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ABSTRACT

The predictability of 500 hPa height, 850 hPa temperature and precipitation is studied using
the “perfect model” approach with ensemble numerical forecasts. The sea surface temperature
interannual variability is introduced to provide some source of seasonal predictability. The
mean scores of 16 winter forecasts show a large potential in the tropics, a weak one in the
midlatitudes, in particular over Europe. The weakness of the scores in the midlatitudes may be
partly explained by the underestimation of the amplitude of the seasonal anomalies by the
model. The seasonal forecasts are based on 9 individual model integrations starting at slightly
different initial conditions. The variation of the scores with the size of the ensemble is estimated
empirically. It is shown that, for a perfect seasonal forecast, the size necessary to approach the
saturation score is about 3 for the tropical precipitation, 20 for midlatitude height, and 40 for

temperature over Europe.

1. Introduction

The use of comprehensive models of the atmo-
sphere has led to important progress in short- and
medium-range forecasting. The integration of such
models one month ahead has demonstrated some
skill (Royer, 1993), but, due to the weak part of
the informative signal with respect to the noise,
the forecast is no longer deterministic, and a
probability formulation has to be found (Déqué
et al., 1994a). A way to filter out the unpredictable
noise, or, equivalently, to take into account the
different weather regimes which may occur, is to
consider long time averages. In recent years, there
has been increasing interest in seasonal-scale pre-
dictions (Palmer and Anderson, 1994; Stern and
Miyakoda, 1995). Extending model integrations
to such ranges is now possible by the considerable
progress in ocean-atmosphere coupled models.

Averaging meteorological fields for a whole
season is not sufficient to remove the random
component, as shown by Brankovic and Palmer
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(1996), in particular in the midlatitudes. The
ensemble average technique, which has proved its
efficiency in monthly forecasting (e.g. Brankovic
et al, 1990) is also necessary for seasonal
forecasting.

Recently, a coordinated experiment has started,
involving the United Kingdom Meteorological
Service (UKMO), the European Centre for
Medium-range Weather Forecast (ECMWF), the
French electricity company (EDF) and the French
meteorological service (Météo-France). Its aim is
to evaluate with some accuracy the potential for
seasonal forecasting. This experiment consists of
integrating several models for all the seasons of
the 1979-1994 period, using the US National
Meteorological Center (NMC) analyses of sea
surface temperature (SST) as boundary conditions
(the ocean is thus assumed to be perfectly pre-
dicted), and the land surface and atmosphere data
from the ECMWF re-analysis (ERA) as initial
conditions. Thus, 64 120-day forecasts are to be
produced by each of the 4 participants (only 16
in the case of EDF which is mainly interested in
winter forecast). Each forecast consists of an
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ensemble of 9 24-h lagged model integrations; the
lagged average technique (Hoffman and Kalnay,
1983) is a convenient way to produce Monte Carlo
forecasts, since the starting situations for each case
are equilibrated with respect to the model and
easy to obtain. This method does not take into
account the uncertainty about the initial state
because the best agreement between the lagged
forecasts occurs in data void areas where the
analyses are model forecasts. However, since the
initial errors grow rapidly (Stroe and Royer, 1993;
Savijarvi, 1995) and saturates after about 20 days
in the troposphere, the technique used to perturb
the atmospheric initial state has little importance.
This experiment is expected to finish after the
completion of the ERA project (end of 1996) and
will be referred to as TAPO (imperfect atmo-
sphere—perfect ocean). Further experiments are
planned with a fully coupled ocean-atmosphere
system.

The objective of this study is to evaluate an
estimate of a reasonable ensemble size. The choice
of 9 members in IAPO is dictated by the computa-
tional cost of such an experiment (it is equivalent
to about 200 years of simulation for each particip-
ant). One can consider that the error in a seasonal
forecast comes from two distinct sources: the fact
that the model does not follow the exact laws of
the atmosphere, and the small unavoidable initial
errors which increase due to the model non-
linearities. Ensemble averaging has no impact on
the first source, but reduces the random compon-
ent in the model results. It thus enhances the
model response to the variables which are pre-
scribed (SST for an uncoupled model) or which
evolve slowly (soil moisture, snow cover, QBO
phase, etc). Even if the model is perfect, the mean
forecast does not converge toward the verification
as the ensemble size tends to infinity, but to
a statistical situation with smaller anomalies
than the observed data: the actual atmosphere
“chooses” one trajectory, and the ensemble mean
forecast gives the expectation of all possible tra-
jectories. With a given ensemble size, the forecast
error is the sum of the model error and the
inaccuracy of the ensemble mean:

F—V=(E(F)—V)+(F—E(F)), (1)
where V is the veriﬁca_tion, F the ensemble mean
and E(F) the limit of F as the ensemble size tends

to infinity. When the model is perfect, the first
term of eq. (1) is not zero since V comes from a
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single trajectory, and E(F) is an average of a large
number of possible values for V; but it is generally
smaller than when the model is not perfect, since
a perfect model has no systematic error. The
second term is related to the model spread, since
it can be written as the ensemble average of the
deviations F— E(F); it decreases toward zero as
the ensemble size tends to infinity.

