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ARTICLE INFO ABSTRACT

Keywords: Climate is arguably one of the most important factors determining the quality of wine from any given grapevine

Extreme rainfall variety. This study focuses on three wine-growing regions in northern Portugal: Vinho Verde, Tras-os-Montes and

Northern Portugal Douro, the latter coinciding with Porto. High rainfall during late spring (April to June) can promote growth of

Decadal forecasts . the vines but increases the risk of fungal disease. High rainfall during harvest time (August to October) also bears

Extreme value analysis . . . . . [

Viticulture the potential for severe operational disruption and heavy economic losses. The probability of unprecedented
rainfall totals in spring and the harvest season over wine-growing regions of northern Portugal has been assessed.
A large ensemble of initialised climate model simulations is analysed, and the probability of unprecedented
rainfall in each season is quantified. Seasonal rainfall totals considerably higher than any observed are possible in
the current climate. An unprecedented rainfall event in either season could occur with a probability between
0.01 and 0.05 in the present climate. Extreme value analysis was applied to rainfall totals from observations and
the model ensemble, and the return periods of known extreme rainfall events are calculated. Similar probabilities
for unprecedented rainfall totals were calculated. A year similar to 1993, when both seasons were exceptionally
wet, would be expected to occur, on average, just once in the next 70-80 years in the current climate. These
results could inform the requirements for improved vineyard management and resilience, such as design of
drainage channels, access roads and terraces.

could also increase.

Practical implications The added value of seasonal and decadal forecasts in the wine
sector is becoming increasingly recognised. Santos et al. (2020)

developed a predictive model of Port wine production in the Porto

In Portugal, vitiviniculture is a key socioeconomic sector. Many
vineyards in northern Portugal, especially those planted along the
Douro River, are situated on the steep slopes of the valley sides.
Very high rainfall events lead to erosion of the soils, increased
disease prevalence and higher production costs while reducing
grape yields. They may also cause landslides and the collapse of
terrace banks both endangering human lives and incurring heavy
repair costs for both private and public infrastructure (Santos
et al., 2015). Assessments of projections of climate over northern
Portugal suggest the region would become warmer and drier in the
future. Changes in the amount of extreme precipitation are less
clear, with both increases and decreases reported by different
studies (Martins et al., 2021). Nevertheless, extreme or unprece-
dented rainfall events could still occur in the next few decades,
and the contribution of extreme precipitation to rainfall totals

and Douro DOC region driven by seasonal forecasts. This study is
an important first step in the development of a potential climate
service for wine growers. Unprecedented rainfall events in either
spring (here, April to June) or harvest time (August to October)
have a probability between 0.01 and 0.05 in the present climate.
These events are therefore expected to occur, on average, once in
the next 20-100 years. However, they could occur more than
once. The response of wine growers to this result would depend on
their risk appetite, and the costs of adaptation compared with
potential losses. The most immediate impact is a science-based
input for dimensioning drainage networks in slope vineyards, as
well as the design of terraces and service roads with adapted
inclination both on the longitudinal and transversal axes. This
information, coupled together with very-high resolution mapping
of surface and subsurface water flows, is critical to achieve
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vineyard designs with higher safety performance (Alves et al.,
2021; Fernandes et al., 2017; Faria et al., 2017).

The next practical step would be to assess the predictive skill of
unprecedented rainfall totals in operational seasonal forecasts
from different modelling centres. If these forecasts have sufficient
skill, an operational service could then be developed for wine
growers in northern Portugal to provide the risk of an unprece-
dented rainfall event in the following months. The availability of
such an operational service would provide farmers, municipal and
wine region authorities with a base for respectively managing and
enforcing measures to reduce resistance to downslope water flow
and to plan and budget for rapid response in the event of land-
slides. Scheduling of major terraforming works in vineyard plan-
tation and restructuring, especially when funded from public
sources (VITIS program under the Common Market Organization
framework), would also greatly benefit from the availability of
such a service, which would identify periods when such works
should be avoided because of high rainfall risks.

This study has demonstrated the successful application of a large
ensemble method to the agriculture sector. This approach could be
applied to other climatic variables and assess the probability of
other hazards over northern Portugal such as hot summers and
droughts.

Data availability

A Data Sources section showing links to all the data used is at the
end of the supplemental material.

1. Introduction

Vineyards have existed in the Douro region of northern Portugal for
2,000 years. The main product from the mid-eighteenth century, Port
wine, is world famous for its quality. The importance of viticulture in the
Alto Douro region was recognised in 2001 when this area was granted
UNESCO World Heritage status for its living and evolving landscape
(Fonseca and Rebelo, 2010). Wine making continues to be of key so-
cioeconomic importance in Portugal. In 2021, Portugal was the 10th
largest wine exporter (by volume) and 10th largest producer worldwide
(O1V, 2022a). The focus of the present study is northern Portugal,
defined as the region between 8°50'W and 6°30'W, and 40°30'N to
42°0'N (Fig. 1, rectangular area). This area includes the wine-growing
regions of Vinho Verde, Tras-os-Montes and Porto and Douro
geographical indications (GI), whose borders are shown in Fig. 1.

Northern Portugal has a typical Mediterranean climate, with warm
dry summers and mild and wet autumns and winters. Rainfall totals in
this region vary considerably, with over 2200 mm yr " in the west to just
600 mm yr’1 in the east (Cunha et al., 2011). Climate, together with soil,
plant material and cultural practices, is arguably-one of the most
important factors determining the quality of wine from any given
grapevine variety and an important element of the concept of terroir
(Gladstones, 2011; Jones and Alves, 2012). Terroir refers to “an area in
which collective knowledge of the interactions between the physical and
biological environment (soil, topography, climate, landscape charac-
teristics and biodiversity features) and vitivinicultural practices de-
velops, providing distinctive wine characteristics” (OIV, 2010). A large
diversity of terroirs are present in northern Portugal owing to the
different types of soils, climatic variations between vineyards, viticul-
tural management and grapevine varieties.

