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ABSTRACT

A sample of 40, 44-day winter forecasts is used to investigate the predictability of 850 hPa
temperature over Europe. These forecasts exhibit a significant skill when averages of day 5 to day
14 and day 15 to day 44 are considered. This skill is, however, very close to that of the trivial
climatology forecast. A probability forecast is performed, using a gaussian density with the deter-
ministic forecast for the mean, and the climatological standard deviation (SD). The rank
probability score (RPS) of such a forecast is better than, but again very close to, that of the
probabilistic climatology forecast. The categorical forecast is also studied as a limit case when
the SD is zero. The RPS is minimal when using the conditional probabilities of the verification
analyses, but the results are not widely improved when robust estimates are used. The results
could be widely improved if we used a suitable SD in our forecasts. However, the attempts to
predict a priori the optimal SD lead to non-significant results. The best available probability
forecast, in our local gaussian approach, uses, for the mean, the regression of the verification

analyses by the model forecasts, and, for the SD, a scaled climatological SD.

1. Introduction

The recent numerical weather prediction models
have shown that some skill exists beyond the
medium-range (Tracton et al, 1989; Sirutis and
Miyakoda, 1990; Palmer et al.,, 1990; Milton and
Richardson, 1991; Yamada et al., 1991). However,
in the output of the long range forecast, the poten-
tially valuable information is hidden under a great
amount of noise, so that it cannot be used in the
same way as in short range forecasts. Several
methods can be applied to increase the signal to
noise ratio. Optimal statistical filtering as in Déqué
(1988a) cannot be applied yet, since it would
require hundreds of independent forecasts; the
presently available datasets are generally not
greater than several tens for 30 day forecasts or
beyond. The most common way of filtering is time
averaging. In this paper we use averages over the
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days 15-44 of the integration. In this case, we do
not try to predict the day-to-day evolution, but
only the monthly mean features. Another possible
filtering is space averaging, which suppresses the
local details. When applied to monthly means, this
spatial average does not seem to increase the skill
by a large amount (Shea and Madden, 1990).
A more expensive filtering consists of ensemble
averaging, where each forecast is based on several
model integrations. In the Monte Carlo technique
(Leith, 1974), the initial conditions are obtained
by adding small random perturbations to the
initial analysis and are supposed to simulate the
observation errors. In the lagged average tech-
nique (Hoffman and Kalnay, 1983), the initial
conditions are analyses lagged by a small time
interval (6 or 12 h): the initial differences are the
model short-range errors. The latter technique is
frequently used because it is simple to carry out
operationally, but it does not allow us to produce
large ensembles. However, if we consider monthly
mean forecasts, the improvement of skill brought
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about by ensemble averaging is rapidly saturated
with a small number of individual integrations
(Déqué, 1991a).

Even though the signal to noise ratio is generally
increased with the above techniques, the mean skill
remains small, and large fluctuations of skill are
observed from one case to another. This has led
to investigating the possibility of forecasting the
forecast skill. Unfortunately, to our knowledge,
no serious predictor has yet been found in the
extended range, although some relations between
skill and ensemble spread (Kalnay and Dalcher,
1987), or between skill and the Pacific-North
America index (Palmer and Tibaldi, 1988) have
been found for the medium range.

In fact, trying to predict the forecast skill is a
way to represent our confidence in the model
forecast. A probabilistic formulation of the forecast
is another, more systematic, way to accomplish
this: a large confidence in the forecast will corre-
spond to a small variance of the distribution. This
latter approach is more general, as far as the
variety of the potential users is concerned, than the
former one. A strategy based on the skill prediction
may consist in providing a user with the model
forecast when it is expected to be good, and an
alternative forecast (e.g., climatology) when it is
expected to be bad. One can see in this example
that the notions of “good” and “bad” forecasts are
rather subjective.

The probability forecast may be expressed in a
local or a regional form. An example of the the
regional form can be found in Brankovic et al.
(1990): the 10-day mean forecasts of 500 hPa
height are clustered into three categories, using
the first empirical orthogonal functions over
the northern hemisphere; a probability is then
assigned to each cluster. This method has the
advantage of robustness, since it involves a small
number of degrees of freedom: each forecast is a
small set of positive numbers, the sum of which is
one. It is useful for theoretical studies (it can easily
take into account the bimodality of circulation
patterns), but is less applicable in an operational
framework. The potential users of extended range
forecasts should be decision makers who have to
minimize a cost function among several strategies.
In this case the local formulation is more
appropriate; it consists of predicting a probability
distribution at a given grid point for a given field.
This formulation is more difficult to verify because
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the model has a lot of grid points and several kind
of fields. In this paper we shall restrict the analysis
to the model grid points over Europe, and to the
lower tropospheric temperature. Déqué (1988b)
considered 3 categories, and their probabilities
were simply estimated by counting the number of
members of the forecast ensemble in each category.
In Déqué (1988c), this probability forecast was
generalized to a continuous probability distribu-
tion, and he showed that the assumption of a
gaussian distribution would yield practically the
same scores as the non-parametric method based
on counting. However, this way of calculating the
probabilities does not take into account the model
imperfections, since only the ensemble spread of
the forecast is available for estimating the variance
of the distribution. Murphy (1990) calculated the
empirical conditional probability for an observed
category when a forecast category is given. Then, a
probability forecast is obtained for each member of
the ensemble by taking the corresponding condi-
tional probability. Finally, the probability fore-
cast is the average of the individual probability
forecasts. This is considered as the best way to get
probability forecasts, provided that the estimates
for the conditional probabilities are accurate
enough, which requires a large number of inde-
pendent forecasts. This method cannot be easily
generalized to a continuous probability distribu-
tion. In this paper, we assume that the forecast
probability density is gaussian. This is generally a
reasonable assumption for upper air fields and it
has the advantage of requiring only two degrees of
freedom (the mean and the variance) at each grid
point.