In this study the impact of the ensemble size on
the score of a “perfect model” is investigated. A
good choice for the ensemble size makes the
second term of eq. (1) smaller than the first one.
Since the first term is generally smaller with a
perfect model than with an imperfect one, a reas-
onable size in “perfect model” will be a fortiori
good for actual forecasts. The perfect model
approach is very popular in predictability studies
(Barker, 1991 or Houtekamer and Derome, 1994).
It consists of using one particular integration of
an ensemble of model simulations starting from
similar situations as the verification trajectory, the
other integrations forming the forecast ensemble.
In the present study, we introduce an ingredient
to counteract the loss of predictability due to the
divergence of the trajectories: the integrations use
year-to-year varying SSTs, the same for each
member of a given ensemble.

The perfect model experiment, referred to as
PAPO (perfect atmosphere-perfect ocean) is
described in Section 2. In Section 3, the scores of
the “perfect model” are given for a few parameters
and time ranges; estimates of the scores as a
function of the ensemble size are derived from
Monte Carlo drawings and from statistical calcu-
lations in Section 4. Concluding remarks, includ-
ing perspectives about the “imperfect model”, are
made in Section S.

2. Description of the model and the
experiment

The atmospheric GCM used for this study is a
climate version of ARPEGE-IFS (cycle 12). This
model has been developed by Météo-France and
ECMWF for operational short- and medium-
range forecast. The climate version derived from
this code is described in Déqué et al. (1994b). The
version used in the PAPO experiment is the same
as the one used in IAPO. The model used by EDF
in IAPO is the same version, except the horizontal
resolution (T63). The models used by ECMWF
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in TAPO and in ERA are also versions of
ARPEGE-IFS, but with a different set of physical
parameterizations.

The model has a T42 spectral truncation. The
horizontal resolution used for the non-linear terms
of the Navier-Stokes equations and for the phys-
ical parameterizations is about 300 km. The model
has 31 vertical levels from the earth surface to
about 80 km. The 20 upper levels are constant in
pressure and located above 200 hPa. This allows
a good representation of the stratosphere
dynamics. The physical parameterizations in the
stratosphere are the radiation (from Geleyn and
Hollingsworth (1979)), the orographic gravity
wave deposition, and a linearized photochemical
scheme (from Cariolle and Déqué (1986)) to calcu-
late the ozone sources and sinks. The ozone
concentration is a three-dimensional prognostic
variable coupled to the rest of the model by the
radiation and the advection. In the troposphere,
the physical parameterizations also include the
convection (a mass flux scheme with Kuo closure
from Bougeault (1985)) and the large-scale precip-
itation. The cloudiness is diagnosed at each tropo-
spheric level from the relative humidity and the
convective activity through empirical formulae. In
the boundary layer (surface and lowest 4 levels)
the vertical diffusion is calculated from the Louis
(1979) scheme; this scheme includes a shallow
convection parameterization and is extended up
to the stratosphere with a decreasing mixing
length. At the surface, the ISBA (Noilhan and
Planton, 1989) soil-vegetation scheme is used to
provide a boundary condition to temperature and
moisture. Three layers (surface, deep, and climato-
logical) are used for temperature and four reser-
voirs (canopy, snow, surface, and root) are used
for moisture. The time step is 15 min for the
dynamics and the physics (including the radiation).
The horizontal diffusion uses a V¢ spectral damp-
ing, with an e-folding time of 9 h for the highest
wave number (i.c., n=42; this time decreases lin-
early with pressure above 100 hPa and is divided
by 3 for the divergence field).

This model has been integrated from September
1978 through May 1995 using monthly observed
SSTs from NMC analyses. The end of 1978 is not
included in the study, since the model needs a few
months to drift toward its own climate (climatolo-
gical SSTs have been used for this period). The
interannual SST variability is thus taken account
in the same way as in ERA. Once this reference

simulation has been produced, “pseudo-forecasts”
have been carried out in the same way as IAPO,
except that only winter forecasts have been per-
formed. The 16 ensembles start from 1 December
1979, 1980, ..., 1994 of the reference simulation.
Each ensemble consists of 9 120-day simulations
with the same model and the same SSTs. The use
of lagged integrations is not possible in a perfect
model framework, since the forecasts would be
the exact reproduction of the reference. The follow-
ing procedure has been used to simulate the initial
errors. Nine sets of perturbations for each state
variable (wind, temperature, moisture, ozone and
logarithm of surface pressure) by linear combina-
tions of the 16 “1 December” situations have been
produced. The weights w;;, i=1, 9, j=1, 16 are
drawn at random, and normalized so that:

16
2, wy=0,
Jj=1

The resulting 500 hPa height initial root mean
square error (RMSE) over the northern hemi-
sphere is about 10 m, which is much less than the
mean initial error in the IAPO experiment (80m),
but in better agreement with measurement uncer-
tainties (the 24 h forecast error is about 20 m with
the latest forecast of IAPO). The perturbed initial
states are to first order in equilibrium with the
model.