Heavy rainfall can have a variety of impacts on vineyards. Those in
the Douro valley are often sited on terraces on steep slopes, and so the
soils are prone to erosion by heavy rainfall. For example, 80 mm of rain
fell on the 28th May 2018 in Pinhao in the Douro Valley (Millar, 2018),
damaging terraces and washing away soils. Some vineyards suffered
losses as high as 80 %. Winter rainfall is normally welcome, because it
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Fig. 1. Map of Portugal showing the Koeppen climate zones: BSh - Arid,
steppe, hot; Csa — Temperate, dry hot summer; Csb — Temperate, dry warm
summer; Cfa — Temperate, without dry season, hot summer. The Koeppen
climate data were created by Cui et al. (2021a,b). The outlines of three wine
growing regions Vinho Verde (VV), Tras-os-Montes (ToM) and Porto and Douro
DOC are also shown. The study area (8°50'W to 6°30'W, and 40°30'N to
42°0'N) is indicated by the dashed grey lines.

allows the replenishment of the soil water reserves ensuring an even
vegetative development. High rainfall during late spring (April to June)
may increase the risk of fungal disease and disrupt vine phenology,
namely blossom and fruit set, which occur during this period. This was
the case in the Douro valley in 1983, 1988, 1993, 2008 and 2016, when
higher than average late spring rainfall increased the risk of fungal
disease, especially downy mildew (Plasmopara viticola), among others.
There was a need to permanently monitor the vines and apply the
necessary phytosanitary treatments while managing canopy develop-
ment that, because of high water availability, grew excessively (Graca
A., personal communication; ADVID, 2016). This resulted in higher costs
of production from extra labour, farming machinery and plant protec-
tion products associated with downy mildew control. Some level of crop
loss was notwithstanding unavoidable, as farmers were not prepared for
that level of disease pressure.

Although studies of climate projections suggest an overall drying
trend in Portugal, the contribution of extreme and unprecedented
rainfall events to overall rainfall totals could increase in the future
(Martins et al., 2021). In this study, the probability of unprecedented
rainfall totals over northern Portugal is assessed in two critical periods of
vine phenology (Fraga et al., 2017): budburst and flowering (April to
June) and grape maturation and harvest (August to October).

One major issue for assessing these probabilities is the relatively
short period of observations available. It is difficult to assess the prob-
ability of extreme events from a short data series, as the number of
events may be under-sampled. Two approaches will be used to estimate
the probability of unprecedented rainfall totals over northern Portugal.
First, the empirical probability of unprecedented rainfall is estimated
using a large ensemble of decadal climate hindcasts. This ensemble
provides considerably more simulations of the recent climate than are
available from observations (Thompson et al., 2019). The decadal
forecast model, if it reproduces observed climate variability, is capable
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of sampling more extreme rainfall events, allowing the identification of
unprecedented rainfall events and assessing their likelihood in the real
world (Thompson et al., 2017; Kelder et al., 2020). Secondly, extreme
value analysis (EVA; Coles, 2001) will be used to calculate the proba-
bilities of unprecedented rainfall totals in the observations and decadal
hindcasts.

2. Materials and methods

The risk of unprecedented rainfall totals over northern Portugal is
assessed in the two critical periods described above: budburst and
flowering (April to June) and grape maturation and harvest (August to
October). These two periods will be referred to as spring and harvest
time throughout this paper. Links to the data used are provided in the
“Data Sources” Section in the Supplemental material.

2.1. Decadal hindcasts

Simulated seasonal rainfall totals were taken from the Met Office’s
decadal climate prediction system DePreSys3 (Dunstone et al., 2016).
These simulations are based on the HadGEM3 GC2 global climate model
(Williams et al., 2015) and are integrated at a horizontal resolution of
0.83° (60 km) in the atmosphere and 0.25° in the ocean. The model is
initialised with atmospheric, oceanic, and sea-ice observational data and
current anthropogenic and natural forcings, so that the simulations are
representative of current real-world climate. The hindcasts used here
were produced from 1980 to 2017, when satellite data are available for
model initialisation. The hindcasts begin on the 1st November of each
year, corresponding to the start of each viticultural campaign. Forty
ensemble members are available for each year, providing 1520 simu-
lations (38 years x 40 members) of spring and harvest time rainfall
totals. The use of initialised climate predictions reduces model biases
compared with uninitialized transient simulations of the past climate
(Thompson et al., 2017). The five- and nine-month lead times allows the
forecasts from the ensemble members to diverge, producing a wide
range of plausible extreme rainfall events, some of which will not have
been observed (Kent et al., 2017). Rainfall totals for spring (April to
June) and harvest time (August to October) were calculated for northern
Portugal (Fig. 1).

Extreme rainfall events over northern Portugal can originate from
weather fronts and localised convective storms. Daily rainfall series for
northern Portugal were calculated for years and seasons with excep-
tionally high rainfall totals (e.g., spring 2016; see Figs. 2 and S2). An
examination of analysis charts produced by the Met Office on days with
very high rainfall totals showed that many of these events originated
from slow-moving weather fronts lying over northern Portugal (Fig. S2).
DePreSys3 can resolve these fronts, giving confidence in its ability to
simulate realistic rainfall totals. Other studies have shown that high
rainfall totals in the Douro valley originated from frontal activity asso-
ciated with Atlantic cyclonic systems (Santos et al., 2015; Alcoforado
et al., 2021). Hénin et al. (2021) and Owen et al. (2021) showed that
cyclones and fronts are the most common drivers of concurrent pre-
cipitation and wind extremes over northern Portugal and elsewhere in
Europe.

