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ABSTRACT
Within the European DEMETER project, ensembles of global coupled climate models have shown some skill for
seasonal climate prediction. Meteorological outputs of the seasonal prediction system were used in a crop yield model
to assess the performance and usefulness of such a system for crop yield forecasting.

An innovative method for supplying seasonal forecast information to crop simulation models was developed. It
consisted in running a crop model from each individual downscaled member output of climate models. An ensemble
of crop yield was obtained and a probability distribution function (PDF) was derived. Preliminary results of wheat
yield simulations in Europe using downscaled DEMETER seasonal weather forecasts suggest that reliable crop yield
predictions can be obtained using an ensemble multi-model approach. When compared to the operational system, for
the same level of accuracy, earlier crop forecasts are obtained with the DEMETER system. Furthermore, PDFs of wheat
yield provide information on both the yield anomaly and the uncertainty of the forecast. Based on the spread of the PDF,
the user can directly quantify the benefits and risk of taking weather-sensitive decisions.

It is shown that the use of ensembles of seasonal weather forecast brings additional information for the crop yield
forecasts and therefore has valuable benefit for decision-making in the management of European Union agricultural
production.

1. Introduction

Agriculture is highly dependent on climate and, as such, crop
yield variability is affected by year-to-year climatic variability,
with regards to both extreme events and changes in historical
patterns of regional climate (Hoogenboom, 2000; Ogallo et al.,
2000). This vulnerability could have significant effects on crop
production because of the many uncertainties for the growing
season (Jones et al., 2000), and may result in economic and food
security risks in some parts of the world.

During the last decades, however, scientists have shown that, at
the global scale, some climate variability is related to large-scale
interactions between the oceans and the atmosphere (Wallace and
Gutzler, 1981). As a consequence, improvements in the under-
standing of the role of climatic phenomena, such as the El Niño
Southern Oscillation (ENSO), have increased the predictability
of climate fluctuations in several parts of the world (Neelin et al.,
1998). This predictive capability has improved to such an extent
that seasonal time-scale predictions are now made routinely at a
number of operational meteorological centres around the world
(Palmer et al., 2004).
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The usefulness for such information (climate knowledge) for
many sectors is evident, in particular for agricultural systems.

For Hammer et al. (2001), climate prediction offers consider-
able opportunities for agricultural decision makers via the possi-
ble improvement of the management system (i.e. increased food
production/profit, reduced risks, improved food security policy).
For Jones et al. (2000), climate predictions of a certain level of
accuracy, three to six months ahead of time, would enable man-
agers to take decisions to decrease unwanted impacts and to take
advantage of expected favourable conditions.

Sivakumar et al. (2000) stressed that ‘agrometeorologists
should make efforts to promote more active use of seasonal
to interannual climate forecasts in agricultural planning and
operations’ (Agenda 21, global plan of action agreed at the
United Nations Conference on Environment and Development).
Hansen (2002) recognizes the considerable progress that several
groups throughout the world have made in applying seasonal
climate prediction in agricultural purpose (notably in food pro-
duction improvement), and discusses key issues and forthcoming
challenges.

These studies show also that agricultural analysts and agrom-
eteorologists have investigated the potential economic value of
such information. Solow et al. (1998) found that an increase in
forecast accuracy (based on ENSO) has substantial economic
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value to United States (US) agriculture. Jones et al. (2000) also
estimated the potential benefits of climate forecasting to agricul-
ture in the US as very high. Petersen and Fraser (2001) estimated
that a seasonal forecasting technology, which would provide a
30% decrease in seasonal uncertainty, would increase annual
profits by approximately 5% in Western Australia. Meza and
Wilks (2003) investigated the potential economic value of sea
surface temperature anomalies forecasts for farmers and agri-
cultural decision-making purposes in Chile, assuming that in the
future the likelihood of the prediction of the conditions of the
ocean will increase to (sufficient) accurate level. For the African
continent, Phillips et al. (1998) note that improvement in climate
forecasts (and also in crop simulation models) would potentially
reduce agricultural risk associated with climate in Zimbabwe.
Nnaji (2001) found that there is a potential for rainfall fore-
casting in northern Nigeria, to aid decision-making in planting
crops.

The seasonal forecasts used in the above studies are often
based onENSOcategories. Cataloguing experiences in the appli-
cation of climate prediction in agriculture, Hammer et al. (2001)
note that almost all studies use statistical forecasts based on the
identification of analogues, from ENSO categories, as a means
to derive seasonal forecasts.

