
Chapter 5

Generating future climate change

projections for local scale impact

assessment

For the impacts of climate change and sea level rise upon the evolution of incised coastal

gullies to be assessed, it is necessary that the scenarios of future climate used in the

modelling framework are of the correct temporal and spatial scales. These scales are

often a lot �ner than the outputs provided by global climate models (GCM; Wilby et al.,

2004). To provide scenarios of climate change that match the temporal (daily and

sub-daily) and spatial (<10 km2) scales required for the site-speci�c impact assessments

required for this study, various tools and techniques have been developed (e.g. Wilks and

Wilby, 1999; Wilby et al., 2002; Semenov, 2008; Burton et al., 2010), ranging from

relatively simple scale factor analyses (e.g. Hay et al., 2000) to more complex stochastic

weather generators (e.g. Semenov and Barrow, 1997).

Here, observed and projected changes in climate on a global and, perhaps more relevant,

local scale are brie�y described, before the techniques and methods used in producing

climate change scenarios at the appropriate spatial and temporal scales relevant to this

study are detailed. Following this, details of the methodology and data used in the

downscaling of local scale climate scenarios useful for modelling the future evolution of

incised coastal gullies are given. Subsequently, a description of the climate scenarios

developed is provided, and the methodology relating to a Monte Carlo uncertainty

analysis, used here to bound and quantify the inherent uncertainties in climate

modelling, is introduced.
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5.1 Introduction

5.1.1 Observed and future projections of climate change

Observed changes in the Earth's climate over the past ∼250 years are now widely

considered to have been enhanced by anthropogenic (human) activity (Solomon et al.,

2007). Over the 10 kyrs prior to 1750 AD, CO2 levels had remained within the range of

280 ± 20 ppm (Indermuhle et al., 1999). However, over the past ∼250 years worldwide
industrialisation has resulted in CO2 levels rising exponentially to 379 ppm in 2005 (Le

Treut et al., 2007). Similar rises in other greenhouse gas (GHG) emissions, namely

methane (CH4) and nitrous oxide (N2O), have also been recorded over the same period

(Le Treut et al., 2007).

The interaction of these GHGs in the atmosphere has resulted in a global mean surface

temperature rise of ∼0.6◦C since 1920 (Le Treut et al., 2007). In the UK, the Central

England Temperature (CET) has increased by ∼1◦C since 1970 (Jenkins et al., 2009).

Similarly, temperatures in Wales, Scotland and Northern Ireland have also risen by

about 0.7 - 0.8◦C since 1980 (Jenkins et al., 2009). Recent projections place future (100

year) global surface temperature rises at 1.1 to 6.4◦C, relative to a 1980 - 1999 baseline,

dependent on the emissions scenario chosen (Solomon et al., 2007, ; see section 5.1.2 for

further information on emissions scenarios). In the UK, the UK Climate Projections

2009 (UKCP09) estimates that annual mean temperatures will increase on average by 2 -

3◦C by 2080 (central estimates, under medium emissions scenarios), with summer mean

temperatures rising by as much as 5◦C over the same time period (central estimates,

under medium emissions scenarios; Jenkins et al., 2009).

With respect to global trends in precipitation, increases have been observed in North and

South America, northern Europe and northern and central Asia (�gure 5.1; Solomon

et al., 2007). Conversely, drying has been observed in the Sahel, the Mediterranean,

southern Africa and parts of southern Asia (�gure 5.1; Solomon et al., 2007). Since 1950,

increases in heavy precipitation events have been observed over many land regions (�gure

5.1). It is expected that these trends will continue and, potentially, intensify in the

future (Solomon et al., 2007). In the UK, annual mean precipitation has not changed

signi�cantly since 1766, however seasonal mean precipitation has shown a decrease in

summer and an increase in winter (Jenkins et al., 2009). Occurrences of heavy

precipitation have increased over the whole of the UK over the past 45 years (Jenkins

et al., 2009). Projections of UK precipitation up to 2100 suggest increased seasonality,

with winter rainfalls increasing within the range ±10 to 30%, with decreases of almost

40% in summer rainfall (central estimates, under medium emissions scenarios; Jenkins

et al., 2009).

In addition to perturbations in temperature and precipitation, coastal locations

worldwide have been exposed to an average increase in sea level of 0.0018 ± 0.0005 ma−1
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Figure 5.1: Observed trends (% per decade) over the period 1951 to 2003 in the con-
tribution to total annual precipitation from very wet days (i.e. 95th percentile or above).
White land areas have insu�cient data for trend determination. Drying can be seen in
southern Africa, north western America and central Asia. Increasing precipitation levels
can be seen in South America, eastern North America and north eastern Europe. From

Solomon et al. 2007.

since 1961 (estimated from tide gauge records; Solomon et al., 2007). Global changes in

sea level are attributable to both thermal expansion and direct input from melting

glaciers, ice caps and ice sheets. The estimated contribution to overall historical sea level

of each of these components is 0.00042 ± 0.0012 ma−1 (glaciers and ice caps combined)

and 0.0007 ± 0.005 ma−1 (ice sheets; Solomon et al., 2007), respectively. Future global

projections of sea level show a continual rise to levels between 0.18 and 0.59 m above the

1980 - 1999 level by 2099, dependent on emission scenario (see section 5.1.2), however

these estimates exclude the potential e�ects of future rapid dynamical changes in ice �ow

(Solomon et al., 2007; Rignot et al., 2011) and, are, therefore, subject to considerable

uncertainty and error. However, local impacts of global increases in sea level are

modulated by local variations in changes in surface elevation. For example, in the UK,

sea level has risen by about 0.001 ma−1 in the 20th Century (Jenkins et al., 2009), with

the English Channel region experiencing relative sea level rises of between 0.0008 and

0.0023 ma−1, with the more extreme sea level rises being experienced at the western end

of the English Channel (Haigh et al., 2009b). The UKCP09 projections suggest an

increase in sea level around the UK of between 0.12 and 0.72 m by 2100 (for the period

1990 - 2095 under a medium emissions scenario), with the largest increases concentrated

around the south of the UK and the western English Channel (Jenkins et al., 2009).
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5.1.2 SRES emissions scenarios

The direction and magnitude of future changes in climate are, understandably, uncertain

and as such constantly under debate. As a key driver of future changes in climate are

changes in the concentration of GHGs in the atmosphere (Houghton, 1997; Karl and

Trenberth, 2003; Solomon et al., 2007), it is necessary to have an idea of how GHG

emissions may change in the future. To this e�ect, and in order to provide `best

estimates' of potential changes to climate, the Intergovernmental Panel on Climate

Change (IPCC) produced its Special Report on Emissions Scenarios (SRES; Nakicenovic

et al., 2000) in 2000. This report provided a series of six scenario groups (A1F1, A1T,

A1B, A2, B1 and B2) detailing di�ering projections of GHG emissions under di�ering

possible futures. These scenarios vary in their representation of future demographic,

social, economic, technological and environmental development such that;

• A1. The A1 scenarios describe very rapid economic growth, a global population

which experiences a peak in the mid-21st Century and a subsequent decline

thereafter, and the rapid introduction of more e�cient technologies. The A1

scenario is split into three distinct, alternative directions based on di�erent

technological changes in the energy system, they are; A1F (fossil fuel intensive),

A1T (non-fossil fuel energy sources) and A1B (a balance of fossil and non-fossil fuel

energy sources). The A1 scenario family emphasises globalisation, with increased

cultural and social interactions, and substantial reductions in regional di�erences.

• A2. The A2 scenario depicts a more heterogeneous world, where global
convergence of fertility and economic structures occurs less rapidly. Global

population increases continuously throughout the 21st Century, whilst technology

and economic growth occur in a slower and more fragmented fashion than in

scenario A1. This scenario emphasises regionally orientated solutions and technical

change, with less focus on globalisation.

• B1. The B1 scenario describes a world in which global population follows the A1

scenario trend (i.e. mid-century peak and subsequent decline), whilst also

describing rapid change towards a service and information based economy, and the

introduction of clean and e�cient technologies. This scenario emphasises global

solutions to economic, social and environmental sustainability

• B2. The B2 scenario depicts highly localised solutions to economic and

environmental sustainability. Global population increases continuously at a rate

lower than that of the A2 scenario. Levels of economic development are

intermediate, whilst technical change is less rapid and more diverse than in the A1

and B1 scenarios.

The impact of these scenarios on future GHG emissions is highlighted in �gure 5.2. As

can be seen, scenario A1F1 results in the sharpest rise in GHG emissions over the �rst
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Figure 5.2: Global GHG emissions (GtCO2-equivalent per year) in absence of additional
climate policies. The coloured lines depict the six SRES base-scenarios. The grey area
represents the 80th percentile range of scenarios produced post-SRES. The grey dashed
lines depict the full range of post-SRES scenarios (i.e. scenarios produced after the SRES
report was published). GHG emissions include CO2, CH4, N2O, and F (Solomon et al.

2007).

half of the century, however scenario A2 provides the largest growth in GHG emissions

over the course of the 21st Century. Scenarios B1 and A1T provide the lowest overall

levels of GHG emissions over the whole 100 year period, �nishing at levels lower than the

year 2000. All scenarios suggest an increase in GHG emissions until the middle of the

21st Century, after which three scenarios continue to rise (A1F1, A2 and B2) whilst

three depict a decrease (A1B, B1 and A1T).

However, it must be emphasised that it is now over 10 years since the SRES report was

published and recent evidence suggests that even the extreme SRES scenarios (�gure

5.2) may, in fact, underestimate the current trajectory of GHG emissions (Füssel, 2009).

