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s u m m a r y

Extreme value analysis of drought indices was used to assess the likelihood of drought over the UK during
the 20th century and potential future changes due to increased atmospheric greenhouse gasses. Precip-
itation indices were derived using 3, 6, 12 and 18 month accumulations, normalised by the 1961–1990
mean and standardized by the corresponding standard deviation. A soil moisture index, similarly stan-
dardized, was calculated from monthly soil moisture data. Output from an 11-member perturbed physics
ensemble of the Hadley Centre regional climate model (HadRM3), forced at the boundaries by equivalent
versions of the Hadley Centre global climate model (HadCM3), was evaluated against available observa-
tional-based reference data. Soil moisture reference data were derived from a distributed land surface
scheme driven by meteorological reanalysis. Whilst the model ensemble underestimates the variability
of the precipitation climatology in the reference data, it accurately replicates the extreme characteristics
of dry months for the majority of the ensemble members. Differences in land surface characteristics and
the representation of sub-grid scale heterogeneity means that there are significant differences in the rep-
resentation of soil moisture between model and reference data. However, when HadRM3 is forced at the
boundaries by ERA-40 reanalysis data the extreme characteristics of low soil moisture are replicated by
the model ensemble indicating that using the regional climate model ensemble to downscale from the
coarse resolution of HadCM3 is appropriate. Projections of drought for the 21st century were estimated
by applying non-stationary extreme value theory to these monthly drought indices. All drought indices
show an overall increase in drought in the future. However, the spread of values is considerable ranging
from little change or a slight decrease to a significant increase depending on ensemble member and, to a
smaller extent, location. The impact of these projections are put in the context of the notorious UK
drought of the summer of 1976. This work provides preliminary steps towards a probabilistic assessment
of changes in future drought.

Crown Copyright ! 2010 Published by Elsevier B.V. All rights reserved.

1. Introduction

Drought events are rare events which can have a significant so-
cio-economic impact on local communities and nations. Drought
develops during or following periods of low accumulated precipi-
tation relative to normal conditions and is exacerbated by high
temperatures. As a drought develops, the lack of rainfall leads to
persistently dry conditions, low soil moisture, low river flows,
reduced storage in reservoirs and less groundwater recharge
(Tallaksen and van Lanen, 2004).

In the UK, the 1976 summer drought was a notoriously high im-
pact event with the national press calling it the ‘Great Drought’.
The 16-months between May 1975 and August 1976 had the low-
est 16-month rainfall since records began in 1766. In addition, the
majority of British rivers had their lowest flows on record (Marsh
et al., 2007). Impacts included forest fires in Southern England

which destroyed up to 50,000 trees, crop failure resulting in
£500 million worth of losses and widespread water rationing with
public standpipes in some areas (Currie, 2008; Herbert, 2006;
Wainwright, 2006). A Drought Act was passed by the UK
government and a minister was made responsible for handling
the water shortage. It is important to know how the likelihood of
droughts, such as the 1976 event, will change in the future to allow
effective water resource strategies and drought action plans to be
developed.

Global climate models (GCMs) can be used to assess the possi-
ble change in the likelihood of drought in the future by modelling
the effect of particular future emission scenarios of greenhouse
gasses on the climate. Generally, GCMs are of low resolution so
in order to provide spatially detailed local information, over the
UK for example, they need to be combined with a downscaling
technique. Two main downscaling approaches exist (Fowler
et al., 2007). The first is a set of statistical techniques where empir-
ical relationships between the GCM-resolution climate and the lo-
cal climate are derived. However, this assumes that the statistical
relationships from the 20th century are the same as those in the
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future and it is hard to capture changes in variability and extremes
(Fowler et al., 2007). The second is a dynamical downscaling ap-
proach where a higher resolution regional climate model (RCM)
is nested within the GCM. It is generally assumed that regional pro-
cesses do not affect the large scale atmospheric flow so only one
way nesting is applied. These models are physically based and as
such dynamically reproduce extreme events and any future
changes in their nature.

Deficiencies in an individual climate model (regional or glo-
bal) may adversely affect the simulated climatology and any pro-
jected future changes. Therefore, if future projections are to
provide credible guidance to adaptation strategies their uncer-
tainties must be adequately characterised. Uncertainties arising
from the actual modelling of the physical climate and natural
variability can be characterised through the use of model ensem-
bles. For example, multi-model ensembles have been extensively
used (e.g. Christensen et al., 2007) as have approaches based on
perturbing uncertain parameters in a single model (Murphy
et al., 2004). Clark et al. (2006) and Barnett et al. (2006) used a
perturbed physics GCM ensemble to project an increase in extre-
mely hot events under increased atmospheric CO2. They found
large uncertainties in the size of the increase dependent on
ensemble member. Another factor affecting the projection of
any future changes is the nature of future emissions. In order
to incorporate these types of uncertainties, methods for probabi-
listic assessments of climate change are currently being devel-
oped. Probabilistic projections have employed probability
density functions (pdfs) of global mean warming (Meehl et al.,
2007; Murphy et al., 2004; Stainforth et al., 2005). These were
produced by weighting the performance of members of ensem-
bles against their ability to represent the historic climate. Pdfs
have also been produced for regional scale changes (e.g. Stott,
2003; Tebaldi et al., 2004) with some specifically applicable to
hydrological assessments (Ekstrom et al., 2007; Hingray et al.,
2007). The UKCP09 program (http://www.ukcip.org.uk), has pro-
vided probabilistic projections over the UK for a range of climate
variables (Murphy et al., 2009) and the work discussed in this pa-
per is a step towards using this methodology for probabilistic
projections of drought over the UK. It develops methods for
assessing projected changes of drought using a perturbed physics
regional climate model ensemble and tools that can be adopted
to produce pdfs of drought recurrence in the future.

Previous research into projected changes in drought over the UK
have used multi-model GCM ensembles downscaled either dynam-
ically (Blenkinsop and Fowler, 2007) or statistically (Vidal and
Wade, 2009). Despite some limitations on the ability of their RCMs
to simulate the observed frequency of drought events, Blenkinsop
and Fowler (2007) project an increase in short-term summer
drought in England and Wales. They also suggest that the longest
drought events will become shorter and less severe. Their results
are highly uncertain and strongly dependent upon the driving
GCM. Similarly, Vidal and Wade (2009) project an increase in the
frequency of short term drought events, a decrease in long term
drought, and advise the use of model ensembles for water resource
planning. These studies focus on precipitation based drought met-
rics for a limited number of ensemble members. Here we addition-
ally discuss a soil moisture-based drought index.

