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Overview

Since 2020: Development of a new COSMO 2.5km resolution 20 members ensemble over the Eastern

Mediterranean
Platform: ECMWF computer
BC: ECMWF 51 members ensemble (EC-ENS)

Goal: Ensemble which will is reliable and skillful

Sources of forecast uncertainty:

* Uncertainty in boundary conditions = use of driving ensemble (EC-ENS)

Uncertainty in model physics = Stoch. Pert. of Param. Tendencies (SPPT), parameter perturbations (PP)

* Uncertainty in initial conditions = KENDA analysis perturbations.



Topic

1. Which 20 EC-ENS members to choose?

2. If we have time ... Does SPPT benefits? Does PP benefits?
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Method

Suggest 12 methods for selection of driving EC-ENS sub-ensemble (20 members)

Questions:

A. Choose most different (representative) 20 EC-ENS members or the most close to deterministic IFS?
B. Which atmospheric fields will define the “distance” between members?

C. Which forecast range will be used to calculated the distance?

The suggested methods are:

Most close to IFS, cape only, small domain, forecast range with maximum spread

Most close to IFS, cape and TCWV (50%-50%), small domain, forecast range with maximum spread
Most close to IFS, vorticitys,,, larger domain, forecast range with maximum spread

Most close to IFS, vorticitys,, and MSL 50%-50%, larger domain, forecast range with maximum spread
Most close to IFS, Z:,, and MSL 50%-50%, larger domain, forecast range=96h

Representative, cape only, small domain, forecast range with maximum spread

Representative, cape and TCWV (50%-50%), small domain, forecast range with maximum spread
Representative, vorticity.,,, larger domain, forecast range with maximum spread

Representative, vorticitys,, and MSL 50%-50%, larger domain, forecast range with maximum spread
Representative, Z.,, and MSL 50%-50%, larger domain, forecast range=96h

. Representative, (similar to LEPS), fields: Z, QV, U, V at 500, 700, 850 hPa, larger domain, forecast range=96h
. Random 20 members at each run
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Focus on rain season: 22/12/2019-10/01/2020, 05/02/2020-16/02/2020
Twice daily COSMO runs (64 runs) of 51-members ensemble = allow testing methods without more runs!

Verify the 12 methods and select the optimal one




Method: clarification

A. Run all 51 members

COSMO ensemble
0 0000 00000

ECMWEF ensemble

B. Try method 1

Verify those and decide
if this method is good

and so on

C. Try method 2,...



Distance between EC-ENS members

For field F, height (or pressure) level L and forecast range t, we calculated the mean and

standard deviation for all the grid points and 51 ensemble members. The normalized field at
each grid point i,j of ensemble member m is:

xi,jm(F.Lt) =X j m (F,L,D"™
o(F,Lt)
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Taking into account all the grid points i,j , fields F, height levels L and forecast ranges t, the

“distance” between 2 ensemble members m, and m, is:
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Unbiased RMSE and ensemble spread-RMSE ratio of twice daily COSMO-ENS forecasts for the winter-period:
T, (al1,a2), RH,,, (b1,b2) and WS,,,, (c1,c2). The verification was performed against 81 automatic weather stations




Precipitation verification
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How good are the forecasts of objects locations?

COSMO 51-mem
Probability > 20 mm/6h

Radar + rain gauges COSMO deterministic
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How good are the forecasts of objects locations?

e Deterministic COSMO precipitation forecasts are good - location errors around 30-40 km

Khain, P, Levi, Y, Shtivelman, A, Vadislavsky, E, Brainin, E, Stav, N. Improving the
precipitation forecast over the Eastern Mediterranean using a smoothed time-lagged
ensemble. Meteorol Appl. 2020; 27:e1840. https://doi.org/10.1002/met.1840

 We would like the ensemble members to be as good as the deterministic COSMO

A quick method to evaluate the quality of Example ("Tel-Aviv elevator disaster”):

precipitation objects prediction: OBS OPER
20200104 2020010312
o ldentification the local peaks in 2D 06-12Z +24h
250 250
precipitation map - o
200 200
S0 5220
o Search for one or two main peaks in both . 150 3 150
observed and simulated map s o 35 o
31 31
o For given forecast, identify the simulated 105 A s 20
peaks with the observed ones and . 0 30 0
34 35 36 34

calculate location errors .
Distance error: 26.6 km


https://doi.org/10.1002/met.1840
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Precipitation — standard verification
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Precipitation — standard verification

Reliability diagrams
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Precipitation — standard verification

Reliability diagrams: area from diagonal

° Do the predicted
probabilities of
81 events correspond to
their observed
7+ .
frequencies?
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Precipitation — standard verification
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Precipitation — standard verification

Probability of Detection

Probability of Detection

Performance diagrams

Performance Diagram
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Precipitation — standard verification

Performance diagrams - averages
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Precipitation — and the winner is ...

Do the predicted Ability to General
probabilities of discriminate performance

Objects
distance error Mean squared
of ensemble probability error
members

frequency of
forecast events
vs. frequency of
obs. events

events correspond between according
to their observed events and performance
frequencies? non-events
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How to choose the optimal 20 EC-ENS members?

Method 2: Choose EC-ENS members most close to IFS using CAPE and TCWV
(50%-50%) over small domain, use the forecast range with maximum spread



Few more slides?

We found the optimum method -~
the members are not brilliant...
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Does the chosen ensemble benefits?
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ROC area (discrimination)
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Conclusion:
Although the single COSMO members are worse
(in objects locations)
their “ensemble scores” are better!

Possible explanation:
the story might be more complicated than just forecasting the
location of the main objects?!



Summary

Since 2020: Development of a new COSMO 2.5km resolution 20 members ensemble over the Eastern
Mediterranean

Platform: ECMWF computer

BC: ECMWF 51 members ensemble (EC-ENS)

Discussed:
e Method to choose 20 EC-ENS members

* The difficulties to have benefit in precipitation forecast

Plan: KENDA




