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‘(s 1. What are the objectives of ensemble prediction?

The objectives of ensemble prediction include :

x simulate the effect of different sources of forecast error on forecast skill;
x estimate the probability density function of forecast states ;

x identify areas of potentially low predictability ;

x gauge flow dependent predictability ;

x allow users to assess the probability of weather scenarios ;

x e,
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%‘ 1. What should an ensemble prediction system simulate?

Different sources of initial and model uncertainties lead to forecast error
growth:

x Model errors (e.g. due to a lack of resolution, simplified parameterization of
physical processes, arbitrariness of closure assumptions, the effect of
unresolved processes).

x Observation errors  (observations have a finite precision, point observations
may not be very representative of what happens inside a model grid box).

x Imperfect boundary conditions (e.g. roughness length, soil moisture, snow
cover, vegetation properties, sea surface temperature).

x Data assimilation assumptions (e.g. relative weights given to observations,
statistics).
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‘(‘ 1. What should an ensemble prediction system simulate?

Two schools of thought:

% Monte Carlo approach : sample all sources of forecast error. Rationale:
perturb any i1 nput wvariable (observations,
parameter that is not perfectly known. Take into consideration as many
sources as possible of forecast error.

x  Reduced sampling : sample leading sources of forecast error (prioritize).
Rationale: due to the complexity and high dimensionality of the system
properly sampling the leading sources of errors is crucial. Rank sources,
prioritize, optimize sampling . growing components will dominate forecast

error growth

There is a strong constraint : limited resources
(man and computer power)!
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&s 1. Monte Carlo approach (MSC): all -inclusive design

The original MSC ensemble was
designed following a Monte
Carlo approach to simulate:

% observation errors (random
perturbations);

% imperfect boundary
conditions (perturbed surface
fields);

% model errors (different
parameterisations and originally
also 2 models, random error
component added to the initial
perturbations).

The MSC ensemble

ENSEMBLE SET-UP

rouchiess length
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( 1. Simulation of initial uncertainties: selective sampling

In the original MSC ensemble , implemented operationally in 1995, the
perturbed initial conditions were generated by running an ensemble of

assimilation cycles that use perturbed observations and different models

(Monte Carlo approach ). Now MSC uses an Ensemble Kalman filter to generate
the initial perturbations.

In the original ECMWF and NCEP ensembles, implemented operationally in
1992, the perturbed initial conditions are generated by adding perturbations

to the unperturbed analysis generated by the assimilation cycle. The initial
perturbations were designed to span only a subspace of the phase space of

the system ( selective sampling ). These ensembles do not simulate the effect
of imperfect boundary conditions.
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%‘ 1. Selective sampling: singular vectors (ECMWF)

Perturbations pointing along different A
axes in the phase -space of the
system are characterized by different
amplification rates. As a
consequence, the initial PDF is
stretched principally along directions
of maximum growth. t=T1

The component of an initial
perturbation pointing along a t=0
direction of maximum growth
amplifies more than components
pointing along other directions.
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Q 1. Selective sampling: singular vectors (ECMWF)

At ECMWF, maximum growth is measured in terms
of total energy. A perturbation time evolution is
linearly approximated: time T

Z(t) = L(t,0)z

The adjoint of the tangent forward propagator with
respect to the total -energy norm is defined, and the
singular vectors , i.e. the fastest growing
perturbations, are computed by solving an

eigenvalue problem:

Z(t)" =< Z(t); EZ(t) >=< L(t,0)Zy; EL(t,0)Z} >

EY2UELE Y&v. = o2 <>

J |
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‘(* 1. Selective sampling: breeding vectors (NCEP)

At NCEP a different strategy based on perturbations growing fastest in the
analysis cycles ( bred vectors , BVs) was followed (now NCEP uses a different
method called Ensemble Transformed with Rescaling, ETR, method). The
breeding cycle was designed to mimic the analysis cycle

Each BV was computed by (a) adding a random perturbation to the starting
analysis, (b) evolving it for 24 -hours (soon to 6), (c) rescaling it, and then
repeat steps (b -c). BVs are grown non -linearly at full model resolution.
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Q 2. Description of the ECMWF, MSC and NCEP systems

These results are based on the comparison of the three systems operational in
2002, when NCEP was still using BVs and MSC a system simulation approach
(see Buizzaetal 2005). The results from this comparison are still relevant since
they highlight the relative impact of initial perturbation methods, analysis and
model characteristics on ensemble performance.