The most extreme events have the greatest impact but by
definition these are the most rare and are difficult to characterise
statistically. The application of extreme value theory and the fitting
of extreme distributions to address this difficulty is becoming
increasingly common in climate studies (Kharin and Zwiers,
2000; Wettstein and Mearns, 2002; Zhang et al., 2004; Kharin
et al., 2007). The few studies which have investigated extreme va-
lue distributions in a changing climate have focused on short dura-
tion events such as daily temperature or daily precipitation

extremes (for example, Nogaj et al., 2006; Brown et al., 2008;
Tomassini and Jacob, 2009; Sugahara et al., 2009).

This paper applies extreme value theory to drought indices that
represent dry conditions over periods of 1–18 months to quantify
the occurrence of extreme drought. The ability of HadRM3 to
reproduce historic drought over the UK is assessed and projections
of changes in the future are made. These changes are put in the
context of the severe drought that occurred for much of the UK
in the summer of 1976. In the future the method developed here
will form the basis of a methodology for probabilistic projections
of drought.

2. Definition of drought

Drought was defined using both precipitation and soil moisture
based indices. Monthly accumulations of precipitation from the
previous 3, 6, 12 and 18 months were used to define monthly
drought indices. Accumulated precipitation was used because
drought has a greater impact over time scales longer than 1 month.
Additionally, the likelihood of zero precipitation in any month
needs to be negligible in order to use extreme value analysis. The
minimum value over the period of record of the 3-month accumu-
lations was 5 mm. In some regions over the UK short term (3–
6 month) drought has considerable impact on water resources,
whereas in others long term (12 to longer than 18 months) has a
greater impact. These monthly accumulations of precipitation
were converted to monthly drought indices (Dt) by calculating
the standardized anomalies from climatology:

Dt ¼
ðPt # Pc lim

t Þ
rPc lim

t

with Pt ¼
Xt

i¼1

pi ð1Þ

where pi is the monthly precipitation for month i; t is the time over
which there is an accumulation for each month i; Pt is the accumu-
lated precipitation over time t; Pc lim

t is the climatology of the mean
precipitation accumulation over time t for the period 1961–1990.
Similarly rPc lim

t
is the standard deviation of the precipitation accu-

mulation climatology over time t, again for the period 1961–1990.
This definition of drought preserves the statistical properties of
dry months present in the original data. The drought indices for 3,
6, 12 and 18 months precipitation accumulations are D3, D6, D12,
and D18 respectively. The drought indices have little statistical
dependence on the time of year allowing the indices from all
months to be pooled for analysis. This results in an improved data
sample for the application of the extreme value methodology dis-
cussed in Section 4.

A monthly soil moisture drought index Dsm was defined by the
standardized anomalies of the monthly soil moisture (cf. Eq. (1)
for t = 1). As before, climatology was taken to be the monthly
mean and standard deviation of the 1961–1990 soil moisture.
Drought indices defined from accumulated soil moisture (i.e.
t > 1) were not included within this analysis because, unlike pre-
cipitation, soil moisture already retains some memory of previous
months. This is reflected by serial correlations or memory of be-
tween 0.3 and 0.8 for 1-month lag time; with the amount of
memory depending on the region under consideration. As well
as removing much of the seasonality from the drought indices
these standardized anomalies enable comparison between differ-
ent measures of soil moisture. For example, Wang et al. (2009)
and Koster et al. (2009) show that the soil moisture output from
an ensemble of different land surface schemes driven by ob-
served meteorological forcing have very distinct magnitudes
and seasonality. However, when they are standardized they pro-
duce approximately comparable information on temporal
variability.
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3. Data

3.1. Hadley centre climate models

The model simulations used here were made with version 3 of
the Hadley Centre Climate model (HadCM3 – Gordon et al., 2000)
which has an atmospheric resolution of 2.5" latitude by 3.75" lon-
gitude corresponding to %300 km at the equator with 19 levels in
the vertical. The atmosphere is coupled to a fully dynamical ocean
with a resolution of 1.25" by 1.25". HadCM3 incorporates the Met
Office Surface Exchanges Scheme (MOSES) which calculates water
and energy fluxes at the land surface (Cox et al., 1999). A single en-
ergy and water balance is calculated for each grid cell, based on
one set of effective parameters which represent the combination
of different land cover types within that grid cell. MOSES has four
layers with depths chosen to capture the important temperature
cycles. Soil hydrology is based on these four layers and an approx-
imation to the Richard’s equation (Cox et al., 1999). Effective soil
physical parameters are calculated from the different soil types
in the grid cell. Plant physiological processes including photosyn-
thesis, respiration and transpiration are also represented within
the model.

HadCM3 has only four land grid points over the UK so in order
to provide more detailed spatial information for the UK it is neces-
sary to implement a downscaling technique. In this case the Hadley
centre regional climate model (HadRM3) was used. HadRM3 uses a
rotated pole grid with a resolution of 25 km and 19 levels in the
vertical (Jones et al., 2004). It is parallel to HadAM3 (Pope et al.,
2000) except for the resolution dependent parameters which have
been tuned to 25 km. HadRM3 can be forced at the boundaries by
either output from a global climate model or by an atmospheric
reanalysis such as ERA-40 (Uppala et al., 2005). The regional cli-
mate model was run over Europe, although only the UK has been
analysed in this paper. Output from HadRM3 includes monthly
precipitation and monthly soil moisture which are used to calcu-
late the drought indices defined above. This paper presents results
from HadRM3 forced at the boundaries by ERA-40 atmospheric
reanalysis and from an eleven member perturbed physics ensem-
ble based on HadRM3 with lateral boundary conditions from Had-
CM3 (Murphy et al., 2009).

3.2. HadRM3 forced by ERA-40

Synoptic scale variability within HadRM3 is largely determined
by the boundary forcing. Hence any errors in the large scale atmo-
spheric flow of the forcing data will also be present in the regional
climate model run. Therefore, to fully assess the downscaling abil-
ity of HadRM3, the reference data (see Section 3.4) are compared
with output from an RCM forced at the boundaries by the ERA-
40 global atmospheric reanalysis data denoted RM40. As such rea-
nalyses are based on assimilating all possible observations they
represent the best available estimate of historical global atmo-
spheric conditions. RM40 output is available for the same time per-
iod as the ERA-40 reanalysis data (1958–2002). It should be noted
that any differences between RM40 and the reference data may
also be a result of errors in the ERA-40 reanalysis.

