dot=Ens Mean [meported minimum central pressure (hPa) 978 |

.!—III .lna: I_lmm |!D—I] | &m0 .!D-EI -EI-'HZI .'rn-m .EI-II .:.-!EHG
- 2 ::--“" E¥A
- ™ - a
: I
3 May
/ —— {Z ...... f
A ' , " 3,
1 : f ' <
27 Apr +6d > 3 May. =7 Vi e S
: | oo ; b
I| ’ % = E |1 .h:'. £ -

Lt ol ansambla mambars numbars loracast Tropical Cyclona
Intensity category in cobowrs; TOjup o 33] TS[34-63] HR1[64-82] HREEI-55) HR3= 95 ki]
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ENS: 20190503@12+10d

Probakility (% of Trapical Cyclona Imansity falling in each cataegany
TOup 1o 33] TS [34-63) HR154-82) HR2 [83-95) HR3 |- 85 K]

90
TS
a0
45
30
15

0
T T T T T T
Fdd Sk & Sun 5 KonB Tim T Nl 0 Thul Fel0 Sadl1 iz Kemla

10m Wind Spead (ki) solid=HHES; dot=Ens Maan

0 T T T T T T T
Sun 5 Tim T Nl 0 Thul Fel0 Sadl1 iz Kemla

bdaan Saa Level Pressum in Tropioal Cydane Cartra (hiPa) solid-HAES; dot-Ens Maan

Sk & Sun 5 KonB Tim T Nl 0 Thul Fel0 Sadl1 iz Kemla
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Ex 2: weekly-average precipitation
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Ex 2: weekly-average precipitation (up to +4.5w)

Analysis and ECMWF ENS Forecasting System

Precipitation anomal

ENS: vt 20191007 to 1013 ot S T o

ansambla size = 51 climale size = 660
Shadad arsas significant a 10% leval, Contours at 1% lawval

-3 60 .-GZI%II .d:l -10 ‘:Imu 0. 10 -1IZIEEI .:IIEEI .BZI‘!EI .

FGHEGASTU? 10-20159: DAY 1-7 FORECAST 03-10-201%: DAY 5-11

= S

ANALY
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Ex 2: weekly-average precipitation +d1-7

ANAﬂIS hNhﬂlS ) ANALY SIS

20190909 to 0915 - 0916 to 0922 0923 to 0929 0930 to 1006 1007 to 1013
.icwm .-ac:-:su Mﬂls i .-au..-m _| hNN_—LIS |-I]£ - 10.. :3:]E -31 60 .BII 30 .;. men

dant’Anna %
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Ex 2: weekly-average precipitation +d8-14

20190909 to 0915 - 0916 to 0922 0923 to 0929 0930 to 1006 1007 to 1013

-0 .-‘3'] il -60..-30 .-3] -1 1|:|. L1 | | 0. 10 - 0. 3d - A0.. 60 . al.. 90 .
. °E 40°E
4 4 =

= 90rmim

ANAEIS o AN&LY IS ANNEIS - hNhﬂlS i ANALY SIS

FDHEGP.ST 05-09 21]19 DAY B-14

%w =

Good 1-week forecasts of precipitation anomalies, but rather poor 2-week forecasts!
What are we missing to get this large-scale pattern right?
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Ex 2: rainfall and 10m wind-speed reliability T+4d

T+4 d - Prob (24TP > 1, 5, 10, 20 mm/d) T+4 d - Prob (10WS > 10, 15 m/s)

—t— Al =300

total precipitation — & vabe=100 10m wind speed
BUrope ga 5500 750, lon 12560 425 S ————— BUrope gat 2506 750, 1on 1250 425) wakig =150
20190801 12UTC to 20191031 12UTC T+56 ; 20190801 12UTC to 20191031 12UTC T+86
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Ex 2: rainfall and 10m wind-speed reliability T+10d

T+10d - Prob (24TP > 1, 5, 10, 20 mm/d) T+10d - Prob (10WS > 10, 15 m/s)
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Ex 3: Seasonal all-India rainfall

Alkindia Ralnfall
Forecast Initial date: 20190601
Ensemble size: Forecast=51 Model climale=600 Analysis climate=22 Climate period: 1993-2016
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@: proxi for average obs defined as the +1m median
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From Jun to Sep
2019, India received
the highest amount of
monsoonal rain in the
past 25 years’ (NASA
observatory).

All India Rainfall mask
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Ex 3: Seasonal all-India rainfall

AlFIndla Ralnfall

According to the India Forecast Inltial date: 20190901

Meteorological Ensemble size: Forecast=51 Model climate=600 Analysls climate=22 Climate perlod: 1993-2016
Department, those 2.7+
rains are not expected 237
to retreat until at least 191
October 10’ (NASA 1-37
observatory). 127
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L 44
- Al Indig Rainfall mask n-n_ T—
- . 0.4- [ —
i w 08
"N e a2
::
. Do 10
] ﬁ i:: 23| @: proxi for average obs defined as the +1m median
- ) September  October  MNovember December January  February  March
B TR T T

Sant’Anna p

School of Advanced Studies — Pisa (Roberto Buizza, II'TM Pune (26 Nov 2019)



http://www.imd.gov.in/pages/press_release_view.php?ff=20190930_pr_637
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Ex 3: Seasonal all-India rainfall reliability

Reliability diagram for 0001 with 25 ensemble members Reliability diagram for 0001 with 25 ensemble members
Precipitation anomalies below the lower tercile Precipitation anomalies below the lower tercile
Accumulated over Asia (land points only) Accumulated over Asia (land points only)
Hindcast period 1981-2014 with start in June average over months 2 to 4 Hindcast period 1981-2014 with start in September average over months 2 to 4
Skill scores and 95% conf. intervals ( 1000 samples) Skill scores and 95% conf. intervals ( 1000 samples)
Brier skill score: -0.058 (-0.085,-0.034) Brier skill score: -0.037 (-0.070,-0.008)
Reliability skill score: 0.939( 0.910, 0.958) Reliability skill score: 0.953 ( 0.920, 0.972)
Resolution skill score: 0.003 ( 0.002, 0.010) Resolution skill score: 0.009 ( 0.004, 0.024)
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Outline

Ensembles must be reliable to be valuable

The ECMWF ensembles
How far ahead can we provide skilful probabilistic forecasts?
Predicting precipitation extremes with the ECMWF ensembles

Conclusions
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Conclusions: PPP skill has been improving ..

. al precipitation
Although dunng the E;nti?lmuztr;nked probability skill score
Extratropics fiat-90 1o -30.0 and 30.0 1090, lon -180.010 180.0)
past 10 years,
probabilistic

12mkA ol CRPSS raachas 0.1

precipitation a
prediction skill has
improved by ~ 2 days, °
the 2019 examples
indicate that there is 3
still a lot of work todo
to extend skilful PPP
beyond 1 week! N
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How can we make further progress?

Areas of active developments should include:

1. Improving the ‘ensemble model’: processes (improve existing, add
missing ones) and the simulation of the model uncertainties

2. Improving the estimation of the initial PDF: coupled DA, use of more
obs, and better simulation of observations’ and DA’'s uncertainties

3. Building more consistent ensembles of analyses and forecasts
Increasing resolution (to resolve better the small/fast processes)

5. Understanding predictability (from where, and how, can we extract
predictable signals?)
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Always remember: an ensemble is better
than one, even if it is speciall!
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