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ABSTRACT

The most sophisticated tools for studying future clinsadee GeneralCirculation
Models (GCMs). HoweveilGCMs have biases, coarse resolutiand have not simulated
all relevantscenariosStochastic weather generat¢®NGs)produe syntheticdaily time
seresof weather variablethat, when calibrated with local observational data, can address
the GCM bias and scale issues. If their parameters are perturbed using specific simulations
projections arestill limited to scenarios simulated by tharentGCM. To solve this, the
pattern scaling (PS) technique is applied for the first time to estimate SWG parameter
perturbations for future scenasimr warming leved, by diagnosing GCMimulated

dependence of SWG parametergytobalmean surfaceemperaturdGMST).

A daily SWG is developed for multiple weather variables and calibrated using

observations from a range of climates. It usédaakov-chain gammalistribution model

for precipitation and a regression model conditionegm@tipitationfor temperattes. A

new assessment of Markawain model order across Koppen climate regimessfinat
optimal model ordeprimarily depends on performance metr&nother innovation is a
generalised linear model for mean wind speed, with further regression modalsiidity

and radiation. The model is collectively referred to asGhabally Calibrated stochastic
WeatherGenerator (GCWG).

Response patterns of the kaecipitation and temperatuparameterare diagnosed
globally from GCM projectiors to demonstrate how to combiR& with the GCWGFor
example, inearregression habeenusedto determinethe responsef first-order Markov
probabilitiesto increasing GMST, with Rscores typicallyexceeihg 0.5 over landMean
daily minimumtemperatureshowlargerincreases with GMSihan maximumesificreasing
at 3.4°Q°C compared to 1.3°C/°CEI:CWG parameters ateenceperturbed byGCM-scale
response$o construct locascale time series for a raam@f scenarios with the potential to
emulate those that have not yet been simulated by GCMs.
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FigureA.l - Scatter plots showing precipitation parameters against chat)daT.

Location codes (e.g., GL) correspond to approximate GCMaglidocation, with

details given in TablB.1 ... e 285
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ACRONYMS

CDD/CWD1 Consecutive Dry Days per year/Consecutive Wet Days per year
CMIP 1 Coupled Model Intercomparison Project

CSDI/CS10i Cold Spell Duration Index/Cold Spell % ®ercentile
DJFi December, January, February

ECAD 1 European Climate Assessment & Dataset

FAO T Food and Agriculture Organization

GCM1 General Circulation Model

GCWGT Globally Calibrated stochastic Weather Generator
GLM i Generalised Linear Model

GMST 1 Global Mean Surface Temperature

GWL i Global Warming Level

IAV T Interannual Variability

IPCCi International Panel on Climate Change

IVA T Interannual Variability in mean precipitation Amount
IVO T InterannuaVariability in precipitationOccurrence

JJAT June, July, August

MAM i1 March, April, May

MLR i Multiple Linear Regression

PET1 Potential Evapotranspiration

PSi Pattern Scaling

RCPi1 Representative Concentration Pathway

RMSET Root Mean Squared Error

SONT September, October, November

SSPi Shared Socioeconomic Pathway

SWGIi Stochastic Weather Generator

WSDI/WS90i Warm Spell Duration Indévarm Spell 98 Percentile
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1 INTRODUCTION

Climate change over the last 150 years has exceeded the changes that can be expect
due to natural variability, and it is with confidence that anthropogenic greenhouse gas and
aerosol emissions can be held respongiBleen et al., 2021; Stocker et al., 20X3hanges
to the climate can have severe implications on several sectors, including agricultural and
hydrological managemerfArnell et al., 2013) human healttand mortality(Luber and
McGeehin, 2008)and on tourism, fisheries, &ron modifications to landsage (IPCC,
2022). Furthermore, there is wide agreement that changes to the frequency and severity C
extreme events as a function of climate change are [[Eelsterling et al., 2000; Seneviratne
etal., 2021)lt is therefore important that impact assessors, stakeholders who make decisions
about adaptation and investment, and policymakers alike have access to climate projection
that capture a range of poteh future climate scenarios at high temporal and spatial scales.
To aid with the construction of a tool that addresses these requirements, this thesief

a CASE studentship with industrial partner, Atkins.

General Circulation Models (GCMs) areetinost sophisticated tools at our disposal that
are used to construct projections representing a range of scenarios, including mitigated an
high-forcing pathways(Tebaldi et al., 2021)However, GCMs are constrained by the
computational cost, resulting in the parameterisation of severgralibell processes and
a spatial resolution that may be too low for impact assessmidnsshas resulted in the
development of several downscaling techniques, including the computationally efficient
stochastic weather generators. In instances where GCM resolution is more appropriate fo
impact assessments (e.g., simulations produced bet¢kat HighResMIPHaarsma et al.,
2016), clarity of the forced changes, including their uncertainty neserthelesbe limited
by the low number of realisations. Although a range of possible scenarios representing
changes in anthropogenic emissions andiceconomic factors have been explored by
GCMs, itis difficult to discern the relative likelihoods of any given scenario, and uncertainty
in the future climate canndie addressed studying a few climate scenarios gGnler
and Nakicenovic, 2001Pattern scaling has been widely used to emulate scenarios and time
periods that GCMs have not produced projections for, providing a technique that helps
expandthe number of projections available to impact planners and helps address some of
the issues associated with using just a limited number of direct GCM simulations. Assuming
a linear relationship between global surface temperature change and local dtiamgfe it
a variable, pattern scaling has typically only been used to construct projections over long
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temporal scales (e.g., monthly, seasonally, annually) and usually only addresses changes |

localscale mean climate, not variability.

While stochastic wather generators can be used to downscale GCM resolution, they
are also computationally efficient tools that can produce long time series for a suite of
weather variables at local scales and for a range of temporal scales (e.g., monthly, daily, suk
daily). They are commonly used to produce temporally consistent time series (between
variables as inputs into hydrological, agricultural or ecological mo@dsenov et al.,
1998) Able to produce long time series with high temporal scales, stochastic weather
generators can also be used to robustly assesskie extreme weather events. However,
many stochastic weather generators (e.g., W@EEshardson and Wright, 1984)ARS-

WG (Semenov and Barrow, 20Q2hat are in broad use have been calibrated only for-a sub
region of interest, frequently North America or Europkhese locations are not
representative of all the different global climate regimes, where different configurations of
the underlying statigtal stochastic model may perform better. Furthermore, without some
form of perturbation, stochastic weather generators are only able to produce time series the

is statistically similar to an observed series.

