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SUMMARY

We discuss the perturbations which grow most rapidly over a finite time interval in a primitive equation
atmospheric model. They are the singular vectors of a linear approximation of the European Centre for
Medium-Range Weather Forecasts primitive equation model. They are computed using the adjoint
technique at horizontal spectral truncation T21 with 19 vertical levels.

Linear combinations of singular vectors, named optimal perturbations, can be used in ensemble prediction
to generate the initial conditions of perturbed integrations. Having specified the initial amplitude to be
comparable to the amplitude of analysis error estimates, we study the non-linear time evolution of
optimal perturbations when added to the control initial conditions. In particular we estimate the time
limit ©,, after which non-linear processes cannot be neglected. Considering optimal perturbations

generated using singular vectors with maximum growth over a 36 hour time interval, and characterized
by maximum amplitudes comparable to analysis error estimates, two different methods give an estimated
value T, ~ 2-2.5 days. In the second part of this paper we analyze the sensitivity of ensemble

predictions to the optimal perturbation amplitude. This sensitivity study gives useful indications for
future developments.

An estimate of the possible impact of the reduction of the amplitude of analysis errors on the skill of
numerical weather prediction is deduced from the comparison of ensemble experiments run with initial
perturbations characterized by different amplitudes. Results indicate that a reduction of the root mean
square amplitude of the analysis error by a factor ﬁ may lead to an improvement of medium-range
predictability up to 1 day, and that a reduction by a factor Zﬁ may reduce the errors of the 7-day
forecast to values shown, at present, at forecast day 5.

1. INTRODUCTION ;

Ensemble prediction is a probabilistic approach to numerical weather prediction (Epstein, 1969; Leith, 1974).
Instead of providing one (deterministic) predicted state only, it can give an estimate of the probability
distribution of forecast states. Since December 1992 both the US National Meteorological Center (NMC)
and the European Centre for Medium-Range Weather Forecasts (ECMWF) have been producing and

disseminating ensemble prediction products (Tracton and Kalnay, 1993; Palmer et al, 1993).

The ECMWF Ensemble Prediction System (EPS) is based on 33 integrations of the ECMWF primitive
equation model, at horizontal spectral triangular truncation T63 with 19 vertical levels (T63/L.19). Molteni
et al (1994) describe the ECMWF EPS, which uses singular vectors, i.e. structures with maximum growth
over a finite time interval (Farrell, 1988) called the optimisation time interval, to define the initial
conditions of the perturbed members. If the initial error distribution is isotropic in phase space and then
evolves to an ellipsoid, then the major axes of the ellipsoid are determined by singular vectors of a linear
primitive equation model. Singular vectors can therefore be used to generate initial peﬁmbatidx}é; for -
ensemble forecasts (Mureau et al, 1993; Palmer’ et al, 1993; Buizza et al, 1993). Linear combinal.:i‘c;;l‘gz;f

singular vectors will be named optimal perturbations.



Buizza and Palmer (1994) provide a description of the basic formalism and a comparison between singular
vectors and other unstable vectors (e.g. normal modes, Lyapunov vectors), together with singular vector

statistics of routine calculations made between December 1992 and August 1993.

In contrast with this approach, the NMC EPS is based on perturbations computed using the inethod denoted
"breeding of growing modes" (Toth and Kalnay, 1993). This method consists of running an additional,
perturbed short-rahge forecast, in addition to the regular forecast in an analysis cycle. ‘The difference
between the control and perturbed six-hour (first-guess) forecast is scaled back to the size of the initial
perturbation, and then reintroduced onto the new atmospheric analysis. Thus, the perturbation evolves along
with the analysis, ensuring that after a few days of cycling the perturbation consists of the superposition of
fast-growing modes corresponding to the most recent past evolution of atmosphere. Toth and Kalnay (1993)

and Buizza and Palmer (1994) compare the ECMWF and the NMC methods.

In the ECMWEF EPS optimal perturbations are added to the control initial conditions to provide an efficient
sampling of the components of the probability distribution function of analysis error which will lead to rapid
growth of forecast errors. Their amplitude is set to be close to the typical amplitude of Optimal
Interpolation estimates of analysis errors. Both the strength and the weakness of the singular vector
approach to dynamical instability is the restriction to linear dynamics that permits the use of linear model

equations.

Considering a more simplified model, Lacarra and Talagrand (1988) experimentally showed that the
barotropic time evolution of small perturbations (with amplitude comparable to analysis errors) can be

described by its linear approximation if the time interval is not longer than 2-3 days.

Rabier and Courtier (1992) addressed the question of how important the‘ influence of non-linear terms is
in the evolution of the atmospheric flow in cases of strong baroclinic development. They considered the
zonal part of a flow as its basic state, the eddy part of the flow as a perturbation, and they quantified the
relative importance of the linear and the non-linear terms during the perturbation time evolution. Their
initial perturbation was characterized by an amplitude that was far from negligible, with surface pressure
components up to 20 hPa and lowest level temperature components up to 10 K. Their results showed that
the tangent-linear model describes to a good degree of approximation the evolution of the eddy part of the
perturbation for about 2 days, while the total (eddy plus zonal) evolution of the perturbation is less linear
than the evolution of the eddy part only.

Vukicevic (1991) investigated linearity of initial error evolution using a primitive equation limited area

model, and demonstrated that the major portion of the initial forecast errors (with magnitude comparable



with analysis errors) can be described by the tangent model solutions for periods of 1-1.5 days duration.
In a later paper, Errico et al (1993) with the same limited area model studied the 72h time evolution of
small perturbations with amplitude comparable to analysis errors, during a summer and a winter case. They
compared the difference between the non-linear and the linear time integration (error) with the perturbation
field itself, and they concluded that in terms of maximum absolute values of fields, at the end of the
integration period, the ratio of perturbation to error values is approximately five for the winter case and two

for the summer case.

Buizza (1994a), comparing subjectively the time evolution of integrations started adding and subtracting the
same structure to the control initial conditions with amplitude comparable to (Optimal Interpolation) analysis
error estimates, concluded that non-linear effects are small up to forecast day 2 but they can be quite large

after forecast day 4.

In the first part of this papér we verify that the time evolution of optimal perturbations with initial amplitude

comparable to analysis error estimates can be linearly approximated up to optimisation time, and we estimate
the time limit <t after which the contribution of non-linearity to the perturbation time evolution cannot

be neglected.

In the second part of this paper we focus on the EPS skill. Toth and Kalnay (1993) stated that a
requirement for successful ensemble forecasting is that "the time evolution of the atmosphere should be a
plansible member of the ensemble”. The analysis of the ECMWF EPS results so far have shown that, for
some cases, the trajectory followed by the atmosphere appeared to be outside the range of forecast states
estimated by the EPS (Molteni et al, 1994). This could be due to a model deficiency in predicting that
particular situation, or it could indicate that the ensemble members should be characterized by a larger

spread to actually cover all the probable forecast states. We investigate whether multiplying the root mean

square (hereafter rms) perturbation amplitude by a factor 2 can enlarge the spread among the perturbed

forecasts and increase the EPS skill.