2.2. Precipitation observations

Three different gridded datasets (Table 1) were used to calculate
precipitation totals over northern Portugal and evaluate the DePreSys3
hindcasts. Two datasets, Iberia01 (Herrera et al., 2019a,b) and E-OBS
(Cornes et al.,2018) include daily precipitation totals at 0.1° spatial
resolution (about 11 km). These two datasets were created via inter-
polation of surface rain gauge data, although the methods used were
different. Iberia0O1 was derived from nearly 3500 gauges, but only 128
gauges (in the year 2000) were available for E-OBS. A comparison be-
tween Iberia0l and an older version of E-OBS (17e) by Herrera et al.
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Table 1
Gridded daily rainfall datasets used in this study. The resolutions in km are
approximate.

Dataset Version  Resolution Data Period  Reference

Name

Iberia01 1.0 0.1° (11 km) 1971-2015 Herrera et al. (2019a,
b)

E-OBS 23.1e 0.1° (11 km) 1950-2020 Cornes et al. (2018)

CHIRPS 2.0 0.05° (6 km) 1981-2020 Funk et al. (2015)

(2019a) showed that E-OBS underestimated mean precipitation by 15 %,
and extreme rainfall totals by a larger margin. The third dataset, the
Climate Hazards group Infrared Precipitation with Stations (CHIRPS), is
a combination of global Cold Cloud Duration (CCD) rainfall estimates
derived from satellite observations and surface rain gauge data (Funk
et al., 2015). During the study period (1980-2017), the number of rain
gauges in Portugal and Spain declined (Cornes et al., 2018; Herrera
et al., 2019a), meaning any trends calculated from the Iberia0l1 and E-
OBS datasets should be treated with caution. Between 2009 and 2014
there were very few precipitation stations in northern Portugal (Herrera
et al., 2019a), which will affect the estimated rainfall totals in all three
datasets.

Time series of rainfall totals for spring and harvest time calculated
from CHIRPS, Iberia01 and E-OBS for northern Portugal are shown in
Fig. S1. Considerable variation between years is evident and the years
with very high precipitation totals are the same in all three datasets,
although the absolute amounts differ. Generally, the lowest precipita-
tion totals are seen in E-OBS, particularly in spring (Fig. S1, upper
panel). Some differences in the temporal behaviour between the three
datasets are also evident from 2011 during harvest time (Fig. S1, lower
panel).

2.3. Data analysis, visualisation, and statistics

The interior of northern Portugal is characterised by considerable
orographic variation, with mountains over 1200 m high separated by
deep valleys (https://en-gb.topographic-map.com/maps/1p72/
Portugal/). Precipitation variations between catchments in this area
cannot be resolved by a global model with a resolution of 60 km.
Therefore, the precipitation time series presented in this study are
spatial averages over the area indicated by the dashed grey lines in
Fig. 1.

The absolute magnitude of extreme events is useful for design pur-
poses. Extreme rainfall amounts can be estimated for a given return
period using extreme value theory (Coles, 2001). A return period of 10
years means an event of a given magnitude would be expected to occur,
on average, once every 10 years. An alternative interpretation is the
event would have a probability of 1/10 of occurring in any given year.
Extreme value analysis allows the calculation of return periods and
probabilities of events that are more extreme than any observed. It
therefore provides a useful complementary approach for estimating the
probabilities of unprecedented rainfall events. The interest here is in
very high rainfall totals above a threshold (i.e., the highest observed
rainfall totals). A Generalised Pareto (GP) distribution is suitable for
fitting to excesses over a high threshold (Coles, 2001). The distribution
function of the GP is:

e[

where u is a suitable threshold and x represents precipitation totals
greater than u (i.e., x > u). The symbols ¢, and ¢ are the scale and shape
parameters respectively, which determine the rate of change of the ex-
tremes with increasing return period. The return levels of given rainfall
amounts, and the corresponding probabilities of precipitation exceeding
a given amount (p) can be obtained by setting H(x) equal to 1 — p and
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inverting the equation above (Coles, 2001; Gilleland and Katz, 2016).
The GP distribution was fitted to the observed and modelled rainfall data
using R software (https://www.R-project.org), specifically the package
“extRemes” version 2.0 (Gilleland and Katz, 2016). The scale (¢,) and
shape (£) parameters for a given threshold (u) were found using
maximum likelihood estimation. The thresholds for each season were
identified from inspection of mean residual life (MRL) and threshold
choice (TC) plots (Coles, 2001).

All other data analysis and visualisation was performed using the
Python language (https://www.python.org) and associated packages.
Correlations were assessed using Pearson and Spearman correlation
coefficients. Linear trends were calculated using a method that is robust
to outliers (Press et al. (1992), pp.694-700).

3. Results
3.1. Impact of heavy rainfall on wine production and quality

In Fig. 2, the total grape must production (red line) from selected
vineyards in the upper Douro valley is clearly lower in those years with
very high spring rainfall (blue line; see Section 2.2 and Fig. S1), espe-
cially 1988, 1993 and 1998. Additionally, the numbers of phytosanitary
treatments (solid circles) were also larger in years with high spring
rainfall. For example, in 1988, seven treatments were needed, whereas
only four or five were applied in 1987 and 1989. In 1993 and 1994, five
treatments were required, but in the years either side only one or two
treatments were applied. The highest number of treatments was ten in
2016, as a consequence of the very high rainfall during winter (not
shown) and spring.