In Section 2, we describe the model and the
experiment. In Section 3, we present the skill of the
deterministic forecasts. In Section 4, we present
the probabilistic forecasts and their verification,
and in Section 5, we try to optimize the skill of
these forecasts by an appropriate choice of the
standard deviation.

2. Description of the experiment

The forecasts we use in this paper come from a
predictability experiment performed at METEO-
FRANCE between 1988 and 1993. This experi-
ment has been described in Déqué (1991b). In the
present paper, we use a set of 40 forecasts (instead
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of 32 in the above reference) and we study the
temperature over Europe at 850 hPa (instead of
the northern hemisphere 500 hPa height). Each
forecast is an ensemble of 5 lagged integrations
starting with ECMWF initialized analyses of day
D-200 UTC to day D 00 UTC with a 12 hour step.
The dates for day D are given in Table 1. The
model is run up to day D + 44.

This model is a spectral global T42 version of
the short-range forecast model operationally used
at METEO-FRANCE (French weather service)
during the 1984-1992 period (Coiffier et al.,
1987). The package of physical parameterizations
includes radiation, convection, hydrological cycle,
interactive cloudiness, boundary layer physics and
gravity wave drag. These parameterizations have
been modified, so that this version of the model is
used as a General Circulation Model (Planton
et al.,, 1991). The vertical discretization on 20 levels
is based on finite differences in hybrid coordinate.
The time discretization is made with a semi-
implicit scheme with a 20-min time step. The sea
surface temperatures are prescribed by adding to
a monthly climatology (Alexander and Mobley,
1976) a persistent anomaly, calculated with the
mean day D-11/D-2 ECMWF analyses and the
above climatology. Déqué (1990) showed that
the extratropical skill is not significantly increased
when the actual SST is used instead of the
persistence of previous SST anomalies.

The skill of this model is reasonable in the short-
range and slightly inferior to that of the ECMWF
model (with our sample, the northern hemisphere
500 hPa heigth anomaly correlation coefficient of a
24-h forecast is 0.96 against 0.97). The mean score

Table 1. Starting dates of the latest integration
(ie, day D in the text) for the 40 ensemble
forecasts

Nov. Dec. Jan. Feb.

16 Jan. 1984
16 Jan. 1985
16 Jan. 1986
18 Jan. 1987
17 Jan. 1988
22 Jan. 1989
16 Jan. 1990
16 Jan. 1991
16 Jan. 1992
16 Jan. 1993

16 Oct. 1983 16 Nov. 1983 15 Dec. 1983
16 Oct. 1984 16 Nov. 1984 15 Dec. 1984
16 Oct. 1985 16 Nov. 1985 15 Dec. 1985
19 Oct. 1986 16 Nov. 1986 14 Dec. 1986
18 Oct. 1987 15 Nov. 1987 13 Dec. 1987
16 Oct. 1988 20 Nov. 1988 18 Dec. 1988
16 Oct. 1989 16 Nov. 1989 16 Dec. 1989
16 Oct. 1990 16 Nov. 1990 16 Dec. 1990
16 Oct. 1991 16 Nov. 1991 16 Dec. 1991
16 Oct. 1992 16 Nov. 1992 16 Dec. 1992

decreases up to day D + 10, then oscillates with
a decreasing trend. There is no large difference
between the score at day D 4+ 15 and at day D + 44
(in both cases it is very low). For this reason, we
average the days D + 15 to D + 44. In Déqué and
Royer (1992), we have shown that the skill of such
averages is very small, but statistically significant
for 500 hPa height. The 30-day means corresponds
more or less to the monthly means of November,
December, January or February for the years 1983
to 1993. This kind of monthly mean is more repre-
sentative of the long-range skill of the model than
the average of days D+ 1 to D+ 30: as pointed
out by Roads (1989), and as verified with our data,
the mean D+ 1 to D + 10 day model forecast is
more skilful, as a predictor of the observed D + 1
to D + 30 mean, than the mean D+1 to D + 30
day model forecast itself. The 5 lagged integrations
are averaged; the model forecasts and the verifying
analyses are spatially filtered to T21 truncation in
spherical harmonics. As we shall see in the next
section, the scores of the D + 15/D + 44 forecasts
are very weak. To better illustrate the properties
of the probabilistic forecast, we also include in
our study the D + 5/D + 14 mean forecasts, which
correspond to medium-range forecasts and are
more skilful. These two verification periods will be
referred to as d5/14 and d15/44 in the following.

In this paper we restrict our study to a
rectangular area which corresponds to Europe
(65°N—40°N/10°W-35°E), and to 850hPa
temperature. This area contains 48 grid points.
The advantage of this field versus the traditional
500 hPa height, is that it has a more direct impact
on human activities: the monthly mean anomalies
of this field, averaged over an area like France, are
practically the same as the corresponding values at
the surface. In the literature, the most widespread
coefficient used to summarize the skill is the
northern hemisphere 500 hPa height anomaly
correlation; such a score is given in Déqué (1991b)
for our model forecasts. Some papers, however,
investigate the extended-range skill of lower tropo-
sphere temperatures (Molteni et al., 1986; Roads,
1989).