This might be a limitation for the application of climate pre-
diction in agriculture. For instance, in their case study (maize
in Zimbabwe), Phillips et al. (1998) found that forecasts based
only on ENSO categories did not provide enough quality infor-
mation for management decision-making. Hammer et al. (2001)
remark that the use of ENSO categories forecasts impacts not
only the current level of forecasting skill but also the method of
forecast delivery. Finally, even perfect ENSO prediction is far
from perfect climate prediction (Solow et al., 1998).

Another observation coming from the literature is the very low
number of such studies over Europe. This could be explained
by the fact that seasonal forecasts are often based directly on
ENSO categories and that ENSO impacts mainly the tropics and
countries bordering the Pacific Ocean. Thus, the ENSO signal
in Europe is either too weak or too difficult to link with agri-
cultural production. North Atlantic and European regional cli-
mate variability are associated with other modes of variability,
the most important of these being the North Atlantic Oscilla-
tion (NAO; Marshall et al., 2001). Pavan et al. (2000) found that
the NAO explains approximately 30% of the climate variabil-
ity over the Euro-Atlantic region. Furthermore, the link between
European agricultural production variability and some modes of
climate variability (amongwhich is theNAO)was established by
Cantelaube et al. (2004). Since European agriculture is mostly
intensive as opposed to low-input farming systems, weather re-
mains the main source of uncertainty for crop yield assessment
and crop management (Vossen, 1995).

The DEMETER (development of a European multi-model
ensemble system for seasonal to interannual prediction)
project (http://www.ecmwf.int/research/demeter), coordinated

by the European Centre for Medium-Range Weather Forecasts
(ECMWF) aims primarily to construct and to evaluate a reli-
able ensemble-based system for predicting fluctuations in cli-
mate on seasonal time-scales (Palmer et al., 2004). The DEME-
TER approach combines the use of several quasi-independent
climatic models to delimit the uncertainties due to model for-
mulation (multi-model) together with the use of perturbed initial
parametrizations to account for the uncertainties in initial condi-
tions (ensemble). Predicted day-to-day evolution of the weather
is sensitive to initial conditions (Palmer, 1993; Shukla, 1998).
Multi-model ensembles are better to produce reliable probabil-
ity forecasts of seasonal climates than any single model (Doblas-
Reyes et al., 2000; Palmer et al., 2000).

In the framework of DEMETER, seven global coupled
atmosphere–ocean climate models from different organizations
in Europe were incorporated in a unique multi-model en-
semble system (six of them installed on a single supercom-
puter at the ECMWF). An ensemble is composed of 63 mem-
bers: seven models run with nine different initializations. A
set of bias-corrected data (hindcasts) for standard meteorolog-
ical parameters has been produced and evaluated for the pe-
riod 1958–2001 (Doblas-Reyes et al., 2005; Hagedorn et al.,
2005).

An innovative aspect of DEMETER was the coupling of ap-
plication models to each individual member of the ensemble.
As an application partner, the Joint Research Centre (JRC) uses
a crop model for estimating crop yield in Europe, providing
the Directorate General for Agriculture (DG AGRI) of the Eu-
ropean Commission (EC) with real-time yield estimates dur-
ing the growing season for the European Union (EU) Member
States (see http://mars.jrc.it/marsstat/ Crop Yield Forecasting/
crop yield forecasting system.htm; Meyer-Roux and Vossen,
1994; Rabbinge and van Diepen, 2000). Hence, by coupling the
JRC crop model directly to the output of climate models, each
DEMETERmember would provide a yield prediction, which to-
getherwould result in an ensemble of crop yield predictions; this,
in turn, would give a seasonal forecast probability distribution
of crop yield in Europe.

With a wheat production around 100 million tons (European
Commission, 1999), ranking the EU as the second largest pro-
ducer in the world after Asia (FAOSTAT 2001), DG AGRI
requires timely forecasting of the production as information
for management of the Common Agricultural Policy (CAP;
European Commission, 1997), for setting quotas of marketable
good, for managing level of supply and stocks and for fixing
agricultural prices.

Within DEMETER, weather seasonal hindcasts were used as
input for the crop model to simulate wheat yield in Europe. The
main tasks consisted of assessing reliability of the DEMETER-
based cropyield forecasts and, taking into account the probabilis-
tic nature of these forecasts, evaluating the probabilities of yield
anomalies. If any improvement in the existing system is found,
the possibility of including multi-model seasonal forecasts with
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routine forecasting system in the field of EU agricultural pro-
duction could be considered.