In this thesis, the pattern scaling techniguk be combined with a stochastic weather
generator to address some of the aforementioned issues. This has led to the development
a computationally inexpensive tool to construct daily, kscalle time series for a suite of
weather variables and a ran@f future climate scenarios, utilising the strengths of the
pattern scaling technique and stochastic weather generators. The main aims of this thesi

can be broken down into four primary objectives:

1. Todevelm a globally calibrated stochastic weathereyaor,assessefbr multiple
climatic regimes, and producing a suite of weather variables at a daily temporal
scale, namely: precipitation, maximum and minimum temperature, mean wind
speed, solar radiation and relative humidity. The stochastic weatheragmn
developed here will be referred to as GCWGIopally Calibrated stochastic
WeatherGenerator).

2. To use the pattern scaling technique to diagnose the response of GCWG parameter
to a changing climate as simulated by GCMs. Pattern scaling will ridase
changes to global mean surface temperature (GMST) and will include parameters

accounting for changes in future variability.
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3. To apply the response patterns diagnosed in Objective 2 to perturb observed GCWG
parameters and hence to generate {ecaleand daily timescale future scenario data
to better understand climate uncertainty.

4. To study weather extremes using the GCWG under prelsgnand future global

warming levels (GWLS).

1.1 THESIS STRUCTURE

Chapter 2 is a literature review, compdsof four main sections. Observed and
projected changes to the frequency and severity of extreme weather events are discussed
the first section. The second and third sections discuss GCMs, stochastic weather generator
and a selection of widely used downscaling téghes. Finally, the fourth section includes

a review of pattern scaling strengths, limitations, and uses.

Chapters 3, 4 and 5 address Objective 1, focussing on the development of a globally
calibrated stochastic weather generator (GCWG) using a glotvabnkeof weather station
observations and case studies representative of five different climatic re§ies<t al.,

2007) A first-order Markovchain gammalistribution model for precipitation, conditional
multiple linear regression model for maximum and minimum temperature, generalised linear
model witha loglink function for mean wind speed, and multiple linear regression models
for solar radiation and relative humidity are developed, using robust statistical testing

models to validate choices.

Chapter 3 mainly comprises of a fiatithor publicationn thelnternational Journal of
Climatology titl ed ASelecting Markov chain or
across di fferent K°ppen c | i-cimeant emodelordeg i me
performance (zeroth, first, second, and thirdepptoducing observed precipitation globally
using a range of metrics: Bayesian Information Criteria, the ability to reproduce observed
distributions for wetand dryspell length and the interannual variability of precipitation
occurrence. Further metriege included in Chapter 3, including the ability to reproduce
observed mean annual maximurd&y precipitation and the interannual variability of mean

precipitation.

Chapter 4 further validates the precipitation model using observed data from five
stations, representative of the five Koppen climate regimes (tropical, dry, temperate,

continental and polar). The conditional, multiple linear regression model for dailgnonmax
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and minimum temperature is also introduced and validated. The ability of GCWG at

reproducing univariate and multivariate extremes is also assessed.

Chapter 5 uses similar statistical tests as Chapter férioulate andvalidate the
generalised lineanodel for wind speed and the multiple linear regression models for solar
radiation and relative humidity. The suites of observed and generated variables are also use
to calculate evapotranspiration. This provides a good indicator into the proficiency of
GCWG.

Chapters 6 and 7 address Objectives 2 and 3. The first section of Chapter 6 is a
manuscript thais planned for submission ©limatic ChangeChapter 6 diagnoses global
patterns of GCMscale GCWG precipitation parameter responses to increasing G8ngjr
two GCMs: IPSECM6A-LR (Boucher et al., 2020gnd ACCESSESM1-5 (Ziehn et al.,

2020) The parameters consider are the fingter Markov chain transition probabilities and

the gamma parameters of the sdaty amount distribiions. The scaling of these parameters
enables incorporation of changes in the daily variability alongside the mean. The response:
are used to perturb observed parameters at two case study locations and hence produce lo
precipitation time series underange of global warming levels (GWLs): 1.5, 2.0 and 4.0°C

above prandustrial. Extreme precipitation events are also assessed at different GWLSs.

Chapter 7 follows a similar trajectory to Chapter 6, though here GCWG temperature
parameters have been pattecaled using only ACCESSSM1-5 to derive the response
patterns. Once more, spatial responses are used to perturb parameters calculated froi
observed station data at two case study locations to studyskedal future changes in
maximum and minimum dailtemperature. Univariate and multivariate (or compound)

extremes at different GWLs are considered here.

Objective 4 is not addressed by any single chapter alone and, rather, is kept in mind
throughout all chapters that address validation of methods insstbchastic weather
generabn and the construction of future projections. Stochastic weather generators can
produce long running time series with computational efficiency, providing an opportunity
to produce several realisations (i.e., multiple tinmgesg of the climate for preseday and
future climates. Long time series are required to study the changing risk of very rare events.
Return periods, extreme indices, multivariate extremes, ane amet dryspell length
distributions are all considered the representation of extreme weather throughout this

thesis.
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To summarise, locadcale projections are of great importance to impact assessors
and as inputs to hydrological, ecological, and agricultural models. While there have been
great advancemenits GCM resolution and downscaling techniques in recent years, further
methodological developments can offer an opportunity to study a wider range of futures and
further explore uncertainty in climate projections. In summary, the work presented in this
thess utilises the strengths of stochastic weather generators with the strengths of the patter
scaling technique to produce a losahle, computationally efficient tool that can emulate a
range of climate futures and which offers functional advantagesgisting techniques.