The model forecasts are compared with the
ECMWF analyses of the corresponding period.
Our goal is not to predict the 850 temperature
field, but to perform local predictions at the dif-
ferent grid points of the area (in particular we do
not use the strong spatial correlations of the field).
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Our study could have been done for a single loca-
tion, e.g., for Paris, but we use the whole European
area for averaging the results and reducing the
noise impact of sampling. A study of the spatial
distribution of the scores over this area, based on
the first 20 and the last 20 forecasts of the sample
shows that the skill differences between the dif-
ferent grid points are essentially due to sampling.

Because of the spatial inhomogeneities of the
distribution, the seasonal cycle between November
and February and the presence of 10-day and
30-day averages, we have normalized our data
(forecasts and verifications) with the mean and
standard deviation (SD) of the ECMWF analyses
based on the 10 values (one per year) of the
1983-1993 period. With this normalization proce-
dure, the 4 calendar months are equivalent
(otherwise January and February would have a
larger contribution to the average); the 48 grid
points are weighted by the mesh area, but the
northern continental regions would have a larger
contribution if the data were not normalized; the
10-day and 30-day means are directly comparable
(otherwise the 10-day mean anomalies would be
larger than the 30-day means). Moreover, as we
shall see in Section 4, this procedure makes the
deterministic forecast closer to the probabilistic
one. We shall thus work with normalized values
which can be considered as temperature indices:
for instance, a value less than —2 indicates a very
cold temperature. Though a 10-data sample is

Correlation d5/14

10°E 20°E 30°E

0° 10°E 20°E 30°E

too short to test it with accuracy, it is rather
reasonable to assume that the 10-day and 30-day
mean temperatures have a gaussian distribution.

3. The deterministic forecast

Even at 24-h range, a meteorological forecast is
inherently probabilistic since it is not always com-
pletely successful. However, the deterministic for-
mulation is simpler to express and verify, and has
been mostly used. Before performing probabilistic
forecasts, we will verify that the deterministic
forecast has some skill, even if very low. If the
model were producing only noise (i.e., data inde-
pendent of the verification data), the probabilistic
forecast would be just a way to translate the
absence of information into uncertainty. The time
correlation coefficient gives a simple coefficient to
measure the degree of statistical dependence
between the forecast and the verification. Fig. 1
shows the distribution of this coefficient over the
verification area for the temperature indices.
For d5/14 this coefficient is minimum north of
Scotland (0.2) and maximum over central Europe
(0.5); the spatial average is 0.40. For d15/44, the
minimum is located over Denmark (—0.1), and
the maximum over Tunisia (0.5), the spatial
average being 0.15. As we have mentionned in
Section 2, this geographical distribution is not

Correlation d15/44

10°E 20°E 30°E

60°N

50°N

40°N

Fig. 1. Spatial distribution of the correlation coefficient between the forecast and the verification anomalies
for normalized 850 hPa temperature; the forecast period is day 5-14 mean (a) and day 15-44 mean (b); contour

interval 0.1.
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statistically stable when we repeat the study with
the first 5 or the last 5 years.

A mean correlation of 0.15 is very weak, and we
need to verify that it cannot be obtained just by a
favourable random sample. We have applied a
procedure similar to the test applied in Déqué and
Royer (1992). The 10 years of the verification data
have been scrambled. Through the 10! = 3628800
possible permutations, we have randomly selected
1000 ones. We have thus 1000 forecast/verification
samples which have the same statistical properties
as the original sample, except that each forecast
is independent of the verification. We have then
calculated the 1000 correlation coefficients and
estimated a 95% confidence interval by sorting
them in ascending order. For d5/14 this interval is
[—0.14,0.157; for d15/44 it is [ —0.13,0.13]. We
can thus consider that the average correlations of
0.40 and 0.15 are significantly different from zero
since they are outside the confidence interval, and
that the d5/14 and d15/44 forecasts contain some
signal.

The correlation coefficient does not take into
account the model bias. Fig. 2 gives the mean
model error. The patterns are similar, but the
extremes are larger for d15/44. The model is
generally too cold over the eastern part, with a
maximum error over Greece.

The correlation coefficient is a way to test if the
forecast contains some potential information, but
is not a good measure of the actual forecast skill.
The mean square error (MSE) is a more accurate
and less optimistic test. Murphy and Epstein

Error d5/14

10°E 20°t 30°E

Mean
.

60°N

SO°N

40°N

(1989) proposed scaling the MSE by the MSE of
the climatological forecast to get the skill score
(SS):

MSE(for)

$§=1- MSE(cli)’

(1)

The climatological forecast is the forecast that
minimizes the MSE among all the forecasts that
are independent of the verification. From a practi-
cal point of view, it is obtained by averaging the
verification data of the same calendar month (to
remove the influence of the annual cycle) and of
the 9 other years (when performing a climatologi-
cal forecast, we must ignore the verification data,
otherwise we would overestimate the skill of the
climatology). The MSE of the forecast can also
been minimized by performing a linear regression
of the model forecast by the verification forecast.
Of course, this regression is calculated with the 9
other years for each case. To get a more robust
formula, one can take simply:

f=cl+r(f—cl—se), 2)
where f is the forecast, ¢/ the climatological
forecast (calculated with the 9 other years and the
current calendar month), se the systematic error
(calculated with the 9 other years but the 4 calen-
dar months), and r the spatial average of the
regression slope (we are not confident in its spatial
pattern). The coefficient r is about 0.6 for d5/14
and 0.4 for d15/44.

Mean Error d15/44

10°E 20°E 30°E

60°N

50°N

40°N

0° 10°E 20°€ 30%E

Fig.2. As Fig. 1 for the mean forecast error; contour interval 0.2 (unit = climatological interannual standard

deviation).
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Skill Score d5/14

10°E 20°E 30°E

0° 10°E 20°E 30°E

Fig. 3. As Fig. 1 for the skill score; contour interval 0.1.