Ensemble experiments have been run also dividing the rms perturbation amplitude by a factor V2. The

_analysis of the variation of the spread when multiplying or dividing the rms perturbation amplitude can be
used to evaluate the possible impact of the reduction of analysis errors on the forecast skill of a deterministic

prediction.’

Our results are based on ensemble experiments run for three cases, with starting dates 92.12.28, 93.02.14

and 93.09.06, in three different configurations named normal-amplitude, small-amplitude and large-



amplitude. Considering the amplitude of the normal-amplitude perturbations as reference (amplitude 1),

the large-amplitude and the small-amplitude configurations are characterized by the same perturbations but

with rms amplitude multiplied, respectively, by a factor /2 and 1//2. Moreover, for one case only

(92.12.28), an ensemble has been run with rms amplitude multiplied by a factor of 0.5.

Section 2 brieﬂy describes the EPS and the three atmospheric situations we studied. In section 3 we
investigate the linearity of the optimal perturbation time evolutions, while the impact of the perturbation
amplitude on the EPS performance is analyzed in section 4. The results from sections 3 and 4 are further

discussed in section 5, where some conclusions are drawn.

2. ENSEMBLE PREDICTION AT ECMWF
In the first part of this section we briefly review the ECMWF EPS characteristics, while we refer to Molteni
et al (1994) for the complete description of the system. In the second part of this section we review the

atmospheric circulation associated with the three analyzed case studies.

2.1 The Ensemble Prediction System

The ECMWEF EPS is based on an ensemble of 32 perturbed and one unperturbed (control) time integration
of the T63/L19 version of the ECMWF model. The initial conditions of the 32 perturbed members are
created by adding optimal perturbations to the control initial conditions. The optimal perturbations are
defined using the singular vectors of a linear primitive equation model. The singular vectors are computed

using the adjoint technique. The four main steps of the EPS are listed below.

1) Singular vectors computation

If x is a perturbation, and

£ - Lz, &)
is the solution of the linear model equations
Jx
- - A X, 2
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where A, is an approximation of the tangent linear version of the ECMWF primitive equation non-linear
model 4, then the total energy norm of the perturbation at time ¢ can be computed as

lx®P = (TLxyTLx) = (gl* T* T L xp), 3)

where L* is the adjoint of the linear propagator L (see eq (1)) with respect to the total energy scalar

product (...;...) (Buizza et al, 1993, eq (5.1)], and T™* is the adjoint of the local projection operator T



(Buizza and Palmer, 1994). The application of the local projection operator permits the identification of
singular vectors characterized by maximum growth over the region of the northern hemisphere (NH) with
latitude A > 30°N (Buizza, 1994a). At present, the trajectory is computed applying the ECMWEF version

of the vertical diffusion and surface drag scheme, while the linear model and its adjoint use a simplified

linear scheme (Buizza, 1994b).

The singular vectors identify the directions of the phase space of the system that maximize the energy
growth defined by eq (3). They depend on the optimization time interval ¢ and on the choice of norm.

For our EPS experiments they are computed with the T21/L.19 version of the Integrated Forecasting System
(Courtier et al, 1991).

ii) Generation of 16 perturbations

From the singular vectors computed in step i) 16 singular vectors are selected, rejecting singular vectors
located in the same region. Since the 16 selected singular vectors can be very localized in space, a phase-
space rotation is applied to generate 16 less localized fields. Moreover, the 16 singular vectors are re-scaled
in order to have local maxima comparable to local analysis errors estimated by the Optimal Interpolation
procedure. The fields generated following‘ this procedure are named optimal perturbations. As a

consequence of the phase-space rotation they are characterized by similar amplification rates.

1ii) Generation of 32 initial conditions
The 32 initial conditions of the perturbed forecasts are generated adding to the control initial conditions the

optimal perturbations generated in step ii), either with a positive or a negative sign.

iv) Model integrations
A control 10-day integration and 32 10-day integrations are performed with a version of the ECMWF
spectral model, with horizontal triangular spectral truncation T63 and 19 vertical levels, with full physics.

2.2 Synoptic situations

We now describe the synoptic situaﬁons during the three studied 10-day periods. They can be classified
as cases of good (93.02.14), medium (92.12.28) and poor (93.09.06) forecast skill by considering the skill
-of the control at forecast day 7 and onwards, measured by the anomaly correlation coefficient (ACC)
between the forecast and the analysis of the 500 hPa geopotential height (see Appendix A). Spread and skill
scores reported in this work are computed using 500 hPa geopotential height fields for the NH and the .
European region. The first is defined as the region of the NH with latitude A > 30°N, while the European

region is defined as the area with 30 < lat <75, and -20 < lon < 45. As a reference value for spread

and skill scores we consider that a value of 0.6 ACC indicates a limit of useful predictions. Due to
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limitations of space, only the 92.12.28 case characterized by medium skill scores will be investigated in

detail, especially over the European region.

a) 92.12.28 (medium skill)

Fig 1 shows the 500 hPa geopotential height at 92.12.28 12GMT (panel a) and 7 days later (panel b)). At
initial time, both the Pacific and the eastern Atlantic and western Europe sectors are characterized by a
blocked flow. The strong ridge over the eastern Pacific weakens during the following days, although an
anti-cyclonic circulation persists for the whole 10 day period. In the eastern Atlantic and western European
sector, the initial anti-cyclonic circulation over the British Isles changes to a more zonal circulation during
the following 5 days. An area of positive height anomaly continues to influence central Europe, while a
cut-off low system develops over the Mediterranean sea. This leads, after forecast day 7, to a split
circulation over Europe (see Fig 1b). This blocked situation lasts for only 2 days, later evolving into a more

zonal flow.

Fig 2 shows the spread (panel a) and the skill (panel b) of the normal-amplitude experiment, computed over
the NH. The spread among the ensemble members is quite large, with ACC differences from control
ranging from 0.24 to 0.84 at forecast day 7. It is a case of medium skill, with the control ACC skill score
of 0.6 at forecast day 6, and with a value of 0.52 at forecast day 7. The control fails to predict the
persistent positive height anomaly over the eastern Pacific. Almost 2/3 of the perturbed forecasts score
better than the control, with the best having ACC skill score of (.74 at forecast day 7. Table 1 summarizes

the spread and skill scores at forecast day 7.

b) 93.02.14 (high skill)

Fig 1 shows the situation at 93.02.14 12GMT (panel c) and 7 days later (panel d). On 14 February a region
of high pressure dominates the European area, with a south-westerly flow north of the British Isles and a
trough over Russia. A zonal flow characterizes the circulation over the Asian continent and the western
Pacific, with a deep ridge north-west of the Rockies and a region of low pressure over the eastern Canada.
After 2 days, the ridge north-west of the Rockies starts evolving into a blocking structure which lasts until
forecast day 7. During the same time, an anti-cyclonic circulation starts characterizing the eastern Atlantic,
and on the 21st a north-westerly flow dominates the British Isles (see Fig 1d). The trough over the central

Europe deepens during the following days, and a cut-off low develops on the 23rd over the Adriatic sea.