Vineyard management practices have modified must production and
lessened the impact of heavy rainfall during spring in the data shown in
Fig. 2. Modern viticulture technologies started to be adopted in the late
1980s which matured by the end of the 20th century. The effect is
illustrated by the quasi-halving of the standard deviation in production
from before the year 2000 (£+32.7 MI) to after 2000 (+17.4 Ml), while
average production grew by 11 %. These improvements came from
greater technical control of the impact of high spring rainfall. From
2000, integrated pest management strategies were employed and
improved disease bioclimatic models had been developed to determine
when protective sprayings would be most effective. These measures

450
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helped to avoid the extreme deleterious effects of fungal infections seen
in earlier years, although some losses were unavoidable.

Other climatic factors moderate the effects of heavy spring rainfall.
In 1983 and 2000, lower temperatures in early spring, corresponding to
the start of the vine growth cycle, delayed budbreak and vegetation
growth. The high levels of rain in these two years also occurred in early
spring which reduced the impact on overall must production. However,
in 1988, 1993 and 1998, most of the heavy rainfall occurred towards the
end of spring, promoting fungal infection of inflorescences and leading
to poor fruit set, thus further decreasing must production.

Grape maturation in the Douro region usually starts in mid to late
July. The harvest date varies according to each variety, from late August
well into September and even October for vineyards at higher altitudes
(above 400 m). Heavy rain during harvest time (August to October;
Fig. S1) can result in a reduction in the quality of the grapes, by lowering
their sugar, acid, flavour and colour values via dilution phenomena.
Grape acidity and potential alcohol levels are shown in Fig. 3 for a
vineyard in the upper Douro valley. The impacts of the delayed maturity
in harvest time of 1993, the wettest year on record in the period ana-
lysed, can be seen clearly. In the upper panel, titratable acidity is
elevated in this year and the range of values is notably larger than other
years. The pH values are also lower in 1993 than other years.

In the lower panel of Fig. 3, the potential alcohol levels in 1993 are
significantly reduced. Similar features are present in data from other
vineyards in the upper Douro region (not shown). Zhu et al. (2020)
found that rainfall near flowering time had a negative effect on berry
weight of vines in an area of New Zealand, but no discernible impact of
either spring or harvest time rainfall on berry weights was found in the
present study. Heavy rain during harvest time can also promote out-
breaks of fungal rot (Botrytis cinerea) and reduce final yields. It can also
disrupt harvest operations, making it more difficult for both labourers
and machinery to pick and transport grapes to the winery, further
delaying picking which contributes to economic loss much in the way of
a damaging feedback loop.

3.2. Hindcast evaluation
An evaluation of the DePreSys3 hindcasts is needed before the

probabilities of unprecedented rainfall totals can be calculated. The
rainfall totals from Iberia01, CHIRPS and E-OBS were aggregated to the
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Fig. 3. Selected maturation information for a vineyard planted with Tinta Barroca, located at coordinates 41°10'42.4”N, 7°35'05.0"W. The titratable acidity is
expressed as grams of tartaric acid per 100 ml. Potential alcohol has units of % volume. The weight of 100 berries is in grams.

resolution of DePreSys3 using an area-weighted method. First, modelled
and observed rainfall climatologies for each season over Portugal and
Spain are compared (Section 3.2.1). The dependence of the hindcast
rainfall totals on the initial conditions and the independence of the in-
dividual hindcast ensemble members is assessed in Section 3.2.2. A
strong dependence on the initial conditions implies predictability but
could moderate the numbers of extreme rainfall events simulated. If the
hindcast ensemble members are correlated, the effective ensemble size
(and hence true number of extreme seasonal rainfall totals) would be
reduced (Kelder et al., 2022). The fidelity of the hindcast ensemble is
further examined in Section 3.2.3, where the ability of the hindcast to
simulate realistic extreme rainfall events is assessed.

3.2.1. Comparison of modelled and observed rainfall totals

Maps showing averaged seasonal rainfall totals from DePreSys3,
Iberia01, CHIRPS and E-OBS over the Iberian Peninsula for spring and
harvest time are shown in Fig. 4. Rainfall totals are highest over
northern Portugal and the north coast of Spain. Rainfall totals decline
from north to south in Portugal, and from west to east across Spain,
reaching a minimum in the south-east of the country (Cunha et al.,
2011). DePreSys3 reproduces the large-scale rainfall patterns seen in the
three observed datasets in both seasons. E-OBS has smaller rainfall to-
tals over northern Portugal and Spain than Iberia01 and CHIRPS in
spring (Fig. 4, upper panels). During harvest time, rainfall totals are
generally lower than those in spring in all datasets. DePreSys3 and E-
OBS have a dry bias over northern Portugal and Spain compared with
CHIRPS and Iberia01 (Fig. 4, lower panels).

3.2.2. Independence of ensemble members

Independence of the ensemble members is important in the present
study. Predictability on seasonal timescales is possible via slow fluctu-
ations of components of the Earth system, such as sea-surface temper-
atures, which can influence patterns in the weather (Dunstone et al.,
2016). The hindcasts could have a conditional bias originating from the
initial state of these slowly varying components (Kelder et al., 2020).
This bias could result in larger or smaller numbers of extreme precipi-
tation events over northern Portugal.