The skill score of the forecasts is presented in
Fig. 3. Its pattern is similar to that of the correla-
tion coefficient. If there were no sampling error
(infinite sample), the skill score should be equal to
the squared correlation. The skill score has the
advantage of taking into account the shortcomings
due to sampling. One can see that over northern
Europe the skill score of the monthly mean
forecasts is negative, which means that the model
forecast is poorer than the climatological forecast.
A mean skill score is calculated from eq. (1), in
which both MSEs are averaged over the area.
It is 0.22 for d5/14 and 0.06 for d15/44. On the

3.0
2.8
2.6
2.4
2.2
2.0 1 oot

P O S 'Y
o

u—
o]

T N B ' B

|
! Hih

SE

=1.

|
iy
A L

(=
[e BN =NN V)
R —
=
<QT—
/"'——4’79

o ¢
>

(=]
[ASA

N S B B A1

e
=3

4 8 12 16 20 24 28 32 36 40
Forecast

o

Skill Score d15/4

10°E 20°E 30°E

0° 10°E 20°E 30°

average, the model is thus more skilful than the
climatology.

The weak but positive value of the d15/44 skill
score is not steady in time: Fig. 4 shows the time
fluctuations of the MSE of the model and the
climatology. For d5/14, the superiority of the
model is clear: the climatological MSE is less than
the model MSE for only 11 cases out of the 40. For
d15/44, the climatological MSE is less than the
model MSE for 14 cases. Fig.4b exhibits 4
anomalous events for which the MSE of the
climatology exceeds 2. In January 1985 (case 7), a
cold anomaly was observed over Europe (—1.5 on
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Fig. 4. Mean square errors for the 40 10-day mean (a) and 30-day mean (b) forecasts (corresponding to November
1983 through February 1993 for the 30-day means) of normalized 850 hPa temperature over Europe for the model

(solid) and the climatology (dashed).
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the average, minimum —2.5); the SS is 0.12. In
November 1986 (case9), a cold anomaly was
located in the north-western part of the area (mini-
mum —2.5); the SS is 0.05. In February 1990
(case 28), a warm anomaly was observed (1.5 on
the average, maximum 2); the SS is 0.33. In
December 1990 (case 30), a cold anomaly was
located over the western part of the area (mini-
mum —2.5); the SS is 0.31. The model is relatively
successful for these extreme events. The SS varies
between — 1.03 for January 1986 (case 11) because
of a small value of the climatology MSE, and 0.49
for February 1989 (case 24) which is associated
with small values of both MSEs.

4. The probabilistic forecasts

4.1. The ranked probability score

The smallness and variability of the skill
naturally lead to the expression of the forecast as a
probability distribution, ic., as a set of values
(P, - p,) which are the probabilities for the
events 1,..,n. The observation is the vector
(04, .., 0,), where 0,= 1 when the event i occurred,
0,=0 otherwise. The best probability forecast is
the closest to the observation. A natural score
is the squared distance between the vectors
(p1s - pn) and (o4, .., 0,). However, when the
events correspond to ranked categories, the
ranked probability score (RPS), introduced into
meteorology by Epstein (1969), takes into account
the fact that an error in predicting a category close
to the observed one is less important than an error
in predicting a category far from the observed one.
This score is simply the squared distance between
the cumulated vectors (P, .., P,)and (O, ..., O,),
where P;=3 ., p;, and O0,=%,_,0,. Following
Murphy and Daan (1985), we have slightly
modified Epstein’s original definition by setting:

1 n
— X (P-0) (3)

i=1

RPS =

The division by n— 1 provides a value less than 1
whatever n (the sum involves 7 — 1 terms since the
term /=n is zero) and allows us to consider the
limit of the RPS as n tends to infinity (continuous
probability forecast). Moreover, in the next sub-
section, we use a skill score based on the ratio of

two RPSs: the division by n— 1 does not modify
such a score.

If the forecast is a gaussian distribution of mean
x; and SD oy, if the observation is x,,, and if the n
categories are defined by the n—1 thresholds
§;< -+ <S,_i, then the RPS is:

1 n—1

RPS = 1 3 [D((s;—x¢)or) — (s, — xo))?

T hi=t
4)
where @ is the cumulative density of a standard
gaussian distribution (also called erfc function),
and 0 the step function (also called Heaviside
function) defined by 6(x)=0 when x<0 and
0(x)=1 when x> 0.

The thresholds s; are chosen here so that the n
categories are equiprobable with respect to the
climatology, i.e., the s, are the n-quantiles of the
climatological distribution. If we assume that
the climatology distribution of the parameter (here
the normalized 850 hPa temperature at a given
grid point) is a gaussian distribution of mean x,
and SD ¢, the thresholds are:

5= Xo + 6, D (i/n). (5)

Thus, the RPS of a gaussian forecast is a func-
tion of n and of 5 parameters x;, oy, X,, X, and .
In fact, these parameters can be reduced to the 3
normalized parameters:

U= (I)((xl‘ - xc)/oc)v

U, = d)((xo - xc)/o‘c)y

2
=-tan"! .
t P an (0'{/0'0)

u; is the normalized forecast mean, u, the nor-
malized observation, and ¢ the normalized forecast
SD (=0 corresponds to a purely deterministic
forecast and 7 =1 corresponds to a uniform prob-
ability forecast). These 3 parameters range in
[0, 17. The choice of tan~" is quite arbitrary and
does not simplify the formulae: it only allows us to
map the ratio o;/o, into the same finite interval
[0, 1]. With such notations, eq. (4) becomes:
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RPS(n, ug, u,, t)