25



2 LITERATURE REVIEW

The current changes experienced by E
expected to be seen through natural variability. Anthropogenic greenhouse gas and
atmospheric aerosol emissions are held, with 95% certainty, responsible for the increase ir
meanglobal surfacetemperatur GMST) since preindustrial times(Chen et al., 2021;
Stacker et al.,, 2013)Alongsideincreasesto the GMST, changesto the severity and
frequency of extreme weather evehésebeen recorde(Coumou and Rahmstorf, 2012)

How these extremes may continue to change in the future is of particular interest to impact
assessors, as these extreme events can have severe adverse effects on several phys
processes such as the hydrological cy8imell et al., 2013)on a variety of sectors such as
agriculture, tourism, forestry and fisheri@®CC, 2022) and on human mortality and
comfort (Luber and McGeehin, 20087 he effect climate change has and is projected to

have on exeme weather events is discusasdart othis literature review.

The future behaviour of the climate and its response to varying greenhouse gas
emissions is uncertain. The Paris Agreement, adopted in 2015 and formulated by the Unitec
Nations FrameworlConvention on Climate Change (UNFCCC), aims to unify efforts in
limiting the increase IlGMST to below 2C compared with prendustrial temperatures,
with significant efforts to keep the increase to less tharCl(Savaesi, 2016) Climate
change scenarios have been developed to account for a range of possible futures, integratir
changes in socioeconomic and environmental factors, climate policy and population. These
scenarios range from mitigation pathways to thastéh high anthropogenic forcings
( O6Nei || eQf coarse, with severdl4pdtential climate futures, there is much
uncertainty regardig which pathway we will follow

There are several different types of models that can be used to produce projections
of climate change scenarios, including general circulation m¢@&€l$/1s) and stochastic
weather generato(SWGs) It is important thatisk assessors have access to realistic and
robust models to simulate present and future climates under a variety of emission scenarios
These simulations are invaluable tools for impact studies, providing information to allow
users to ideally minimise theegative but exploit the positive consequences of climate
change(Ribalaygua et al., 2013fFor a climate change scenario to be used in impact

assessments, there are several requirements, including (but not limited to):
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1 scenarios should have daily temporal resolution anespieific spatl resolution
(the order of a few kilometres);

1 they should include a full suite of climate variables in their output;
changes in means, variability and extremes in climate should be included;

high-quality and longrunning data.

GCMs, regionalclimate moels (RCMs) andWGsaddress different requirements
GCMs produce global, highuality, long time series for a suite of weather variables, driven
by anthropogenic changes to the atmosphere for a range of emissions and economi
scenarios. While GCM projectis are undoubtedly useful on a global scale, the models are
computationally expensive, with spatial resolutions that are too low for use in impact
assessmentalongsidedemonstratingignificant biases in describing preselaly climate
(Segrland et al., 2018; Wu and Gao, 202@ing fromthe parameterization of suyrid scale
processesuch as convection, formation and microphysics of clouds, and local fQEdeg
and Widmann, 2014)RCMs were developed to address the course spatial resolution of
GCMs and produce finer scale informatitimat better represents s®CM grid-scale
processes that imoresuitable for impact assessments. However, it is thought that the use
of RCMs leads to little improvement¢garding the iasesin the simulation of preseitay
climate, and the credibility of the models are highly dependent on the quality of the GCMs
used to provide boundary conditiof&arland et al., 2018; Wu and Gao, 20ZWGsare
an alternative, computationally inexpensive method of generating weather time series,
capable of produng longrunning data for asuite of weather variables based on
observationgWilson Kemsley et al., 2021However, stochaistweather generators are not
conditioned on circulation patterns, meaning they cannot be used without adjustment to
study future climate. Thetrengthsandweaknessesf GCMs, RCMs, andWGswill be
discussed in thishapter.

2.1 EXTREME WEATHER EVENTS AND C LIMATE CHANGE

An association between increasi@lIST and changes in the frequency and severity
of extreme weather events has been establi¢Bedeviratne et al., 2021Yhis is of
particular interest to impact assessaish human society and terrestrial ecosystemmac
their greatest thresitwith an increase ithe severity and/or frequency extreme weather
events. Despite a rapid increase in world agricultural production over the past few decades
climate disasters are also thought to be the main cause of variations in production and hug

contributors to food insecurifyi et al., 2009) There is therefore a push to better understand
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how extreme weather events, such as heat waves, droughts, floods, and cyclones, migt
changeat different global warming lels (GWLS) due to their devastating impagton
society.Discerning tends inthe observations of extremgventssince preindustrial times

is one such way of studying the impact climate change is having on such events. Climate
changeprojectionscan also be used to assess the effactiser changeto theclimate may

have on extreme events in the futubdserved trends and projectdthngesn extremes

from model projections participating in Phases 5 and 6 of the Coupled Model
Intercomparison Project (CMIP5 and CMIP6 respectively) will be discussed rhtpser.

All changes in GMST ardiscussedelative to the préndustrial mean surfacermperature
(1853:1900)

Studying the effeathangingcMST may haveon extreme events is subject to certain
caveats. Statistical analysis can be used to determine whether the frequency of occurrenc
or severityof an extreme event is significantly greatban expected in an unchanging
climate (Coumou and Rahmstorf, 2012Robust statistical anais of extreme weather

events requires:

1 a comparable, defined extreme;
9 careful selection of time series to reduce selection bias;

1 high-quality, longrunning data.