The independence of the hindcast ensemble members was tested in
two ways. First, the temporal correlations between the hindcast
ensemble mean rainfall totals and rainfall totals from each of the

observed datasets were calculated for each season. If the ensemble mean
is correlated with the observations, then this implies predictability. The
modelled rainfall extremes would be tied to the initial conditions, which
could mean a full range of possible climatic states would not be sampled.
For spring (April-June), the Pearson’s correlation coefficients between
the modelled and observed rainfall totals were less than or equal to 0.12
for all three observed datasets (Table 2). The corresponding p-values
were>0.46, indicating no correlation. The correlation coefficients for
harvest time (August to October) rainfall were larger, up to 0.41. The
corresponding p-values were smaller (less than 0.1), and that for E-OBS
equals 0.01 indicating a strong correlation (Table 2). The hindcasts for
spring are therefore independent of the initial conditions, whereas the
hindcasts for harvest time represent events that follow the slowly
evolving climatic state.

Secondly, the degree of dependence among ensemble members is
assessed following the method of Kelder et al. (2020), which is based on
the idea of how well a model predicts itself (Dunstone et al., 2016). A
pairwise correlation test is applied to identify any dependence between
individual ensemble members. There are 780 parings for a 40-member
ensemble for each season studied. The precipitation totals from each
member are converted to standardised anomalies by subtracting the
mean and then dividing by the standard deviation. The Spearman rank
correlation coefficient is calculated for each paring using the stand-
ardised anomalies. Boxplot statistics (median, interquartile range and
the whiskers) were calculated from the 780 correlation coefficients
(Fig. 5). The correlation coefficients range from —0.47 to + 0.45. A wide
range in values of the correlation coefficient is expected, owing to the
large number of tests. The medians are close to zero in both seasons.

Given the large number of correlation tests, a proportion would be
expected to be significant by chance. A permutation test is used to es-
timate the confidence intervals of the boxplot statistics and avoid false
detection of significant correlations between the hindcast ensemble
members (Kelder et al., 2020). The hindcast data for each season were
resampled 1000 times without replacement and the procedure in the
previous paragraph was repeated to produce 1000 sets of boxplot sta-
tistics. If the ensemble members are truly independent, resampling and
recalculating the correlations should produce similar values of the
boxplot statistics. The 95 % confidence intervals in the median, inter-
quartile range and whiskers were calculated from the 1000 samples and
are shown as grey shaded areas in Fig. 5. The median, interquartile
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Fig. 4. Mean of spring (April to June) and harvest time (August to October) rainfall totals over the Iberian Peninsula, from DePreSys3 (1980-2017), CHIRPS
(1981-2017), Iberia01 (1980-2015) and E-OBS (1980-2017). The DePreSys3 data are an average over all years and ensemble members. The rainfall totals from
Iberia01, CHIRPS and E-OBS were aggregated to the resolution of DePreSys3 using an area-weighted method.

range and whiskers from the correlations between the original hindcasts
all lie within the 95 % confidence intervals, although the statistics for
harvest time lie close to the edges. The permutation test indicates that
the DePreSys ensemble members are independent of one another, and
therefore contain unique precipitation events.

3.2.3. Fidelity of the hindcasts

The fidelity of the DePreSys3 hindcasts is assessed further over the
study area of northern Portugal (Fig. 1). A key requirement is that the
distribution of rainfall in the model ensemble members and observations
should be indistinguishable (Thompson et al., 2017). Time series of
rainfall totals over northern Portugal were calculated from the hindcasts
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Table 2

Pearson correlation coefficients (R) between the ensemble mean precipitation
totals from DePreSys and rainfall totals in spring and harvest time from the three
datasets CHIRPS, Iberia01 and E-OBS. The corresponding p-values are shown in
parentheses.

Dataset Spring Harvest time

CHIRPS
Iberia01
E-OBS

0.08 (0.62)
0.12 (0.47)
0.12 (0.47)

0.29 (0.08)
0.31 (0.07)
0.41 (0.01)

0.6

{ oo

0.4

0.2 4

0.0 4
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Spearman correlation coefficent
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Fig. 5. Boxplots of the 780 Spearman correlation coefficients for spring and
harvest time. The box limits indicate the interquartile range, and the centre line
shows the median. The whiskers represent 1.5x the interquartile range. Grey
shading shows the 95 % confidence intervals of the boxplot statistics estimated
from a permutation test consisting of 1000 samples. Outlying data points are
shown by open circles.

for spring and harvest time. For each 3-month period, 10,000 proxy time
series of length equal to the observations (38 years) were sampled by
bootstrapping with replacement from the modelled rainfall series. The
modelled and observed rainfall totals are considered indistinguishable if
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the mean, standard deviation, skewness and kurtosis from the observa-
tions are within the central 95 % of the model bootstraps (Thompson
et al., 2017; Thompson et al., 2019). For both spring and harvest time,
the standard deviation, skewness and kurtosis from all three observed
datasets (Iberia01, E-OBS and CHIRPS) lie within this percentile range.
For CHIRPS and Iberia01 (Figs. 6, S3 and S4), the mean spring rainfall
totals were within the central 95 % of the model bootstraps, but there
was a dry bias in the mean of the modelled rainfall for harvest time. For
E-OBS, the modelled spring rainfall totals had a wet bias, but the harvest
rainfall totals were in good agreement with the modelled values
(Fig. S5).

Biases in modelled rainfall amounts are often corrected using
methods that modify the entire distribution (Mendez et al., 2020). These
methods would therefore change the standard deviation, skewness and
kurtosis of the modelled data, which is not desirable in the present study.
Instead, biases in the modelled rainfall totals were corrected by applying
an additive bias correction method. The ensemble mean bias was
calculated, and then this bias was added to all of the hindcast ensemble
members. This approach corrects the bias in the mean rainfall totals but
has no effect on the other characteristics of the modelled rainfall
distribution.