2. Materials and methods

2.1. Joint Research Centre crop model

The JRC model – the crop growth modelling system (CGMS) –
consists of two modules. The first module is based on the crop
growth simulation model, WOFOST (Van Diepen et al., 1989),
driven by meteorological conditions, crop parameters and en-
vironmental factors such as soil characteristics (to simulate the
soil water balance). It describes the crop cycle from sowing to
maturity on a daily time-scale; crop growth is simulated in com-
bination with phenological development. In the second module,
a regression analysis from historical statistical yield data and
WOFOST simulated crop growth indicators (biomass, storage
organs) is performed to forecast the crop yield of the current
year at the level of administrative region (Supit, 1997). The re-
gression analysis takes into account a linear time trend1 and
simulated crop growth as influenced by meteorological condi-
tions.

Olesen and Bindi (2002) list the climatic constraints to Euro-
pean agriculture. Biological systems are based primarily on pho-
tosynthesis, and are thus dependent on incoming radiation; how-
ever, the potential for production set by the radiation is greatly
modified by temperature and rainfall. Temperature mainly af-
fects the duration of the growing period and rainfall (through
soil water availability) may affect the duration of growth and
the production of the plant (leaf area and the photosynthetic effi-
ciency).Meteorological parameters required as input for the JRC
crop model are precipitation, maximum and minimum temper-
ature, global radiation and evapotranspiration (computed here
from wind speed, dew point temperature and surface net long-
wave radiation, using the Penman formula; Penman1948). These
meteorological parameters should be available on a daily basis.

2.2. Use of seasonal weather forecast to reduce weather
uncertainty

The JRC crop model can make a yield forecast at any time dur-
ing the growing season. However, if the forecast is issued early
in the season, the weather conditions leading up to harvest time
are unknown and are therefore a major source of uncertainty.
Furthermore, early in the season, simulated crop indicators are
still at a very early stage (e.g. tillering for winter wheat) and

1A trend is observed on the national yields time series, due notably to im-
provement in farmmanaging practice, technological progress, improved
seeds, etc. The yield time series are thus separated into two components:
a time trend and an annual variation due to weather conditions. This
allows us to define the annual anomalies as the difference between the
actual yield value and the trend. The trend is also sometimes used to
propose a forecast only based on the past years, independent of climatic
conditions.

the regression built on these crop indicators is not robust. In
operational mode, JRC yield forecasts generally improve as the
growing season progress (Genovese, 1998). Information onmain
patterns of meteorological conditions several months in advance
and their use as input in the cropmodel could provide better crop
growth indicators, which in turn could improve the statistical re-
gression for the yield prediction (strategy illustrated in Fig. 1). If
skilful, DEMETER data could provide more reliable crop yield
forecasts early in the season, giving valuable information to agri-
cultural production managers.

Weather data from DEMETER climate models being of prob-
abilistic nature, their input in the crop model results in a forecast
probability distribution of crop yield. The potential usefulness
of the DEMETER system can be evaluated by comparing the
hindcasted crop yield probability distribution with official yield
figures.

This study was carried out for 4 yr (1995–1998) for winter
wheat (Triticum aestivum L.). Hindcasted yield was estimated at
national level for each of the 15 EU Member States and com-
pared to both real-time yield forecasts issuedwith the operational
JRC system and official yields from the EUROSTAT data base
(http://europa.eu.int/comm/eurostat/).

2.3. DEMETER ensembles and downscaling

DEMETER data used by the crop model consist of six-month
ahead hindcasts (63 members of daily data) covering the period
February–July for each growing season of the test period (1995–
1998).

Ensembles from DEMETER climate models are issued at a
low spatial resolution (1.5◦ × 1.5◦). Representation of orography
being very coarse at such a scale, in particular for European con-
ditions, large-scale weather systems do not yield a reliable repre-
sentation of local weather conditions, notably for precipitation.
It was therefore necessary to downscale meteorological data to
a finer surface resolution, which provides more reliable regional
details. The appliedmethod consists of statistical downscaling of
monthlymeanvalues (temperatures, precipitations, radiation and
evapotranspiration) using singular value decomposition analysis
and model output statistics (method fully described by Fedder-
sen and Andersen, 2005), then redistributed into daily series (for
use in the JRC crop model) with a weather-generator based on
the Richardson WGEN model (Richardson, 1981). The down-
scaling method was trained using the ECMWF 40-yr reanalysis
data set, ERA40 (http://www.ecmwf.int/research/era/), against
the JRC 50× 50 km2 gridded weather data (for the period 1987–
1998). All meteorological parameters used as input for the crop
model were downscaled by the Danish Meteorological Institute
(Feddersen and Andersen, 2005).