R = ®~'(i/n) = ® ()
Tn—1 E |:®< tan(nt/2) )

i=1

—mw—%qi (6)

Grid point values of 850 hPa temperature can
be used to produce categorical forecasts, simply by
predicting the category to which the value belongs,
instead of the value itself. When n equals to 2, the
categorical forecast consists of predicting the sign
of the anomaly. The deterministic forecasts studied
in Section 3 can be considered as the extreme case
of an infinite number of categories: we predict the
ratio of the anomaly by the climatological SD,
which is a kind of label of the category to which the
forecast value belongs. From eq. (6), we deduce
the RPS of the categorical case:

n—1
RPS(7, e, 45, 0) =~ 3 [0(in—u0)

i=1

—0(i/n—u,)1*. (7)

When n=2, the RPS is 1 when u;and u, belong to
the same category, and is O otherwise. When n
tends to infinity, the RPS of the deterministic
forecast converges to:

RPS(@, U, Us, 0)=|uf_uo| (8)

instead of the mean square error (or L, norm), we
get the mean absolute error (MAE) which has
similar properties (L, norm).

4.2. The probability skill score

The RPS we have introduced is thus a measure
of the distance between two probability forecasts.
But, as for the MSE, we need a reference value in
order to translate it into a relative measure of the
forecast quality. The mean RPS for a large number
of cases is obtained by taking the expectation of
eq. (6) relative to the distribution of (u,, u, t).
If we assume that the forecasts are independent of
the verifications, we can calculate the expectation
with respect to u, separately. Assuming that the
observation x, has a gaussian distribution, one
can demonstrate that, among the forecasts without
any skill (i.e., for which u; and ¢ are independent of
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the verification u,), the forecast which minimizes
the mean RPS is given by u; =1 and ¢= 1. If we
come back to the original dimensional values, this
means x; = x. and g; =0, and such a forecast is
simply the climatological probability forecast. Its
RPS is:

RPS (1, u,) =RPS(n, 1, u,, 1)

_6I°=I(n—1)+(n—1)2n—1)
h 6n(n—1)

, 9)

where [ is the largest integer less than or equal to
nu,. Similarly to the skill score introduced by
eq. (1), we now define the probability skill score
(PSS):

RPS

PSS:I_FSC'

(10)

With the same convention as for the SS, when
we aggregate different grid points or different
forecasts, the average is done separately for both
RPSs. One can see that this definition is insensitive
to a constant factor applied to the RPS. This
skill score has been introduced by Murphy and
Daan (1985) as Igps.-

Averaging eq.(9) yields the mean RPS,:
(n+1)/6n. This implies that the RPS tends to
decrease as n increases; this behaviour is due to our
normalization by n—1; with Epstein’s original
definition the RPS increases as n increases. It is
natural to consider that a 500-category forecast is
superior to a 2-category forecast, since one can
always deduce the latter from the former but not
vice-versa. However, the PSS of the former is not
necessarily greater than the PSS of the later,
because its RPS is divided by a smaller value. If we
use the PSS to compare 2 forecasts with different »,
one must keep in mind that we do not compare
their potential utility, but the information increase
with respect to the best trivial forecast of the same
type.

The same discussion as above holds for the
categorical forecast. If we compare a probability
forecast with the categorical forecast obtained with
the mean of the probability distribution, the RPS
of the latter is generally larger. Indeed, the RPS
has been introduced to favour the forecasts which
express their uncertainty. Moreover, one can
stress, as above, that a probability forecast can
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always be transformed into a categorical one. But
one can also look for the trivial categorical forecast
which minimizes the RPS. The same kind of
calculations as above leads to u;=1% and =0
which is the climatological deterministic forecast
introduced in Section 3. Its mean RPS is n/4(n — 1)
when nis even, and (n + 1)/4n when n is odd; in the
latter case, the central category exists and the
climatology forecast is more successful. This mean
RPS is, as expected, greater than the mean RPS of
the climatological probability forecast, (n + 1)/6n.
We introduce the categorical skill score (CSS) in
the same way as in eq. (10), taking the ratio of the
RPS of the categorical forecast by the RPS of the
climatological categorical forecast.

4.3. Several kinds of probability forecasts

In contrast to the case of the categorical or
probabilistic climatological forecast, the RPS of
the model forecast given by eq. (6) cannot be given
by a simple analytical formula. We have dis-
cretized the interval [0, 1] into 53 values for u;and
u,: the choice of a prime number has been done to
avoid the discontinuity of the step function 6. This
discontinuity has no importance for integral quan-
tities, but produces small alterations when the
integrals are discretized: e.g., we can write 0(u) =
1 — 6(—u) except for u=0. For ¢, the interval has
been discretized in 100 values since the minimiza-
tion of Section S will require a better precision. The
RPS is calculated and tabulated. With our data,
the computations based on this tabulation and a
linear interpolation lead to an error of less than
1%. We have tabulated the RPS for n=2, the
lowest possible value, n=3, n=4, n=35, because
terces and quints are often used in categorical
forecasts, and n=500. With this last value, the
difference with the limit when n= oo is estimated
to be less than 1%; we can consider this case
as a suitable approximation of the continuous
probability forecast.