All the observed metrics now lie within the central 95 % of the model
distributions (Fig. 6; Supplemental material, Figs. S3-S5); therefore, the
model is considered to be statistically indistinguishable from the ob-
servations (Thompson et al., 2017; Thompson et al., 2019). Three sets of
bias-corrected modelled precipitation totals have been produced, which
will be used to estimate the probabilities of unprecedented rainfall totals
in spring and harvest time.

3.3. Unprecedented rainfall events

The highest observed rainfall totals from all three observational
datasets for spring and harvest time are shown in Table 3. The observed
rainfall series derived from CHIRPS are reproduced in Fig. 7 (black
lines), and the highest observed rainfall totals are indicated by the
horizontal dashed lines. The red lines show the rainfall totals from all 40
members of the decadal hindcasts. Similar figures using Iberia01 and E-

Spring: Mean Std Deviation Fig. 6. T.he' distributions of the meén, stan-
3000 - 2000 4 dard deviation, skewness and kurtosis of the
sampled modelled precipitation data (light
red) compared with the observed values
1500 A from CHIRPS (black vertical line) for spring
2000 A (April to June). The vertical scales indicate
the number of values in each of the histo-
1000 ~ gram bins. The percentile of the observed
value in the sampled model distribution is
1000 + 500 - shown at the lower right of each panel.
o o Modelled distributions are compared with
89% 31% CHIRPS rainfall totals for harvest time in
0 1 T T T : 0 1~ : 1 T . Fig. S3. (For interpretation of the references
175 200 225 250 275 40 60 80 100 120 to colour in this figure legend, the reader is
Sk Kurtosi referred to the web version of this article.)
ewness urtosis
2500
2000 A — obs
2000 + model
1500 A
1500 4
1000 1000 4
500 A i
81% >00 56%
O T T T T O T T T
0 1 2 3 0.0 25 50 75 10.0
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Table 3

Probabilities of unprecedented rainfall from the decadal hindcasts. The column
headings show the observational datasets used to bias-correct the precipitation
totals in the hindcasts. The rows “Number above Max” show the number of times
that precipitation totals in the hindcasts exceeded the maximum observed value
for the given season. The row immediately below shows the corresponding
probability and 95% confidence intervals; the latter were calculated using
Wilson score intervals. The bottom row shows the numbers of years in the
hindcasts with extreme rainfall in both seasons and the estimated probabilities.

CHIRPS Iberia01 E-OBS
Spring (April to June)
Max Observed/mm 418 456 339
Number above Max 20 7 41
Probability (95 % C.L) 0.013 0.005 0.027
(0.008, (0.002, (0.020,
0.020) 0.009) 0.036)
Harvest time (August to September)
Max Observed/mm 389 460 364
Number above Max 56 13 43
Probability (95 % C.1.) 0.037 0.009 0.028
(0.028, (0.005, (0.021,
0.047) 0.015) 0.038)
Number of years in hindcasts with 18 (0.012) 21 (0.014) 2 (0.001)

extreme precipitation in both
seasons (probability).

OBS are shown in the Supplemental material (Fig. S6). Unprecedented
events occur when rainfall totals in the hindcasts exceed the highest
observed values. Trends in the numbers and magnitudes of the un-
precedented rainfall events in the hindcasts were calculated using a
linear regression method that is robust to outliers (Press et al., 1992).
Most of the trends were small and close to zero, and none was significant
at the 5 % level. The hindcasts include an extremely high rainfall total in
each season, over 600 mm in spring and over 700 mm in harvest time.
Such events would have a devastating impact on vineyards via severe
erosion of soils on the steep slopes and large losses on the vineyards.
From Figs. 7 and S6, the highest observed rainfall totals are exceeded

CHIRPS
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in a small number of years in both seasons (see entries in rows “Number
above Max” in Table 3). It is assumed that the unprecedented events
occur with probability P, which can be estimated as the number of
events divided by the sample size (Kent et al., 2017). A binomial
approach is used to estimate the ‘counting uncertainty’ in these proba-
bilities, using P as the binomial probability of success. The 95 % confi-
dence ranges in these probabilities were estimated using Wilson score
intervals (Wilson, 1927). The probability of unprecedented rainfall to-
tals occurring in either season is less than 0.04 (Table 3). The proba-
bilities estimated using the IberiaOl dataset are notably smaller than
those estimated with CHIRPS and E-OBS. Results using the CHIRPS and
Iberia01 datasets suggest there is a slightly higher probability of un-
precedented rainfall totals during harvest time than spring, whereas the
probabilities derived using E-OBS are almost the same in both seasons.
These results show that the probability of an unprecedented rainfall
event over northern Portugal in either season is low. An event might be
expected, on average, once in the next 20-100 years in the present
climate.

From the observed rainfall data (Fig. S1), both the spring and harvest
time were exceptionally wet in 1993. In CHIRPS and E-OBS, the pre-
cipitation totals for spring and harvest time of 1993 were almost the
same, at 300 mm and 362 mm respectively. The totals in IberiaO1 were
higher, at 358 mm and 450 mm. Years similar to 1993 were searched for
in the hindcasts, using thresholds of 300 mm and 360 mm for either
season. The numbers of years with extreme precipitation totals in both
seasons vary depending on the dataset used to bias-correct the hindcast
data, and are shown in the bottom row of Table 3. The numbers of years
were 18 (CHIRPS), 21 (Iberia01) and 2 (E-OBS). E-OBS has a dry bias
compared with the other two datasets (Section 3.2.1), so the number of
years is correspondingly smaller. The probabilities are 0.012 and 0.014
from modelled data corrected by CHIRPS and IberiaOl respectively. A
year similar to 1993 reoccurring in the present climate would be ex-
pected to occur, on average, once in the next 70-80 years in the current
climate. Although the probability of another year like 1993 is low, it
would have a high impact on wine production, via erosion of soils and
terraces, damage to the vines and reduced must production.