The downscaling increased the correlation between ERA40
and JRC sets of daily data, for all four input parameters
(Cantelaube and Terres, 2003). As an example, for precipita-
tion in 1988, downscaling reduced the root mean square error
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Fig 1. Crop growth monitoring system and
yield forecasting system at the JRC: current
operational system and new strategy for
seasonal forecasting.

(RMSE) by 34% and increased the R2 value from 0.29 to 0.7
(over Europe; Fig. 2, top). An interesting result was also found
in the ability of downscaled data to reproduce realistic sequences
ofwet anddry days from themonthly values (through theweather
generator), which matters for the crop model since it calculates
a daily soil water balance (Rijks et al., 1998).

Downscaled weather inputs also improved crop modelling
outputs. Discrepancies between simulated crop indicators, us-
ing JRC meteorological inputs or ERA40 reanalysis data, were
less when the latter were downscaled. Figure 2 (bottom) shows
an example of simulated biomass in 1988: the R2 value increases
from 0.62 to 0.69 and the RMSE is reduced by 4% for the whole
of Europe (more than 10% in some parts).

For crop yield forecasting in Europe, GCM outputs need to be
downscaled to a smaller spatial resolution to take into account
local weather conditions. In the following sections, DEMETER
ensembles will refer to downscaled data.

3. Results: crop yield seasonal
forecasts assessment

Results of the yield simulations were compared to both official
yield figures (EUROSTAT data, used as ‘reference’ for wheat
yield of EU Member States) and to simulations made with the
JRC operational system (used as ‘control’, labelled JRC in the
rest of the text and figures). The comparison to the EURO-
STAT reference provides an assessment of the skill of seasonal

yield forecasts, and the comparison to ‘JRC control’ provides
an indication of the possible improvement of the operational
crop yield forecasting system, both in terms of accuracy and in
terms of precocity of the given information for a similar level of
accuracy.

Furthermore, the probabilistic nature of the DEMETER sea-
sonal forecasts allows us to quantify the accuracy of the fore-
casted yield by using the probability distribution of crop yield
anomalies (crop yield anomaly is defined as the yield deviance
from the trend).

Probability density functions (PDFs)were used to fully exploit
the information provided by the ensemble of seasonal crop yield
forecasts. A probability of occurrence is associatedwith an event
through PDF function. Building the PDF with the ensemble of
simulated yields, probability Pr[x > x 0] of yield anomaly x to
be greater than x0 is computed (area under the PDF curve and
right of x0 on the x-axis and similarly probability Pr[x < x 1]
of yield anomaly x to be less than x1 is the area under the PDF
curve and left of x1 on the x-axis). Thismethod provides, for each
simulation, a probability of yield anomaly (deviation from the
trend), with this probability of the anomaly being either negative
(Pr[x < 0]) or positive (Pr[0 < x] = 1 − Pr[x < 0]).

3.1. Prediction skill and earliness

When the crop model is run with DEMETER hindcasts, results
vary from country to country, for both the ensemble mean devi-
ation from EUROSTAT official figures and the yield ensemble
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Fig 2. Top panel: maps of difference JRC
minus reanalysis data ERA40 raw (left) and
JRC minus downscaled (right) for rainfall in
1988 (accumulated January to end of July).
Bottom panel: maps of difference between
biomass simulated using JRC data and raw
ERA40 data (left) or JRC data and
downscaled ERA40 data (right), at the third
decade of July 1988 in Europe.

variability (country results are presented in Table 1). The av-
erage percentage error (as a ratio to the official yield2) of the
DEMETER-based yield simulations over the EU for the pe-
riod 1995–1998 is 5.9% (weighted average of national values,
the weight being the contribution of each member state to the
total European production). Note that Portugal, which showed
the largest discrepancies (see below and Table 1) was excluded
fromdetermining this average accuracy. The correlation between
EUROSTAT yields and the DEMETER ensemble means yields
is 0.65 for all the simulations made over the EU Mem-
ber States. This correlation reaches 0.73 for the three main
wheat producers: France, Germany and the United Kingdom
(UK).