Fig 3 shows the NH spread and the skill scores. This is a case of particularly low spread, with the ACC
spread scores ranging from 0.67 to 0.90 at forecast day 7 (see Table 1). It corresponds to a very good
control forecast, which is characterized by an ACC skill score higher than 0.60 during the whole 10 day
period (0.72 at forecast day 7).



c) 93.09.06 (poor skill)

Fig 1 shows the situation at 93.09.06 12GMT (panel e) and 7 days later (panel f). A dipole circulation, with
a ridge over the north-western America and a cut-off low over the eastern Pacific, characterizes the
circulation of the eastern Pacific-American sector during the first 3 days, becoming more zonal after forecast
day 4. In contrast, a trough affects the western Pacific flow during the whole 10 day period. During the
first 5 days, a cut-off low persists in the British Isles region, while a zonal circulation characterizes the
southern Europe. After forecast day 6, the cyclonic circulation over the south of England becomes stronger,
deepening the day after (see the situation on the 13th in Fig 1f) due to the interaction of the middle
tropospheric flow with a véry strong low-level cyclone coming from the Atlantic ocean. The flow becomes

gradually more zonal after the 14th.

The NH spread and the skill scores are shown in Fig 4. Among the three analyzed situations, this is the
case with the largest spread, with ACC at forecast day 7 ranging between 0.20 to 0.90 (see Table 1). It also
corresponds to the poorest control prediction, with the control ACC skill score curve crossing the 0.60
threshold at forecast day 6, but dropping to 0.36 ACC skill score at forecast day 7. After forecast day 4
the control forecast starts to predict a too smooth cyclonic circulation over south England, leading to a

completely wrong ridge over the Scandinavian countries at forecast day 7.

3. LINEARITY OF OPTIMAL PERTURBATION TIME EVOLUTION
Following Lacarra and Talagrand (1988), Vukicevic (1991) and Rabier and Courtier (1992) but considering

optimal perturbations, we estimate <, the time limit after which non-linear processes dominate the optimal

perturbation time evolution when they have initial amplitudes comparable to Optimal Interpolation analysis

error estimates.

Considering the time evolution of singular vectors computed using primitive equation models, Buizza
(1994a) compared the T21/1.19 linear evolution of optimal perturbations with their non-linear T63/L19
evolution. The two time evolutions were not compared objectively, since the linear and the non-linear
evolutions were evaluated using different models with different resolution. To avoid comparing time
integrations computed using different models, the approach followed in this work is to use non-linear time
evolutions to estimate the importance of the non-linear terms with respect to the linear one. This allows
us to take into account all the dynamical and physical processes that influence the atmospheric circulation.
It is worth stressing that at present, in fact, only the adiabatic part of the model equations and diffusion
processes due to vertical diffusion and surface drag have been linearized. Sub-section 3.1 describes the .

methodology used for this study, while the results are reported in sub-section 3.2.



3.1 Methodology

Let us denote by j(;o,t) the solution of the non-linear model equations

%tz' - A.(Z:t) s } : (4)

with initial conditions z . Let us denote by

x=€eq ®)
a perturbation that maximizes the energy norm (3), where n is a normalized vector. Let us suppose that
the perturbation is small compared to the initial state

€ < Iyl ©
where ||zo I ¢ is the rms amplitude of Z, computed in grid point space (physical space). Applying a Taylor
expansion we can then approximate j(zo,t) as

flzyren.d) = £z,
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For each perturbation we can run two non-linear integrations adding and subtracting the perturbation to the

control initial conditions, and two other integrations adding and subtracting the perturbation multiplied by
a factor ﬁ to the control initial conditions. So the functions j(zu,t) (control integration), f(zﬂien,t) and
f(zoieﬁ 1,7 are known. They define left hand side terms of eq (7). Then, applying for each perturbed

integration the Taylor expansion (7) truncated at the fourth term, we can write a linear system in the

unknown variables @, i=1,...4.

Once the unknown variables °, i=1,..,4 have been evaluated, we can compare their amplitudes to estimate

the importance of non-linear terms with respect to the linear one. Let us define

g, = £z, ®)

and let us define the normalized vectors

@,
U = : i=0,...4. 9)
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Then eq (7) can be written as

ﬂzoi en,t) = &,
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Let us define the coefficients
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The analysis of their time evolution can be used to compare the relative amplitude of the first four terms

of the Taylor expansion (7).

A second estimate of the non-linearity of the perturbation dynamics can be deduced from the comparison

of two perturbed forecasts started by adding and subtracting the same perturbation to the control initial

conditions. Let us denote by ens (f) and by ens (f) the two perturbed runs. The time limit after which

non-linear terms dominate the time evolution can be estimated from the analysis of the function () defined
as
<(ens (t) —con(t));(ens_(t)-can(t))>g

- . (12)
I(ens,@)-con(®)l, I(ens_@-con@),

1) =

The function I(f) is equal to 1 at initial time ¢=0, when the two difference fields are perfectly correlated,

and I(f)~0 after a time limit t,;, when non-linearity becomes dominant.

3.2 Linearity of optimal perturbation dynamics

We first deduce an estimate of the time after which non-linear terms become non-negligible from the
analysis of the time evolution of the Taylor expansion coefficients ¢ () n=1,..,4, defined in eq (11). As
described in section 2.1, each ensemble experiment consists of 16 perturbed integrations with initial
conditions generated adding, and 16 subtracting, the optimal perturbations. So, for each case study, using
experiments of the normal-amplitude and large-amplitude type we can get 16 evaluations 6f the four

coefficients c,(®). Then, for every forecast time, averaged values can be computed among them to define

the mean coefficients ¢ (f).