Table 3. As Table 2, but for d15/44 model forecasts
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Table 2. Skill score (CSS for the first row, PSS for
the others) of different kinds of forecast (categorical
and probabilistic) as a function of the number of
categories n for d5/14 model forecasts

n 2 3 4 5 500

categorical 0.33 0.13 0.20 0.16 0.16
prob. (model spread) 0.05 0.01 0.02 0.02 0.02
prob. (mean model spread) 0.07 0.03 0.04 0.04 0.04
prob. (climatological SD) 0.16 0.12 0.12 0.12 0.11
prob. (“improved”) 0.16 0.14 0.13 0.13 0.13

Table 2 (for d5/14) and Table 3 (for d15/44)
give the skill scores (CSS or PSS) as a function of
n for different kinds of probability forecasts. The
first row corresponds to the categorical forecast
calculated from eq. (2) (Section 3); in fact this is a
statistical adaptation of the model deterministic
forecast. The oscillation between the odd and even
values of n is due to the fact that for n even,
there is no central category. The CSS for n= 500
are slightly less than the SS given in Section 3
(0.22 and 0.06 respectively). These differences are
explained by the fact that the SS is based on
the MSE and the CSS on the MAE. The second
row is for a probability forecast based on the
mean ensemble forecast (after correction of the
systematic error) and of the ensemble SD based on
the 5 individual integrations for each forecast. The
PSS is very poor. In order to check if the ensemble
spread contributes to improve the forecast, we
have replaced the case-by-case model spread by
the mean spread calculated with the 40 forecasts.
The results (third row) are somewhat improved:
this shows that the variability of the model spread
does not bring any useful information, or, at least,
that the sampling noise contained in it degrades
the probability forecast. This is not surprising since
a sample of only 5 values is much too short to give
a reliable estimate of the variance. The absence of

n 2 3 4 5 500
categorical 0.21 0.04 0.10 0.03 0.04
prob. (model spread) —-0.14 —0.13 -0.13 —0.14 —-0.13
prob. (mean model spread) —0.12 -0.09 —-0.10 —0.10 —0.09
prob. (climatological SD) —0.02 —0.02 —0.02 —0.03 —0.03
prob. (“improved”) 0.03 0.03 0.02 0.02 0.01
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correlation between the spread and the skill in
extended-range forecasts has been shown in Déqué
(1991b). The use of the model spread in probabil-
ity forecast is based on the idea that the model
error is mostly due to the amplification of the small
initial uncertainties. However, since the model has
some deficiencies, its ensemble spread under-
estimates the total error. We give in the fourth row
the PSS of the model forecast associated with the
climatological SD. The scores are improved, but
the model skill scores remains below that of
climatology for d15/44.

We have tried to optimize our probabilistic
forecasts, as we have done for the deterministic
ones in Section 3. Let us come back to the general
formalism of a n-category forecast. We suppose
that the forecast X; and its verification X, are
dependent random variables. We look for a set
of n formulae p,(x;), .., p.(x;), which give the
probabilities as a function of the ensemble mean
model forecast x; (we do not take into account the
ensemble spread). We would like to choose these
functions in order to minimize the expectation of
the RPS. Some straightforward probabilistic
calculations show that this is obtained when the
p;(x;) are the conditional probabilities of the
observed category j when the model forecast is x;
(ie., prob(o;= 1| X;=x;)).

With a short sample of forecasts and verifica-
tion, it is impossible to estimate with robustness
the distribution of the verification data for each
value of the forecast. A first method to obtain
stable results is to use a small number of categories
for x;, or, equivalently, for u;. The simplest case is
n =2 and two categories for u;. We have estimated
the mean RPS from the 2x2 contingency table of
(uo, ug). For d5/14, the PSS is 0.14, and for d15/44,
it is 0.03. To avoid the overestimation of the PSS,
one should estimate the conditional probabilities
with the 9 other years for each forecast: this proce-
dure reduces the estimates of the PSS (0.10 for
dS5/14 and 0.01 for d15/44). The use of empirical
contingency tables does not improve the skill
for d5/44 and brings a small and not robust
improvement for d15/44. One can easily guess that
with more than two categories, the problems of
robustness would be even more acute.

Another method can be based on the assump-
tion that the pair forecast-verification (X, X,) has
a gaussian distribution. In this case, we know that
the conditional distribution of the verification X,
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when the forecast X; equals x; is also a gaussian
distribution; its mean is the regression of the
verification by the forecast (given by eq. (2)) and
its SD is the SD of the verification (ie., the
climatological SD) multiplied by ./1 — p* where p
is the correlation between forecast and verification.
For the sake of robustness, we have taken the
spatial RMS of p. To avoid the overestimation of
the PSS, one should estimate p with the 9 other
years for each forecast; it ranges between 0.36 and
0.42 for d5/14, and 0.22 and 0.26 for d15/44; to
simplify the procedure we have taken for p, 0.4 and
0.2, respectively. The results of this “improved”
probability forecast are given in the 5th row of
Tables 2 and 3. It gives only a small improvement
with respect to the method based on the mean
model forecast and the climatological SD.

There is a slight skill decrease as the number of
categories n increases (with an odd/even oscilla-
tion for the CSS). The PSS of the improved
probabilistic forecast is slightly less than the CSS.
We cannot compare the PSS with the CSS with
accuracy (nor are the SS and the CSS fully com-
parable), but we can emphasize that no additional
information is brought in the probabilistic case
versus the categorical one (the mean of the dis-
tribution is the same and the SD is climatological).
The model RPS is improved by the use of a
probabilistic formulation, but the climatology
RPS is improved to a larger extent. We have
checked that this kind of behaviour (values of the
CSS and PSS, decrease with », oscillation of the
CSS) can be reproduced by generating a random
series of pseudo forecast/verification pairs (i.e.,
gaussian pairs having the same mean, variance,
and correlation as the original series).