Variability of the ensemble of 63 simulated yields is low for
Germany [the four-yearly standard deviation (s.d.) computed

2The percentage error e is given by e = 100 x(ŷ − µ)/µ where y is the
forecasted yield and µ is the official yield (EUROSTAT).

from the ensemble of 63 yields is lower than 0.12 tons ha−1, i.e.
2% of the average simulated yield] and for France (s.d. ranges
between 2% and 3%). On the other hand, the spread of the yield
forecasts ensemble is larger in southern countries (s.d. greater
than 10% in Greece, Portugal and Spain).

In terms of accuracy, DEMETER-based yield simulations per-
form better in EU northern countries (Table 1). The relative
percentage of error ranges from 1.7% in Germany to 31.3% in
Portugal. Good results are also obtained in the UK (average er-
ror for the 4 yr is 3.8%, with a poor result in 1997; percentage
error is 9.6%) and in France (average error 4.7%). This result is
particularly interesting since France, Germany and the UK are
the main contributors to the European wheat production (France
produces around 38% of the EU wheat production, Germany
21% and UK around 15%).

In Nordic countries such as Sweden and Denmark,
DEMETER-based yield forecasts are also accurate (the average
percentage errors for the 4 yr are 3.6% and 5.1%, respectively).

Tellus 57A (2005), 3



SEASONAL YIELD FORECASTS IN EUROPE 481

Table 1. Relative percentage error (ratio to the EUROSTAT value) of
the DEMETER ensemble mean based yield forecasts, country by
country, for each year of the study. The average column is the averaged
error in absolute value of the 4 yr. Last column shows the RMSE
computed on the 4 yr

% error 1995 1996 1997 1998 Average RMSE

Denmark −16.9 0.4 −0.6 2.4 5.1 8.5
France 3.5 −4.2 −3.6 −7.5 4.7 5
Germany −0.7 −3.6 −1.3 1.1 1.7 2
Greece 10.5 12.7 −6.7 9.3 9.8 10
Ireland 0.17 11.4 −6.7 2.7 5.2 6.7
Italy 15.9 8.8 23.8 −5.3 13.4 15.2
Luxembourg 3.2 −8.2 3.8 −0.7 4 4.8
Portugal 35.8 4.1 34.9 50.2 31.3 35.5
Spain 51.9 −39.6 −5.6 −9.4 26.6 33.1
Sweden −4.5 −2.7 −0.4 −6.9 3.6 4.9
UK −0.6 3.3 9.6 1.8 3.8 5.2

Table 2. Weighted average percentage error (from actual values, in
absolute value) for JRC and DEMETER (ensemble mean) wheat yield
forecasts for Europe (national level) excluding Portugal. Weights
correspond to the contribution of each member states on the EU wheat
production. DEMETER forecasts are issued at the end of February

% error 1995 1996 1997 1998 Average

Average (abs. value) JRC Feb 6.9 8.5 4.6 8.5 7.5
JRC April 8.3 8.1 6.3 7.9 7.7
JRC June 7.9 6.9 5.3 7.8 7.0
JRC Aug 6.7 5.8 4.9 4.3 5.4
DEMETER 6.9 6.3 5.9 4.8 5.9

On the other hand, accurate results were not found in southern
countries. In particular, in Portugal, where for the 4 yr (1995–
1998) the error is high (35%, systematic positive bias). Also,
the low yield in Spain in 1995 due to a severe drought was
not captured either by the DEMETER hindcasts or by the JRC
operational system.

When analysing the result accuracy as a function of earli-
ness, temporal analysis of yield errors (from EUROSTAT) of
DEMETER-based data on one side and JRC operational yield
forecasts on the other side shows that the percentage error ob-
tained with DEMETER at the end of February (5.9%, exclud-
ing Portugal and weighting by the contribution of each mem-
ber states in the EU wheat production) lies between the aver-
age error found at the end of June (7%) and the error found
at the end of August (5.4%) using the JRC operational system
(Table 2). Therefore, in terms of ensemble mean, for the period
1995–1998, DEMETER-based wheat yield forecasts issued in
February are more accurate than JRC operational forecasts until
July; that is to say, until the late stages of the wheat growing
season.

3.2. Probabilistic yield anomaly forecasts

In order to assess the DEMETER-based yield forecasts taking
into account the probabilistic nature of these forecasts (and not
only the ensemble mean as in the previous section), one should
analyse the probability distribution of yield anomaly forecasts.