Our results depend strongly on the perturbation amplitudes that are specified to be comparable to analysis
error estimates (see sub-section 2.1, step iii)). Figs 5 and 6 show, respectively, the rms amplitude of the
normal-amplitude perturbations and of the optimal interpolation estimate of the analysis error for the
92.12.28 case. Wind and temperature components are shown at model level 11 (around 500 hPa). The
action of the local projection operator confines the optimal perturbation to the NH. In this region, the



maxima of the perturbation temperature component are similar to the estimated analysis error maxima, while
the maxima of the perturbation wind components are almost 1/5 of the estimated analysis error maxima.
Fig 5 shows that at model level 11 the perturbations are characterized by local maxima of the wind and
temperature components around 1 m/s and 1.8 K (in terms of 500 hPa geopotential height, the perturbations
have amplitude smaller than 12.5 m, not shown). Table 2 summarizes the rms amplitude of the estimated
analysis error and of the normal-amplitude perturbations averaged over the NH region at model level 11.
In rms terms, the perturbation wind components are one order of magnitude smaller than the estimated
analysis error while the perturbation temperature component has a value comparable to the estimated

analysis error.

Fig 7 shows the results of the non-linearity studies relative to the 92.12.28 case. For each panel, solid lines

identify the 16 estimated coefficients ¢, (7), while the thick solid lines with large dots refer to the mean

curves En(t). Fig 7 shows that, for each coefficient, the 16 curves do not differ too much from their mean

values, with the second order term showing the largest variations. Note that they all remain much smaller

than one, confirming that hypothesis (6) remains valid during the whole 10-day period.

To compare the four Taylor expansion terms, the four mean coefficients ¢ (¢) relative to this case have been

plotted in Fig 8a. The third and the fourth order terms (dotted and chain-dashed lines) have similar values
and remain smaller than the first two order terms (solid and dashed lines) for the whole period. The second
order curve (dashed) crosses the first order curve (solid) around forecast day 5, and is the leading term from
this time onwards. Note that already around forecast day 2 its magnitude is half the value of the first order
term. We can consider the latter as an estimate of the time when non-linear terms are no longer negligible

compared to the linear term.

Figs 8b and 8c show the mean coefficients ¢ (#) computed for, respectively, the 93.02.14 and the 93.09.06

cases. These two cases also show that the first and second order terms are the most important for the whole
10 day period. The first order curves for the 92.12.28 and the 93.02.14 cases have similar values, while
the linear term has smaller values for the 93.09.06 case. This reflects the fact that the NH flow is more
unstable during cold than warm seasons (Buizza and Palmer, 1994), as confirmed by the amplification factor

of the most unstable perturbations for the three cases (Fig 9).

If, in Fig 8, we consider the time when the second order curve crosses the first order curve, we can see that .
the 93.02.14 and the 93.09.06 estimates are slightly larger than the 92.12.28 estimate. Considering these
two cases, we can estimate the time when the second order curve has half the value of the first order curve

to be between forecast day 2 and 2.5, in agreement with the 92.12.28 results.
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We now estimate non-linearity of optimal perturbations time evolution applying the second method based
on eq (12). Moreover, we consider not only the normal-amplitude and large-amplitude ensembles, but also
results of ensembles run with the smallest perturbation amplitude. Since the I(f) curves of the three cases
are similar, only mean curves computed averaging over the three cases are shown. For each forecast time
and each experiment type we computed the average among the three cases of the maximum and of the
minimum values of I(f), and the average of the mean values of the I(f) functions. In mathematical terms,

for each of the three configurations, we computed

IMM,,(:)E% ( mx] Lyyg®) | + m8X] Ly | + mX] lyns® ] ) (13a)
l_(t)E% (Top1s® + Tosaais® + Tyns® )- (13b)
lmp(t)E% ( ] Zoyip0q®) |+ lyyipig® | + 0] Ty ] ) (13c)

where the min[...], the max[...] and the mean ... in eqs. (13) have been evaluated among the 16 respectivel(f)

functions. Thus [,,c.(f) is the curve of minimum spread, and [,,,,..(f) is the curve of maximum spread.

For clarity, we plotted the mean and the extreme curves on different panels of Fig 10: panel a) shows the

averaged mean curves, while panel b) shows the averaged extreme curves.

A reference line corresponding to 0.7 correlation coefficient has been drawn in Fig 10. Considering the two
fields difference between the perturbed and the control forecasts, a 0.7 correlation coefficient means that half

of the squared norm of one field can be explained by taking its projection onto the other field. We can
estimate the time limit t,,, either by considering the time at which the function i-(t) crosses the reference

value of 0.6 correlation coefficient (see sub-section 2.2), or when it crosses the reference line corresponding

to 0.7 correlation coefficient.

First, let us consider the normal-amplitude results. We can see that the i-(t) curve crosses the threshold line

0.7 around forecast day 2.5 (Fig 10a), while the two extreme curves cross it slightly before forecast day 1.5

-and at forecast day 3 (Fig 10b). Let us consider as time limit for the normal-amplitude experiments the
value computed using the mean curve, i.e. t;,, ~ 2.5 days. A slightly longer time limit can be estimated

by considering the reference value of 0.6 correlation coefficient.

Let us now consider the results of the ensembles run in the other two configurations. The times for which

the large-amplitude curves cross the 0.7 line are smaller than the normal-amplitude values. In particular,
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the mean spread curve for the large-amplitude ensembles has very similar values to the minimum spread

curve relative to the normal-amplitude ensemble until forecast day 3. This indicates that multiplying the
rms perturbation amplitudes by a factor /2 reduces t y by around 12h. If we consider the mean spread

curve computed for the ensembles run in the small-amplitude configuration, we can see that it crosses the

0.7 line just before forecast day 3.

The results of the normal-amplitude ensembles can be used to verify the validity of the methodology applied

to compute the 36h optimal perturbations. Fig 10 shows that I(¢-36h) ~0.9. This indicates that the

T63/L.19 time evolution of the 36h optimal perturbations, when the amplitude is set as in the normal-
amplitude configuration, is dominated by linear dynamics up to optimisation time. Optimal perturbations
are computed in the linear approximation at a lower resolution (T21/L.19 instead of T63/L19), using only
a simplified vertical diffusion and surface drag scheme. So, we cannot conclude from these results that the

T21/1.19 linear evolution of the optimal perturbations is a good approximation of their T63/L19 non-linear
time evolution. We can only conclude that up to forecast day 2-2.5 the T63/L19 dynamics of optimal

perturbations generated from T21/L19 singular vectors is dominated by linear processes, given the initial

amplitude of our perturbations.

Concluding this section, the analysis of the correlation between time evolutions of perturbed forecasts

generated adding and subtracting the same perturbation to the control initial conditions, confirm the estimate
T, ™ 2-2.5 days obtained by Taylor expansion for the normal-amplitude perturbations. Moreover, they
show that non-linearity dominates the perturbations time evolution after forecast day 6 (see Fig 10a). The
multiplication of the rms perturbation amplitude by a factor /2 decreases this limit to less than 2 days,

while a decrease of the rms amplitude by the same factor increases this limit to almost 3 days.