5. Optimisation of the standard deviation

We have seen in Tables 2 and 3 that the use of
the SD of the observations to represent the uncer-
tainty of the model forecast provides a better score
than the use of the model spread. The score may be
slightly improved when this climatological SD is
multiplied by a constant factor less than 1. The use
of a smaller SD than the climatological one is con-
sistent with the use of an expectation departing
from the climatological mean. In this kind of
forecast, the mean of the distribution varies from
one case to another, but the SD remains constant.
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In this section, we shall look for the possibility of
forecasting a SD which should lead to a better
score than the improved probability forecast
described in Section 4.

Let us consider the best choice we could do
when the number of categories ».is fixed. For a
given value of the forecast and verification (u; and
u,) we choose the value of ¢+ which minimizes the
RPS given by eq. (6). Let us name it ¢,,(u, u,).
This choice is optimal, but academic: it cannot be
performed for actual forecasts since one ignores
the verification value u,; on the other hand, if we
know u,, the best forecast is given by u; = », and
t=0. However this choice gives the upper bound-
ary of the PSS among all the possibilities for the
SD, when the mean of the distribution if u; (u; is
the normalized value of the result of the regression
given by eq. (2)).

With two categories (n=2), the calculation of
t,.(us, u,) is simple:

e if (4;,<0.5 and ¥,<05) or (4;>0.5 and
u, > 0.5), the forecast is good, then ¢,,(u;, u,) =0,
and the corresponding minimum RPS is 0
(PSS=1);

e if (4;<0.5 and u,>0.5) or (u4;>0.5 and
u, <0.5), the forecast is bad, then ¢, (u;, u,)=1,
and the corresponding minimum RPS is 0.25
(PSS = —0.5).

Observation

Forecast

On the average, the PSS of such an academical
forecast is 1 — 1.5 fi,.q Where f,,,q4 is the frequency of
bad forecast.

As n increases, the expression of ¢,,(u, #,) and of
the corresponding minimum RPS becomes more
complicated. When n tends to infinity, ¢, (u;, u,)
tends to a continuous function. Fig. 5 shows the
distribution of ¢,,(u;, u,) and of the corresponding
PSS for n=500. If we change u; and u, to 1 —u;
and 1 —u,, the RPS is unchanged. Thus, the 2 pat-
terns are symmetrical with respect to the point
(u;=0.5, u,=0.5). They seem symmetrical with
respect to the diagonals, but the symmetry is not
exact. On the diagonal u; = u,, we have obviously
t,,=0 and PSS=1. Roughly, ¢, and the PSS
depend on |u; — u,|. For |u; — u,| large enough, we
have ¢,,=1 and the PSS is —0.5. In fact the value
of ¢, corresponding to ¢,,(u;, u,) can be interpreted
as a distance between x; and x,.

The PSS of our 40 forecasts has been calculated
with this optimal SD. The results are displayed in
Table 4. One can see that when the model forecasts
are associated with an appropriate SD, the skill
is widely enhanced. This enhancement is more
pronounced with a small number of categories.

We have tried to predict this optimal SD in the
case of 500 categories. This kind of prediction is
equivalent to the forecast skill prediction (e.g.,
Palmer and Tibaldi, 1988) within the frame-

PSS

Observation

0 2 4 6 .8 1
Forecast

Fig. 5. Distribution of the optimum standard deviation ¢,, (), and of the corresponding maximum PSS (b), as a
function of the forecast u; and observation u,. Contour interval 0.2, the negative values are shaded.
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Table 4. Maximum probability skill score one can
get when using the model forecast as the mean of
the probability distribution and when varying the
standard deviation; n is the number of categories

n 2 3 4 5 500
ds/14  0.64 0.44 0.39 0.35 0.28
di5/44 053 0.32 0.27 0.24 0.18

work of probability forecasts. Indeed, ¢, is well
correlated with the absolute error (we found a
correlation of 0.88 for d5/14 and of 0.82 for
d15/44). Unfortunately, the absolute error is
unknown at the time of the forecast. We have tried
to correlate ¢,, with different classical predictors of
the forecast skill (Déqué, 1991b). The spread of
the forecast (measured by the ensemble SD) is
not correlated at all (0.03 and —0.04 for d5/14
and d15/44, respectively). The amplitude of the
forecast (measured by the absolute forecast
anomaly) is negatively correlated (—0.15 and
—0.06, respectively) as expected, but these correla-
tions are not significant.

The absence of correlation between z,, and the
spread can be explained by the fact that the ensem-
ble spread at a given grid point is too poorly
estimated with only S values. We have used more
stable indices of the forecast spread. In Stroe and
Royer (1993), the growth of the global MSE of
the 500 hPa height is modelled with only two
parameters, representing a saturation value and a
saturation rate of the error growth curve. We have
thus 2 indices for each of the 40 forecasts, which
indicate how stable the initial situation is. The
correlation between ¢,, and each of the two indices
is however not significant.