3.3. Perturbed physics ensemble

Here an 11-member perturbed physics ensemble is used in
which each ensemble member consists of a perturbed physics ver-
sion of HadRM3 forced at the boundaries by the equivalent per-
turbed physics version of HadCM3. One member, the standard
published version (Gordon et al., 2000), has no parameter pertur-
bations and is the same configuration as for RM40 above. The other

members have multiple parameter perturbations discussed in de-
tail in Collins et al. (2009) and summarised in the paragraph below.
The perturbed HadCM3 models yield simulations of global climate
of comparable quality to the standard published version of Had-
CM3 (Collins et al., 2009). Each ensemble member is run from
1950 to 2100. For the historical period the most important external
climate forcings are included in the driving GCM and RCM (Collins
et al., 2009). For the future period they are run under the A1B
(medium) emissions scenario with constant solar forcing and vol-
canic aerosol (Murphy et al., 2009).

A selection of 31 uncertain parameters were perturbed in com-
bination away from their standard value but within uncertainty
ranges specified by experts. These parameters directly influence
the following processes: large scale cloud, convection, radiation,
boundary layer, dynamics, land surface processes and sea ice (Col-
lins et al., 2009). The combination of multiple parameter perturba-
tions were chosen to cover a range of climate sensitivity whilst
retaining skill in reproducing the historic climate (Webb et al.,
2006; Murphy et al., 2004). The main parameter which directly af-
fects soil moisture is one which determines the plant rooting
depth: a smaller rooting depth parameter means less soil water
available for the plant to extract from the soil and vice versa. This
is found to significantly impact the serial correlation of the soil
moisture. The standard value, which is also used for RM40, is the
deepest rooting depth with the longest serial correlation.

3.4. Reference data

The ability of the 11-member HadRM3 ensemble to recreate
precipitation drought during the 20th century (historic) was tested
by comparison with reference data derived from observations.
Monthly precipitation data gridded at 5 km resolution are available
for the period between 1914 and 2005 on the GB national grid.
These data were created from station precipitation measurements
which were interpolated to the 5 km grid by regressing the norma-
lised precipitation with geographic factors such as topography and
then interpolating the model residuals (Perry and Hollis, 2005).
These were re-projected and then re-gridded using bilinear inter-
polation to a rotated pole grid of 25 km resolution so they were
comparable with the regional climate model output.

Gridded in situ soil moisture observations are unavailable,
therefore the ability of the climate model to reproduce observed
in situ soil moisture cannot be validated directly. However, a mod-
el-derived substitute can be used to give an indication of the ob-
served soil moisture and the performance of the regional climate
model. This was obtained from a different version of MOSES to that
incorporated within the climate models (MOSES-PDM) which
explicitly includes sub-grid scale heterogeneity of both land cover
and soil hydrology by incorporating a Probability Distributed Mois-
ture scheme (PDM). MOSES-PDM was driven by historical meteo-
rological data from the Met Office’s Nimrod nowcasting system
(Golding, 1998) for the period 1960–2005 (Smith et al., 2006)
and is denoted here by MPDM. Since MPDM uses analyses of ob-
served meteorology, the spatial and temporal distributions of dry
periods are expected to be well represented. MPDM has been val-
idated at two locations in south-east England; a grassland site on a
medium soil and a woodland site on a coarse soil (Blyth, 2002). The
model did remarkably well for both cases calculating a reasonable
mean soil moisture and seasonal variation. The output from MPDM
is soil moisture deficit where a large deficit means dry conditions.
This is different to the regional climate model output which calcu-
lates available soil moisture – a small available soil moisture
means dry conditions. Therefore the climatologies are not directly
comparable. However, the standardization process used to derive
the drought indices enables a useful evaluation of any differences
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between the reference data and the regional climate model to be
made.

For clarity, Table 1 summarises the datasets used in this paper.

4. Methodology

4.1. Climate model evaluation

The climate model was evaluated by comparing both the RM40
simulation and the HadRM3 ensemble with the reference data.
First the ability of the model to replicate the mean and standard
deviation of the reference precipitation climatology was studied.
The climatology of MPDM soil moisture cannot be directly com-
pared with HadRM3 or RM40 soil moisture because they are based
on different definitions. Second, the Pearson Correlation Coefficient
between RM40 drought indices and the reference drought indices
was calculated on a grid cell basis to see how temporal variability
compares. This is only possible for RM40 and not the HadRM3 sim-
ulations because RM40 is driven at the boundaries by meteorolog-
ical reanalysis which represent 20th century natural variability
whereas the HadRM3 simulations are driven by HadCM3 which
generates its own natural variability. This enables an assessment
of the degree to which RCM drought variability is driven by the
large scale atmospheric flow. The ability of the climate model to
reproduce the distribution of the reference drought indices was
also tested on a grid cell basis using the Kolmogorov–Smirnoff test.
Finally extreme value theory was applied to evaluate the ability of
the RCM to replicate the characteristics of dry months. This ap-
proach is discussed in detail below.

4.2. Extreme value statistics

This paper applies extreme value analysis to the monthly
drought indices in order to explore the statistical behaviour of
dry months for the reference data; the 20th century; and the
21st century. The three applications discussed are:

1. Determining the characteristics of dry months in the historic
record.

2. Assessing whether the characteristics of dry months in HadRM3
are the same as in the historic record.

3. Evaluating the potential changes of the likelihood of dry months
in the future as a result of climate changing from increased
greenhouse gasses.

A brief discussion of extreme value theory and its application to
a monthly drought index follows. It should be noted that, in this
discussion, the drought index is inverted and positive values repre-
sent the deficit values of dry months (in standardized units).