To address the first bullet point, the Expert Team on Climate Change Detection and Indices
(ETCCDI) formulated 27 metrics that define comparable extremes that have been widely
used to examine trends in temperature and precipitation ext(Bues et al., 2020)A full

list of the indices can be found on
http://cccma.seos.uvic.ca/ETCCDMI/list_27_indices.htfihe second and third bullet

points can be addressesing a range of the available climate projections and observations.
However, mderpinning much of the uncertainty into the study of changing extremes in
future projections lies in the differences between climate models themgelfersed to as
inter-model uncertainty) alongside uncertainty in future greenhouse gas and aerosol
emissions Uncertainties associated with projections will be discussed in detail in Section
2.4,

The 2F'century has seen a remarkable number of rebmrdking heatwaves across
the world, with studies holding global warming responsible in many cases. Examples
include a heatwave across Moscow with a death toll of up to 11,000 and a harvest loss of

30%, the nost destructive Australian bushfires on recattl the hottest European summer
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in 500 yeardCoumou and Rahmstorf, 2012t has been postulated that anthropogenic
warming trends have, at least, doubled the chance of such Hmeaking heatwaves
occurring in Europe, with the probability of very hot summers lalggely increasing Stott

et al., 2004) Alongside an increase in the intensity, frequency, and duration of dgilobal
extremes, there has been a decrease in those of global cold exkkrxasder et al., 2006)
This has resulted in a higher proportion of warm nighe temperaturespflowing analyss

of global weather stations, Alexander et(2D06) found a greater than doetifrequency

of the number of annual warm nights acrasgh Africa and northern South America. In
line with global changes, Skansi et al. (2013) found widespread decreases in extreme colc
indices, alongside less markedrieases in warm extremes following anadysf a network

of observations from South American weather stations. Magnitudes of change in extreme
temperatures are often much larger than changes in GNMET, 2021a)particularly over

midl ati tude | and regions. This is due to ¢

<

surface caused by the greater specific heat capacity of water than land.

CMIP5 and CMIP6 projectionsre in agreenent that large increases in the
temperature ofiot and cold extremes will occur with a GMST increase dfCLfér a range
of ETCCDI temperature indices. For example, less than half a degree of warming in GMST
is responsible for changes in TXx (the monthly maximum value of daily maximum
temperature) thtaexceed natural variabilifseneviratne et al., 202WVarming in TNn (the
monthly minimum value of daily minimum temperature) shasti®ng equateto-pole
amplification. Specifically, the Arctic sees an increase in warming of the coldest nights at a
rate three times that of global warming. Increases in TXx are much more uniform over land,
though increases in the temperature of hoteeés still show a rate of increase up to two
times greater than global warming across-fatdudes. Mueller et al. (201@pstulatehat,
even under moderate forcing pathways, m
experience hot summers 9 out @fylears by the year 2050, where a hot summer is defined
as a summer dAwith higher mean temperatur
(Mueller et al., 2016)Tebaldi and Wehner (2018) find significant differences in increases
in TXx under different forcing pathways. By the end of th& &intury, 92% of land surface
areas are projected to experience predagt2Qyear return values of TXx every other year
under a high forcing pathway, as opposed to 62% under a mitigating sq@mrdrabdi and
Wehner, 2018)This highlights the effect a forcing pathway has on resultant projections and

some of the associated uncertas.
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Changes in extreme precipitation have been witnessed sindedpsgrial times
Recent recordbreaking examples of extrenpeedpitation include the Pakistani flood in
20107 the worst flood in its recorded history, affecting up to-6ftk of its land and 20
million people, damages worth £1.3 billion following the wettest recorded autumn in Wales
and England in 2000, and the highest levels of the Elbe River, Dresden, since records bega
in 1275 (Coumou and Rahmstorf, 2012More recently, West Europe experienced
widespread extreme precipitation in 2021 across Germany, Belgium, Luxemdaairg
neighbouring countries, resulting in catastrophic flogdgienkamp et al., 2021yvith the
intensity of 2 and 2day precipitation in these regions having increased significantly as a
function of climate change. A positigéatistical relationship between the risk of great floods
(Afl oods with di syeahlevelgfosbaseslargeretithn 200,000kih 0
(Milly et al., 2002) and increasingMST has been found, alongside a substantial increase
of extreme precipitation acrogke mid-latitudes. Where observed precipitation data is
available, a larger proportion of weather statiaaoss Africa show significant increases in
extreme daily precipitation than decreases, though observations cover only a limited region
of the continentSun et al.(2021) studied the changes in Rxlday and Rx5day indices
(maximum day and Eday precipitation amounts respectively) from observed precipitation
records globally. Statisticallgignificant increases in Rx1day and Rx5day indices in the late
20" century have been noted in over two thirds of stations studied across much of the globe
including Asia, Europe and North Americ@onversely,negativetrends in Rxlday and
Rx5day indicesvere not consideregreaterthancould beexpected by chand®unn et al.,
2020) Trends in chargp toextreme precipitation are less clear across South America. While
evidence suggests an increase in extreme precipitation, the trends are not considered robu:
This is due to data sparsity and spatially varying trends in several ré@kaussi et al.,
2013)

Based on climate model projectionsetrisk of extrem@recipitaton is considered
Avery | i kfarthgras théclionatgcontnwedo changen the futureg(Seneviratne et
al., 2021) While the magnitde of changes textremeprecipitatingevents are dependent on
climate scenarigArnell and Gosling, 2016)CMIP5 models project increases in Rx1lday
indices regardless of forcing pathway. This is reiterated by the more recent CMIP6
projections. An increase of just 0.5°C in GMSHhowssignificant increases in extreme
precipitation;this is indicated by the 5@ear return periods dRxlday and Rx5day not
overlaping between 1.5°C and 2.0°@¥ warming. Though modand areas can expect an
increase in extreme precipitation, decreases are projected across subtropical ocean areas o
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to changes in storm track shiftis. some model realisations, thése changes in storm tracks
may result indecreasg in extreme precipitation oveearby land aregSeneviratne et al.,
2021)

With projected mcrease in extremeprecipitationevents,t can be ascertained that
the risk of floodingwill also increas However, extreme precipitation is not the only factor
to consider in the study of flooding eventsodi¢llers face several challenges in studying
the changing risk of river floods, primarily relating to theer-modeluncertaintyalongside
the accurate depiction afrange of other factothat contribute tdloods, including storms,
overflowing rivers and antecedent soil moisture. Despite this, there is confidence in an
overall increase in the total global flood rigkrnell and Gosling, 2016)Much of the
changes télood frequency (both increases and decreases) are found in south and east Asia
Increasedo the frequency of great floods have also been projected to further increase
substantially across Southeast Asia, Peninsular India, east Africa and the north Andes
(Hirabayashi et al., 2013He et al. (2022) quantifieSCM projected flood risk at a range
of GWLs, finding decreasing return periods for 1 in-}@ar floodsor up to for example)
96% of major basin areas India by 4°C GMST increas&his would subsequently result
in a2765% increase to the human exposure of such evamgasting increases 239%
to human exposure over the 1.530VL (He et al., 2022)This is undoubtedly a calamitous
increase between the GWLsand reiterates benefitof conforming with the Paris
Agr e e me n tlilhiing GMST lincraage to 1.5°AVith the water holding capacity of
air increasing by approximately 7% pé&Clwarming, even in locations whetefrequency
of precipitationoccurrencenay decrease, the amountrainfall in any given event may

increaseThis mayfurtherexacerbatéhe risk ofglobal flood risk(Trenberth, 2011)