Large-scale features of the initial situation, as
shown in the study of Palmer (1988) on the sign of
the PNA, or as shown by composites of skilful
forecasts (Déqué, 1991b), may be connected to the
forecast skill. We have carried out an empirical
orthogonal function (EOF) analysis of the north-
ern hemisphere 500 hPa height. The data are the
40, 10-day mean ECMWF analyses corresponding
to the 10 days before the starting date of each
forecast. The first 3 EOFs explain 17 %, 14 %, and
10% of the total variance. These EOFs have been
used as predictors in a linear regression of ¢,,. The
squared multiple correlation is 0.08 for d5/14 and
0.07 for d15/44.
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These statistical predictions have been verified
with a cross-validation procedure: case-by-case
predictions of ¢,, are performed, using the remain-
ing 39 cases as a training sample; the mean square
difference between the predicted and the actual
value is compared with the variance of the predic-
tand. This procedure has been applied to test the
correlation coefficients (simple regression) and the
squared multiple correlation coefficients (multiple
regression). In all our attempts, we have no skill at
all, ie, the MSE is greater than the variance.
A similar study based on the first 10 EOFs is no
more successful.

Thus, no attempt of predicting the optimal SD
has lead to a significant result. This result is
not very surprising. The optimal SD is strongly
correlated with the absolute forecast error. If we
were able to predict the optimal SD at a given grid
point and for a given forecast, we would be able to
predict the forecast error. This error is unpredict-
able, unless we have a more skilful model to per-
form a forecast closer to the verification. The
studies on the prediction of the skill do not attempt
to predict the error map, but an index of the spatial
average of the forecast quality (anomaly correla-
tion coefficient or MSE). We can however try to
predict a uniform SD on our domain, without
trying to predict its spatial distribution. With a
larger sample, we could try to locate the area with
maximum predictability, and thus refine the
spatial pattern of the SD.

In Sections 3 and 4, we have used a uniform
value of the correlation coefficient p or of the
regression slope r (in eq.(2)), since we have
considered that the spatial fluctuations of these
parameters were essentially due to sampling.
Accordingly, we have performed a posteriori opti-
mal probability forecasts in which the parameter ¢
(normalized SD) is uniform over Europe (but varies
among the 40 cases). Thus, for each forecast, the
spatial averaged RPS is calculated as a function
of ¢, and the value ¢,,, which corresponds to the
minimum RPS is stored. It is interesting to note
that ¢, is very close to the spatial average of ¢,,:
the correlation between the two coefficients is 0.98
for d5/14 and d15/44. When performing probabil-
ity forecasts with this coefficient, we get a PSS of
0.15 for d5/14 and 0.04 for d15/44. These values are
not much greater than those obtained in Section 4.
The values for ¢,, need to be predicted with
accuracy (they are unknown a priori) to expect
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any improvement. We have tried the same predic-
tors as for ¢,,, but without any large success. The
regressions which provide a correlation greater
than 0.5 were not robust in cross-validation, and
the robust regressions we used provide PSSs less
than the values found in Section 4 (0.13 for d5/14
and 0.01 for d15/44).

6. Summary and perspectives

We have studied 10-day and 30-day forecasts of
an index of the lower tropospheric temperatures.
These forecasts are local, although the scores are
averaged over Europe at the end of the process.
These forecasts are not independent of the verify-
ing analyses and, after a suitable processing which
minimizes the MSE (subtraction of the systematic
error and reduction of the anomaly amplitude),
the SS is positive but very small for the monthly
means. We have performed a local probability
forecast based on a gaussian distribution with
the deterministic forecast as a mean, and various
possibilities for the SD. A particular case is the
categorical forecast for which the SD is zero. The
skill of the forecasts is measured with the RPS. We
have shown that, in the absence of any skill, the
RPS is minimum with the climatology forecast. We
have thus applied two skill scores for the full
probabilistic and for the categorical forecast. The
use of the model spread leads to a smaller PSS
than the use of the climatological SD. We have
shown that the PSS is maximum when we use,
for the probability forecast, the conditional
probability of the verification. Under the gaussian
hypothesis, this method leads to practically the
same results and the same PSS as the forecast with
the climatological SD. Finally, we have shown that
the PSS could be widely increased by taking and
adequate SD (and keeping the same mean for
the distribution). Unfortunately our attempts to
obtain a greater PSS than with the conditional
probabilities, by predicting an optimal SD, were
not successful.

We are still far from the operational use of prob-
ability extended range forecasts, but our study
provides some useful statements. The PSS is not
very sensitive to the number of categories used in
the formulation, and thus there is only a small gain
in reducing the number of categories. Providing a
user with a large number of categories allows him

to gather the categories (and add the correspond-
ing probabilities) according to his needs. The
categorical forecast is worse than the probabilistic
one in terms of RPS, but, since the categorical
climatological forecast is also worse than the
probabilistic categorical one, we get the opposite
result when we scale the error by the climatology
(ie., PSS <CSS). We consider however that the
best formulation is the probabilistic one, since
the categorical forecast is simply recovered from
the probabilities by selecting the most probable
category.

We are faced to the same problem as the predic-
tion of the forecast skill. If we were able to predict
the SD (rather than taking a climatological value),
the probability forecast would be useful, even if the
deterministic one were poor. There are at least
3 possible ways of improving the probability
forecasts. The 1st way is to use empirical condi-
tional probabilities. This requires larger samples
than ours, but can be applied to short- and
medium-range forecasts (there are hundreds of
winter forecasts available in the ECMWF archive).
The 2nd way is to use a better estimate of the
model spread as a predictor of the skill (and thus
of the SD). This requires ensemble forecasts of
more than 20 individual model integrations, and
would make the experiment very expensive, since
we need also a sufficient number of independent
forecasts. The 3rd way is to get rid of the local
gaussian formulation, and to try to forecast large
scale patterns (e.g., clusters or EOFs). The weak
but significant skill-spread correlations obtained
when the spread is measured by the northern
hemisphere forecast agreement (Murphy, 1990) in
the medium range, and the results of northern
hemisphere clustering (Brankovic et al., 1990), are
somewhat encouraging.
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