A peaks-over-threshold model was utilised to describe all defi-
cits of dry months greater than a threshold (u – Coles, 2001). The
threshold was selected to retain only a small fraction of the data
whilst remaining within the tail of the distribution, but retaining
sufficient data to enable a good fit of the extreme value distribu-
tion. Here it was set to the 94th percentile of the entire distribution

of monthly drought indices. These deficits were assumed to occur
according to a Poisson process, and the degree to which the deficits
exceed the threshold was assumed to follow a Generalised Pareto
distribution (Katz et al., 2002). The extreme value model (EVM)
describing the expected number of threshold exceedances per year
above any level y, conditional on y being greater than the thresh-
old, u, can be written as:

Eðn > yjy > uÞ ¼ 1þ n
y# l

r
! "h i#1=n

ð2Þ

where l, r, and n are termed the location, scale and shape param-
eters respectively (Coles, 2001). The location parameter is analo-
gous to the mean of a normal distribution, so any increases in l
uniformly shift the distribution to higher values, whereas the scale
and shape parameters determine the rate which the magnitude of
extremes alters with rarity. The parameters were estimated by
maximum likelihood (Coles, 2001) as this facilitates the inclusion
of covariates for the non-stationary parameters and the imposition
of constraints to ensure all values are feasible under the estimated
distribution. The return level (zm) is the deficit exceeded on average
once every m years, where m is commonly referred to as the return
period (Coles, 2001). zm is given by:

zm ¼ l# ðr=rnÞ 1# # ln 1# 1
m

# $% &' (#n

n – 0

zm ¼ l# r ln # ln 1# 1
m

# $% &
n ¼ 0 ð3Þ

Both the return level or deficit for a given return period (in
years) and the return period for a given deficit or return level are
the descriptors of drought used in this paper. Analysis of the
drought indices with the long accumulation times gives an indica-
tion of long term drought and those with the short accumulation
times gives an indication of short term drought.

All available months of the year were pooled for analysis in or-
der to increase the sample size and improve the fitting of the dis-
tribution. Serial correlation in the monthly drought indices was
reduced through de-clustering. If two or more consecutive months
exceed the threshold they are assumed to belong to the same clus-
ter and only the driest month is included within the sample se-
lected for extreme value distribution fitting. Dry months are also
assumed to belong to the same cluster if they are separated by few-
er than 2 months of data below the threshold.

The relationship between return level and return period were
calculated by fitting an EVM for each grid cell in the reference data.
It was assumed that this did not change (i.e. the relationship is sta-
tionary) over the period of record and thus the location, scale and
shape parameters were independent of time.

The EVM described above can be extended to account for non-
stationarity which is useful for comparing the HadRM3 ensemble
against the reference data and quantifying changes in dry months
in the future. Non-stationarity is modelled by allowing the loca-
tion, scale and shape parameters to depend either separately or
jointly on a covariate, x. The nature of this covariate depends on

Table 1
Summary of the datasets used in this paper.

Metric Data set Time period Source

Precipitation Reference 1914–2005 Gridded observations (Perry and Hollis, 2005)
Precipitation RM40 1958–2002 Standard version of HadRM3 forced by ERA-40 reanalysis
Precipitation HadRM3 1950–2100 11 perturbed physics versions of HadRM3 each forced by equivalently perturbed HadCM3
Soil moisture Reference 1960–2005 MOSES-PDM (Smith et al., 2006)
Soil moisture RM40 1958–2002 Standard version of HadRM3 forced by ERA-40 reanalysis
Soil moisture HadRM3 1950–2100 11 perturbed physics versions of HadRM3 each forced by equivalently perturbed HadCM3
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the application as discussed below. Here, the parameters are al-
lowed to depend linearly on the covariate in the following way:

lt ¼ a0 þ a1x ð4Þ
rt ¼ expðb0 þ b1xÞ ð5Þ
nt ¼ c0 þ c1x ð6Þ

For non-stationary EVM it is necessary to ensures exceedances
above the threshold are obtained throughout the data record at a
relatively constant rate requiring the threshold to have a similar
dependence on the covariate e.g. u(x).

The significance of non-stationarity in the parameters (Eqs. (4)–
(6)) was assessed by comparing the quality of the fits made with
different EVMs: a stationary EVM (x = 0), and three EVMs repre-
senting non-stationarity (x > 0): first in the location only; then in
the location and scale; and finally in all of the location, scale and
shape parameters. EVM selection was achieved by means of a like-
lihood ratio test conducted at the 10% level i.e. an EVM is consid-
ered to be statistically superior than a simpler EVM if the
deviance between the fitted EVMs (twice the difference in maxi-
mised log-likelihoods) exceeds the upper 10% quantile of the chi-
squared distribution with the appropriate degrees of freedom
(Coles, 2001). The two different applications using non-stationary
EVMs are discussed in detail below.

4.2.1. Validating the HadRM3 ensemble over the historic period
Comparisons between each HadRM3 ensemble member and the

reference data/RM40 were made independently on a grid point by
grid point basis. This was done for the period between 1960 and
2002 for RM40 and 1951 and 2005 for the precipitation reference
data and 1960 and 2005 for the soil moisture reference data.
Thresholds for exceedances were identified for the model and the
reference data separately defined as the 94th percentile of each
distribution. The exceedances were then de-clustered and the
two data sets pooled. EVMs were fitted based on the assumption
that the data came from either one population (where x = 0 for
both data sets) or two populations (x = 0 for reference data and 1
for model). The ensemble member and reference data/RM40 were
taken to be statistically identical if the EVM with x = 0 for both data
sets provided the best fit at that grid point.

4.2.2. Future changes in dry months
The climate model output for the period between 1950 and

2100 was used to determine whether there are any significant
changes in dry months in the future; i.e. whether a non-stationary
EVM is a better fit than a stationary EVM. Here the covariate (x) of c
(4)–(6) is taken to be the global mean temperature. For each
ensemble member, this is obtained from the GCM with the same
parameter perturbations that was used to provide boundary forc-
ing for that RCM member. In each case the global mean tempera-
ture was smoothed using a spline function to remove year to
year variability and normalised by the 1950–2100 mean tempera-
ture. This measure of global mean temperature was preferred over
a simple time dependence because global mean temperature
changes are non-linear over the relevant time period and depen-
dent on the ensemble member under consideration (Collins et al.,
2009). The non-stationary threshold was obtained by fitting a
spline function through all data which are drier than the mean.
This fitted curve is then shifted uniformly until it exceeds a pre-
determined proportion of the data (94% in this case). Exceedances
were then de-clustered and EVMs fitted.

Robust identification of non-stationarity in the scale and shape
parameters is difficult with all but the longest records. Therefore,
in order to improve the sample size and better constrain the
EVM form, it was assumed that for each grid cell, all ensemble
members have the same form of non-stationarity in the future.