Fig. 7. Unprecedented seasonal rainfall
totals for spring (April to June) and

600 -

400 -

200 A

Seasonal Rainfall / mm

harvest time (April to October) in
northern Portugal from 1980 to 2017.
The solid black lines show observed
rainfall totals from CHIRPS (Funk et al.,
2015), and the dashed black lines indi-
cate the highest observed values. The
red lines represent rainfall totals from
the bias-corrected hindcasts (40 mem-
bers). Unprecedented rainfall totals are
apparent when the modelled rainfall
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3.4. Extreme value analysis

Before fitting the Generalised Pareto (GP) model to the data (Section
2.3), it is first necessary to select a suitable threshold u, which must be
sufficiently high in order that the values above the threshold can be
represented by a GP distribution. However, if the threshold is too high,
the model fit becomes unstable because there are too few data points to
constrain the GP model. The approach adopted in the present study was
to choose the lowest valid threshold (Gilleland and Katz, 2016). The
thresholds for each season were identified via inspection of mean re-
sidual life (MRL) and threshold choice (TC) plots (Coles, 2001). The
“extRemes” package (Gilleland and Katz, 2016) includes functions to
create these plots. Examples are shown in the Supplemental material,
Fig. S7. In the MRL plot, the mean of the excesses (x — u) above a
threshold u are plotted as a function of the threshold. The range of
appropriate threshold values appears as an approximately linear region
(Coles, 2001). In the TC plots, the reparametrized scale parameter ¢* =
oy — fu and shape parameter £ are plotted as a function of the threshold.
Both parameters should have near-constant values over the range of
valid thresholds. In Fig. S7, an approximately linear section is seen in the
MRL plot for thresholds between 250 and 320 mm. The reparametrized
scale and shape parameters have near-constant values over the same
range, so that a threshold of 250 mm was chosen for spring. The GP
thresholds for both seasons using hindcast data bias-corrected with each
of the observed datasets (Section 3.2.3) are listed in Table 4.

Some of the MRL and TC plots created using the observed rainfall
totals were harder to interpret, and suitable thresholds could not be
easily identified. For all datasets (modelled and observed), the GP model
was repeatedly fitted to the data using a range of thresholds, starting at
100 mm and increasing in steps of 10 mm. Diagnostic plots produced by
“extRemes”, showing quantile-quantile comparisons and histograms of
rainfall totals from the data and fitted GP model, allowed the quality of
the fit to be assessed (see Coles (2001), pp. 88-89, and “Fig. 2" of Gil-
leland and Katz (2016)). Thresholds chosen from the MRL and TC plots
(Table 4) were further verified using the best fit of the GP model to the
observed or modelled data as inferred from the diagnostic plots.

The magnitudes of rainfall totals for each season are shown against
their return periods in Figs. 8 and S8. It is apparent that the confidence
intervals associated with the observed data (green dashed lines) are
much wider than those of the modelled data (grey dashed lines). There
are larger numbers of extreme events in the decadal hindcasts with

Table 4

Maximum observed rainfall totals and probabilities of unprecedented rainfall
totals estimated from the decadal hindcasts and GP distributions. The 95%
confidence intervals (C.I.) are shown in parentheses after the probabilities.
Where necessary, the mean of the modelled precipitation totals was adjusted to
equal the mean of the given observed dataset as described in Section 3.2. The GP
thresholds will therefore depend on the observed dataset used for the bias
correction.

CHIRPS Iberia01 E-OBS
Spring (April-June)
Max Observed/mm 418 456 339
GP Threshold (mm) 240 250 200
GP Probability (95 % C.1.) 0.016 (0.011, 0.007 (0.003, 0.029 (0.022,
0.021) 0.010) 0.036)
Hindcast Probability (95 0.013 (0.008, 0.005 (0.002, 0.027 (0.020,
% C.L) 0.020) 0.009) 0.036)
Harvest time (August to
September)
Max Observed/mm 389 460 364
GP Threshold (mm) 160 220 200
GP Probability (95 % C.1.) 0.042 (0.034, 0.013 (0.009, 0.022 (0.015,
0.050) 0.018) 0.026)
Hindcast Probability (95 0.037 (0.029, 0.009 (0.005, 0.028 (0.021,
% C.L) 0.048) 0.015) 0.038)
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which to constrain the GP model. The return level curves in Figs. 8 and
S8 show that the use of a large ensemble of model simulations means the
uncertainties in the return levels are greatly constrained compared with
using the observations. The return levels for longer return periods are
generally higher in the modelled data than the observed, particularly in
harvest time. However, the confidence intervals of the observed data
contains the modelled curves for all time periods, showing that both the
modelled and observed extremes come from the same distribution.

The probabilities of exceeding the highest observed values in each
dataset were calculated from the parameters of the GP curves fitted to
the modelled data, and are shown in Table 4. These probabilities are in
good agreement with those estimated from the decadal hindcasts in
Section 3.3, and the 95 % confidence intervals overlap. In most cases,
the probabilities of unprecedented rainfall totals calculated from the fit
of the GP model to the hindcasts are slightly higher than those estimated
directly from the decadal hindcasts.