Comparisons of recent trends in GHGs and their impacts upon global-mean surface

temperature and sea level with those projected by the IPCC Third Assessment Report

(TAR), suggests that the projections outlined therein may be underestimated (Füssel,

2009). The observed increase in mean global surface temperatures since 1990 (0.33◦C) is

in the upper extent of IPCC TAR projections (Füssel, 2009). Similarly Rahmstorf et al.

(2007) show that sea level data from tide gauges and satellite data displays a linear trend

of ± 0.0033 ma−1 between 1993 and 2006, whereas the best estimate of the IPCC TAR,

forced by the SRES emissions scenarios, was less than ± 0.002 ma−1. Furthermore, the

rapid decline in Arctic sea ice extent observed between 1953 -2006 is approximately three
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times faster than the average predicted by the climate models used in the IPCC fourth

assessment report (AR4; Stroeve et al., 2007). There is a question, therefore, as to

whether the SRES scenarios described above encompass the possible variability, and

recently observed rises, in GHG emissions, and their subsequent e�ects on temperature

and sea level.

5.1.3 Selection of Global Climate Model(s)

The SRES scenarios depicted in �gure 5.2 form the emissions inputs for global climate

models (GCMs). GCMs are computational simulations of global climatic systems which

are derived from the fundamental laws of physics and which are subjected to physical

approximations appropriate for the large-scale climate system (Randall et al., 2007).

Many di�erent GCMs exist, each di�ering in their representation of climatic processes,

interactions between climate variables and representation of smaller scale properties (e.g.

vegetation and soil characteristics). Generally GCMs have a spatial resolution of

atmospheric processes in the order of 3◦ x 3◦, however this value varies signi�cantly

between models (table 5.1). Similarly, oceanic processes are resolved at a �ner scale,

typically of approximately 1◦ x 1◦. Each atmospheric or oceanic grid cell is further split

into many levels (in some cases as many as 56 atmosphere layers and 47 ocean layers e.g.

the MIROC3.2(hires) model, table 5.1) allowing for representation and interaction of

processes occurring at varying atmospheric and oceanic levels.

The multitude of processes and interactions within the climate system, combined with

their variable spatial resolutions, has resulted in the development of a plethora of GCMs,

each capable of describing di�erent aspects of the global climate with varying success. In

their third assessment, the IPCC used an ensemble of 23 di�erent GCMs to account for

the uncertainty inherent within climate modelling (Solomon et al., 2007). It has long

been recognised that an ensemble of GCM outputs, either via a combination of multiple

GCMs, or multiple runs of one GCM, or both, is needed to better constrain the inherent

uncertainty involved in making future climate projections (e.g. Woth et al., 2006;

Christensen and Christensen, 2007; Ulbrich et al., 2008; Fowler and Ekström, 2009).

Indeed the very use of the word `projection' rather than `prediction' is an implicit

recognition of this uncertainty.

With so many di�erent GCMs available, it is unsurprising that several studies have

looked to compare di�ering GCMs in an attempt to rank them in order of success at

replicating observed climate. A brief summary of several, popularly used, GCMs is

provided in table 5.1. Walsh et al. (2008) compared 15 GCMs with respect to their skill

in modelling monthly surface air temperature, precipitation and sea level pressure over

the period 1958 - 2000. This work was carried out as part of the larger Climate Model

Intercomparison Project phase 3 (CMIP3) which compared 25 GCMs. It was found, as is

expected, that there was large variability between the models, with Root Mean Square
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Errors (RMSEs) for temperature ranging from 4 to 131 and RMSEs for precipitation

ranging from 3.2 to 5. It was found that the two highest ranking GCMs, the German

MPI ECHAM5 and American GFCDL CM2.1 models, were the most recently developed

models, containing better representation of aerosol e�ects and ice-phase clouds (Walsh

et al., 2008). Alexander and Arblaster (2009) assess the skill of CMIP3 models in

reproducing climate extremes (e.g. extreme precipitation, extreme temperature and heat

wave duration) in Australia. They found that, although the INM-CM3.0 and MIROC3

models fare poorly in reproducing observed extremes, overall no one model is particularly

good or bad at reproducing observed trends or spatial patterns in extremes (Alexander

and Arblaster, 2009). Similarly, Kharin et al. (2007) demonstrate that no one GCM is

best for a given situation. Kharin et al. (2007) compared the outputs of 16 GCMs to

observed extremes in climate, and found that all 16 GCMs satisfactorily modelled 20-yr

return period precipitation events in the extratropics (the latitudes between the tropics

and polar regions), but exhibited very large di�erences in the tropics.

Given that the current GCMs do not appear to di�er that greatly in their representation

of observed climates (Kharin et al., 2007; Walsh et al., 2008; Alexander and Arblaster,

2009), the selection of a GCM to provide inputs of future climate change for this study

may be considered a somewhat arbitary selection. However, Graham et al. (2007)

conclude that the choice of GCM plays a larger role in hydrological change than the

choice of emissions scenario. Therefore literature relating speci�cally to potential

changes in climate across the UK (particularly southern England) was used as a guide to

the selection of appropriate GCMs for this study.

Prudhomme and Davies (2009) use a combination of the UK Hadley Centre model

HadCM3 (Gordon et al., 2000; Pope et al., 2000), the Canadian Centre for Climate

Modelling and Analysis CGCM2 model (Flato and Boer, 2001) and the Commonwealth

Science and Industrial Research Organisation model CSIRO-Mk2 (Watterson et al.,

1997) to provide future climate data to input into hydrological models for four UK

catchments located across the country because of their availability of their outputs at the

daily time scale (the time scale also required for this study). They found that HadCM3

produces simulations within the natural variability of summer �ows for the South Tyne

(northern England) and Medway (south east England) catchments, suggesting it may be

a useful GCM for use in producing precipitation scenarios for the Isle of Wight. However,

Prudhomme and Davies (2009) conclude that no GCM was shown to be signi�cantly

better than any other, with CGCM2 and CSIRO-Mk2 producing more realistic

simulations of �ow variability in winter and spring than HadCM3 in eastern England.

Fowler et al. (2005) use dynamically downscaled HadAM3 (the atmospheric component

of the coupled HadCM3 GCM) outputs to model UK precipitation between the control

period 1961 - 1990. They found that downscaled HadAM3 outputs represented extreme

rainfall at various return periods and durations across the UK well, with a di�erence of
1Root Mean Square Error (RMSE) is a normalised coe�cient representing the di�erences between

predicted and observed values. A RMSE of zero represents perfect agreement with observed values.
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approximately 10% between observed and modelled return period for a 10-year event.

Fowler et al. (2005) conclude that the downscaled HadAM3 data can be used with some

con�dence to estimate present extreme rainfall distributions. Taking these results

further, Ekstrom et al. (2005) use fully coupled HadCM3 data to project changes in

extreme rainfall events across the UK over the 21st Century. The ability of HadAM3,

and therefore HadCM3, to represent extremes in climate is useful for this study, as it is

the extremes in precipitation which are likely to be the key to understanding geomorphic

change in incised coastal gully systems.

Also relevant to this study is the skill of GCMs in representing changes in small (< 10

km2) catchments. The majority of impact studies have focused on much larger scale

river catchments, for example Prudhomme and Davies (2009), whose smallest study

catchment was 255 km2. The application of GCM outputs to small scale catchments,

such as those found along the south west Isle of Wight, provides added uncertainty in

the downscaling of GCM outputs, as the relationships between large scale atmospheric

predictor variables and local scale predictand variables (see section 5.2.1 for descriptions)

may not be as strong over such small spatial scales. However, Pilling and Jones (2002)

downscaled HadCM2 (an earlier version of HadCM3) outputs to the Upper Wye

catchment (10.5 km2) and Prudhomme et al. (2003) downscaled a selection of GCM

outputs (including HadCM2) to catchments ranging from 104 km2 to 10.6 km2. Similarly

Fowler et al. (2007) used the HadRM3 (a Regional Climate Model (RCM; see section

5.2.2 for more details) forced by the HadCM3 GCM) to downscale rainfall for catchments

ranging from 1300 km2 to 35 km2. It can therefore be seen that it is possible to produce

scenarios of future climates for catchments of similar size to those found along the south

west coast of the Isle of Wight.

It appears that a large portion of the literature relating to climate change in the UK uses

the UK HadCM3 model solely, or as part of an ensemble of GCMs, to provide future

climate projections (Ekstrom et al., 2005; Fowler et al., 2005; Lowe and Gregory, 2005;

Blenkinsop and Fowler, 2007; Lane et al., 2007; Prudhomme and Davies, 2009; Arnell,

2011). Furthermore, the CGCM2 model is often used in conjunction with HadCM3

(Wilby et al., 2002; Fowler et al., 2007; Allan et al., 2009; Prudhomme and Davies,

2009), perhaps due to the wide availability of daily outputs from these models, compared

to coarser resolution monthly outputs available from most other models (table 5.1). As

such, HadCM3 data will be used to provide future climate scenarios for this study. In

order to account for some of the uncertainty between di�ering GCMs it is necessary to

use an ensemble of climate models (Woth et al., 2006; Christensen and Christensen, 2007;

Ulbrich et al., 2008; Fowler and Ekström, 2009). Accordingly, the Canadian CGCM2 will

also be used to produce scenarios of future climate change. The CGCM2 has been widely

used within the UK climate change literature in conjunction with HadCM3 (Fowler et al.,

2007; Allan et al., 2009; Prudhomme and Davies, 2009), as well as in di�ering parts of

the world (Wilby et al., 2002; Hessami et al., 2008; Vidal and Wade, 2008; Ghosh, 2010;

Chu and Yu, 2010). Further to this, HadCM3 and CGCM2 both have widely available
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Figure 5.3: The horizontal and vertical structure of the HadCM3 climate model. From
Murphy et al. (2009).

model outputs at daily resolution (table 5.1), which is the resolution needed for this

study. Brief descriptions of both the HadCM3 and CGCM2 models are provided below.