It is worth stressing that these estimates are based on singular vectors optimized over a 36h time interval,
and on a small sample of 3 ensembles. Experimentation has shown that longer values for t,,, are obtained

when considering singular vectors optimized over longer time periods. In fact, as shown by Buizza (1994b),

singular vectors optimized over different time intervals are different. Consider two sets of singular vectors,
computed with optimisation time intervals ¢ and ¢+ A. The singular vectors computed for an optimisation
time interval ¢+ A are sub-optimal for shorter time intervals. By definition, the singular vectors computed
with an optimisation time interval ¢ grow faster than the others up to time ¢, and so enter the non-linear -

regime earlier, provided the time ¢ is not so far from the time non-linearity becomes important.
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4. EPS SENSITIVITY TO PERTURBATION AMPLITUDE
In this section we study the impact of the perturbation amplitude on the ensemble spread and skill scores.

4.1 Medium skill case (92.12.28): sensitivity of individual perturbations to initial amplitude
First, we focus on the impact of increasing or reducing the perturbation amplitude on the EPS prediction
for the 92.12.28 case, in particular over the European area (this case has been chosen among the three

situations because it is characterized by moderate forecast skill).

Figs 11, 12 and 13 show, respectively, the 7-day 500 hPa geopotential height forecasts generated by the EPS
run in the normal-amplitude, large-amplitude and small-amplitude configurations. Table 3 summarizes the
results of the three ensembles. The first two columns of the first line show the control skill score computed
for the NH and the European region. Then, for each configuration, the third and the fourth columns indicate
how many members of the ensemble are characterized by skill scores higher than the control skill score over
the two areas. The next three columns list, respectively, the number of the ensemble member with the best
performance in terms of ACC for the NH, its ACC skill score for the NH and its ACC skill score for the
European area. The last three columns show, respectively, the number of the ensemble member with the

best skill score over Europe, and its NH and European skill scores.

Considering the normal-amplitude ensemble, Table 3 shows that 23 perturbed forecasts performed better than
the control if the skill score is computed over the NH, while 15 performed better if we restrict attention to
the European region. The forecast with the best NH performance is member 21, with an ACC skill score
of 0.74. This is not the best if we restrict the region of interest to Europe, since member 8 performs better
with an ACC skill score of 0.82 compared to the 0.68 value scored by member 21. In fact, looking at
Fig 11, we can see that the flow predicted over the European region by member 8 is more similar to the
analysis than the flow predicted by member 21 (note that the area shown in the maps is smaller than the
European area used to compute the ACC). This is particularly true over the British Isles, Spain and central
Europe, although the closed low over the Mediterranean Sea is still missing in member 8. The prediction
by member 17 is very similar to the forecast by member 8, and indeed their skill scores are very similar,
member 17 having a skill score of 0.81 in term of ACC. The worst forecast is member 10, characterized
by a completely wrong zonal flow over central Europe (ACC skill score -0.15). Table 3 summarizes the
impact of perturbation amplitude on the EPS results, while Figs 11, 12 and 13 show the differences in the
flow fields predicted for the 500 hPa geopotential height. Although the impact of the increase of the

perturbation amplitude by a factor /2 is not very large, we can see that the large-amplitude ensemble is .

characterized by the worst results, whilst the normal-amplitude and the small-amplitude ensembles have very

similar skill scores.
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The comparison among the ensemble forecasts of Figs 11, 12 and 13 characterized by the same sequence
number shows the impact of perturbing the control initial conditions along the same direction but varying
the magnitude of the perturbation. In some cases this has almost no impact: see for example forecasts with
sequence number 3, which have a skill score over Europe 0.70, 0.69 and 0.71, respectively, in the small-
amplitude, normal-amplitude (reference) and large-amplitude ensembles. In other cases, such as forecasts
number 22, an increase of the perturbation amplitude can reduce the skill score from 0.66 (small-amplitude
ensemble), to 0.51 (normal-amplitude ensemble) and further down to 0.40 (large-amplitude ensemble)
corresponding to a worsening of the forecast over central Europe. For other directions, on the contrary, an
increase of the perturbation magnitude can improve the forecast. For example forecasts number 6, whose
skill score increase from 0.63 (small-amplitude ensemble), to 0.64 (normal-amplitude ensemble) and up to

0.73 (large-amplitude ensemble) over the European region.

The comparison of Figs 11, 12 and 13 confirms the general impression that, on average, the impact of the
perturbation amplitude on the ensemble skill score is small, in particular over Europe, at forecast day 7.
Fig 14 shows the mean spread and skill scores of the normal-amplitude (solid lines), the large-amplitude
(dashed lines) and the small-amplitude (dotted lines) ensembles. The comparison of the three mean skill
scores over Europe (panel d) confirms the comments above. The impact of the perturbation amplitude on
the mean score is slightly more evident if we consider the NH (see panel c), with the small-amplitude

ensemble characterized by slightly higher skill scores than the other two ensembles.

4.2 Medium skill case (92.12.28): sensitivity of ensemble spread and skill to initial amplitude

If we now consider the spread of the ensembles for the same case, both the curves relative to the NH
(Fig 14a) and the European area (Fig 14b) indicate that the mean spread increases if the perturbation
amplitude increases. Fig 15 shows, for each ensemble, the two extreme curves with the largest and the

smallest values of the spread and skill scores.

From this figure we can see that for the 92.12.28 case increasing the perturbation amplitude increases the
NH mean spread of the ensemble, but it has a small impact on the ensemble skill, with the large-amplitude
worst-skill-score curve showing the smallest values. Considering the European region, the impact on the

mean spread is similar: the fc time at which the mean spread curve crosses the 0.6 ACC line decreases by

12-18 hours when multiplying the perturbation amplitude by a factor /2. The comparison among Figs 11,

12 and 13 indicates that each of the three ensembles offer a range of probable forecast states which can

include the analysis as a plausible member of the ensemble.
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43  Medium skill case (92.12.28): effect of initial amplitude on individual members

Before considering the results obtained for the other two cases it is useful to analyze the impact of the
perturbation amplitude on three particular ensemble members. These three members have been chosen
because perturbations of the control initial conditions along these three directions of the phase space of the
system give the best forecasts over Europe among the respective ensemble members (see table 3). These
are members number 8 (best among the normal-amplitude ensemble members), number 17 (best among the
small-amplitude ensemble members) and number 32 (best among the large-amplitude ensemble members).
Table 4 shows the NH and European skill scores of ensemble members 8, 17 and 32, when run in the three
configurations. Perturbing the control initial conditions along the direction identified by member 8 gives
the best European skill score when the amplitude is fixed to the reference value (normal-amplitude

ensemble). Adding this perturbation with a smaller amplitude produces a slightly worse forecast (0.80 ACC

instead of 0.82), while multiplying it by a factor /2 has a more negative impact (0.66 ACC skill score).