4. Discussion

Heavy rainfall can cause severe disruption to vine growers in
northern Portugal and result in economic losses. High rainfall during
spring (April to June) can promote growth of the vines but increases the
risk of fungal disease. Heavy rainfall during harvest time (August to
October) can reduce the quality of the grapes, promote fungal outbreaks,
reduce overall yields and has the potential for severe operational
disruption during harvesting. An understanding of the risk of unprece-
dented rainfall totals is therefore of interest to wine producers. A large
ensemble of decadal hindcasts has been used to estimate the probability
of unprecedented rainfall events over northern Portugal in the current
climate. The large ensemble of model simulations, with nearly-two or-
ders of magnitude more data than the observational record, allows the
probability and return periods of extreme monthly rainfall to be esti-
mated robustly.

Unprecedented rainfall totals are possible under the current climate
in northern Portugal during spring and harvest time. The probability of
an unprecedented rainfall event in each season was estimated from the
hindcasts by counting the number of events with rainfall totals higher
than the maximum observed values. The probability in both seasons was
less than 0.04. A complementary analysis using extreme value theory
provided estimated probabilities that were slightly higher, although the
95 % confidence intervals of the probabilities overlap. An unprece-
dented rainfall event might be expected, on average, just once in each
season over the next 20-100 years. Further analysis of the hindcasts
showed that the probability of reoccurrence of another year similar to
1993, with very high rainfall in both spring and harvest time, is also low,
and might occur, on average, once in the next 70-80 years in the current
climate. Nevertheless, a year similar to 1993 could have high negative
impacts on the area, via erosion of the terraces, loss of vines and reduced
must production. The decadal hindcast ensemble is based on a dynam-
ical model of the atmosphere and ocean (Williams et al., 2015), giving
confidence that such unprecedented rainfall events could happen
physically, and are not just the result of statistical extrapolation.

As well as quantifying the probability of unprecedented events, the
DePreSys3 hindcast has also revealed a remarkably high rainfall extreme
in each season: spring > 600 mm and harvest time > 700 mm. Although
both of these events have a very low probability of occurrence (less than
1 in 1,000 years), some users might be interested that such large ex-
tremes might occur in the current climate. Such events could have a
devastating impact on vineyards due to erosion of soils on the steep
slopes, depending upon the spatiotemporal pattern of the rainfall within
that season. The hindcasts used in the present study consisted of 40
ensemble members produced from the same climate model. In order to
account for model structural error, ensembles from other near-term
prediction systems could be used in the future (Jain et al., 2020),
which would also increase the size of the sample of unprecedented
rainfall events for study.
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Fig. 8. Return level curves from fitting a General-
ised Pareto (GP) extreme value distribution to sea-
sonal rainfall totals in the CHIRPS dataset (green
lines) and decadal hindcasts (black lines) above the
thresholds given in Table 4. Curves are shown for
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October). Solid red circles represent empirical return
levels for the observed rainfall totals. The solid lines
show the fitted GP curves and the dashed lines the
95% confidence intervals. (For interpretation of the
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Few studies have assessed the skill of seasonal and decadal forecasts
for northern Portugal. Santos et al. (2020) developed a statistical model
of port wine production for the Douro and Porto DOC region, which was
combined with seasonal forecasts to predict wine production. An
extension of the work presented here would be to assess seasonal fore-
cast skill of unprecedented rainfall amounts in spring and harvest time.
If the forecast model is skilful, a service could be provided to wine
growers in northern Portugal. Other studies have improved seasonal
forecast skill of extreme precipitation using machine learning (Civ-
itarese et al., 2021).

Other data sources could be used to estimate the probability of rare
and unprecedented climatic events. Gessner et al. (2021) applied sta-
tistical methods to a very long (about 5000 year) global climate model
simulation to estimate the magnitudes of unprecedented heat extremes.
A similar approach could be used to study unprecedented rainfall totals.
Weather generators, which are stochastic models trained on observa-
tions, have been used to simulate numbers and magnitudes of climate
extremes (Gitau et al., 2018; Nguyen et al., 2021). Some weather gen-
erators are capable of simulating unprecedented climatic events, such as
low and high rainfall scenarios more extreme than those observed
(Serinaldi and Kilsby, 2012).

This study has focused on two metrics, which are the total rainfall
amounts over northern Portugal for spring and harvest time. One
extension to this study would be to consider the numbers and timing of
heavy rainfall events. Heavy rain in spring 2016 mostly occurred on
three days (Fig. S2), two of which were only 4 days apart. In other years,
the rainfall could be spread over a larger number of days and occur in
different parts of the season which could moderate the exact impacts on
wine production. The probabilities of other climatic extremes could also
be evaluated. Heat waves during the viticultural cycle can also reduce
yields; the European heat wave and drought of 2022 is expected to
reduce yields in several countries, including Portugal (OIV, 2022b). The
model simulations also allow investigation into the circulation patterns
and causes of extreme events, but such an analysis is beyond the scope of
the present study. In the study area, vines are the major crop type, but
almonds and olives are also grown. The same approach used here could
be tailored to calculate the probabilities of unprecedented rainfall in key
seasons for other crop types.

This study is the first to assess the probability of unprecedented
rainfall extremes over northern Portugal. The probability of heavy
rainfall in spring and harvest time in the present climate is low (0.01 to
0.05), and the probability of a year similar to 1993 with heavy rainfall in
both seasons is also small. Nevertheless, the impact of heavy rainfall in
either or both seasons could be high, including damage to vines and
reduced production. These results help inform the need for and size of
costly adaptation investments, such as better availability of spraying
machinery and labour, high-gauge drainage, landslide controls or even
abandonment of exposed vineyard areas.
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