The HadCM3 GCM is a coupled atmospheric-ocean model which has been shown to rank

highly (fourth out of 22 CMIP3 models) when compared with other GCMs (Reichler and

Kim, 2008). Johns et al. (2003) also show that HadCM3 has considerable skill in

modelling observed changes in GHG emissions over the late nineteenth century up to

present, however, no quantitative descriptor of this skill, only visual comparisons, are

provided. HadCM3 has also been recently used as the basis of the UKCP09 climate

projections (Jenkins et al., 2009), suggesting its skill in replicating UK climate variables

is high. Furthermore, in the comparative study of Walsh et al. (2008), HadCM3 ranked

fourth out of 15 GCMs. The atmospheric component of the HadCM3 model, HadAM3,

has a horizontal resolution at 45◦ latitude of 2.5◦ x 3.75◦ (approx. 295 km x 278 km) and

is comprised of 19 atmospheric levels and four soil layers (�gure 5.3). The oceanic

component of HadCM3 has a horizontal resolution of 1.25◦ x 1.25◦ and is comprised of

20 levels (�gure 5.3). This allows for the representation of important details in oceanic

current structure, a feature important for the UK with the prominence of the Gulf

Stream in modulating UK weather.

The Canadian CGCM2 model is the second generation GCM from the Canadian Centre

for Climate Modelling and Analysis. Its temporal and spatial resolutions are described in

table 5.1. McKendry et al. (2006) demonstrate that the CGCM2 model is able to

reproduce observed climate variables over the period 1961 - 1989. Similarly, when

coupled to a hydrological model, realistic river �ows are produced for the River Kennet,
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southern UK (Wilby et al., 2006). Similarly, Arnell (2004) used the CGCM2 GCM to

project precipitation across the UK as part of a larger ensemble for the UK Climate

Projections 2002 report. In addition, Whitehead et al. (2006) and Wilby and Harris

(2006) have used the CGCM2 model in areas of southern England, suggesting the model

produces viable scenarios of future (∼100 year) change in climate variables within the

UK and is applicable to this area.

5.2 Downscaling to usable spatial and temporal scales

As mentioned above, outputs from GCMs will be produced at the horizontal scale of the

model components (table 5.1), and at a daily temporal scale. These spatial scales are

often too coarse for impact assessment studies (Wilby et al., 2000; Dibike and Coulibaly,

2005; Fowler et al., 2007). In order to obtain time series of a required variable at scales

useful in local impact assessments it is necessary to downscale large scale GCM outputs.

The methods used to downscale GCM outputs fall into two categories, statistical

downscaling (SD) and dynamical downscaling (DD). Below, an introduction and

description of both SD and DD techniques is provided before an assessment of which is

best suited to this study is made.

5.2.1 Statistical downscaling

All statistical downscaling (SD) techniques are based on the assumption that regional

climate can be de�ned by two factors: the large scale climatic state and local

physiographic features (Wilby et al., 2004). By determining a statistical relationship

between the large-scale factors (known as `predictors') and local scale climate variables

(known as `predictands'), it is possible to estimate local scale predictands from

large-scale GCM predictor outputs (Wilby et al., 2004). These relationships are

determined over a base-line period of observed records, commonly over the period 1961 -

1990. SD techniques can be broadly classi�ed as weather classi�cation schemes, linear

and non-linear regression functions or weather generators (Wilby et al., 2000; Giorgi

et al., 2001; Wilby et al., 2004). Table 5.2 provides a summary of their relative strengths

and weaknesses.

The simplest SD approach is the use of linear and non-linear regression models. This

technique is commonly known as the `perturbations method' or `delta change method'

(Hay et al., 2000; Prudhomme et al., 2002; Fowler et al., 2007). Here, the relationships

developed between the predictors and predictands over the base-line period are used to

convert future predictor values. The di�erences between the control and future GCM

predictors are mapped onto the base-line observations by simple addition or

multiplication of the respective change factors, or scaling the mean climatic change

factor to each day (Fowler et al., 2007). As such this method requires that the base-line
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Method Strengths Weaknesses

Regression Models Relatively straightforward to
apply.

Poor representation of ob-
served variance.

Employs a full range of avail-
able predictor variables.

May assume linearity and/or
normality of data.

'O�-the-shelf' solution and
software available.

Poor representation of ex-
treme events.

Weather Classi�cation
Models

Yields physically interpretable
linkages to surface climate.

Requires additional task of
weather classi�cation.

Versatile (e.g. can be applied
to surface climate, air quality,
erosion etc.

Circulation-based schemes
can be insensitive to future
climate forcing.

Compositing for analysis of
extreme events.

May not capture intra-type
variations in surface climate.

Weather Generators Production of large ensem-
bles for uncertainty analysis or
long simulations for extremes.

Arbitrary adjustment of pa-
rameters for future climate.

Spatial interpolation of model
parameters using landscape.

Unanticipated e�ects to sec-
ondary variables of changing
precipitation parameters.

Can generate sub-daily infor-
mation.

Table 5.2: A summary of the strengths and weaknesses of the main statistical down-
scaling approaches. Adapted from Wilby et al. (2004).

climatologies used are of a su�ciently long time-scale to account for a wide range of

possible events. If events of large return period are omitted within the base-line record,

the occurrence of these events in the future scenarios will be mis-represented, or possibly

absent.

This SD method, despite being computationally inexpensive, has several caveats. Firstly,

it assumes that GCMs are more accurate at simulating relative change compared to

absolute values (Fowler et al., 2007), and secondly, change factors are only applied to the

mean, maxima and minima of climatic variables, failing to account for variability and

assuming a constant spatial pattern (Diaz-Nieto and Wilby, 2005). Furthermore, the

`delta change' approach fails to account adequately for the extreme values in climate

variables (Wilby et al., 2004; STARDEX, 2005; Graham et al., 2007). As such climate

extremes are important in driving geomorphological events they require successful

representation in geomorphic impact studies.

More advanced regression techniques such as Arti�cial Neural Networks (ANN; Zorita

and von Storch, 1999) and Canonical Correlation Analysis (CCA; Wigley et al., 1990;

von Storch et al., 1993) have been developed to address these caveats, albeit with varying

success. Early ANNs have repeatedly been shown to perform poorly in the simulation of

daily precipitation (Wilby and Wigley, 1997; Wilby et al., 1998; Zorita and von Storch,
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1999), however recent advances have improved upon this technique and improved their

ability to replicate observed climate variables (Harpham and Wilby, 2005). CCA

techniques have been shown to compare favourably, demonstrating considerable skill

(RMSEs between the modelled and observed data of less than 3 were achieved), as long

as a large number of predictor principle components (> 10) are used (Huth, 1999).

Weather classi�cation schemes typically assign days into a �nite number of discrete

weather types according to their synoptic similarity by applying cluster analysis to

atmospheric �elds (Wilby et al., 2004). Local surface variables (e.g. precipitation) are

conditioned on daily weather patterns by deriving conditional probability distribution

functions for observed statistics (Fowler et al., 2007). This is carried out for an observed

reference data set and then replicated under changed climate conditions by resampling

and regression functions (Hay et al., 1991; Corte-Real et al., 1999; Wilby et al., 2004), or

by evaluating the change in frequency of the weather classes simulated by the GCM

(Fowler et al., 2007). Wilby (1994) showed that this technique has limited success at

replicating at-site wet and dry spell persistence. Furthermore, this technique has been

shown to be less than e�ective when the observed data set is limited, or the number of

predictors is large (Van den Dool, 1989; Timbal et al., 2003). However, the results are

often comparable to complex regression models (Zorita and von Storch, 1999).

Weather generators provide a novel approach to projecting future climate changes. They

are able to simulate key statistical properties of observed meteorological data such as

daily means, variances and extremes (Wilks and Wilby, 1999), but not observed

sequences of events (Wilby et al., 2004). The parameters within weather generators are

conditioned on large-scale atmospheric predictors, weather states or rainfall properties

(Katz, 1996; Semenov and Barrow, 1997; Wilks and Wilby, 1999). Early weather

generators used �rst- or second-order Markov chains, or wet/dry day distributions to

reproduce observed meteorological patterns (Dubrovský, 1997; Wilks and Wilby, 1999;

Semenov, 2008). Weather generators based on �rst-order Markov chains often

underestimate temporal variability and persistence of precipitation (Gregory et al., 1993;

Mearns et al., 1996; Katz and Parlange, 1998). However, recent advances in this area

have addressed this issue and have seen the incorporation of the Neyman-Scott

Rectangular Pulse model into a functioning weather generator to provide more accurate

projections of future climates (Kilsby et al., 2007).

Di�ering weather generators have been compared in their performance. Semenov et al.

(1998) compared two weather generators, LARS-WG and WGEN, in their ability to

model monthly temperature and precipitation means across the USA, Europe and Asia.