In all ensemble systems, one member is given by integrating the following
equation

.
e, (T) = e (0) + _‘-[ P, (ej 1)+ de (ej 1)+ A (ej )] dt

t=0
where €;(0) is the initial condition, P(e;,t) represents the model tendency
component due to parameterized physical processes, dP,(e;,t) represents

random model errors (e.g. due to parameterized physical processes or sub -grid
scale processes) and  A(e;,t) is the remaining tendency component.

MSC ECMWF NCEP
Pj (model uncertainty) Diff. Phys. Param.| Pj=PO0 (single model) |Pj=PO0 (single model)
dPj (random model error) | Diff. Phys. Param. | dPj=rj*Pj (stoch. physics) dPj=0
Aj 2 models Aj=A0 (single model) | Aj=A0 (single model)
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Q 2. Description of the ECMWF, MSC and NCEP systems

The perturbed initial conditions can be defined directly by a perturbed analysis
ej (O) - N[ej (_T)a Oj (_T = T)’ Aj ’ Pj]
or by adding a perturbation to the unperturbed analysis e,(0)

e, (0) = &(0) + de, (0)

&(0) =N[e,(=7),0,(-7+7), A, R]

where gi(-7) Is the assimilation starting point and o;(-7+7) represents
observations .

MSC ECMWF NCEP
0j (obs error) Random perturbations - -
ej (initial uncertainty) | ej directly from Anal. Cycles |ej=e0+dej(SV) | ej=e0+dej(BV)
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&s 2. Description of the ECMWF, MSC and NCEP systems

The three ensembles differ also in size, resolution,

daily frequency and forecast

length . In 2002 , the three systems had the following characteristics

MSC ECMWF NCEP
Pj (model uncertainty) | 1 model + Diff. Ph. Par. Pj=P0 (single model) Pj=P0 (single model)
dPj=rj*Pj (stoch. physics) dPj=rj*Pj (stoch. physics) dPj=0

dPj (random mod err)

Al

Aj=A0 two models)

Aj=A0 (single model)

Aj=A0 (single model)

0j (obs error)

Random perturbations

ej (initial uncertainty)

ej from Anal. Cycles

ej=e0+dej(SV)

ej=e0+dej(BV)

hor-res HRES control

T170(d0-7.5)-T126(7.5-16)

hor-res control TL149 TL255(d0-10) T126(d0-3.5)-T62(3.5-16)
hor-res pert members TL149 TL255(d0-10) T126(d0-3.5)-T62(3.5-16)
vertical levels (c&pf) 23 and 41, 28 40 28

top of the model 10hPa 5hPa 3hPa
perturbed members 16 50 10

forecast length 10 days 10 days 16 days

daily frequency 00 UTC 12 UTC 00 and 12 UTC

operational impl.

February 1998

December 1992

December 1992
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Q 2. Similarities/differences in EM & STD: 14/05/02 t=0

Due to the different methodologies, the
ensemble initial states are different.

This figure shows the ensemble mean and
standard deviation at initial time for

OOUTC of 14 May 2002. The bottom -right
panel shows the mean and the std of the

3 centersbo anal yses.

AArea: the three ensemblesd put
emphasis on different areas; EC has the
smallest amplitude over the tropics.

AAmplitude : t he ensembl es
larger than the std of the 3 -centers
analyses (2 times smaller contour

interval); EC has ~2 times lower values

over NH.

O stds are
0
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