We have thus 16 independent cases of winter
forecasts consisting of one “verification” and 9
individual “forecasts”. With the “verification”
being obtained by the same process as the 9
“forecasts”, it will be considered in the following
that 10 members are available, one member taken
at random being the “verification”, the other 9
forming the “forecast ensemble”. Repeating this
procedure will increase the statistical stability of
the scores given below. As mentioned in Section 1,
this experiment will be referred to as PAPO.

16
S wi=001. 2)

j=1

3. The scores

Because of the very large amount of data pro-
duced by the PAPO experiment, we restrict the
analysis to 3 fields and 3 periods. The fields
retained are:

® the 500 hPa height over the northern hemi-
sphere (20°N—80°N); this field is the most
widely used in predictability studies, since it
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synthetizes the general circulation in the
midlatitudes;

e the precipitation over the tropical belt
(30°S—-30°N); this field is rarely used because
of the lack of verification data, but is interesting
since the main source of predictability in PAPO
comes from the SST variability in this region;
moreover, the tropical precipitation has a
strong impact on human activities;

e the 850 hPa temperature over Europe
(12.5°W-42.5°E, 35°N-75°N); the predictabil-
ity of such a field in winter has some interest
for potential users; the advantage of 850 hPa
versus surface or screen level is that such a
level is independent of the model orography
and allows a better intercomparison or
hybridation between different models.

The 3 periods retained are:

e the week (day 7-14)
e the month (day 15-44)
® the season (day 31-120)

Here we are mostly interested in the seasonal
forecasts, but it is instructive to compare the
impact of the length and the lag of different
averaging periods. A question one may ask is
whether the larger length (90 days) of the season
versus the month compensates the larger lag (75
days) between the mid-period and the starting
date. It is also of interest to see to which extent
the ensemble size can be reduced when using a
longer averaging period.

The useful information to extract from the
model fields is the quality of the forecasts. Different
scores may be used for the verification. The sim-
plest to apply is the RMSE, but it must be scaled
by the corresponding value of the climatological
forecast, yielding the “Skill Score” (Murphy and
Epstein, 1989). This score is pessimistic in seasonal
forecasting, since the climatology forecast is gener-
ally better in least square sense, although the
model forecast contains some information; with
an appropriate scaling of the anomalies the model
forecast may be made better than the climatology
(Déqué and Royer, 1992), but this can appear to
be artificial. Another score is the temporal correla-
tion between a series of forecasts and correspond-
ing verifications. But this score cannot be used for
a single forecast-verification pair, and the estimates
with short series are not very stable from a stati-
stical point of view. The most popular score
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in meteorology is the Anomaly Correlation
Coefficient (ACC), which reads:

(F-B)V—=%)))
JE =8P X(V—%)*>’
where F is the forecast, V' the verification, € a
climatology and ¢ ) the spatial average operator.
The problem with this score comes from the choice
of the climatology 4: the ACC is overestimated
when € is too smooth, and also when it is too
noisy. If the climatology is “far” from both veri-
fication and forecast, the ACC is artificially high,
since the ACC can be interpreted geometrically as
the cosine of the angle forecast-climatology-
verification in the phase space. Such artificially
high ACCs can occur, for example, if one verifies
precipitation forecasts against satellite-derived
data using a rain-gauge based climatology, or if
one verifies surface temperature forecasts using a
smooth climatology which does not include the
mountains resolved by both the model and the
verification. On the other hand, if the climatology
is calculated from a short sample, € includes noisy
residuals which are present in both (F—%) and
(V—%) and which increase artificially the ACC. A
simple way to calculate ¢ is to take the time
average of the verifications, excluding the verifica-
tion itself for each year. The time average must be
calculated with more than 10 years (Déqué, 1991)
to limit the overestimation. Even with 16 years,
the bias remains perceptible: the ACC of 500 hPa
height seasonal means has been calculated by
scrambling the forecast series to simulate a forecast
without any skill. When repeating the process 100
times, the mean ACC is 0.11.