Anincrease ilMSTwill lead to more evaporatiom turnincreasing surface drying
and potentially increasing the intensity and duration of drougfifsenberth, 2011)
Alongside a devastating impact on agricultural yield, prolonged drought can greatly impact
ecosystem health, the economy, water supplies and the spread of vector boses(dieta
et d., 2002) These events arinereforeconsidered one of the most dangerous extreme
weather event®r humansfor examplepf all extreme eventslroughtshave esutedin the
highest rate of mortality in the U.G.uber and McGeehin, 2008)As such, it is important
that impact assessors can consider havehange in drough severity may affect
infrastructure and healthJongsidenow to reduce the environmental risk such events pose
(Jones, 2001 )As with floods, there are several factors that affect the occurrence of drought,

including precipitation deficit, soil moisture deficit, air temperature and atmospheric
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evaporative demand. Natural unforced variability, such as th&figtSouthern Oscidltion
(ENSO) also significantly affects drought occurrence, with a decrease in global drought
conditions under LaNifia conditions (Trenberth et al., 2014)These factors present
difficulties in the quantification of historical and future drought ocaweeas a function of

increasing GMST alone.

Observations show an increase in length and intensity of droughts across regions
such as Europe and West Africa. Other regions, however, have experienced decreases |
frequency and severity, such @sntralAmerica and north western Austra({i@eneviratne
et al., 2021)An increase in drying across leand mid latitudes is currently projeetl by
several climate models under current and increasing greenhouse gas er(iissitnsrth
et al., 2014)This s reiterated by the findings @fai (2012) where it wafoundthatover
82% of CMIP5 models project a decreasesail-moisture content in the tepOcm across
Europe, southern Africa, southeast Asia, Australia and much of the Americas and the Middle
East from 5 to 15% by the end of the’2Entury.Vogel et al. (2020) find increases in hot
anddry multivariate extrems (defined as having a 1% likelihood of occurrence) over many
landsurface areas as GMSincreases. Concurrent extreme hot and ewgntscan
exacerbate the conditions required for drought. Hotspoitscofasing occurrende such
eventsare presenacrass northern South America and southern Africa. For example, at a
GWL of 1.5°C, approximately 3 clusters of hot and dry extremnegrojectedoer year By
4.0°C, this has increased to 9 clusters per year. It is known that drought and fire regimes
interactclosely, with, for examplellannigan et al. (2000fnding that the contributing
factors toward wildfire risk across the United States are projected to increase up to as mucl
as 50% by 2060andKilpelainenet al. (2010) similarly noting projected increaso the

annual number of forest fire alarm days by the end of thle@dtury.

There have been several studies attempting to assess the impact climate change mig|
have on extreme storms, such as tropical cyclones, extratropical cyclonesevasd
convective storms. Tropical cyclones typically cause the highest property damage and loss
of all extreme eventéTrenberth, 2011)There has been much speculationrovbether
increasing sea surface temperatures (SSTs) as a result of anthropogenic emissions, alongsi
other environmental changes, might increase cyclone acfiiityitson et al.,, 2019
Quantifying and attributingthe impacs$ climate changemay have on extreme storms
presents several difficulties due to the shiogd, rareand bcalised behaviour of such
events alongsideobtaining highquality, accurate, and temporally consistent observations

(Knutson et al., 201%Knutson et al., 2010However,it has been speculatétatover the
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last 40 years, an increasing intensity of cyclones has been witnessed, with almost a doublin
in the number othe most severe tropical cyclonésthough this trend is believed to be
within natural variability(Mendelsohn et al., 2012QAlthough the frequency of tropical
cyclones maylie within the expected occurrences duenitural variability, there is a
suspected increase in the intensity of such storms, with the damage caused increasing
Maximum wind speeds associated with tropical cyclones are related to increased greenhous
gas warming andire suspected to increase with GM@&sner, 202Q) However, with
growing population and infrastructure in coastal, cyclprene areas, it is unlikely that
climate change is a singular factor in this increased damage. Several factors currently hinde
the study of cylones and future climate change. These include limited historical records,

underreporting of lowdamage storms and subjective recordings of damage and intensity.

2.2 CLIMATE PROJECTIONS

2.2.1 GENERAL CIRCULATION MODELS

Attempts at understanding the climate galkbas far as ancient Greece. Whilst
computational models were not possible until the early 1900s, conceptual and radiative
convective models have been developed and theorized for centuries. Many theories anc
ideas have since been confirmed using computatimodels and observations, such as
Hal | eyds t heor vhepoekervationrotcatmosphericcequilibaiumd pramgl
the foundations for early computational climate explorafiedwards, 2011andpaving the
way forthe sophisticate@CMsin use today.

GCMs arepresentlythe most powerful and sophisticated tools used for simulating
future climateresponse to anthropogenic forcifgCMs are primarily used to study the
largescale effects of climate change and arsssful at simulating features of laigEale
atmospheric circulations. G Cpvksndustaalcémate,e e n
confirming that anthropogenic greenhouse gas emissions and aerosols are warming th
atmospheréRoeckner et al., 199955CMs are global, numerical models used to simulate
the physical processes of the Earthoés atr
only GCM), andcan simulate atmospheric circulatory patterns with the earth and
atmosphere divided into a thrdemensional grid. These complex models use partial
differential equations to represent many conservation lawg., @tmospheric mass,
momentum, energy, and watepour) representations of sea ice, atmospheric radiation and
convection, alongside several other important proced3aisrovsky, 1997) CMIP6 (the
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most up to date Coupled Model Intercomparison Project) GCMs depict the Earth and its
atmosphere using between 14 and 102 apheric layers above séavel, and with
horizontal resolutions generally between 100 and 250km, though in some-$ugler
models, resolutions can reach up to 6QKRACC, 2021b) Although GCM resolution has
come a long way in recent years, even the highest resolution GCMs produce climate
variables on a scale that is inappropriate for impas¢ssnentsand are therefore often
described as representing aeaeeraged values for each guadll (Wilks, 1999a) as
opposed to locadcaleclimate. Furthermore, GCMs are known to imperfectly simulate the
occurrence of extreme events due to their course resolution and the parameterisation of th

physical drivers of such evernBellprat and Doblafkeyes, 206).