In other words, whether or not the parameters defined in Eqs.
(4)–(6) depend on the covariate, x is the same for all members in
a given grid cell. In order to determine the form of the EVM all
the data was pooled and the stationary and all of the non-station-
ary EVMs were fitted for each grid cell. Given that each ensemble
member may have a different drought climatology, first order
intra-ensemble differences were removed by subtracting the esti-
mated 94th percentile of the ‘present-day’ (1950–2005) distribu-
tion for that member. It is assumed that the dominant non-
stationary characteristics of the data will be unaffected by higher
order differences in the different RCM members. The preferred
EVMs were restricted to either location or location and scale
depending on global temperature since the other EVMs were pre-
ferred for less than 10% of the UK with little spatial coherence.
The most appropriate of these was then determined by the likeli-
hood ratio test described above. This preferred EVM was then fitted
to each of the individual ensemble members separately to provide
EVM parameters for each ensemble member at each grid point.
Any change in the return period for a given return level (deficit
of dry months) was then calculated separately for each member,
resulting in a distribution of possible changes.

5. Results

5.1. Comparing modelled and reference climatologies

The characteristics of the precipitation climatologies over the
UK are summarised in Fig. 1 (top row) for accumulation times of
12 months (P12). Fig. 1a and c shows the mean and standard devi-
ation (mm/month) of reference P12 for the period 1961–1990. The
means and standard deviations are lowest in eastern England;
higher in the west; and highest in western Scotland reflecting re-
gional topography and prevailing weather. The reference UK aver-
age for P12 is 88.7 mm/month with a standard deviation of
12.6 mm/month or 14% of the 1961–1990 mean. The reference
standard deviation ranges from 30.9 mm/month (35%) for P3 to
11.6 mm/month (13%) for P18. Fig. 1b and d show comparable plots
to Fig. 1a and c, but for RM40. In both cases the spatial patterns are
very similar, as might be expected given the dependence of precip-
itation on topography. In general RM40 has less accumulated pre-
cipitation than the reference data in the north and west and
slightly more in the south and east. Overall RM40 has a slightly
lower area weighted mean (82.1 mm/month) than the reference
data (88.7 mm/month) and a slightly lower standard deviation
over the majority of the UK, with an overall average of 11.3 mm/
month.

The lower half of Fig. 1 demonstrates the ability of the HadRM3
model ensemble to recreate the reference data. Each of the ensem-
ble members is compared to the reference data and for each grid
cell the maximum and minimum differences between the ensem-
ble and reference data are shown. [Note: these differences can be
from different ensemble members]. In general the ensemble mem-
bers have between 30% less to 30% more accumulated precipitation
than the reference data (Fig. 1e and f). Some of this spread might be
expected given the perturbed parameter approach. In small regions
of the north-west all of the ensemble members are drier than the
reference data (red1 for both figures) whereas in small regions of
the south east all of the ensemble members are wetter (blue for
both figures). This mirrors the spatial biases seen when comparing
the reference data with RM40 suggesting that there is some down-
scaling bias in the regional model since RM40 and the ensemble
have different boundary conditions. The mean of the reference data

1 For interpretation of color in Fig. 1, the reader is referred to the web version of
this article.
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fall within the range of the model ensemble for over 50% of the UK
including spatially coherent regions in south-central England and
eastern England and Scotland. The reference standard deviation
of P12 lies within the ensemble spread for 73% of the area including
the majority of England and Wales. The main region where the ref-
erence data fall outside this range is over north-west Scotland
where the model ensemble has a smaller standard deviation than
the reference data. This could be a result of unresolved topography
in the model. A comparison between RM40 and the HadRM3 model
ensemble (not shown) shows excellent agreement with the RM40
mean and standard deviation falling within the spread of the
ensemble members for 98% and 88% of the area respectively.
Although model soil moisture cannot be compared with the refer-
ence data, the mean and standard deviation of the RM40 monthly
soil moisture also falls within the spread of the HadRM3 ensemble
for nearly all grid cells. This level of agreement between RM40 and
the ensemble further suggests the spatial bias with respect to the
reference data is most likely because of the downscaling of the re-
gional model and not the boundary conditions. A possible explana-
tion of this bias could be that too little moisture is rained out over
the western regions high ground during westerly atmospheric flow
resulting in the atmosphere being too moist over the eastern re-
gions and producing excessive rain in the east.

5.2. Comparing modelled and reference drought indices

Fig. 2 shows the point-by-point Pearson Correlation Coefficient
between the reference data and the RM40 time series for the
drought indices calculated using Eq. (1). Correlations for D3 and
D12 are represented in Fig. 2a and b. Correlations for D6 are very
similar to those for D3 and correlations for D18 are very similar to
those for D12 so these two are not shown. The precipitation
drought indices have correlations greater than 0.4 for nearly all
of the grid cells, with values of up to 0.8 in some regions. Correla-

tions improve slightly with increasing accumulation times – area
mean values are 0.57 for D3 and 0.61 for D18. Correlations are gen-
erally greater in north-west Scotland and south-east England – the
areas of highest and lowest precipitation. Fig. 2c shows the corre-
lations for Dsm. These correlations are lower than for the precipita-
tion drought indices with typical values between 0.4 and 0.5. These
are also noticeably lower in the east than the west. Correlations for
Dsm might be expected to be lower than for the precipitation
drought indices because the differences in the land surface
schemes will impact the time series. For example, there are differ-
ences in the memory of Dsm between the reference data and RM40.
This is discussed later in more detail.

Fig. 3 summarises the results of the Kolmogorov–Smirnoff (K–S)
test which compares the distributions of the drought indices.
Fig. 3a shows that, for the majority of the UK, at least 75% of the
ensemble members have distributions of the D3 drought index
which are indistinguishable from the reference data. In some re-

Fig. 1. The mean monthly precipitation from (a) reference data; (b) RM40. The standard deviation of monthly precipitation from (c) reference data; and (d) RM40. Also shown
are the difference between the model ensemble and the reference data for the period 1961–1990. (e) and (f) show the ensemble spread for the mean expressed as a
percentage of the reference mean; and (g) and (h) show the ensemble spread for the standard deviation expressed as a percentage of the reference standard deviation.