The initial perturbation of member 8 (Fig 16) with normal-amplitude has values smaller than 12.5 m in
terms of geopotential height at 500 hPa. Fig 17 shows the difference between the control and the perturbed
forecast (left panels) and the difference between the analysis and the perturbed forecast (right panels), in
terms of 500 hPa geopotential height, at forecast day 7, of ensemble member 8 run in the small-amplitude
configuration (panels a) and b)), in the normal-amplitude configuration (panels c) and d)) and in the large-
amplitude configuration (panels €) and f)). (We remind the reader that figs. 11, 12 and 13 show the full
fields.) In other words, left panels of Fig 17 show the field to be added to the perturbed member to obtain
the control, and right panel of Fig 17 the field to be added to the perturbed member to obtain the analysis.

All the forecasts are characterized by too high values over south-western Europe and by too low values over
northern and eastern Europe (see right panels of Fig 17). The 7-day difference between the analysis and
the perturbed forecast has maximum values up to 220 m for the small-amplitude forecast, 180 m for the
normal-amplitude forecast and 300 m for the large-amplitude forecast. Looking at the difference between
the control and the perturbed forecast we can see that increasing the perturbation amplitude produces largest
differences between the control and the perturbed forecast. Multiplying the initial perturbation by a factor 2

produces in this case differences up to a factor 1.9 after 7 days of non-linear integration.

Considering one particular configuration, e.g. the normal-amplitude, it is possible to trace back the areas of
origin of the difference appearing over Europe at forecast day 7 using the field difference between the
control and the perturbed forecast for different forecast times (not shown). Results show that it is due to
a combined action of the perturbation added over north America and eastern Pacific, but that it is dominated -

by the propagation of the positive-negative pattern localized across the Rockies (see Fig 16).
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Similar considerations can be drawn comparing ensemble members 17 and 32. Table 4 confirms the
conclusions drawn from Fig 15d that the skill scores of the best among the ensemble members in the small-
amplitude and in the normal-amplitude configurations are higher than the skill score of the best among the

large-amplitude ensemble members.

4.4 Three case studies: average results

We now consider the results from the ensembles run with the other two starting dates (93.02.14 and
93.09.06). For reason of space we will not analyze in detail the normal-amplitude, large-amplitude and
small-amplitude results. We have computed averages over the three cases of the mean skill scores, the best-
skill-scores and the worst-skill-scores. Moreover, we have computed averages among the three cases of the

mean, the smallest and the largest spread curves.

Fig 18 shows the average mean spread and mean skill score curves computed for the NH and the European
region. Generally speaking, Fig 18 is consistent with the results of the 92.12.28 case. The spread increases
with the perturbation amplitude in both regions. The impact on the skill score is smaller and it indicates

that reducing the perturbation amplitudes slightly increases the EPS mean skill score.

Fig 19 shows the average of the extreme spread and skill curves. Figs 19a and 19b show that the
perturbation amplitude has a little impact on the minimum spread curve (high ACC), but has a measurable
effect on the maximum spread curve (low ACC). Similar considerations can be drawn considering the
extreme skill score curves: the perturbation amplitude has a little effect on the most skilful forecast, but a

large effect on the skill of the least skilful forecast.

4.5 Three case studies: simulation of a reduction of analysis errors in a perfect model

Let us suppose that the forecast model were perfect. We can consider the control trajectory as the "truth"
and the perturbations added to the control initial conditions as analysis errors. Then the comparison of the
mean spread score curves can give an indication of the impact of errors in the initial conditions, represented
by the optimal perturbations, on the forecast skill. (As we have seen in sub-section 3.2, the amplitude of
the perturbations in the normal-amplitude configuration is comparable to the amplitude of the estimated

analysis error.)

The comparison among the mean spread curves of Fig 18 can be used to estimate the impact on the forecast

skill of a reduction of the amplitude of the analysis error by a factor /2. If we consider the forecast day -

at which the two mean normal-amplitude and small-amplitude spread curves crosses the reference line of
0.6, we can see that it increases by almost 1.5 day if we consider the NH, and by almost 1 day if we refer

to the European region. In particular the estimated gain in NH medium-range predictability is around
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1.5 days for the less skilful case (93.09.06), it is around 1 day for the 92.12.28 case (see Fig 14a) and it is
more than 1.5 days for the most skilful among the three cases (93.02.14).

Moreover, if we consider Figs 19a and 19b we can see that a reduction of the analysis errors decreases the
spread of the ensemble. In particular, it significantly reduces the largest spread curve. This suggests that,
on average, smaller analysis error should increase the skill scores of the worst forecasts. In contrast, it only
slightly reduces the smallest spread curve, since for the three case studies the simulations of the best

forecasts are already nearly perfect in all three configurations.

Another way of looking at these results is to compute the factor by which the analysis error should be
reduced to diminish the mean spread of forecast day 7 to the value of day 5. To address this question we
ran another ensemble with starting day the 92.12.28, fixing the rms perturbation amplitude to half the
normal-amplitude value. Table 5 shows, for the NH, the averaged rms spread and error, for forecast day
5 and 7, computed for the 500 hPa geopotential height field. The first column of Table 5 lists, for the four

experiment sets, the ratio of the rms amplitude of the perturbations with respect to the square of the

reference amplitude. Consider the experiment sets run with perturbations characterized by rms amplitudes /2

and 0.5 times the reference amplitudes. As can be seen by comparing the day 5 and the day 7 spread, a

reduction of the rms perturbation amplitude by a factor of 2y/2 is necessary to reduce the spread of forecast
day 7 to the value of forecast day 5.

Unfortunately, model deficiencies reduce the possible gain in medium-range predictability, as can be seen
comparing the difference between the normal-amplitude and small-amplitude mean spread curves with the
difference between the normal-amplitude and small-amplitude mean skill score curves (see Fig 18). The
comparison among the mean normal-amplitude and small-amplitude spread curves indicates that the possible

gain in predictability is less than 12 hours for the NH (smaller for Europe) when reducing the rms amplitude

by a factor /2. Fig 18 shows that the distance between the large-amplitude and normal-amplitude mean

spread curves is similar to the distance between the normal-amplitude and small-amplitude mean spread
curves, while the distance between the normal-amplitude and small-amplitude mean skill score curves is
almost half the distance between the large-amplitude and normal-amplitude mean skill score curves. This
confirms that model errors become more important when the errors in the initial conditions decrease and
reduce the possible gain in predictability that can be achieved by an analysis error reduction. Note that this
result is also confirmed by the decrease of the errors with the perturbation amplitude (see Table 5).
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error amplitude. Considering the control trajectory as the "truth” (perfect model hypothesis) and the initial
perturbations as analysis errors, the spread among the ensemble members can be used as a measure of the
impact of analysis errors on the forecast performances. Comparing the mean spread curves of ensembles

run in the normal-amplitude and the small-amplitude configurations we have shown that a reduction of the

rms amplitude by a factor /2 can lead to a gain of medium-range predictability of around 1.5 days if

measured over the Northern Hemisphere, and of around 1 day if measured over Europe.