A way to avoid this bias is to consider two
“climatologies”, one for the forecast, and one for
the verification, as in the classical correlation
coefficient. If we modify eq. (3) by:

(F-[FHV-LVIp
JF=[F)?> ((v—VD’
where [F] is the average of the remaining 15
forecasts and [V] the average of the remaining 15
verifications, we get an unbiased score: the mean
ACC’ after scrambling as above is —0.01. Eq. (4)
is unchanged if the time averages involve the 16
years since:

ACC=

(3)

ACC'=

4)

i Fj>. (5)

1 m
Fm —— Y F,= ——|{ F—
! m—lgi J m—1<
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If the model is not perfect, the ACC’ is equivalent
to the ACC of the forecast after removing the
model bias (Déqué, 1991). This score can be used
with only two forecasts as in Brankovic and
Palmer (1996) where the model anomaly
1987-1988 is compared to the corresponding
observed anomaly.

The aggregation of the ACC' for different years
can be done by averaging over all years considered.
In this study the 3 covariances that appear in
eq. (4) are averaged separately:
Cov=X(F=[FD(V—LVID,

Crr={(F—[F1?>,  Cpp=X(V=[VI]*>. (6)
Such an aggregated score has been used in Déqué
and Royer (1992) with the name of Mean Anomaly
Correlation (MAC). It has the advantage of a
better interpretation of potential predictability:
1-MAC? is the ratio of the model mean square
error by the climatology mean square error, after
correction of the systematic and amplitude errors.
It can be also seen as an average of the different
ACC’ with a larger weight when a strong anomaly
is predicted and observed. Other advantages (as
seen below) include the possibility of unbiased
statistical averages, and allowing a unified
approach with the temporal correlation. This
method of averaging covariances, for which
unbiased estimates exist, rather than averaging
correlations, is natural in statistics: statisticians
prefer to average variances than standard devi-
ations, since the latter are estimated with some bias.

The unified scoring approach used in this study
is based on a single coefficient, depending on time
i (i=1, 16) and space x:

C(x, i)=

CE{(F(x, ) —[F)D (A, 1) — [MX)D}))
JKE(F X, )—[F)D*> <E{Nx, )—[Nx)17})’
(7)

where E{ } represents the statistical expectation
when, for example, the verification is drawn at
random among the 10 members, or when the
forecast is drawn at random by scrambling. This
coefficient will be referred to as C-score. The
aggregation rule is that the 3 covariances are
averaged separately, and the C-score is recon-
structed from the 3 averages. The 3 averages
enable calculation of the RMSE:

RMSE= ./Crr+Cyy—2Cryp. (8)

The RMSE of the climatological forecast being

simply ./Cyy. The Skill-Score introduced by
Murphy and Epstein (1989) is then:

SS=p(2C—p) p*=Cre/Cyy 9)

When rescaling the forecast anomaly, C is
unchanged, but p may be chosen arbitrarily; the
maximum value for SS is thus C2.

When the C-score is aggregated with respect to
i, one obtains the classical temporal correlation.
When it is aggregated with respect to x (i.e., over
a geographical domain), one obtains the above
ACC'. Finally, one can synthetize the skill by
aggregating with respect to both space and time:
the C-score is then a time-aggregated anomaly
correlation, or equivalently a space-aggregated
temporal correlation. This C-score has zero mean
when there is no skill at all (as shown above with
the scrambling procedure). There is no artificial
systematic skill, but the confidence interval about
zero may be large when the size of the time
average is small. Table 1 shows the confidence
intervals for the seasonal 500 hPa height as a
function of the number of forecasts m. They have
been obtained by the following procedure:

with

(1) for each year (out of the 16) drawing one
member out of the 10 for the verification, the
other 9 being averaged to produce the forecast;

(2) selecting at random m years for the
forecasts and another m years for the verification
(double scrambling);

(3) computing the C-score of these m forecast-
verification pairs;

(4) repeating 500 times steps 1-2-3 (to obtain
a sufficient stability of the results);

(5) ranking the 500 C-scores to extract the
25th and the 475th (5% and 95% quantiles of the
distribution).

The relative symmetry of the boundaries of the
confidence intervals is another indication of the
absence of systematic bias. One can see that with
m=2 (comparing the differences between two SST
forcings as in Brankovic and Palmer, 1996) the
C-score may be as high as 0.6 without any skill
from the model.

Table 2 shows the C-scores for the 3 periods
and the 3 fields. The scores are significantly posit-
ive: the 9 values are greater than the corresponding
95th percentiles (calculated as above by scram-
bling). The behavior of the midlatitude height is
similar to that of European temperature, the
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Table 1. Empirical percentiles of the C-score distri-
bution as a function of the number of forecasts (even
values only) for a prediction of seasonal mean
500 hPa height over the northern hemisphere

Forecasts 5% 95%
2 —0.57 0.59
4 —0.38 0.37
6 —0.32 0.30
8 —0.26 0.24

10 -0.24 0.20

12 —0.21 0.20

14 —-0.19 0.18

16 —0.16 0.17

Forecasts and verifications have been scrambled so that
the scores do not correspond to any skill.