They conclude that LARS-WG is better due to a greater number of parameters and the

use of more complex distributions. Overall, weather generators have been shown to be

better than ANNs at replicating rainfall occurrence (Wilby and Wigley, 1997). Similarly,

Dibike and Coulibaly (2005) compared LARS-WG with the Statistical DownScaling

Model (SDSM) of (Wilby et al., 2002), a hybrid of weather generator and regression

methods, �nding that mean precipitation was simulated well by both methods. However,
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SDSM underestimated wet-spell lengths whilst LARS-WG better produced wet- and

dry-spell lengths (Dibike and Coulibaly, 2005). SDSM has further been shown to

outperform LARS-WG and an ANN method by Khan et al. (2006) at downscaling

precipitation and maximum and minimum temperatures in Canada. Diaz-Nieto and

Wilby (2005) compared SDSM to the perturbation method in the Thames Valley, UK,

concluding that SDSM outperformed the perturbation method; capturing the variability

in monthly total and wet-day occurrences, but underestimating dry-spell length.

5.2.2 Dynamical downscaling

Dynamical downscaling (DD) involves the nesting of Regional Climate Models (RCMs)

or Limited-Area Models (LAMs) of �ner spatial resolution (typically 50 km x 50 km, but

they have been shown to provide outputs down to 10 - 20 km2) into a GCM to be forced

by GCM outputs (Mearns et al., 2003). As they are more physically robust than SD

techniques, they are able to realistically simulate regional climate features such as

orographic precipitation (e.g. Frei et al., 2003), extreme climate events (e.g. Fowler et al.,

2005; Frei et al., 2006) and regional scale climate anomalies, or non-linear e�ects, such as

those associated with the El Niño Southern Oscillation (e.g. Leung et al., 2003). They

have been shown to be more accurate in regions such as western USA, Europe and New

Zealand, where topographic e�ects on climate variables are prominent (Fowler et al.,

2007). However Wilby et al. (2000) found that RCM outputs were less skilful than

downscaled GCM outputs in replicating observed maximum and minimum temperatures,

whereas hydrological models forced with RCM outputs were more accurate at predicting

total runo� than hydrological models forced with downscaled GCM data. Therefore

despite their better representation of local climate e�ects such as topography and

maritime e�ects, the overall accuracy and computational expense makes RCMs less

favourable than SD approaches unless the study area is characterised by large

topographic variations. One issue with obtaining feasible climate statistics is that the

outputs from RCMs, downscaled GCMs and weather generators are stationary i.e. they

come in time slices such as 2010 - 2030, 2040 - 2060 etc. and that the driving climate

signals within each time slice are constant, increasing only between time steps (Jones

et al., 2009). Therefore a need for transient (constantly changing) climate projections

exists. The application of the Neyman-Scott Rectangular Pulse model to stationary

RCM outputs has been used to transform stationary RCM outputs to transient data

(Burton et al., 2010), a novel technique which combines both DD and SD techniques and

which produces reduced biases, point scale scenarios relevant for local-scale impact

studies (Burton et al., 2010).

Haylock et al. (2006) compared a mixture of statistical and dynamical downscaling

techniques with regards to heavy precipitation across the UK. They found that

statistical techniques, speci�cally ANNs, were best at modelling the inter-annual

variability in heavy precipitation. Similarly, Wilby et al. (2000) found that statistical
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downscaling techniques had greater skill in simulating maximum and minimum

temperatures and precipitation than regional climate models, emphasising the time

consuming nature and computational demand of dynamical downscaling techniques.

Fowler et al. (2007) also claim that the extra step involved in applying dynamical

downscaling techniques does not lead to large improvements in the simulation of climate

variables, relative to downscaling straight from GCM outputs.

5.2.3 Downscaling extremes in climate

Extremes in climate have recently moved into the focus of the climate change community

(Fowler et al., 2007). It is extremes in climate variables, such as precipitation and

storminess, which are likely to be key drivers of geomorphic change under future

climates, particularly in coastal regions. Extremes are usually de�ned at 90th or 95th

percentile events because the detection probability of trends decreases for even

moderately rare events (Frei and Schär, 2001). From here in, the use of the term extreme

will relate to any event greater than the 95th percentile within the observed record,

unless otherwise stated.

Fowler et al. (2005) compared the ability of a variety of downscaling techniques to

represent 50 year return period precipitation events. They found that the HadRM3 RCM

represented extremes (in this case, events with a return period of 50 years or greater)

well for most of the UK. Conversely, Fowler et al. (2007) found that RCMs are not suited

to simulating these rare precipitation events, particularly at daily scales. However,

Harpham and Wilby (2005) and Haylock et al. (2006) have shown that SD methods such

as stepwise regressions, principle component analysis, CCA and ANNs can replicate

certain aspects of extreme climate variables, such as frequency.

Recently, Hashmi et al. (2011) demonstrated that the SDSM and LARS-WG are able to

model observed extreme precipitation events in New Zealand. Similarly, Tryhorn and

DeGaetano (2011) compare the SDSM, the HadRM3 RCM and bias-correction and

spatial disaggregation techniques of statistical downscaling. They �nd that the SDSM

outperforms the HadRM3 and other techniques in matching observed extreme

climatology, as well as being the most consistent performer. Furthermore, Huang et al.

(2011) suggest that observed patterns in extreme precipitation indices over the period

1991 - 2000 can be simulated by the SDSM. It therefore seems that the hybrid weather

generator and regression model techniques employed by the SDSM are able to replicate

extreme precipitation indices where other techniques are not.

5.2.4 Summary of downscaling techniques

Both dynamical and statistical methods of downscaling have been applied to climatic

variables such as precipitation, with varying degrees of success (e.g. Wilby et al., 2002;
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Frei et al., 2006; Haylock et al., 2006; Burton et al., 2010). Although the application of

RCMs resolves �ner scale topographic and climatic e�ects, arguably improving the skill

of the output, the computational demands and time consuming nature of the

methodology makes such techniques less viable for this study. This is particularly the

case when simple, more e�cient statistical downscaling techniques have been shown to

produce as, if not more, skilful outputs (Wilby et al., 2000; Haylock et al., 2006).

The success of the more advanced set of regression techniques such as ANNs and CCA,

as well as the skill of the hybrid SDSM in reproducing observed extremes in climate,

suggest that such techniques may be applicable to the current study. The SDSM

combines aspects of regression model downscaling techniques as well as the stochastic

aspects of weather generators. Furthermore, it operates over the temporal scales required

for this study (i.e. daily) and is conditioned by at-a-station climate variables, therefore

can be related directly to point data obtained for the study site, allowing the

downscaling of GCM data to the small spatial scales necessary for this study (<10 km2).

Additionally, the SDSM comes with a user-friendly GUI and carries out ancillary task

such as data screening, model calibration and diagnostic testing (Wilby et al., 2002).

With these considerations in mind, strengthened by the recent evidence suggesting that

the SDSM can be used with con�dence in replicating extreme precipitation (Hashmi

et al., 2011; Huang et al., 2011; Tryhorn and DeGaetano, 2011), the SDSM hybrid

weather generator - regression model was chosen as the technique to derive site speci�c

future precipitation time series, for use in the assessment of climate change impacts on

the evolution of incised coastal gullies.

5.3 The Statistical DownScaling Model

The Statistical DownScaling Model (SDSM) is a Windows-based decision support tool,

designed to inform the development of single-site ensembles of climate variables from

both current and future regional climate forcing (Wilby et al., 2002). SDSM can be

described as a hybrid of the stochastic weather generators and simple transfer function

SD methods described in section 5.2.1. In SDSM large-scale atmospheric predictors (e.g.

circulation patterns and atmospheric moisture variables) are used to condition local-scale

weather generator parameters (Wilby and Dawson, 2007). Figure 5.4 details the

work�ow involved in using the SDSM software and highlights the stages involved in

developing ensembles of future climate change projections.

The SDSM software performs seven key steps necessary to downscale GCM outputs to

local scales (highlighted in �gure 5.4). These are

1. Quality control and data transformation. SDSM checks the time series of the

observed climate variable data for missing data and outliers. The observed time

series should ideally cover the period 1961 - 1990 (although this depends on the
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Figure 5.4: SDSM Version 4.2 climate scenario generation work�ow. Operations in
bold represent the key functions SDSM performs. From Wilby and Dawson (2007).

length of record available) and account for events with a large return period so as

to account for natural variability. Data needs to be at daily temporal resolution.

Missing data are identi�ed and entered as -999. Furthermore, it may be necessary

to transform predictors and/or the predictand prior to calibration. This may be

carried out in the Transform facility.

2. Screening of downscaling predictor variables. The Screen Variable facility

enables the selection of the most appropriate predictor variables. This is perhaps

the most important step, as the choice of predictor largely determines the character

of the downscaled climate scenario. This facility displays the predictive power and

signi�cance of the relationship between observed predictand variables and predictor

variables over a given time period.
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3. Model Calibration. This facility computes the parameters of multiple regression

equations between a user-speci�ed predictand and the chosen set of predictor

values from stage 2. An optimisation algorithm (either dual simplex or ordinary

least squares) is used to produce the multiple regression parameters. The model

may either be seasonal, monthly or annual in nature, in which case the

relationships over the speci�ed time frame are used. The model may be conditional

(i.e. an intermediate process between regional forcing and local weather is required.

For example, precipitation amounts depend on wet-day occurrences, which in turn

relies on regional-scale predictors such as humidity), or unconditional, in which

case there is a direct link between predictors and predictand.

4. Weather Generator. The Weather Generator function allows the generation

of synthetic daily weather series given observed data. This data relates to the

NCEP-NCAR reanalysis (Kalnay et al., 1996) which provides observed daily values

of predictand variables normalised against their 1961-1990 means. This enables the

validation of the calibrated model generated in stage 3.