Results for the UK and Germany are shown in Figs. 3 and
4. The plot at the top shows the yield time series. As an exam-
ple, the expected value based on the time trend is shown for one
of the 4 yr (1996 for Fig. 3 and 1995 for Fig. 4); from the time
trend computed on the eight past years (1988–1995 for Fig. 3 and
1987–1994 for Fig. 4, solid line) a time trend based prediction is
extrapolated (dashed line). The four anomalies are highlighted
in the bottom-right corner of the figure. Plots at the bottom part
of the figures show for each year (1995–1998) the PDF of yield
anomalies obtained from DEMETER-based crop yield simula-
tions (the hatched area corresponds to the probability of negative
anomaly).

For the UK (Fig. 3), the 1996 positive probability and
1998 negative probability were accurately estimated. That is,
in February, multi-model ensemble simulations indicate (cor-
rectly) that there is 87% (96%) chance to have a positive (neg-
ative) anomaly. In both cases, the main PDF peak is near the
official yield anomaly (EUROSTAT value, solid vertical line).
One should emphasize that already several months before har-
vest the final yield deviation from the trend was forecasted
accurately.

For 1997, the forecasted yield significantly overestimated the
observed yield. That year, the official yield presented a very
large negative anomaly in the UK (almost 0.8 tons ha−1) and
this was not clearly depicted from DEMETER-based crop yield
simulations, but the negative sign of the anomaly was cor-
rectly predicted (with a probability of 70%). In 1995, prob-
abilities were more balanced (53–47%) and the main peak
foresaw a normal year (no anomaly, the observed yield is
close to the trend), which was confirmed at harvest by official
figure.

In Germany (Fig. 4), DEMETER-based yield simulations cor-
rectly predicted anomalies, whichwere assigned by a probability
higher than 80% for 3 yr out of four. However, in 1997, the dif-
ference from the anomaly is very low (−0.05 tons ha−1) and
DEMETER-based simulations overestimate it (the value of the
ensemblemeanwas around−0.15 tons ha−1), but at least exclude
a positive anomaly. The secondary peak of the bimodal 1998PDF
fits perfectly with the actual values (probability for the correct
sign was 82%), indicating that a substantial number of ensemble
members permitted a very accurate simulation of the yield. Sim-
ilar results are found in 1995, but slightly less accurate (lower
probability for the correct sign, 62%). In 1996, simulations
predicted the sign even if the yield itself was underestimated.
Nevertheless, in 1996, already in February, DEMETER-based
yield forecasts permitted an anticipation of a high yield anomaly
with a 95% probability.
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Fig 3. Top: wheat yield time series
(1987–1998) with anomalies associated for
the last 4 yr. As an example, for 1 yr (1996)
the time trend computed over the eight past
years is plotted (solid line, 1988–1995), from
which is extrapolated the time trend based
forecast for the current year (dashed line,
1996). The yearly anomaly is then the
deviance between this time trend expected
value and the actual yield. Bottom: PDFs of
forecast anomalies with the DEMETER
ensemble for the UK 1995–1998.

From the PDFs, the yield anomaly forecasts might be issued
in the form of an interval (this is done under the assumption that
the 63 members have the same probability), allowing us to give
anomaly forecasts as an intervalwith a specified probability. This
method also permits us to assess the accuracy of the forecast by
testing whether or not the actual anomalies lie in these intervals.
The 90% probability intervals for the simulations made in the
UK and in Germany are shown in Fig. 5. For both countries,
there are three hits within the 90% interval out of four. When
considering all Member States, the official yield lies in the 90%
interval for 80% of the cases (Portugal excluded).

4. Discussion

4.1. DEMETER hindcasts assessment

The evaluation of DEMETER hindcasts based yield fore-
casts in Section 3 was conducted by comparison against of-

ficial figures and against operational JRC forecasts. However,
other sources of errors, independent from input meteorologi-
cal data, could contribute to the observed deviations. Therefore,
to assess the performance of the seasonal hindcasts indepen-
dently of other sources of errors, downscaled ERA40 reanal-
ysis data were used as a ‘perfect forecast’ to provide a refer-
ence set. The differences obtained between DEMETER- and
ERA40-based yield simulations could then be considered as a
measure of the bias of DEMETER seasonal hindcasts versus
climatology.