Table 2. C-scores for the 3 periods of midlatitude
500 hPa height (Z500), European domain 850 hPa
temperature (T850), and tropical precipitation
(Prec) for the 16 winter perfect model experiment

Week Month Season
7500 0.81 0.34 0.31
T850 0.76 0.31 0.23
Prec 0.70 0.66 0.79

former being slightly more predictable than
the latter. The tropical rainfall is quite different:
the skill is higher and does not decrease with the
time lag (the seasonal forecast is better than the
monthly one). This can be easily explained by
the fact that the main source of predictability
is the tropical SST variability. The tropical precip-
itation, at least for the monthly or seasonal range,
exhibits a significant response to the SST anomaly
patterns imposed by the boundary conditions. The
high scores for the week (days 7-14) are due to
the fact that the initial error is weak and the
model has no systematic error. They probably do
not reflect the behavior of an actual forecast.

4. The scores versus the ensemble size

In order to investigate to what extent a perfect
model forecast can be improved by increasing the
size of the forecast ensemble, we have calculated
C-scores for which one integration is drawn among
the 10 members to make the verification, and p
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(p<9) are drawn to be the forecast ensemble. For
each year, the 10 members have been scrambled,
and then the first is taken as the verification, and
the next p as the forecasts. One can thus obtain a
large number of C-scores. 500 such scores have
been calculated and aggregated according to the
rule defined in Section 3. Fig. 1 (solid line) shows
the mean C-score of the 500 hPa height as a
function of p. The increase does not seem to
saturate with p<9. It would be interesting to
estimate the asymptotic value, and a size which
gives a value close to this asymptote. The statistical
calculation for this purpose is developed in
Appendix A. If 62, is the intra-ensemble variance
and o2, the interannual variance, then the estim-
ated C-score is:

C _ O'iznter'a'izmra

\/?7 iznter(a-ﬁ\ber - ( 1- 1/ p ) Jiznua)
Introducing the ratio r=o02,,,/0%.,, the asymp-
totic value is C,=./1—r. Setting po=r/(1—r),
eq. (10) can be written as:

C=Coo,' P s
P+Po

where p, can be interpreted as the size of ensemble
for which the C-score is 1/,/2 its asymptote. The
squared correlation being interpreted in linear
regression as the fraction of explained variance,

(10)

(11)

0.4

0.3

Score
o
N
\\

0.1 1

0
0 1 2 3 4 5 6 7 8 9

Size
Fig. 1. Estimates of the C-scores of seasonal midlatitude
500 hPa height as a function of the ensemble size:
random sub-sampling (solid line) and statistical estima-
tion with the empirical momenta (dash line).
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or as the maximum value for the SS (eq. (9)),
taking p=p, corresponds to halving the asymp-
totic squared C-score.

Another interesting consequence of eq. (10) is
that the asymptotic value C,, is the square root
of the C-score for p=1C;: with a large number of
twin integrations (one for the forecast, one for the
verification), one can deduce easily the score
improvement brought by a large ensemble. As
expected, such an improvement is weak when
the C-score is close to O or 1. The generalized
relationship between € and C, reads:
F I o S

V1/p+(1—-1/p)C;

A simple verification of the accuracy of the
calculations of AppendixA is given by Fig. 1: one
can see that the estimates with the Monte Carlo
method are very close to those of the empirical
momenta method.

Table 3 displays the values of C, and p, for the
3 fields and the 3 periods. The behaviors of
European temperature and midlatitude height
are similar, except for seasonal forecasts. The
European temperature fields require a larger
ensemble to reach the asymptotic value. A value
of 8 for p, does not mean that a good ensemble
size should be 8, since the C-score is then 0.7 C,,.
The small value for p, in weekly forecasts is
explained by the small initial error, and it is not
guaranteed that a sample of 4 or 5 could be
sufficient with actual forecasts. Moreover, only the
impact on the score of the ensemble mean is
studied here. A larger size could be necessary to
estimate the ensemble spread. As far as the tropical
precipitation is concerned, the scores remain high
for the monthly and seasonal period (as shown in
the last section), and the suitable ensemble size is

(12)

Table 3. Empirical parameters for the C-score vari-
ation with size (asymptotic value and characteristic
size) for the 3 periods of midlatitude 500 hPa height
(Z500), European domain 850 hPa temperature
(T850), and tropical precipitation (Prec)

Week Month Season

Coo/po Coo/po Cao/Po
Z500 0.84/0.5 0.42/5 0.40/5
T850 0.79/0.5 0.40/5 0.33/8
Prec 0.73/1 0.70/1 0.81/0.5

less than 5. One can relate the condition on the
ensemble size to a requirement for the ratio r
between the spread and the interannual variability.
If one wants that an ensemble size of 9 is greater
than py, r must be less than 0.9. This is the case
for our seasonal forecasts since r is respectively
0.83, 0.88, and 0.33 for Z500, T850 and precipita-
tion. If one wants to reach a C-score of 0.9 times
the asymptotic value, the size p must be approxi-
mately 5p,. In our case, the size is roughly 3 for
precipitation, 20 for Z500, and 40 for T850.