We have also addressed the question of how large the improvement of the analysis error should be to reduce
the ensemble spread at forecast day 7 to the value shown at present at forecast day 5. To answer to this
question, we have run, for one case only, another experiment set with perturbation amplitudes smaller than
the reference value by a factor 0.5. The comparison between the mean spread curves computed for the

ensembles run with the largest and the smallest perturbation amplitude, suggests that a reduction of the

analysis error by a factor 2y/2 can lead to the required reduction of the forecast day 7 spread.

Note that this may overestimate the sensitivity to error in the initial conditions if there are error components

that do not project well onto the fastest growing singular vectors.

These conclusions are based on many (more then 300) T63/L.19 10-day non-linear integrations run for three
cases characterized by medium, high and poor skill score. Although they should be considered as

preliminary, we believe they give useful indications.
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NH spread NH skill-scores
max - min

control worst - best
92.12.28 0.24 - 0.84 0.52 0.40 - 0.74
93.02.14 0.67 - 0.90 0.72 045 - 0.80
93.09.06 : 0.20 - 0.90 0.36 0.30 - 0.61

Table 1 Spread and skill scores, computed for the NH, of the three analyzed cases.
An-error Perturbations

U-comp 43 m/s 041 m/s
V-comp 43 m/s 0.37 m/s
T-comp 10K 068 K

Table 2 Root mean square amplitude, averaged aver the NH region at model level 11, of the analysis error estimate and
of the normal-amplitude perturbations, relative to the 92.12.28 case.

Ampl Control Ens better Con Best over NH Best over Eur
NH Eur NH Eur n NH Euwr n NH Ew
norm 0.52 0.60 23 15 21 074 068 8 062 082
small 23 17 19 072 075 17 050 082
large 20 14 21 074 059 32 053 076

Table 3 Skill scores of the normal-amplitude, large-amplitude and small-amplitude ensembles run with starting date
92.12.28. First two columns: control skill scores over NH and Europe. Then, for each configuration: third and
fourth columns: number of ensemble members performing better than the control over NH and over Europe.
Next three columns: ensemble member performing better than the control over NH, its skill score over NH and
over Europe. Last three columns: ensemble member performing better than the control over Europe, its skill
score over NH and over Europa.

forecast small-ampl normal-ampl large-ampl
number
NH Eur NH Eur NH- Eur
8 0.63 0.80 0.62 0.82(" 0.53 0.66
17 0.50 0.82() 049 0.80 0.49 0.72
32 0.66 0.78 0.59 0.72 0.53 0.76(")

Table 4 Skill scores of ensemble members number 8 (first line), 17 (second line) and 32 (third line) run with starting date
92.12.28. First two columns: skill scores of the smali-amplitude ensemble members. Third and fourth columns:
skill scores of the normal-amplitude (reference) members. Last two columns: skill scores of the large-amplitude
members. For each ensemble member, a star close to the European skill score identifies the configuration in
which the member is characterized by the best European skill score.

rms ampl forecast day 5 ‘ forecast day 7
spread error spread error
V2 67.2 85.9 1009 104.4
1. 58.8 82.2 93.3 100.7
1/y2 : 49.6 803 83.0 97.1

172 39.8 79.5 69.4 98.2

Table 5 Mean rms spread and rms error (m), computed using 500 hPa geopotential height over NH, for experiments run
with starting date 92.12.28. First column: rms perturbation amplitude with respect to the reference value (normal-
amplitude configuration). Next two columns: spread and error at forecast day 5. Last two columns: spread and
error at forecast day 7.
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eight of the three analyzed cases (all referring to 12GMT). Panel ai‘. 92.12.28; panel b):

83.01.04. Panel c): 93.02.14; panel d): 93.02.21. Panel e): 93.09.06; panel f): 93.09.13. Contour intervals

80 m.

h

Fig1 500 hPa geopotential

22



1 a)
£ 08
0
&
= 0.6
o
&
2> 041
«©
£
£ 02
g
0 ' ] ' 1 ! | ' | ' I
0 2 4 6 8 10
Day
b)
=
o
@]
(&)
=
o
(&)
=
]
£
o
o
<
1 500 hPa height
0 ' ] ! { ' I ' 1 ! ]
0 2 4 6 8 10

Day

Fig2 Spread (panel a)) and skill (panel b)) scores of the normal-amplitude ensemble prediction started at 12GMT of
92.12.28, computed using ACC. Panel a): each solid line refers to a perturbed forecast. Panel b): each dotted
line refers to a perturbed forecast, while the thick solid line refers to the control.
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Fig3 As in Fig 2, but for the normal-amplitude ensemble started at 12GMT of 93.02.14.
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Fig4  Asin Fig 2, but for the normal-amplitude ensemble started at 12GMT of 93.09.06.
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Fig5 Root mean square amplitude of the normal-amplitude perturbations relative to the 92,12.28 case. U (panel a))
and V (panel b)) components, and temperature (panel c)) are shown at model level 11 (around 500 hPa).
Contour isolines 0.1 m/s, starting from 0.05 m/s, in panels a) and b}, and 0.25 K, starting from 0.125 K, in
panal ¢).
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Fig6 As Fig 5, but for the optimal interpolation estimate of the 92.12.28 analysis error field. Contour isolines 1 m/s,
starting from 0.5 m/s, in panels a) and b), and 0.25 K, starting from 0.125 K, in panel c).
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Fig 8 Mean Taylor expansion cosfficients relative to the 92.12.28 (panel a)), the 93.02.14 (panel b)) and the 93.09.06
(panel c)) cases. Solid line: first order; dashed line: second order; dotted line: third order; chain-dashed line:
fourth order term.
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Fig 9  Amplification factors of the most unstable singular vectors, sorted with respect to the amplification factor, for the
92.12.28 (solid line), the 93.02.14 (dashed line) and the 93.09.06 (dotted line) situation.

Day : Day

Fig 10 Panel a): functions l_(t) computed from the normal-amplitude (solid lines), the large-amplitude (dashed lines)
' and the small-amplitude (dotted lines) ensembles. Panel b): extreme functions [ aavgp(®) (upper curves) andl, o oo(f)

(lower curves) computed from the normal-amplitude (solid lines), the large-amplitude (dashed lines) and the
small-amplitude (dotted lines) ensembles.