GCMs havesimulatelEar t hés c¢cl i mate under past,
with the capacity to study both transient and stestd{e emission scenarios. Using these
projections GCMs can be used to study future greenhouse gas forcing scenarios with
variable emissiongCurrently, GCMbased studies often focus on letegm projections as
the signalto-noise ratio is robust, although closer time scales (i.e., decadal) are of more
interest to impact assess@€abré et al., 2010)However, running these coupled climate
models for many different scenariasd time scales is curréynnhot computationally viable
or practical, as simulatiortend topush computational capacities to their limits. Although
the resolution ofGCMs has greatly improved in recent yedi8BCC, 2021b)impact and
hydrological assessments require ddta much finer scal@here has been (and remains) a
mismatch in scale between GCM outputs and the spatial scale required for hydrological
assessmen{®oblasReyes et al., 2021; Wood et al., 2004)

Despite the accuracy of GCMs at simulating changes in the climate systearge
spatial scalest is smallerscale and regional details, suchfasexample, steggepography
physical propertieselated to cloudormation and microphysicend localscale forcings,
thatar e poorly portrayed due to the model so
(Ribalaygua et al., 2013Yhese processes often require parameterization and thus are a
major cause of uncertainty in GCM simulatiqitkaarsma et al., 2016frurthermore,tiis
localscale changes that are of particular interest to impact modellers as it is these change
in local climate that are the determining factors in consequences to agricultural, ecological
and hydrological systenggVilks, 1999a)s opposed titneglobal scale changes. This coarse
resolution is therefora major weakness of GCMs and as such means tleeyrable to

properly simulate certain physical processes, such as fine scale features of the hydrologica
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cycle, which require a much higher resoluti@md cannot be used directly in impact

assessments.

To better represent some of these fisegle processes, a selection of modelling
centres partook in the High Resolution Model Intercomparison Project (HighResMIP)
resulting in projections with resolutions of up to 25Khlaarsma et al., 2018} part ofhe
recent Coupled Model Intercomparison Project 6 (CMIP6). HighResMIP simulations
provide better descriptions of cloud formation, circulation characteristics, changes to water
availability, and extreme events such as tropical cycl¢Reberts et al., 2020However,
higher resolutions of course result in a greater computational cost. A multitudecofilde
members are required to capture the unforced variability that occurs on top of the forced
climate signal. Due to the increased computational power required, several ensawbles
not yetbeensimulated by these higher resolution models. Alongside the requirement of
several ensemble members to diagnose unforced from forced climate sgpvasl
simulationsthat arerepresentative of a wide range of scenarios is ever prédsntadded
computéional complexity of HighResMIP models has resulted in a smaller range of
simulated scenario§ his unfortunately does not addréise assertion that a wide range of
possibilities ought to be considered to capture uncertainties in modelling the futwateclim

particularly for distant futureglones et al., 2016)

There has been a significant effad develop methods of downscaling GCM
information to provide sitspecific, higher resolution data that is more suitable for use in
impact assessmen{Maraun et al., 2010; Wilby and Wigley, 199¥ilks and Wilby, 1999.
Several methods have been developed to downscale GCM projections to localhstales
are moreappropriate foimpactasseswents These can broadly be categorised into two

techniques:

1 dynamical downscaling,

1 statisticaldownscaling.

Dynamical downscaling is usually in the form of the previously introduced R&RaMs

are numericamodels with higher resolutienthan GCMsnested into gingle GCM with
boundary conditiondefined by thedriving GCM. Statistical downscalingechniques
generally can be broken down into severa
t y p i Metacldastic weather generamesn d fi mo d e | out p (Marametat i
al., 2010; Wilby et al., 2002bPP techniques develop statistical relationships between area

35



averaged and localcale variables from observational data which can hence be applied to
the GCM hrgescale data. MOS is similar to PP, though relationships are instead determined
between locakcale observations andimulated areaaveraged data. Weathtping
methods aralsoa regressiofiased approacihough relationships arastead establisd
between areaveraged variablethat epresent large scale circulatjoand localscale

surface level variables.

2.2.2 DYNAMICAL DOWNSCALING

There are many techniques that can be categorised as dynamical downscaling
methods. One of the most prevalent andely discussed dynamical downscaling methods
is the finesting techniqueo, resulting in
(sometimes also referred to as limHaea models, LAMsare used to simulate weather
variables over sulglobal domais (e.g., Europe) with much higher resolutions than GCMs
resulting in better represeation of several of the aforementionesibGCM grid-cell
processes. GCNprojectionsare used to supply an RCith time dependent and initial
boundary conditiongdCaya ad Laprise, 1999; Maraun et al., 201BCMshenceproduce
projections that are physically consistent with external forcitingsjghwith much higher
resolutions than the driving GCMVilby et al., 2002h)The resultant resolution of an RCM
is usually 5- 50km; much higher than the usual 10®50km of presentlay GCMs.
Increasing GCM time step from (typically) 30 minutes to 5 minutes (or less)lysual
accompanies the increase in spatial resolution to maintain numerical stMligun et al.,
2010)

As expected with a higher resolution, RCMs outperform GCMs in septing
hydrological cycles, orographic effects, laseh contrasts, and lasdrface characteristics.
The benefits of using an RCM are particularly noteworthy in the representation of
precipitation in mountainous regions and locations with steep topagrelpdngegFrei et
al., 2003) The greatest benefits contributed by RCMs in comparison to the driving GCMs
is regarding the representation of precipitatibrei et al., 2006)Mesoscale and finscale
physical processes, suels precipitating weather systems and fronts are also represented
better by RCMs than GCMs due to the increased resol(fiariand et al., 201&longside
better depictions of river floyPastérZapata et al., 2020RCMs generally produdarger
amounts of precipitation in comparison to their driving GCM, resulting in better

representations of daily precipitation distributions.