The use of the perfect model approach also
enables study of the geographical distribution of
the scores. Figs. 2-4 show the asymptotic value
of the local C-scores (i.e., C(x)) for the 500 hPa
height, 850 hPa temperature, and precipitation
fields. The local C-score is nothing but the tem-
poral correlation (calculated for the 16 years) of
the seasonal forecast and verification series. All
the fields have their maximum in the tropics. For
Z500, this maximum is longitude independent. For
precipitation, and to a lesser extent for temper-
ature, this maximum is located over the ocean.
The precipitation, and to a lesser extent the tem-
perature and height, have a secondary maximum
at high latitudes. This predictability could be
produced by the interannual variability of sea-ice
extents which may cause large surface temperature
anomalies to occur. In the northern midlatitudes
correlations below 0.2 are observed over Europe,
California and North-eastern United States. These
areas therefore show little sensitivity to the SST
variations of the 1979-1994 period with our
model. Further studies with other models, other
SST anomalies, and actual forecast conditions will
confirm or refute that these area correspond to
minima of predictability.

The year-to-year distribution of the C-score can
also be investigated. One must keep in mind that
the label of the years (e.g., 1983) refers to the SST
forcing onmly, since we are dealing with virtual
years with a perfect model. Since we restrict here
to seasonal averages (January-February-March),
this label will correspond to the year of the
January month, not to the year of the starting
situation. It can be shown that eq. (12) is still
valid for one forecast (the calculations of
Section 7 concern the average for m forecasts).
Figs. 5-7 display the C-scores of the 3 fields for
each winter, and an increasing ensemble size (1,
3, 9 and o0). As far as the midlatitude geopoten-
tial is concerned, 1989 is the best year with an
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Fig. 2. 500 hPa height C-score map (i.e., time correlation) estimated from the perfect model for an infinite ensemble
size; contour interval 0.20, shading above 0.60.
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Fig. 3. As Fig. 2 for 850 hPa temperature.

150°W  120°W  90°W  60°W  30°W 0° 30°E  60°E 90°E 120°E 150°E

150°W 120°W 90°W 60°W 30°W  0°  30°E  60°E  90°E  120°E 150°E
Fig. 4. As Fig. 2 for precipitation.
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Fig. 5. Estimates of the C-scores of seasonal midlatitude
500 hPa height as a function of the ensemble size for
each winter (JFM): 1-member ensemble (black filling),
3-member ensemble (vertical hatching), 9-member
ensemble (horizontal hatching), and asymptote (no
filling).
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Fig. 6. As Fig. S for 850 hPa temperature over Europe.
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Fig. 7. As Fig. 5 for tropical precipitation.

asymptotic score greater than 0.60. This winter
corresponds to the end of a strong negative
ENSO event. The positive ENSO winters (1983
and 1987) are in the average: the impact of the
SST anomalies is not dominant in the model
midlatitude circulation. For European temper-
ature, 1987 is the second best winter, after 1984.
For tropical precipitation, 1983 is the 3rd best
out of the 16 winters. Assuming that the interan-
nual variability of our estimates is significant,
this shows that the impact of SST anomalies on
the model response is not strongly correlated
with their amplitude. Fig. 7 illustrates that in the
tropics a l-member forecast is not widely
improved by ensemble averaging. The JFM 1983
500 hPa height anomalies (not shown) are similar
to the observed ones only in the Pacific (increase
along the equator and decrease at midlatitudes).
The classical Pacific North America (PNA) pat-
tern is simulated with the right sign, but with an
amplitude lower than 10 m against more than
50m in the observations. In 1989 (Fig.8), the
agreement between the simulation (a) and the
observation (b) is better than in 1983. Both
figures show an amplification of the zonal circula-
tion in the Atlantic with a deepening of the
Icelandic low and a blocking over the Pacific.
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150°W  120°W  90°W  60°W  30'W

Fig.8. 500 hPa height anomaly for JFM 1989 in the
perfect model experiment (a) and in the observations (b):
contour interval 20m, shading over the negative
anomalies.

The pattern in the southern hemisphere is also
well captured. This (best) case shows that:

(i) the pure response to SST anomalies may
agree with observed simulated anomalies;

(ii) this occurs when the intra-ensemble agree-
ment is high

The lower amplitude of the predicted pattern
is a combination of ensemble averaging and under-
estimated interannual variability by the model.