30



‘W Q9 S[eAlelUl JNOJUCY “SISGUSLW B|GUBSUS 0} Jojel sjeued Jeyo syl |y "(jeued pucoes) sisAjeue BuldjueA pue
(leued 15113) 159010} |0)UCS (BUl| ISi14 “Bjquesua epnyjdure-jeulou g2 L 26 oyl Aq L Kep 15208104 104 UoiBaI Uredoing ey} Jono pejoipald siseoslo} jybisy _m_ucm,“oanmm‘mn_,s. 00S A .F L Bi4

= :
o 7
£ A o
g e LA

v¢ s|qussug

81 s|quiesug

0l ®jquasuy

. ojquiesuy

SR

g oJquasusg

¢ ojquiesug

p sjquasug

¢ 9|quasug

jo4uon

31



‘sjquissue spnydwe-afiie| ey} Aq psioipeld moj} 8yl 10} Ing ‘L1 Big sy ¢l Big

o & o, ]
&= o

2y
“1 K

e

NN

8¢ 9jquissug

/ u."....‘r.n Y : \

22 9|quiesug

s e o T
SRy
iR ) § UGB

9l ejqua

p1 elquiesug

FLA
ey =

g s|quiasu3z

/ 9{|quasug

1¢ < 2,

o o
¥ o S
0 L3 LYAF

" 4" A

o <~ 7, S

9 a|jquasug

G a|quiasuly

b e|quesugy

€ a|quasu

32



"sjquasus spnyijdwe-||lews oy} Aq peipeid mojy ayy Joj Inq ‘1L Bl sy g1 Bid

. o Xl .,,. A A .
Iy o Y 25 e, ¢ & 4
..u..‘. o AL, .. g A ....'. P
i VA 7 % A :
nanse G 4 X T T s e et g
2] s » s g 3

...............

81 |Jquissuy

5 =0y

g o|quiesuy

L ®jquesuz

9 m_nEmeM‘

G 9Jquasuy

) .wwm

D ) W TETRL 3 SN 0

&

v sjquesuz

€ ajquiasuyg

s SV -,
o KXNHI A,
Lo ol & ;i
i /

S et L+
oy, it o
N, o2 s f
AN S =t
¢“ ] |

josluo)

33



*adoing Jo} paindwios a100s |ys :(p [oued ‘a109s |Is HN :(o joued ‘adoing Jeao pandwoo pesids :(q jeued {peaids HN :(e [sued "82'2l 26
uo peue]s se|quasua (sul] peljop) epnyjdwe-jews pue (au) paysep) spnyjdwie-sbie] ‘(auy pijos) apnyjduwe-ewiou sy} Buowe pebelaae seAInNo 8100s ||s pue peaids uesy | Bi4

Reqg Keqg
ot 8 9 v r4 0 (]! 8 9 v r4 0
L L I " 1 il ] 1 I 1 O L " | L L L H f | L O

wbiay edy 005 | wbiey edy 0os |

= _ > S ‘ : : oD

= -¢0 3

Q- o]

3 - 3

=X -2

< <

e @)

g g

0 o

] e

=+ =

, (o 3
adoing 8zZIT6 o “WaH'N 822126 ,
S : Aeg - Co Aeq
] ] 9 v 4 0 ; (118 8 R ) 4 A 0
| L ] | | . ] , | J O ; : L ! ! L I ! | L 1 L O

wbey edy 00s | wbiey edy 005 |

20 W 20 W

[»] Q

L w . | w

0 o

<l 4

) o)

=) e

o o

8 e

(q = L (e

adoiny 822126 “WaHN 822126



-edoing Joj ing (o jeurd se :(p [pud ‘sejquasue (seul] pelop) epnjjdwe-[ews pue (seu)] paysep) epnyjdwe-abie| ‘(seul pijos) epnyjdwe-{ewiou sy} 10}
SBAIND 6100S-||YS-1SIOM PUB 8100s-|s-158q HN :(2 |eued ‘edaing Joying (e jeued se :(q jeueq ‘sejquwesue (seui| peljop) epnyjdwe-jlews pue (seuy peysep) epnyjdwe-ebie|
‘(seuy pijos) epnyjdwe-jeuLIou sy} Jo} SeAINs peeids isebie] pue ise|iews HN :(e [pued "82'2L'g6 U0 Pelels Sejquesus ey} 0} BAIe|e] SBAIND 8100s |bjs pue peeids ewelxy  §i Big

>mn,_
v rd 0 oL 8 9 v 2 0
1 L i L O H L | ! i L ! ) | ! O
wbiey edy 005 _ RN wbey edy 005 |
> >
=3 =
=] Q
3 3
o o
< <
) O
g 9
o o
] Q
o o]
= =
(o
"WaH'N 822126
\
\ keqa Aeq
oL "8, \ 9 S 4 4 0 1]3 8 9 14 4 0
1 : L L L ' i ! 1 : | 1 | 1 o
Wb61ey edy 00s TN wbley edy 00s |
> >
= =3
@] (=}
3 3
Y] <]
< <
§ §
S
2 3
(e

"WaH'N 82¢lc6

35



Fig 16 Initial perturbation added to the normal-amplitude ensemble member 8, in terms of 500 hPa gebpotential height.
Contour isolines 5 m, starting from 2.5 m.
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Fig 17 Difference between the control and the perturbed forecast (left panels) and difference between the analysis and
the perturbed forecast (right panels), in terms of 500 hPa geopotential height, at forecast day 7, of members
number 8 of the small-amplitude ensemble (panels a) and b)), of the reference ensemble normal-amplitude
(panels c) and d)) and of the large-amplitude ensemble (panels e) and f)). Contour isolines 40 m, starting from
20 m.
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APPENDIX A: SPREAD AND SKILL SCORE DEFINITION

The spread of a perturbed forecast is defined as its distance from the control forecast, and the skill of a
forecast as its distance from the analysis. The spread p(#) of each perturbed forecast ens is measured either
using the anomaly correlation coefficient (ACC) between the perturbed forecast and the control con

<(ens(®)-cli(®));(con(®)-cli())> ,

Dyl = - - , (A.1)
40D = | s clil, Icon®-chD)
or computing the rms distance between the two forecasts
Prus = llens(®) - con(t) ||g. : (A.2)

The grid-point scalar product pEHE and its associated norm |..| , are computed in the physical space

(including cos(A) weights, A being latitude).

The skill of each forecast fc (with fc identifying either a perturbed forecast, or the control con) is defined

either as the ACC between the forecast and the analysis

<(fe(t)-cli(®);(ana@®)-cli®)>,

kicc® = . L, (A.3)
A (e -cli@) ], Nana@-cli@®)l,
or as the rms distance between a forecast and the analysis
keys = fe(®) - ana(?) ||8. ‘ (A4

In all these eqs. cli identifies the climatology and ana the observed field (analysis).
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