Fig. 2. The point-by-point temporal correlation for each drought index between the
reference data and RM40 for (a) 3 month precipitation (D3); (b) 12 month
precipitation (D12); and (c) soil moisture (Dsm).
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gions, such as the south east, all of the HadRM3 ensemble mem-
bers pass the K–S test. Fig. 3d shows whether the ensemble mem-
bers which are significantly different from the reference data have
distributions which are drier or wetter than the reference data at
the point where the K–S test finds the greatest discrepancy be-
tween them. Grid cells where more than 70% of the ensemble
members that fail are drier (wetter) than the reference data are
shown in red (blue). Grid cells where less than 70% of the members
that fail agree on the sign of the failure are shown in yellow. Grid
cells where more than 80% of the members pass the test are not
shown. In general, for D3 the members that fail have distributions
which are generally drier than the reference data. In the case of D12

(Fig. 3b), less than 75% of the ensemble members have distribu-
tions which are indistinguishable from the reference data. Again,
as for D3, the majority of members with different distributions
are generally drier than the reference data at the point where the
K–S test finds the greatest discrepancy between the distributions
(Fig. 3e). In general, as the accumulation time increases the level
of agreement between the modelled and reference distributions
progressively decreases. The distribution of Dsm was compared
with MPDM (Fig. 3c and f). Pass rates for soil moisture are much
more spatially variable because the spatial patterns of the land sur-
face characteristics are different for HadRM3 and for MPDM. Pass
rates range from zero in north-west England and central Scotland
to over 75% in south and west England. The HadRM3 ensemble
members that fail are likely to be wetter than the MPDM drought
indices. A similar comparison between RM40 and the HadRM3

ensemble (not shown) shows that RM40 generally falls within
the spread of the model ensemble.

5.3. Historic drought

Fig. 4 shows examples of the relationship between return level
or deficit and return period (Eq. (3)) for a grid cell in north-west

Fig. 3. The comparison of the distributions of model ensemble and the reference data. The percentage of the models which pass the Kolmogorov–Smirnoff test at the 95%
level are shown in the top row for (a) 3 month precipitation (D3); (b) 12 month precipitation (D12); and (c) soil moisture (Dsm). For the grid cells where more than 2 of the
models fail the test, the percentage of models which are drier (red) or wetter (blue) than the reference data are shown in the bottom row for (e) 3 month precipitation (D3); (f)
12 month precipitation (D12); and (g) soil moisture (Dsm). Grid cells where more than 80% of the members pass the test are not shown (white). (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 4. The relationship between return level and return period of a grid cell in
north-west Scotland for D12. Observations, RM40 and 2 of the HadRM3 ensemble
members are shown.
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Scotland for D12. Increasing positive values represent increasing
deficit. The symbols represent the empirical ranking of dry months
and the lines are the fitted stationary extreme value distributions
(EVDs). Three members of the HadRM3 ensemble are shown along
with the reference data and RM40. The return levels of the EVD for
the reference data is 1.98 for 10 years; 2.19 for 25 years and 2.30
for 50 years. For this grid cell, at any given return period, the model
ensemble generally has more severe droughts than the reference
data. This is predominately due to the location parameter of the
EVD (analogous to the mean of a normal distribution) being larger.
The degree of curvature of the EVD is a result of both the scale and
shape parameters and there are some notable differences in the va-
lue of these parameters for some of the ensemble members at this
location. A similar analysis for a grid cell in southern England
shows that the model ensemble generally has less severe droughts
than in the reference data.

The spatial pattern of deficit is shown in Fig. 5 with maps of
25 year return levels of D12 and Dsm for both the reference data
and RM40. These spatial fields have been smoothed using the med-
ian of nine nearest grid points; the centre and the surrounding
eight. This reduces noise from differences in the parameters of
the EVD resulting from fitting to relatively small samples. Return
levels are in standardized units and, as for Fig. 4, the greater the va-
lue the more the deficit. UK average values for D12 are 2.67 for the
reference data and 2.57 for RM40. There is a tendency for the pre-
cipitation drought index, D12, to have greater deficit in the south
and east than in the north and west. This gradient increases with
increasing accumulation time. This is more prominent in RM40
than in the reference data largely because there are more extensive
lower values in the west in RM40. Dsm (Fig. 5c and d) has greater
deficits than D12 for this return period with UK-wide values of
3.13 for the reference data and 3.51 for RM40. The spatial patterns

of the land surface characteristics also impact Dsm. Table 2 summa-
rises these 25 year return levels over the UK expressed as a per-
centage of the 1961–1990 mean of the reference data. The UK-
mean deficits (in standardized units) are relatively independent
of accumulation time [not shown]. However, as might be expected,
when return levels are expressed as a percentage of the reference
data they depend on accumulation time. Spatial variations of the
25 year precipitation drought, illustrated here by the 5th and
95th percentile of the distribution of all UK grid points, are small
compared with the differences between the accumulation times.
RM40 has less severe precipitation drought (relative to the mean)
than the reference data, suggesting that the climate model might
have a tendency underestimate meteorological drought defined
in this way. In contrast to the precipitation drought indices, Dsm

has a wide range of values over the UK. This is comparable with
the spread of all the precipitation drought indices. The RM40 soil
moisture droughts are generally more severe than MPDM droughts
and there is no distinct large scale spatial pattern again due to the
dominant influence of land surface heterogeneity. In summary,
RM40 and the reference data have return levels of similar orders
of magnitude for any given return period with RM40 having more
regular spatial variations than the reference data.

The ability of the model to reproduce the characteristics of dry
months in the reference data was evaluated quantitatively on a
grid cell and member basis over the reference period using the
EVM method described in Section 4.2.1. Fig. 6 summarises the
agreement between the model ensemble and the reference data
and the model ensemble and RM40. Fig. 6a–d (top row) shows
the percentage of ensemble members which are statistically
indistinguishable from the reference data for D12 and Dsm to-
gether with comparisons between the ensemble and RM40. Most
of the UK has pass rates of greater than 50%, though these range
between 25% and 95%, depending on place. In general, pass rates
are very similar for all precipitation drought indices and the
RM40 soil moisture drought index. Regional differences are gen-
erally small, but pass rates are slightly better in the south when
comparing the ensemble with the reference precipitation and
RM40 soil moisture; and in central and northern England when
comparing with RM40 precipitation. Pass rates are much lower
when comparing the ensemble with MPDM with no ensemble
members passing in the majority of central and southern Scot-
land. This improves over England to between 25% and 50%. An
important reason for these differences is that the memory (serial
correlation) of the MPDM drought indices is much larger than
that in the model. For example, MPDM has serial correlations
ranging from over 0.8 for 1-month lag times in the east to 0.5
in the north-west of Scotland compared with correlations of
0.5–0.3 for the standard version of the model. This difference in
memory will impact the nature of extremely dry months so that
the RCM soil moisture will respond more to short term precipita-
tion variability than MPDM. Fig. 6e–h (bottom row) shows for the
members that fail whether they have higher or lower return lev-
els than either the reference data or RM40 at any given return
period. This is calculated in a similar fashion to Fig. 3e–g. In the
case of D12, Fig. 6e shows that over Scotland the model is likely
to be drier than the reference data whereas over England the
model is likely to be wetter than the reference data. This is sim-
ilar for RM40, but the drier region extends further south and
west. In the case of Dsm, when significant difference is found,
the ensemble members are drier than MPDM at any given return
period. This may be because the model loses soil moisture too
readily as reflected in the lower soil moisture serial correlation.
As with RM40 precipitation, the ensemble members that fail are
likely to be drier than the RM40 soil moisture in Scotland,
whereas over England they are equally likely to be drier or
wetter.