5. Conclusion and perspectives

The predictability of various fields, areas, and
time ranges has been studied using the “perfect
model” approach. The main source of predictabil-
ity in this experiment comes from the SST variabil-
ity of the 1979-1994 period. The mean scores of
winter forecasts vary from large values for the
tropical precipitation to weak values in the midlat-
itudes, in particular over Europe. Empirical estim-
ates of the scores with the size of the forecast
ensemble have shown that the size necessary to
approach the asymptotic value are much larger
for temperature over Europe than for tropical
precipitation, in the day 30—120 range.
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These results are not surprising, since most of
the interannual SST variability is located in the
tropics. The most important variability is in the
Pacific ocean (ENSO). ENSO’s impact on remote
regions like Europe exists, but explains a weak part
of the interannual variability (Fraedrich, 1994).

The results of our study give a more quantitative
evaluation to well known features of the long-
range predictability. They depend however on the
perfect model approach and on the model itself.
The results from the IAPO experiment will give
more reliable estimates, since the statistical
method can be generalized to an imperfect model.
The impact of ensemble size on monthly mean
imperfect model scores has been studied in Déqué
(1991), and it was shown that a size of 5 members
was sufficient for Northern Hemisphere 850 hPa
temperature. The equivalent of C,, in that study
was 0.27 (here it is 0.40 from Table 3).

The scores are not very encouraging for the
midlatitude seasonal forecasts: correlation of 0.40
with a perfect model and an infinite ensemble. It
is costly to have a large ensemble, and even more
difficult to have a quasi-perfect model. However,
this “perfect model” is perfectible. Indeed, the C-
score is a decreasing function of the ratio r of the
intra-ensemble variance (the model mean spread)
over the interannual variance. The ability of the
model to reproduce the intra-ensemble variance
and its year-to-year variability is unknown, but
the underestimation of the interannual variance
by the model is well identified: using the first 12
yeas of the IAPO experiment which are available,
and the first 12 years of PAPO, the interannual
standard deviation of midlatitude seasonal 500
hPa height is 43 m (observed) against 31 m (simu-
lated). In the perfect model experiment, the ampli-
tude of the anomalies in the slowly evolving initial
conditions (e.g., deep soil moisture or QBO) are
thus underestimated. For example, the model
stimulates a realistic QBO, except that its ampli-
tude is 5 times smaller than observed (Cariolle
et al, 1993). Thus the predictability potential of
the initial conditions, which could be as important
as the SST in the midlatitudes, is not fully
exploited by the perfect model.

In order to evaluate the “imperfection” of the
perfect model approach, the seasonal midlatitude
500 hPa height scores have been compared for
the 12 winters (JFM) 1980-1991 of PAPO and
IAPO experiments. The perfect model yields a C-
score of 0.36 (slightly greater than the estimate
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with the 16 winters) and the IAPO experiment
yields a value of 0.32. A “pseudo-perfect model”
can be obtained by taking one of the forecasts of
IAPO as the observation and the other § as the
forecast ensemble. This approach better takes into
account the information brought by the variability
of the initial conditions. As expected, the score is
larger (0.46). These results indicate that the perfect
model approach does not strongly overestimate
the actual skill, at least for midlatitude Z500.
Indeed, the preliminary scores for T850 over
Europe are 0.11 (IAPO) against 0.31 (PAPO), and
the scores for tropical precipitation are 0.30
(IAPO) against 0.78 (PAPO).

The year-to-year variability of the scores is
greater in IAPO than in PAPO. As far as midlati-
tude Z500 is concerned the extremes are —0.31 in
JFM 1991 and 0.74 in 1989 (IAPO) and 0.05 in
1980 and 0.60 in 1989 (PAPO, see Fig. 5). It is
interesting to notice that 1989 is in both cases the
best year. The strongest SST forcing occurred in
1983. This is the second best year of IAPO, but a
normal year for PAPO. As far as tropical precipita-
tion is concerned, the scores range between 0.0 in
1981 and 0.53 in 1983 for IAPO, and between
0.70 in 1981 and 0.88 in 1989 for UAPO (1983 is
the second best year with 0.86). As far as European
temperature is concerned, the amplitude of the
score variations is similar in IAPO and PAPO,
without consistency between the two series. This
enhanced variability in IAPO scores reveals
another limitation of the perfect model approach.