5. Data Analysis. The Summary Statistics and Frequency Analysis functions

(�gure 5.4) allow the analysis of both observed and downscaled time series. SDSM

produces a suite of diagnostics including seasonal/annual means, measures of

dispersion, correlation and extreme analysis.

6. Graphical Analysis.Graphical outputs are provided in the Frequency analysis,

Compare Results and Time Series Analysis functions. This facilitates the

analysis of extreme events, as well as providing graphical comparisons between

observed and synthetic scenarios.

7. Scenario Generator. The Scenario Generator facility produces synthetic daily

weather given atmospheric predictor variables supplied by a climate model (either

for the present or the past). The functionality is the same as the Weather

Generator in all respects. However it may be necessary to explicitly de�ne a

di�erent convention for model dates depending upon the GCM outputs used as

inputs.

Ensembles of up to 100 synthetic time series may be generated at one time. Each

ensemble created in the Scenario Generator is forced with a random number seed, as

such each ensemble projection is a unique, yet equally plausible projection of local

climate (Wilby et al., 2002). By generating multiple ensemble members, the uncertainty

associated with the climate value associated with each time step, and the uncertain

relationship between predictor and predictand within the generation of future climates

can be assessed and the range of possible realisations can be constrained.
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5.4 Generation of future climate projections for the Isle of

Wight

In order to assess the impacts of a changing climate upon the evolution of the incised

coastal gullies of the Isle of Wight using the LEM developed in chapter 4, climate

projections detailing possible future changes in e�ective precipitation, wave climate and

sea level are needed. Although sea level and wave heights will be combined into a single

metric detailing total sea level (as described in chapters 3 and 4), the generation of time

series describing changes in these variables must be carried out on the variables

individually as they are non-causal processes. That is to say that a rise in sea level may

not necessarily translate in a rise, or fall, in wave height, as previously discussed (section

4.3.2.4) large waves occurring at a neap tide may be smaller than a small wave occurring

at a spring tide. Therefore it is necessary to keep the variables separate, and analyse the

changes in each component of total water level. The two time series will then be

combined to provide a single time series which will represent future changes in both

component parts, and which will act as input to the modi�ed CHILD model (see chapter

4).

5.4.1 Data

Daily rainfall data (mm) covering the baseline period 1961 - 1990 was obtained for St.

Catherine's Point on the southern tip of the Isle of Wight (Lat = 50.58◦, Long = - 1.30◦)

from the UK Met. O�ce MIDAS database2. The data series is 98% complete. The rain

gauge is set at an elevation of 20 m in a coastal location along the south Isle of Wight

and as such characterises the daily rainfall totals (mm) over the baseline period (1961 -

1990) observed along the south west coast of the Isle of Wight. Over the baseline period,

mean daily rainfall was 2.16 mm. Dry-days (here de�ned as days with 0 mm rainfall)

account for 55.4% of the record. The largest rainfall event of the baseline period was 64

mm, recorded on September 3rd 1961. The 95th percentile (used to characterise extreme

events in climatological data; Frei and Schär, 2001) represents a rainfall event of greater

than 11.7 mm, suggesting the 64 mm event was an rare event. This also provides

con�dence that the observed record is long enough to account for the natural variability

within the system.

In conjunction with the rainfall data described above, mean daily sea level data (m) was

obtained from Southampton3 for the baseline period 1961 - 1990. The data set is 100%

complete. Although the tide gauge is located approximately 31 km from the study site it

represents the best available record characterising the south west Isle of Wight (see

section 3.4.2 for further details). Over the baseline period mean sea level was 2.85 m

above datum. Maximum observed sea level over this period was 3.51 m above datum.
2Available at http://badc.nerc.ac.uk/cgi-bin/midasstations/stationdetails.cgi.py?id=876
3Courtesy of the Associated British Ports Southampton and Ivan Haigh.
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The 95th percentile, calculated over the period 1961 - 1990 represents a sea level of 3.09

m above datum. This suggests that the 3.51 m event was an example of an extreme sea

level state, with a relatively large return period, providing con�dence that the natural

variability within sea level is incorporated into the baseline period and the modelling

process.

Further to the rainfall and sea level data described above, a time series detailing hourly

signi�cant wave heights (Hs, m) is also required. As described in chapter 3, the Channel

Light Vessel (CLV) provides the longest available Hs record suitable for the south west

Isle of Wight. This data covers a shorter (relative to the baseline 1960 - 1990 for sea level

and precipitation) period 1993 to 2011. As such, this was chosen as the baseline period

for the wave data. This data set is 97% complete. Mean Hsover the period 1993 - 2011

was 1.3 m. The maximum observed wave height over the 18 year period was 12.3 m,

which compares to the 95th percentile wave height of 2.4 m. This suggests that even

though the wave height baseline period is relatively short, it still includes rare events and

that the wave record accounts for the natural variability of the system.

In addition to the predictand variables described above, data describing the climate

forcing variables (predictors) is needed. National Centre for Environmental Prediction

(NCEP) re-analysis data (Kalnay et al., 1996) covering the period 1961 - 2011 was

obtained at a daily temporal resolution (so as to cover the baseline periods for all three

predictand variables). This data set provides gridded, hindcast values of 25 atmospheric

variables relating to pressure levels, surface �uxes and atmospheric �uxes (e.g.

atmospheric moisture and wind vorticity). These variables correspond to those

outputted from GCM models and as such can be used to calibrate and validate outputs

from GCMs (Kalnay et al., 1996). Data was collected for the grid cell covering the Isle of

Wight. Of the 25 NCEP variables, only a few may in�uence the predictand variables,

therefore careful screening of each variable is required to ensure it is necessary in the

calibrated model. This process, along with the results of the screening, is presented in

section 5.4.2 below.

In order to produce scenarios of future change, outputs from the two GCMs selected in

section 5.1.3, HadCM3 and CGCM2, were collected for the same grid cell as the NCEP

re-analysis data. Transient daily predictor values over the period 1960 - 2099 were

collected for HadCM3 and CGCM2, for model runs generated under two di�ering

emissions scenarios: A2 and B2 (�gure 5.1). These represent the scenarios which

produced the highest rise in GHGs (A2), and the scenario which depicts a continuation

of the recently observed trends in GHGs (B2), thereby covering a range of possible SRES

emissions scenarios. This therefore results in a series of four forcings available for the

analysis of changes in climate upon the evolution of incised coastal gullies

(HadCM3_A2, HadCM3_B2, CGCM_A2 and CGCM_B2).

Both NCEP and GCM predictor data were then normalised with respect to their 1960 -

1990 means and standard deviations. This process addresses the issue of some GCMs
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lack of skill in replicating observed climates. If the normalisation process was not carried

out, the potential large di�erences between observed and predictor-modelled climates

may violate the statistical assumptions associated with the SDSM and produce poor

results (Wilby et al., 2002). The normalisation process ensures the distributions of

observed and derived predictors are in closer agreement than simply the raw data.

5.4.2 SDSM Calibration

In order to use SDSM to generate synthetic time series of rainfall, sea level and wave

heights with con�dence, the model needs to be carefully calibrated to each predictand. A

series of studies have shown that, given careful calibration, SDSM can be used to

generate rainfall data which accurately represents observed values (Dibike and Coulibaly,

2005; Haylock et al., 2006; Vidal and Wade, 2008; Prudhomme and Davies, 2009; Hashmi

et al., 2011). Additionally, although less well explored, SDSM has been shown to be

useful in the downscaling and prediction of wave climates and sea level (Donovan and

Wilby, 2003; Wilby, 2008). Below, the calibration of SDSM to all three predictand

variables is described, and the �nal calibrated model in each case is veri�ed.

5.4.2.1 Rainfall

Using the St. Catherines Point daily rainfall data described in section 5.4.1, the period

1961 - 1975 was used as the calibration data set, leaving the period 1976 - 1990 for

validation. The calibration time frame includes the large 64 mm rainfall event described

above and as such accounts for rare events. Candidate predictor variables were screened

in the 'Screen Variables' function (section 5.3, �gure 5.4). The coe�cients of the

predictor variables identi�ed as those which best described the observed precipitation

climate are shown in table 5.3. The largest correlations are with humidity and windspeed

(table 5.3), which suggest more humid, higher speed winds result in rainfall. Other

correlations with wind speed parameters suggest that windspeed is key to precipitation.

A conditional model was chosen, as rainfall is a conditional process (see section 5.3). The

r2 value of the calibrated model (0.22; table 5.3) is consistent with other studies applying

the SDSM to rainfall (Wilby et al., 2002; Hessami et al., 2008; Hashmi et al., 2011),

which produced r2 values of 0.28, 0.18 and 0.25, respectively.