36



It is evident that RCMs add significant value comdaoeGCMsat modelling local
scale climate(Rummukainen, 2016)though RCMs are still relatively computationally
intensivewhile onlyyielding results that angpically notsignificantly better than simpler,
statistical approachggVilks, 2010) Although the resolution of RCMs is muchegter than
GCMs, resolutionsnay still remain too course for practitionesach adlood plannersand
agricultural modéeérs that requiréocal or pointscale dat§Vrac and Naveau, 2007; Wilby
et al., 2002h)RCMs alsanclude biases in modelling presetay climate, much like GCMs.
The skill of downscaling precipitation is also somewhat variable by region, seasdheand
intensity and duration of precipitation everit is also important to note that a-g8ar (for
example) RCMsimulationrepresents only one possible realisation of ay&r period.
Natural variability is therefore a key source of uncertainty in gtanation of extreme
weather events from RCM projectiofigaraun et al., 2010)This method of dynamical

downscaling is therefore constrained by the availability of RCM sitiaurs.
2.2.3 STATISTICAL DOWNSCALING

Statistical downscaling is a popular alternative for producing time seitieiigher
resolutions than GCMslue tothe relative ease of use armgbod performancethat is
comparable with the dynamical approa¢Bden and Widmann, 2014)Statistical
downscaling approachdgpically establish statistical links betweeveather over large
spatial scale§GCM projections) and locacale data (weather station observations)
(Maraun et al., 2010)Observed daily means, medians and variances are generally
reproduced well using statistical regression approach. Howeveffrdgwency variations
such as seasonal totals are reproduced with less skill and, much like dynamical downscaling
variances of vaablesi particularly precipitatiori are underrepresentgtlVilby et al.,
2002a Wilks and Wilby, 199). Statistical downscaling methods are also considered poor
regarding accurate simulation of extreme precipitation eetashmi et al., 2011)Jnlike
the dynamical approach, statistical downscaling requires relatively little GCM driving data
and does not stretch computational resources. Furthermore, in the study of present climate:
statistical techniques tend to outperform dynamical ones dustding any GCM-induced
errors(Ribalaygueet al., 2013)There are several statistical techniques that can be used to
establish relationships between station scale data and GCMa(eeeged) scale data; here
the prominently used regressibased (i.e., PP, MOS, and weathgring) and stochdg

weather generator techniques will be discussed.
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There are several traditional regressi@sed downscaling methods, such as linear
regression, canonical correction analyaisd principal component analysis that can all be
used to downscale GGCHtale data. PP approaches determimelationshig between
observed, largscale predictors and observed, lesehle predictands.However,
observations for weather variables at GGbées are relatively rare, and as such reanalysis
data tends to be used instead. The relationships betthweehservedor reanalysis)arge
scale and locadcale variables can hence be applied to the f@@#®l-scaleprojections to
derive simulated, locadcaletime series Modern PP methods tend to include a variable
representing noise in the regression to better represent variability and exixarasn et
al., 2010)

Modd output statistics is an alternative approach that is thought to better represent
low-frequency variations than traditional PP methods. In contrast to the statistical regression
approach, MOS determines a relationship betwseanlatecareaaveraged predictors (from
a GCM) and observed, loestale predictand@Eden and Widmann, 2014; Maraun et al.,
2010) The relationship can hence be applied to a simulated predictarftaure GCM
projection MOS methods widely outperform regression downscaling methods but show
differences in skillthat aredependenbn location and season. Similar caveats exist with
MOS to statisticategression downscaling. To apply both regression techniques (MOS and
statistical regression methods) to a climate change context, the predictors must capture th
climate change signalnd the statistical relationship determined from the fitting of the
regression is assumedr@main constaninder a changed climatidoughit is thought that
MOS has advantages over the statistical regression in both regards. Simulated precipitatiol
(usedas a predictor in MOS) is physically consistent with other atmospheric variables,
making it less likely that any climate change signal is missed. An additional benefit of MOS
is the use of relationships determined between simulated and observed vanabltdse

same spatial scale to provide a correction for the model data.

An alternative approach thhmks localscale variables to lareggeale variablethat
represent circulation is known as weathgring. Localscale meteorological variablean
be caegorised into different weather states that are based orseafgeuppenir variables
(Vrac et al., 2007; Wilby et al., 2002%imply, a statistical relationship between these
weather states and a local, surface variable must be determined. Future scenarios at
constructed in one of two ways. Observed variable distributions can be resampled,
conditioned on circulations patterns produced by a GCM, or alternatively, Monte Carlo

techniques can be used to simulate a synthetic sequence of weather patterns and the
38



resampling from observed dafehis approach is attractive as it maintains sensible linkages
between large scale climate drivers and local weather, upholding validity for a range of
environmental variables and has applications for rsitiis(Vrac and Naveau, 2007; Wilby

et al., 2002h)However, weathetyping downscaling techniques are typically inadequate in
comparisond alternative methods in representing the occurrence of rare or extreme events.
A further, major downfall of this approach is in its representation of precipitation changes.
Changes in precipitation produced by changes to the frequency of the definedrweath
patterns are rarely consistent with GCM predicted changes.