Fig. 5. The spatial variation of return level at a 25 year return period of the
following drought indices: (a) 12 month reference precipitation; (b) 12 month
RM40 precipitation; (c) reference soil moisture; and (d) RM40 soil moisture.
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6. Future changes in drought

6.1. HadRM3 ensemble

In this section we use the HadRM3 ensemble to assess the po-
tential range of changes in future drought for the UK over the
21st century, given that the ensemble has been able to capture
many of the characteristics of the reference drought. This was done
using the methodology described in Section 4.2.2. The preferred
form of EVM [either (1) location or (2) location & scale dependent
on global mean temperature] was found for each grid cell and
drought index. Overall for D3 and D6 form (2) tends to be preferred
with (1) preferred only occasionally. For the higher accumulation
time precipitation drought indices (D12 and D18) and for the soil
moisture drought index (Dsm) form (1) is generally preferred in
the south east; and form (2) in the north.

These preferred forms of EVMs are used to fit EVDs for individ-
ual ensemble members separately. The fitted EVDs for each ensem-
ble members can then be used to calculate return levels as a
function of global mean temperature for a given return period.
An example of the evolving 25 year return level corresponding to

1950–2100 is given in Fig. 7 for a grid cell in southern England.
Each line represents one ensemble member. Both the return levels

Table 2
Return levels (% of mean of reference data) for a 25 year return period for the reference data and RM40. The return levels were converted back to the original data by multiplying
by the mean of the relevant 1961–1990 reference standard deviation and adding on the 1961–1990 reference mean and are expressed as a percentage of the relevant 1961–1990
reference mean. The mean value over the UK is shown along with the 5th–95th percentile of the distribution of values over the UK.

3 months (%) 6 months (%) 12 months (%) 18 months (%) Soil moisture (%)

Ref. Mean 30.1 46.5 61.1 67.1 45.4
5th percentile 21.6 33.4 54.5 60.3 17.5
95th percentile 39.5 57.7 70.7 74.6 70.6

RM40 Mean 38.6 51.5 64.6 70.7 40.9
5th percentile 31.1 44.0 58.5 64.5 22.1
95th percentile 48.3 60.2 72.5 77.4 70.6

Fig. 6. The comparison of extreme value behaviour of the model ensemble and the reference data. The top row shows the percentage of models which have extreme value
behaviour of dry months which is indistinguishable from (a) reference D12; (b) RM40 D12; (c) reference Dsm; and (d) RM40 Dsm. The bottom row shows, for the ensemble
members that fail, the nature of the failure for (e) reference D12; (f) RM40 D12; (g) reference Dsm; and (h) RM40 Dsm. Places where more than 70% of the members show more
(less) drought are shown in red (blue). Places where less than 70% of the members agree on either an increase or decrease are shown in yellow. Places were more than 80% of
the members agree with the reference data are not shown (white). (For interpretation of the references to color in this figure legend, the reader is referred to the web version
of this article.)

Fig. 7. Time series of the return level projected by the model ensemble for a 25 year
return period between 1950 and 2100 for a grid cell in southern England. The
preferred EVM is ‘location and scale’ and EVDs are found for each ensemble
member.
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and their changes are dependent on ensemble member. However,
of interest here is the change in return level over time which can
be combined with observed historic drought characteristics to give
projections of future drought. For the majority of ensemble mem-
bers there is an increase in return level (increasing deficit) over
time. A few show little change or a slight decrease in return level.
A similar analysis for a grid cell in north-west Scotland shows a de-
crease in return level over time for the majority of ensemble
members.

Fig. 8 shows the spatial distribution of the projected change in
return level at a 25 year return period for 2098 expressed as a per-
centage of the 2000 return level. For each drought index the range
of changes projected by the 11 members are shown as all members
are considered to be equally likely. For the vast majority of grid
cells and drought indices, there can either be an increase or de-
crease in drought depending on ensemble member though the
magnitude of the increases are generally much larger than the de-
creases. One exception is over south west England and Wales at
shorter precipitation accumulation times, where all members pro-
ject an increase in deficit. Another exception is over northern Eng-
land and western Scotland at longer precipitation accumulation
times, where the plausible decrease in deficit is a similar magni-
tude to the plausible increase. For nearly all grid points the ensem-
ble range of changes in soil moisture drought span zero though for
most of the UK the change is skewed to greater increases in
drought. In all cases the ensemble mean has drought increasing
for most regions.

Fig. 9 shows the distribution of the UK area averaged change in
return level for each ensemble member. This is for a 25 year return
period and changes between 2000 and 2098 expressed as a per-
centage of the 1961–1990 mean as in Table 2. The distributions
show a definite increase in drought of up to an additional 20% of
the 1961–1990 mean. This is slightly bigger for the shorter precip-

itation times than for the longer times and more variable for the
soil moisture than for the precipitation.

6.2. An example: the 1976 drought

In order to put these changes into context the effect of the pro-
jections on a drought comparable to that of August 1976 was cal-
culated. This section uses the reference data to quantify the deficit
of the event of August 1976 and then determines the likelihood of a
similar drought occurring under the future climate scenarios given
by the HadRM3 ensemble.

Fig. 10 (first column) shows the spatial distribution of the re-
turn period (in years) of the reference drought in August 1976 cal-
culated using the EVDs fitted to the reference data. The logarithm
of the return periods was smoothed using the median of nine grid
points as before. Any grid cell in black falls below the threshold
used to fit the extreme value distribution (i.e. the 94th percentile).
During August 1976, all drought indices show extremely dry con-
ditions for the majority of the grid cells. However, the deficit at
any one location is highly dependent on the drought index under
consideration. In general, the south of England suffered a long term
drought with return periods greater than 50 years in many places.
On the shorter term, the drought was not particularly notable in
this region. Central England, on the other hand, suffered both short
and long term droughts. Longer term droughts are more likely to
have significant impact on water resources with two dry winters
significantly impacting both reservoir levels and groundwater lev-
els. MPDM shows return periods of greater than 10 years for much
the same region as D12.