Using the predictors identi�ed in table 5.3, the calibrated model was then used to

generate a 100 member ensemble of synthetic rainfall time series covering the period

1976 - 1990, using the NCEP re-analysis data for the same period as predictor values. It

can be seen in �gure 5.5a) and b) that the calibrated rainfall model is able to generate

synthetic time series which account for the variability within the observed system. Figure

5.5a demonstrates the models skill in reproducing values in keeping with the observed

records, a Kolmogorov-Smirnov test suggests the observed and mean quantiles originate

from the same distribution and the maximum divergence between modelled and observed
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Precipitation Wave
Height

Sea Level

Mean Sea Level Pressure (mslp) -0.005 -0.047 -0.552
Surface Meridional Velocity (pv) n/a n/a 0.06
Surface Wind Direction (pth) 0.014 n/a n/a
Surface Divergence (pz) 0.023 n/a n/a
500 hPa Meridional Velocity (5v) 0.015 n/a n/a
500 hPa Geopotential Height (p500) -0.016 0.054 n/a
500 hPa Wind Direction (5th) 0.03 n/a n/a
850 hPa Air�ow Strength (p8f) 0.004 n/a n/a
850 hPa Zonal Velocity (p8u) 0.13 0.087 n/a
850 hPa Geopotential Height (p850) n/a -0.055 n/a
Relative Humidity at 500 hPa (r500) 0.08 n/a n/a
Mean Temperature at 2m (temp) n/a -0.112 0.151

r2 of �nal calibrated model 0.22 0.55 0.61

Table 5.3: Coe�cients for predictor variables used in model calibration. n/a values
represent variables not included in the speci�c models. All correlations were signi�cant

at 95% con�dence levels. The r2 of the �nal regression model is also provided.

time series is 0.12 mm (p < 0.05). This suggests the modelled data provides a good

representation of the observed precipitation. Furthermore, �gure 5.5b shows that the two

probability density functions (PDFs) correspond well, with a Pearsons correlation

coe�cient of 0.99 (p < 0.05). The standard deviation (4.7 mm) and mean (2.18 mm) of

the observed validation period is preserved in the modelled data. The maximum value

reproduced by the calibrated model, 64.16 mm, corresponds to the largest value observed

during the calibration time period (1961 - 1990), however exceeds the observed

maximum of the validation time period (53.2 mm), suggesting that the model is able to

reproduce the large rainfall events, but may occasionally over-estimate rainfall.

5.4.2.2 Sea level

The Southampton daily sea level data described in section 5.4.1, over the period 1961 -

1975 was used as the calibration data set, leaving the period 1976 - 1990 for validation.

Candidate predictor variables were screened in the 'Screen Variables' function (section

5.3, �gure 5.4). The coe�cients of those predictor identi�ed as those which best

described the observed sea level climate are shown in table 5.3. It was found that mean

sea level is best correlated negatively to mean sea level pressure, suggesting that lower

sea level pressures result in higher sea levels. Furthermore, the analysis suggests mean

temperature and meridional velocity (the velocity component in the north-south

direction) are signi�cant variables. The r2 of the calibrated model (0.55, table 5.3) is

relatively high and provides con�dence in the models ability to explain the variation in

sea levels. In this case, an unconditional model is used.

Using these values, the calibrated model was then used to generate a 100 member
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Figure 5.5: Relative skill of the calibrated model within SDSM to replicate the three
predictand variables. a) Quantile-Quantile plot of the modelled 100 member ensemble
(blue dots) and observed (black line) rainfall. b) Probability Density Function of modelled
ensemble mean and observed rainfall. c) Quantile-Quantile plot of modelled 100 member
ensemble (blue dots) and observed (black line) daily sea-level. d) Probability Density
Function of modelled ensemble mean and observed daily sea-level. e) Quantile-Quantile
plot of modelled 100 member ensemble (blue dots) and observed (black line) total daily
signi�cant wave height. f) Probability Density Function of modelled ensemble mean and
observed total daily signi�cant wave height. The insert in f) highlights the upper tail of
the PDF, highlighting the �t between of the modelled and observed records to extreme

wave events.
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ensemble of synthetic daily sea level time series covering the period 1976 - 1990, using

the NCEP re-analysis data for the same period as predictor values. It can be seen in

�gure 5.5c) and d) that the calibrated sea level model is able to generate synthetic time

series which account for the variability within the observed system. The

Kolmogorov-Smirnov test suggests the mean modelled and observed quantiles originate

from the same distribution, with the maximum deviation between the two time series

being 0.06 m (p < 0.05). This suggests the modelled data provides a good representation

of the observed sea level. Figure 5.5c demonstrates the models skill in reproducing values

in keeping with the observed records, although there are slight deviations at both tails of

the distribution. A Pearsons correlation coe�cient of 0.97 (p < 0.05) suggests that

despite the slight deviations at the tails, the two distributions correlate well. This is

further displayed in �gure 5.5d, which shows that despite this divergence at the tails, the

two probability distribution functions (PDFs) correspond well. The standard deviation

(0.13 m) and mean (2.85 m) of the observed validation period is preserved in the

modelled data. Furthermore, the maximum of the modelled data (3.28 m) is within

reasonable bounds of the observed data (3.51 m), although there is a suggestion that

extreme sea levels may be slightly underestimated by the calibrated SDSM model.

5.4.2.3 Wave height

As described in section 5.4.1, data availability of signi�cant wave height time series is

limited. The longest time series available covers the period 1993 - 2011. As such the

period 1993 - 2002 was used as the calibration period, leaving 2003 - 2011 as the

validation data set. Furthermore to this limited calibration data, there is a discrepancy

in the temporal scales needed for input into the SDSM and with the coupled

marine-terrestrial CHILD (MT-CHILD) landscape evolution model (LEM) described in

chapter 4. SDSM requires daily values, as the downscaling of future climates is

conducted with daily GCM predictor values, but MT-CHILD requires an hourly time

series of signi�cant wave height to calculate values of coastal erosion. This discrepancy

was solved by supplying the SDSM model with the mean daily wave height for each day

of the wave height record.

To generate a time series of hourly signi�cant wave heights (m), Hs, from a given mean

daily wave height (m), Hs, 24 random values were generated from the Generalised

Extreme Value (GEV) distribution. To �t the GEV values, winter months of December,

January and February (DJF) were extracted from the CLV wave record as these periods

are characterised by a stormier environment and larger wave heights (see �gure 4.10);

thereby ensuring these stormier periods are better represented in the disaggregated time

series (see section 4.3.2.3 for further information regarding the use of GEV distributions

to model wave heights). The GEV was then �tted to every day in the DJF record over

the 11 year period of the CLV record. The average of parameter values were then used as

parameter values to describe the GEV distribution to be used in the disaggregation of
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the mean daily wave heights. The GEV used to describe the daily distribution of

signi�cant wave heights has parameters k = 0136, σ = 0.660 and µ = 0.871. The

randomly generated samples from the GEV distribution are then resampled to the

synthesised daily mean wave height, (Hs), such that

Hsi = xi ×

 Hs(∑i=1
24 xi
n

)
 (5.1)

Where Hsi is the time series of signi�cant wave heights where i is the hourly value of the

time series ranging from 1 to 24, xi is the randomly generated value from the GEV

distribution at hour i, n is the combined number of GEV samples (i.e. 24) and Hs is the

mean daily wave height value (m) given by the SDSM output.

Table 5.3 details the variables which best described the wave climate and which were

chosen as variables to include in the unconditional model used in SDSM. It can be seen

that sea level pressure and wind speed have an e�ect on wave height, suggesting that

lower sea level pressure results in higher waves, this is logical as low pressure systems are

associated with more stormy, unsettled weather, as well as stronger winds. However the

strongest relationship exists with temperature, which suggests that wave heights are

higher at lower temperatures. This corresponds to seasonality found within the CLV

wave record (see �gure 4.10) which suggests higher wave heights are found in the winter

months. The r2 of the calibrated model (0.61) suggests the predictor variables and

calibrated model account for the majority of variation in the observed wave record;

therefore this model can be used with a certain amount of con�dence.

As can be seen by �gures 5.5e) and f) Hs appears to be the least well described variable

of the three variables modelled within SDSM. This is recognised by the

Kolmogorov-Smirnov test which displays the largest disagreement between the observed

and modelled data (0.17 m, p < 0.05) of the three climate variables. However, the two

time series do come from the same distribution, so the SDSM model is capable of

replicating observed wave heights. Although �gure 5.5e and resultant statistics show

there is some agreement between the modelled and observed data, with the ensemble

modelled values covering the observed period, the PDFs of the two time series display

greater variation (�gure 5.5f). This is represented by the slightly reduced Pearsons

correlation coe�cient of 0.89 (p < 0.05). However, this value is still high, and suggests

the two PDFs correlate well. The mean (1.37) and standard deviation (0.06) of the

modelled and observed time series are the same for the validation period (2003 - 2011).

Similarly, the maximum values of Hs for the observed and modelled time series (5.19 m

and 5.89 m) are similar. This is highlighted by the inset in �gure 5.5f) which shows that

at the extreme upper tail of the PDF, the model is able to match the observed values.

As it is these extreme values which are of importance in this study, the calibrated model

for wave heights is deemed valid.
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5.4.3 Downscaled future projections of precipitation, sea level and

wave height

Using the models calibrated above, 100 member ensembles were generated for

precipitation, sea level and wave height using the Scenario Generator function within the

SDSM software (see section 5.3, �gure 5.4). A 100 member ensemble was chosen as it was

at this number of ensemble members that the mean and standard deviation of the model

outputs began to converge (�gure 5.6). One hundred member ensembles were generated

for each climate model and emission scenario combination (section 5.4.1), resulting in

four ensembles for each variable. These ensembles were used to characterise the variation

and bound the uncertainty regarding the generation of future scenarios for each variable,

and which are subsequently analysed using Monte Carlo techniques (see section 5.5 for

more detailed description). As can be seen in �gures 5.7, 5.8 and 5.9, there is large

variation between the climate models and emissions scenarios used, highlighting the need

to use ensembles to characterise the climate projections used in this study.