A simple overestimate of the Z500 score can
be obtained by assuming that improving the
model would leave the intra-ensemble variance
unchanged, and would double the interannual
variance in order to reach the observed value.
Then, the calculations of Section 4 indicate that
the asymptotic C-score of 0.40 would become 0.76.
If such a score is reached in the future, then the
numerical seasonal forecast in the midlatitude will
be operationally of great use. With smaller scores,
the main fraction of the signal will remain unpre-
dictable, but the small predictable part may bring
some benefit against a random strategy when the
results are averaged over a long period.
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7. Appendix

Statistical estimation of the C-score

In this appendix, we want to estimate the C-
score of a perfect model, using only the statistical
properties of the distribution of a field X at a
given location. The following statistical problem
is considered: for each year i (i=1, ..., m with here
m=16), p+1 values (X;0, X;;, ..., X;,) are drawn
independently with the same probabilistic law
which depends on i. This law is unknown, but
may be estimated with a sample of n independent
equiprobable values (F;;, Fy,, ..., F,). Here, n=
10, because the reference and the 9 forecasts have
the same probability distribution. The C-score is
calculated from 3 empirical covariances as:

C
C= _L,
VCvvCrrp

where F is the ensemble mean forecast and V is
the verification. We do not take directly C as an
estimator of the C-score, but estimate separately
the 3 covariances, and set:

. ¢
\Y CVV CFF
Let us first estimate for a given year i the 3
covariances. The forecast is the average of the

random variables (X;;, ..., X;,) and the verifica-
tion is X;,. The 3 empirical momenta are:

12 1 2 m
Crv(i)= (; Z Xij_ I 2 Z ij)

j=1 mp =y k=1

(13)

(14)

(15)
1 m
X<Xi0— ;kgl XkO))
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1
Crpli)= X;— — il 16
0-(GEx-EEx).
1 n 2
CVV(i)= (Xo— ;kz Xk0> (17)
=1

Now we have to calculate the statistical expecta-
tion of the above 3 quantities, because X;; is a
random variable. Since we have assumed that a
member of an ensemble was independent of the
other members of the ensemble, and a fortiori of
the members of other ensembles, we can write
E(X,;Xy,;)=E(X)E(Xy,;) when j#j or when
k#k'. The fact that the different members of an
ensemble are independent does not contradict the
fact that they have the same statistical properties,
in particular the same mean.

If we expand the polynomials in the right hand
members of the above 3 equations, and take the
expectation of both members, using the linearity
of E( ), and the fact that the momenta of X,; do
not depend on j, and thus are the same as those
of X0, wWe obtain:

2 m
E(CFV(i))=E(XiO)2— ; Z E(XhO)E(XiO)
k=1
1
2

(18)

™M=

T E(X0)E(Xyo),
k=1

1

l!

E(CFF(l))—_ E(X )+ _p_ E(Xno)2
- 2kt
mp

2
— — ) E(Xx)E(Xy)
Mp i

2p=1) &
— 2 Y E(Xw)EX,
o L BB (X0

1 m
— E(X?
’p k§1

1 m
+ =% Y E(Xiw)E(Xyo)
M'P =1 k' #k

(19)

-1 m
+p2

k=1k=1
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E(CVV(i)) = E(X i20

2= 2 Y E(X0)E(Xi0)
m =

T Y E(X)

k=1k'=#k

E(Xyo). (20)
If we sum the above 3 equations for i=1 to m
(i is the index of the year) and divide by m, we get
the expectation of the time averages. Omitting the
subscript 0, some simplifications lead to:

-1 1
ECry)= " Y (EX0F— — T EXDE(Xa),
i itk

(21)
E(Crr)= " Z ——E(X y+ pE(X2)> (22)
- —ri— ; E(X)E(X}),
E(Cyy)= e Z E(X))E(X,).

i#k

(23)

The expectations involved in the above equa-
tions have to be estimated. For that, we use our
n-samples (F;;). Setting the overbar for the
ensemble average (i.e., the average with respect to
j), we estimated E(X?) by F? and E(X;)E(X,) by
F.F, when k#i. One must take care that F? is
a biased estimate of E(X;)?; a simple unbiased
estimate is (nF? —F2)/(n—1).

Once the 3 covariances are estimated as a
function of p, they yield, through eq. (14), an
estimate of the C-score. If we express the C-score
as a function of the momenta E(X;) and E(X?),
the formula is long and difficult to interpret. Let

(25)

2
Tintra

1
= — Y (EXD-EX.)),

A R I

2
Ointer =
inter

(26)
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be the intra-ensemble and the interannual vari-
ances of the meteorological field X. Then, if we
expand o2, and eliminate E(X;) and E(X?)in the
equations, the 3 covariances may be rewritten as:

m—

E(CFV) = (O-iznter - aizntra) B (27)
m—1 p—1

E(CFF)= T (oileter_ - Gintra)s (28)
m—1 ,

E(CVV)= T Ointer - (29)

and the estimated C-score may be written as:

2 2
A Ointer — Tintra

C= .
\/ aiznter(aizntet - ( 1— 1/ p ) a-izntra)

(30)

This equation is valid for individual grid points,
and also for spatial averages, provided that both
variances are averaged over the domain before
entering into the formula.
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