Focus is given to southern countries where the largest discrep-
ancies were found (Table 1). In Portugal, ERA40 and DEME-
TER accumulated precipitation amount (January–August) are
very different. Correlation coefficients between reanalysis data
andDEMETERensembles range between−0.3 and 0.8 (0.5with
DEMETER ensemble mean). Still, in Portugal, the percentage
error of ERA40-based yield simulations is 1.6 times lower than
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Fig 4. Same as Fig. 4, but for Germany. The
time trend plotted in example in this plot
refers to the 1987–1994 period and is
extrapolated to provide a time trend based
forecast for 1995.

the average error observed for DEMETER-based yield simula-
tions, highlighting the bias of DEMETER.

This result was unexpected since it was found (Cantelaube
et al., 2004) that, in Portugal, wheat yield shows some correlation
(R = 0.47) with one of the main patterns of European climate
variability (similar to the Eurasian type 1 pattern of Barnston
and Livezey 1987), which in turn is strongly correlated with
El Niño sea surface temperature anomalies and which is highly
predictable (Pavan et al., 2000). Consequently, one could expect
better performances of seasonal yield forecasts in Portugal.

On the other hand, also in Cantelaube et al. (2004), main
modes of climate variability and winter wheat yield time series
were not found well correlated in Greece and Italy. In Greece,
the crop model driven by ERA40 data performs quite well (the
ERA40 error is in the range of errors observed for most Euro-
pean countries, i.e. 6%), demonstrating the crop model ability to
provide accurate results. Thus, DEMETER hindcasts contribute

significantly to the error observed for the simulated yield. In
Italy, ERA40 and DEMETER yield simulations are in agree-
ment but far from official EUROSTAT yield (percentage errors
are 13.5% and 15.2%). Downscaling or crop simulation could be
additional sources of error contributing to the poor performances
in this country. As a matter of fact, downscaling is delicate due
to the complex Italian orography and climate patterns are con-
trasted between the influence of the Alps in the north and the hot
and dry Mediterranean climate in the south. An analysis at finer
regional level would be necessary (see Marletto et al., 2005).

Finally, problems in Spain for 1995 and 1996 might bias con-
clusions coming from this study. In fact, 1995 was characterized
by rather favourable weather over thewhole of Europe except for
Spain and Portugal, which experienced an exceptional drought
(lasting until the winter 1995/1996) and this was not reproduced
by DEMETER. DEMETER is not very accurate for these 2 yr
and, since 2 yr represents half of the tested period, DEMETER
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Fig 5. Probability interval (90%) built from the PDFs (DEMETER
ensemble, 63 members) for the UK and Germany. The dots indicate the
observed yields.

performances cannot be assessed for Spain. (Note that some
missing meteorological data in the training set might have also
affected the downscaling.)

4.2. Probability distribution of yield anomaly forecasts

Contrary to other domains using probabilistic forecasts, which
can be simplified to a yes/no statement (e.g. ‘rain/no rain’,
‘flood/no flood’), crop yield anomaly forecasts cannot be ver-
ified by defining indices and scores based on statements such
as ‘hits’, ‘false alarm’, ‘correct’ or ‘missed’. Crop yield anoma-
lies forecasts are not categorical, and cannot be simplified to an
‘observed/not observed’ event.

This is primarily because of the non-binary and non-
symmetric aspects of a yield anomaly (The inverse event of
‘above normal’ is not equivalent to the event ‘below normal’,
since the yield could be ‘normal’ close to the trend). Secondly,

Fig 6. PDF of forecasted anomalies with the
DEMETER ensemble for Greece, 1996 and
1997.

‘no-anomaly/normal yield’ means that the observed yield is
‘close’ to expected values, suggested by the trend; it is supposed
that thresholds need to be fixed to define this ‘normal yield’ zone
(for instance, the yield could be defined abnormal if it differs by
more than ±2% from the expected trend). Finally, if the positive
and negative anomalies forecasts obtained from the simulation
are balanced, it is difficult to take a decision. The probability
to have a negative anomaly around 50% could be either ‘the
ensemble-based yield simulation forecast a normal year’ (Fig. 6,
right; simulations for Greece 1997, PDF with a single peak cen-
tred on the null value – all ensembles agree on a no-anomaly
situation) or ‘PDF of ensemble-based yield simulations has a
bimodal shape with one peak negative and one positive’ (Fig. 6,
left; simulations for Greece, 1996), when no decision is possible.