With regards to precipitation, in general, it can be seen that the HadCM3 outputs are

wetter than their CGCM2 counterparts; this is shown in their higher ensemble means

(�gure 5.7). Analysis of the downscaled ensemble means suggests that the HadCM3

GCM data project increases in daily precipitation intensity of ± 0.058 mm/yr (A2 and

B2 emissions scenarios, p < 0.05, Mann-Kendall test) over the 21st century. Similarly,

ensemble means of the CGCM2 driven data suggest an overall increase in daily

precipitation intensity of 0.014 mm/yr (A2 emission scenario, p < 0.05, Mann Kendall

test) and 0.008 mm/yr (B2 emission scenario, p < 0.05, Mann Kendall test).

This range of projected change in precipitation intensity is in agreement with the

recently published UKCP09 projections (Jenkins et al., 2009), which suggest that central

estimates of annual precipitation do not show much change in the southern UK by 2099

at the 50% probability level, ranging from -16% to +14%, in keeping with the changes in

mean annual precipitation change projected by the HadCM3 and CGCM2 models.

Interestingly, all four ensembles in �gure 5.7 project an increase in levels of extreme

precipitation (de�ned as daily events over 11.7 mm, see section 5.4.1) over the 100 year

period (blue trend line on �gure 5.7). These increases are signi�cant to 95% con�dence

levels (p < 0.05, Mann-Kendall Test). Evidence for increases in extreme precipitation

events has also been provided by Jones and Reid (2001), Fowler and Ekström (2009) and

Jenkins et al. (2009) for southern regions of the UK.

Furthermore, the number of dry days (de�ned as days with 0 mm of precipitation) varies

with each model. Both the HadCM3 ensembles predict a reduction in the number of dry

days over the 100 year period, at a rate of 0.015 days/year. This corresponds with the

model's overall increase in precipitation levels described above. Conversely, the CGCM2

model predicts an increase in the number of dry days, in the order of 0.02 days/year.

This is in tandem with the increase in daily precipitation predicted the CGCM2 model,

suggesting wetter, more intense rainfall. Increases in dry day occurrence is also projected
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Figure 5.6: a) Ensemble means of daily signi�cant wave height for di�ering ensemble
sizes. As can be seen as the number of ensemble members reaches, and exceeds, 100
(indicated by the dashed line), the mean begins to converge around 1.358 m. b) Ensemble
standard deviations of daily signi�cant wave heights for di�ering ensemble sizes. As can
be seen, as the number of ensemble members reaches, and exceeds, 100 (indicated by the

dashed line), standard deviations begin to converge around 0.965 m.

in other reported studies for southern UK (e.g. STARDEX, 2005; Vidal and Wade, 2008;

Jenkins et al., 2009). As such it is deemed that these outputs concur with other

examples of projected changes in precipitation for the southern UK and are suitable for

use in this study.

With regards to sea level (�gure 5.8), it can be seen again that the di�erent GCMs and

emissions scenarios produce di�ering results. All four ensembles predict a rise in sea level

over the next 100 years, in keeping with both large scale IPCC (Solomon et al., 2007)

and local scale UKCP09 projections (Jenkins et al., 2009). The four climate model and

emissions scenario combinations produce a range of sea level increases (�gure 5.8). The
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Figure 5.7: Ensemble outputs of daily precipitation (mm) from the di�ering GCMs
and emissions scenarios. Grey band represent the spread of each of the 100 ensemble
members. The black line represents the yearly moving average of the ensemble mean,
with the red trend line highlighting the trend in the ensemble mean. The blue line
represents the trend in the number of days per year in which the 95th percentile event is

exceeded. The 95th percentile represents rainfall events greater than 11.7 mm.

HadCM3 A2 scenario results in a mean sea level increase of 0.73 m by 2100, whereas the

CGCM2 A2 scenario projects a mean sea level increase of 0.21 m by 2100. The HadCM3

B2 scenario projects an increase of 0.55 m, similar to that projected by the CGCM B2

scenario which equates to a rise of 0.54 m by 2100. All trends are signi�cant at 95%

con�dence levels (p < 0.05 Mann Kendall test). This range (0.21 to 0.71 m) is in keeping

with the projections made by the UKCP09, which project a mean sea level rise of

between 0.12 and 0.76 m under medium emissions scenarios by 2095. It must be noted

that the values provided above are for mean sea level projections, and that as can be

seen in �gure 5.8, the ensembles also project changes in extreme sea levels in keeping

with the UKCP09 projections. An increase in the occurrence of extreme sea levels (here

de�ned as sea levels exceeding the 95th percentile of the observed record, equating to

3.09 m) is projected in all four ensembles. The magnitude of this increase varies between

each ensemble (�gure 5.8) and varies between 0.04 to ∼ 1 day per year in which the 95th

percentile is likely to be exceeded.

As can be seen in �gure 5.9, projections of daily mean signi�cant wave height all predict

a decrease in values. The range of this decrease is in the order of 0.001 to 0.002 ma−1, (p
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Figure 5.8: Ensemble outputs of mean daily sea-level (m) from the di�ering GCMs
and emissions scenarios. Grey band represent the spread of each of the 100 ensemble
members. The black line represents the yearly moving average of the ensemble mean,
with the red trend line highlighting the trend in the ensemble mean. The blue line
represents the trend in the number of days per year in which the 95th percentile event is

exceeded. The 95th percentile represents sea-levels greater than 3.09 m.

< 0.05, Mann Kendall test). The HadCM3 models predict slightly lower values of mean

daily wave height that their CGCM2 counterparts, however the decrease in mean values

is similar between all models. The UKCP09 marine projections suggest that winter mean

wave heights will undergo a change of -0.35 to +0.05 m under medium emissions

scenarios by 2095, and that the eastern parts of the English Channel are expected to see

small changes in wave heights (but provide no quanti�cation of this change, Jenkins

et al., 2009). Therefore the projections of mean daily signi�cant wave height produced

here fall within the bounds of similar studies and may be deemed suitable simulations of

future wave climates.

All the SDSM mean daily signi�cant wave height predictions suggest that extreme wave

heights (here de�ned as those larger than the 95th percentile of the observed record, 2.4

m), are likely to increase in frequency over the 100 year period. This increase in extreme

wave height is also projected by Lowe and Gregory (2005), Jenkins et al. (2009), Wang

et al. (2010), thereby suggesting that the models produce reasonable scenarios of future

wave heights.
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Figure 5.9: Ensemble outputs of mean daily signi�cant wave height (m) from the
di�ering GCMs and emissions scenarios. Grey band represent the spread of each of
the 100 ensemble members. The black line represents the yearly moving average of the
ensemble mean, with the red trend line highlighting the trend in the ensemble mean. The
blue line represents the trend in the number of days per year in which the 95th percentile
event is exceeded. The 95th percentile represents signi�cant wave heights greater than

2.99 m. Note the scale on the secondary y-axes change.

5.5 Re�nement of climate projections: Monte Carlo

simulation

The ensembles produced above in section 5.4 provide an estimate of the range of

plausible values for each climate variable for each day over the next 100 years. At each

time step, a wide range of possible values is projected based upon the large-scale GCM

outputs (�gures 5.7, 5.8 and 5.9). As such, any of these values is possible. This

uncertainty in the possible range of a variables value can be accounted for by running a

large number of simulations designed to account for all possible combinations of values at

each time step. In order to accurately characterise the distribution of possible values at

any given time step, each of the four ensembles produced above are re�ned further using

Monte Carlo techniques.

Monte Carlo techniques have often been used in geomorphological modelling to assess

the uncertainty surrounding model parameter estimations (Willgoose et al., 2003; Parker

et al., 2008; Beven, 2009; Hebeler and Purves, 2009; Temme et al., 2009; Nicholas and
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Quine, 2010). In its simplest form, Monte Carlo analysis involves the random selection of

parameter sets and the running of multiple model realisations to determine the di�ering

model responses associated with the variability within those parameter sets (�gure 5.10;

Beven, 2009). Monte Carlo methods are stochastic, which means that they are based on

the use of random numbers and probability statistics. In that sense they are statistical

approximation, rather than deterministic, techniques (Rubino and Tu�n, 2009). They

assume that a probability function is known and sample from that known distribution

(Caers, 2011).

Here it is useful to describe some terminology which will be used in the discussion of the

Monte Carlo analysis. The full set of possible outcomes of a scenario is known as the

sample space, often denoted as Ω (Murthy, 2000). Subsets of Ω are known as events

and are often denoted by z (Murthy, 2000). An event corresponds to the value given to

a variable at a given time step. For each event in the sample space, a probability P(z) is
assigned where 0 < P(z) < 1. These probabilities may be de�ned classically, i.e. P(z) is
the ratio of the number of outcomes in an event, z, to that in Ω, provided all the

outcomes are equally likely (Murthy, 2000). Alternatively, as is the case in this study,

P(z) is assigned operationally (Murthy, 2000). That is to say that the frequency of the

occurrence of z at a given value is observed over a number of repeat experiments (in this

case 100, relating to the 100 member ensembles generated in section 5.4.3, stage IV,

�gure 5.10). These 100 member ensembles are used to generate daily Probability Density

Functions (PDFs, stage V and VI in �gure 5.10) which are used to assign a probability to

each occurrence of a speci�c precipitation, sea level or wave height event. For each time

step these PDFs can then be sampled a number of times and combined to produce a

series of random realisations of the variables which will adequately cover and describe

the sample space.

The greater the number of realisation that are generated, the more likely it is that the

model outputs will converge around the mean value of the sample space. However,

computational demands often limit the number of model runs (or samples) which can be

conducted, therefore an optimum number of realisations needed to adequately account

for model uncertainty to within given con�dence limits, whilst limiting the

computational demands of the simulation, is needed.