The effect of the changes projected in Section 6 on a drought
such as that of August 1976 was calculated. This was done inde-
pendently for each ensemble member and each grid cell. A 20th
century return level for each ensemble member was derived for

a b

Fig. 8. The projected changes of each drought index in 2098 calculated by fitting the EVM to each ensemble member. The range of the changes in the return level at a 25 year
return period is shown for the different precipitation and soil moisture drought indices. The change in return levels is expressed as a percentage of the return level in 2000.
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the return period of the 1976 drought calculated from the refer-
ence data and using the parameters of the stationary fit found for
the period 1950–2000 for that ensemble member. These return
levels were then used to calculate the evolution of the return peri-
ods through the century as a function of global mean temperature
change using the preferred EVM and the fitted EVD for the relevant
ensemble member. Fig. 10 (columns 2 and 3) shows, for the year
2098, the projected future return periods for events of the same
magnitude as the 1976 event. As before, the regions in black were
below the threshold for drought in the reference data and were not
assessed for changes in this study. In general the ‘least frequent’
figure is very similar to the present day (column 2) which, for this
example, provide an approximate upper limit on the return peri-
ods. The ‘most frequent’ figure shows the return period is projected
to be less than once every 10 years. Results are similar for Dsm.

7. Discussion and conclusions

Drought occurs only rarely in the period of record. Therefore
techniques which optimally use available information, such as ex-
treme value analysis, are required in order to quantify accurately
the likelihood of drought. This paper applies non-stationary ex-
treme value theory to a range of drought indices to characterise
present risk of observed drought and to make projections of how
drought might change in the future for the UK. This is a novel ap-
proach which enables the risk of drought to be projected for any
period in the current century using climate model data. A future
extension of this method will be to adapt it to make probabilistic
projections of drought, and it has been developed with this in
mind.

A perturbed physics regional climate model ensemble was eval-
uated against observational-based reference data. The model
ensemble generally underestimates the variability of precipitation
in the historic climate but accurately models the extreme charac-
teristics of the precipitation drought indices for over half of the
ensemble members. When a climate model is evaluated for its suit-
ability to make future projections under increased greenhouse
gases it is commonly evaluated against a whole range of global
metrics (Murphy et al., 2004). The global climate model ensemble
on which these regional models are based has been shown to yield
simulations of global climate of comparable quality to the standard
published version of HadCM3 when compared with these global
metrics (Collins et al., 2009). Each regional climate member is per-
turbed in a similar manner as its driving global model to maximise
consistency between GCM and RCM. Mechanisms of change in-
duced by increasing greenhouse gases are significantly influenced
by remote feedbacks as well as local processes (Rowell, 2009).
The driving global climate model ensemble was designed to cap-
ture uncertainties in key feedbacks which are themselves impor-
tant mechanisms of change. Therefore, even though some of the
regional climate model ensemble members have some difficulty
reproducing the UK’s climatology and variability, it is important

to include them in this analysis to ensure the effects of these feed-
backs are sampled.

Assessment of modelled soil moisture-based drought was ham-
pered by the lack of direct soil moisture observations. There are
notable differences between the regional climate model ensemble
and a gridded version of a land surface model driven by high reso-
lution meteorological analysis. One major reason for this is differ-
ences in soil moisture memory arising from the formulations of the
two land surface schemes. A comparison of the regional climate
model ensemble with a similar version of the regional climate
model driven by an atmospheric reanalysis dataset shows good
agreement. This provides evidence that the downscaling of the
large scale atmospheric flow provided by the parent GCMs is not
introducing significant bias.

In order to maximise data availability for the application of the
extreme value theory, it was assumed that the standardized
drought indices have the same extreme value characteristics inde-
pendent of time of year and that they change in a similar fashion
under future climate scenarios. However, for shorter duration
droughts, changes may well be dependent on the time of year. This
is particularly likely for soil moisture drought which depends on
both evaporative demand and precipitation. Increases in evapora-
tive demand may well have more effect on soil moisture in sum-
mer than winter. This impact of seasonality on projections of
future drought has yet to be fully assessed.

Projections under increased greenhouse gases show an overall
increase in drought occurrence. However, the spread is consider-
able ranging from little change or a slight decrease to a significant
increase depending on drought index, ensemble member and, to a
much smaller extent, location within the UK. This corresponds
with the large uncertainties in projections found by both Blenkin-
sop and Fowler (2007) and Vidal and Wade (2009). In those papers,
the authors projected an increase in short duration droughts over
the UK. This is also projected by the majority of the perturbed
physics ensemble members discussed here. Vidal and Wade
(2009) also report a decrease in long term drought in Scotland. This
is only found for a subset of ensemble members in this analysis,
but, for those members, over a much larger proportion of the UK.
This clearly highlights the high sensitivity of future UK drought
prediction to climate modelling uncertainty and that the present
state of climate prediction does not provide a well defined picture
of future drought changes for adaptation planning.

Future projections are put into the context of the 1976 summer
drought which had a significant impact on the UK. The likelihood of
such a drought occurring in 2098 ranges from the same as the his-
toric frequency to more frequently than once every 10 years,
depending on ensemble member and drought metric. Such a future
climate would require extensive changes to the water resources
infrastructure of the UK and changes to water management policy.

There are three major sources of climate modelling uncertainty
when estimating future climate change: as a result of (1) natural
variability; (2) imperfect representation of the climate system
within models; and (3) uncertainty in future emissions. Natural

Fig. 9. The distribution of the area-mean change in the return level between 2000 and 2098 for the model ensemble. Return levels are expressed as a percentage of the 1961–
1990 mean.
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variability will be present as the climate evolves but can be charac-
terised through extreme value theory. The perturbed physics
ensemble was designed to ensure that all the key process uncer-

tainties are sampled in a manner consistent with current scientific
understanding. However, structural errors in the physical repre-
sentation of the real climate system are not sampled (Murphy et
al., 2004) requiring alternative methodologies for their inclusion
such as using members of a multi-model ensemble. There is a need
to develop methodologies to comprehensively describe these
uncertainties and to account for variations in the credibility of
alternative model versions to obtain a more robust estimate of
the spread of future changes consistent with current knowledge
and modelling capabilities in order to provide probabilistic projec-
tions on the changing risk of drought. Such a method has been
developed for non extreme aspects of the climate developed for
the UKCP climate projections (Murphy et al., 2009). Future work
will focus on the application of this methodology on drought pro-
jections. This type of information will be required if the future risk
of drought is to be effectively managed in national adaptation
strategies to climate change.
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