A plot summarizing the results is presented in Fig. 7; observed
anomalies (EUROSTAT, in percentage of expected value, i.e.
the trend) are plotted against the forecasted probabilities of oc-
currence of positive anomalies. Three observations marked by
diamonds in the figure correspond to important negative anoma-
lies (large errors in Portugal for 1995, 1997 and 1998), which
were not depicted by DEMETER-based crop yield simulations
(probability to have a negative anomaly is around 50%). Spain
(square) and Denmark (triangle), both for 1995, are pointed out
because the forecasted sign of the anomaly is false and associated
with a high probability.

Figure 7 shows also that some of the biggest negative anoma-
lies (in percentage) are associated with probability close to 50%
(central part of the plot), indicating that either DEMETER has
underestimated the intensity of the anomaly (see Fig. 3, UK
1997) or the simulations from the ensembles were scattered (see
Fig. 6; Greece, 1996). However, the biggest positive anomalies
are depicted with more accuracy (right-hand side of Fig. 7).

Furthermore, the figure shows that above a certain level of
probability (for instance, focusing on the probability to have an
anomaly, either negative or positive, higher than 60%, which in-
cludes 70.5% of the cases) the sign of the observed anomaly was
correctly depicted, with the only two exceptions being Spain and
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Fig 7. Reliability plot: observed anomalies plotted versus probability
of yield anomaly forecasts from downscaled DEMETER ensembles for
the 44 simulations made in Europe for the period 1995–1998 (39 dots
plus five identified outliers).

Denmark in 1995 (7% of false sign predicted). This means that
forecasts with high probability are reliable enough to indicate the
future anomaly sign or at least to exclude correctly either a pos-
itive or a negative sign. As mentioned earlier, the difficulty lies
in assessing probabilities around 50%; however, more years of
data would be needed to assess whether robust decision criteria
can be determined.

Anticipating the topic discussed in the next subsection, it must
be kept in mind that, besides the seasonal forecasts themselves
and their skills, an important issue is the way they could be used
and integrated by end-users/decision makers. In this contest, the
PDFs of yield anomalies are very useful because they could
help experts from the EC DG AGRI to have several months in
advance the general trend of the harvest to come, associated with
a confidence level.

4.3. Use of seasonal yield forecasts for European wheat
production managers

As pointed out by several research papers, incorporating climate
forecasts in agricultural decision-making is the next challenge to
tackle. ‘Any benefit from climate prediction depends on the exis-
tence and understanding of decision options that are sensitive to
the incremental information provided by forecasts, and are com-
patible with decision-makers goals, resources and constraints’
(Hansen, 2002). Hammer et al. (2001) pointed out the role of
linkages between scientist/analyst and decision maker in seek-
ing relevant decisions for introduction of this new technology.
Furthermore, the challenge that will determine the ultimate suc-
cess of the advance in climate knowledge (i.e. improvement in
seasonal forecasts) is that ‘policymakers have to learn how to use
this information’ (Lemos et al., 2002). In Europe, the decision
makers from the EC DG AGRI can certainly take advantage of

the information provided by such multi-model ensemble based
yield forecasts.

Coupling DEMETER ensembles to the JRC crop forecasting
system is of interest to DG AGRI decision makers (as the main
users of the JRC operational real-time forecasting system). Ob-
viously, verification on longer time series will be necessary for
implementation and fine-tuning.

5. Conclusion

Results from the integration of climatic seasonal forecasts in
crop yield modelling in Europe suggest that reliable crop yield
predictions can be obtained using an ensemble multi-model sys-
tem.

The introduction of DEMETER data into the JRC crop yield
forecasting system has shown that, for 1995–1998, wheat yield
predictions issued in February aremore accurate than thosemade
with the operational system later in the season (July).

Furthermore, the use of ensemble seasonal forecast for crop
yield demonstrates that useful information can be obtained
through the probability associated with the yield forecast and
suggests that yield anomalies could be anticipated. Tools such as
PDFs allow us to associate a probability to the forecast and thus
provide an indication of its reliability. In years and regions where
there is little predictability, the resulting probability distribution
will be broad, warning against specific precautionary actions.
On the other hand, for years and regions where there is strong
predictability, the probability distribution will be sharp, and re-
liable decisions for precautionary action can be made (manage-
ment of agricultural markets, fixing set-aside programmes, etc.).
Gain in time, coupled with (at least) comparable accuracy, con-
stitutes a potential for money saving for the agricultural policy
planners.

Further efforts in the field of crop yield seasonal forecast-
ing are envisaged through the JRC participation in the FP6 EU-
funded project ENSEMBLES, the successor of the DEMETER
project.
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