In previous studies that apply Monte Carlo techniques to geomorphological modelling,

the number of model realisations required to satisfactorily quantify the uncertainty

around estimations of mean and standard deviation has often been chosen, seemingly,

arbitrarily. For example, Nicholas and Quine (2010) ran > 83,000 model simulations,

however provide no quali�cation as to why this number was chosen, despite recognising

that

�. . . the set of 83,000 simulations conducted in this study will underestimate

the full range of possible model behaviours.� (Nicholas and Quine, 2010,

p.172)
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Figure 5.10: Stages involved in the generation of multiple time series used in the Monte
Carlo analysis of future climate change projections. Stage I - select the GCM outputs
to be analysed. Stage II - Select the emissions scenarios under which the GCM is to be
run. Stage III - Calibration and validation of predictor/predictand relationships from
GCM outputs within the SDSM software. Stage IV - Generation of multiple ensemble
runs of future scenarios of change for a given variable within the SDSM software. Stage
V - Generation of probability density functions (PDFs) of each time step for all ensemble
members (black dots represent random sampling sites of stage VI). Stage VI - Monte
Carlo sampling of PDFs produced in Stage V generates synthetic time series for use in
MT-CHILD. In the illustrations used here, 15 random samples were taken from the PDFs

in Stage V to produce 15 MT-CHILD input time series in Stage VI.
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Conversely, Temme et al. (2009) provide no indication as to the total number of model

realisations that were used in their study. Whereas Hebeler and Purves (2009) generate

only 40 model realisations in their Monte Carlo simulations. Although it is recognised

that the variation in the numbers of simulations run is partly due to the levels of

certainty with which a parameter value is assigned and the natural variability associated

with that parameter, here the optimum number of simulations needed to accurately and

constrain the uncertainty associated with each of the three climate parameters

(precipitation, sea level and wave height) detailed in section 5.4 is estimated numerically.

As stated by Goldstein et al. (2005), there is no standardised way to identify the

appropriate number of Monte Carlo simulations needed. Gustafsson (2011) proposes a

method to calculate the optimum number of simulations for a given distribution based

on the distribution tail characteristics and coe�cient of variation between the sample

mean and standard deviation. However, as the current study is founded on varying

distributions (one for each time step, �gure 5.10), this methodology is unsuitable.

The aim of the Monte Carlo sampling is to provide con�dence that the daily distribution

of each climate variable is sampled enough times so that all possible outcomes at any

given time step are accounted for. The distribution of any given climate variable, at any

given time, can be represented by the mean and standard deviation of the data

generated in the 100 member ensembles at that time step. By sampling each distribution

enough times, the mean of the distribution can be constrained to within a user-de�ned

percentage of the mean, µ%. The number of samples required to achieve this value, nmc,

can be calculated using

nmc =

(
σ

µ%

2
)

(5.2)

where σ is the standard deviation of the ensemble distribution.

The value relating to the user-de�ned percentage of mean can be adjusted to known

con�dence levels by

µ%a =
µ%
c

(5.3)

where c equals 1.96 for 95% con�dence levels and 2.58 for 99% con�dence levels. µ%a
can then be re-introduced into Eq.5.2 to calculate the optimal number of runs needed to

constrain the mean of a distribution to a given percentage, for a given con�dence interval.

As the distributions of each time step will be di�erent, the 36500 time steps (100 years

at daily resolution) were analysed to identify the time step, and resulting distribution,

which displays the largest range in values. This distribution was then selected to

represent the whole 100 member ensemble. This distributions' mean and standard

deviation was then used in Eq. 5.2 to calculate the required number of runs needed to
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Precipitation (mm) Sea Level (m) Wave Height (m)
µ σ µ σ µ σ

CGCM2 A2 2.58 7.33 2.91 0.20 3.67 1.25
CGCM2 B2 6.21 8.23 2.90 0.18 2.57 1.27
HadCM3 A2 9.43 10.11 2.89 0.16 2.30 1.26
HadCM3 B2 5.06 7.46 2.84 0.16 1.97 1.28

Table 5.4: Mean (µ) and standard deviation (σ) of the time steps displaying the largest
range in values calculated from the 100-member ensembles generated in section 5.4.

constrain the mean to a given value. By selecting the distribution with the largest range,

all other distributions will be adequately sampled (as they would require a smaller

number of runs to constrain their means to the pre-determined value), however if the

ensemble mean distribution was used there may be time steps which may not be sampled

enough times to adequately constrain their distributions. As can be seen in table 5.4,

precipitation is the most variable of the three climate parameters, displaying the largest

standard deviations. Accordingly, the means and standard deviations relating to the four

ensembles of precipitation are used to calculate the number of simulations required to

constrain each ensemble to within a user de�ned percentage of the mean. All

calculations are carried out to 95% con�dence levels. Table 5.5 details the number of

simulations needed to acquire di�ering accuracies surrounding the mean values.

Given the computational demands of MT-CHILD (see chapter 3), with each simulation

taking approximately 90 minutes, it was decided that constraining the distribution

means to within 5% (N5% in table 5.5) was satisfactory. This value ensures the tails of

the distribution are characterised and ensures the shape of the distribution is preserved,

whilst limiting the computational demands of the Monte Carlo simulations to within

reasonable bounds. Accordingly, each climate variable ensemble was sampled by the

number detailed for each climate model and emission scenario combination detailed in

table 5.5, for N5%, to produce a total of 17950 projections.

5.5.1 Application to the modelling framework

The 17950 projections required to adequately account for the variability within the

SDSM ensemble outputs were used to form inputs to MT-CHILD, developed in chapter

4. Henceforth, the notation used in the labelling of the Monte Carlo runs will be

employed to distinguish between the multiple model runs. This notation will be

subsequently used in the following chapters to distinguish between individual model runs.

Within the Monte Carlo modelling, each simulation is identi�ed by a unique number

representing the simulation run and a shortened code representing the climate model and

emissions scenarios the climate data is derived from, following the form

[GCM & Emissions scenario code]_[Simulation number]
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CGCM2 A2 CGCM2 B2 HadCM3 A2 HadCM3 B2 Total

N1% 253636 67431 44205 83501 430773
N2% 63409 16858 11051 20862 112180
N3% 28181 7493 4912 9272 49858
N4% 15852 4215 2763 5216 28046
N5% 10145 2698 1769 3338 17950

Table 5.5: Number of simulations needed to constrain the mean of the resulting distri-
bution to within a given percentage (x%) of the sample mean (Nx%). The sample mean
and standard deviation values used in the calculations relate to the time step with the
largest range within precipitation ensembles, as these were shown to be the most vari-
able (table 5.4). Each ensemble requires di�erent numbers of runs to achieve the given
accuracy; the total number of simulations required for a given accuracy is given in the

far right column. All values are at 95% con�dence levels.

Where the HadCM3 runs are represented by `H' and CGCM2 runs are represented by `C',

A2 emissions scenarios are represented by `A2' and B2 emissions scenarios represented by

`B2', thus producing four codes HA2, HB2, CA2 and CB2. Each model run will have the

three climate variables associated with it, which may be identi�ed by the appending to

the code above `PPT' for precipitation, `SL' for sea level and `HS' for wave height. The

simulation number increments by one each run, from 00001 to the number speci�c to

each ensemble detailed in table 5.5. Thus, for example HA2_01700 relates to run 1700 of

the HadCM3 climate model ensemble forced with A2 emission scenario (out of a possible

1769 runs, see table 5.5). The respective climate variables for this example run are

identi�ed as HA2_01700_PPT, HA2_01700_SL and HA2_01700_HS.

MT-CHILD requires �ve input �les based on the generated climate variables, all of which

will vary with each simulation. A rainfall intensity �le, a storm duration �le, an

interstorm duration �le and a total sea height �le. The rainfall intensity �le is simply the

daily precipitation totals generated from each Monte Carlo simulation. The storm

duration �le for each scenario is derived from the respective rainfall intensity �le. This

�le details the duration of events of a certain magnitude, here de�ned as 0.5 mm lower

than the mean rainfall value. The interstorm duration �le is also derived from the rainfall

intensity �le and details the time between events of this magnitude4. The total sea height

input �le was produced by combing the sea level and wave height scenarios of the same

scenario number (i.e. HA2_00001_SL with HA2_00001vHS). Once these �les have been

generated, the model was compiled and run for each di�ering climate change projection.

5.6 Conclusion

A methodology has been presented above which aims to characterise and bound the

uncertainties within the production of robustly downscaled climate change projections

used in the geomorphological modelling of incised coastal gullies. First, the SDSM

4Both storm duration and interstorm duration �les were produced using customised Matlab scripts.
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downscaling technique was identi�ed as an appropriate downscaling tool for application

to the temporal and spatial scales in question within this study (see section 5.2). The

model was calibrated to observed baseline climates and was shown to produce

satisfactory results for all three climate variables; precipitation, sea level and wave height

(section 5.4). The calibrated models represented the natural variability with the baseline

climates well, and matched the distribution of extreme events within the observed record

(section 5.4.3, �gure 5.5).

The SDSM was subsequently forced with climate model data from both the HadCM3

and CGCM2 GCMs under SRES emissions scenarios A2 and B2 (Nakicenovic et al.,

2000), producing 100 member ensembles of projected changes for the three climate

variables in question. These ensembles were then randomly sampled within the Monte

Carlo framework outlined in section 5.5 (�gure 5.10), and combined with each ensemble

mean, to produce 17950 randomly generated future climate change projections for each

climate variable. These scenarios are then used as input into MT-CHILD model

developed in chapter 4. The outputs of these model runs will be the focus of chapter 6

along with an assessment of the uncertainty associated with those outputs.
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