An alternative approach is the use of stochastic weather gene&\é@scan be
used to downscal e GCGCfMadtadrad uasp mrgo & chhe. AA hi
presenti(e., thecontrol period anda GCM time seriesepresentative of a future climate
scenarican be determined ahénceapplied to observedyeatheistaion scale dat@Vilks,

2010) Multiplicative change factors are widely used to identify changes in precipitation

stdistics (e.g., firstorder Markov probabilities);

2.1)

C C=a
C Ca

where0 is a general variabl¢Kilsby et al., 2007)0 @,i6 £ ,6006,@and"06 (suffixes refer
to the observed;ontrol period, future an@CM-projecteddata respectivelyThe factor of
change, U, (the righthand side of the abc
to account for intraannual seasonality in the climate change sifffatichi et al., 2011and

gives
0 | 0 (2.2)
Additive change factors,
o~ o~ y o~ (2.3
can be determined for all other weather variables (T), this time giving
Y Y | (2.9

Upon determining the changes to theather variable statistics, these can be input
into the stochastic weather generator to produce future, station scale data. This method i
not restricted to GCM$s RCMs be used similarly, potentially providing better matches to

local climate characteriss¢Fatichiet al., 2011)
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A combinationof regression and stochastic weather generator techniques can also
be usedn downscaling GCM projection§emenov and Barrow (1997) present a multiple
linear regression approach for use with the stochastiather generatp LARS-WG.
Relationships between anomalies in local scale predictands (e.g., mean temperature an
precipitation) and regional scale predictors (GCM dpick scale), including mean sea level
pressure, temperature, and precipitation, can be calcul@adow et al., 1996)
Relationships are determined over a control period (e.g., 19%I90), usually for each
month. The relationship can be applied to GCM derived changes, providing local scale,
future parameters. The parameters can hence be used to drive a weather generator, such
LARS-WG. However, there are caveats with this methodyréssion models generally
perform better for temperature than precipitation. For both variables, regression models da
not appear to perform well in explaining the variance of the observed data. The performance
of this technique is very dependent on howuaately the regression models capture the

variability of the observed data.

An alternativeexample osuch amapproachs outlined by Wilks (2010), applied to
the input parameters of a Markofiain SWG (see more in Section 2.3). The conditional
probabilities used in 8WG are, for example, a wet day following a wet dgy J, a wet
day following a dryday ) ) and the werage wetay precipitation amount §. In this

example, the parameters can be predicted using

n O © 2.5)
n Q Qb (2.6)
S O C A R (2.7)

N

where®is vorticity at a nearby GCM gridell (Wilks, 2010)and cYofeFiORR B RiQand’Q

are regression coefficients. This example has been given due to GCMs typically
overestimating the probabilities of precipitation on an -anesraged scale, and
underestimating precipitation amounf@/ilks, 1999a) though there are several other
regresion techniques that have been proposed for different vari@ilesmukainen, 1997)

Equations &1 2.7 are fit through combining the observed daily precipitation record
with gridded reanalysis data (consistent with a chosen GCM). Changes in daily precipitation
can hene be modelled through calculation from GCM simulated vorticity time series.
However, variations in vorticity simulate insufficient variability in daily precipitation
amountsi several extensions and adjustments to this method have since been made tc
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incorporate further predictors, such as sea level pressure and surface specific humidity.
Rummukainen (1997) notes that, in order to reduce the risk of omitting predictors that
contain useful information, many predictors should first be considered in the regress

However, inclusion of more predictors increases the risk of overfitting regressions, and there
is generally little consensus about which predictors are most appropriate to capture climate

change signalEden and Widmann, 2014)

A final exanple of the application of regressitmased downscaling techniques to a
stochastic weather generator is the Statistical DownScaling Model (SDSM) developed by
Wilby et al. (2000) for use in assessing local climate change imRsdsribed as a hybrid
of theregressiorbased and stochastic weather generator approaches to downscaling GCM
projections, largescale circulation patterns and atmospheric variables (e.g., circulation,
humidity, vorticity), similar to the MOS techniquare used to condition the paraters of
a locatscale stochastic weather generdkdassan et al., 2014; Wilby et al., 200Zbhis is
similar to equations 2.1 2.7, where vorticity was used as a predictor. Prior to downscaling,

a range of predictors are assessed from reanalysis datasets, based on correlations with t
predictand to ensure appropriate variables are considered. This reduces the chance ¢
overfitting the model, the risk of not including a predictor that contailsiabe information

andimportantly, isflexible based on the desired variable.

2.3 STOCHASTIC WEATHER GENERATORS

Whilst stochastic weather generators can be used for GCM downscaling, they are a
weather simulation technique in their own rightWGsaim to rgoroduce the random nature
of weather and are sisgpecific models that are not conditioned by circulation patterns.
Unlike GCMs, stochastic weather generators arepredictive and produce weather time
seriesthat arestatistically similar to observed data for a given location. Meteorological
events and physical processes are not considered in stochastic models. This method ¢
generating sequences of weather based on statistical properties of observed data was initiall
developed to generate synthetic series of precipitation for hydrological modelling purposes
(Semenov and Barrow, 2002nhd has been used for decades, with the earliest examples
developed inthe 19609 Gabriel and Neumann, 19628y the 1980s, stochastic weather
generators were being used to produce a range of climate variables, including maximum anc
minimum temperatures and soladiation(Semenov et al., 1998They are now useth
produce long, temporally consistent recattulst areuseful inmany applications, including

water resource engineering, flood analysis, agricultural assessments and ecosystem model
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Conversely to GCMsSWGsproduce time series across small spatialesc(often
spanning just a few kilometres, or for individual points) and are computationally
economical. SWGsalso have the capacity to model climate variables at a high temporal
resolutiors, typically simulating a suite ofariables on a daily to suiaiy scale(Ailliot et
al., 2015) and due to their computationally inexpensive designpoaduce data thaipars
multiple decades, meaning their output is more appropriate for climate impact studies than
GCMs (Wilby and Wigley, 1997hilst providing the opportunity for theobuststudy of
rareand extreme eventilistorically, SWGs do not consider spatial coherence. For example,
two weather stations that are geographically close may synthesise weather that is
contradictory in natureHowever, herehas been research into ensuring spatial coherence
between generated time serileat show promising resulfsuch tools argypically referred
to as multisite SWGqPeleg et al., 2017; Steohneider and Brown, 201Bawkins et al.

2022 Serinaldi and Kilsby, @12). These methodspan varying spatial and temporal scales,
and utilise a range of stochastic techniques, including Markov chain&eneralized
additive models foprecipitation distributiotocation, scale and shapdultisite SWGs will
however not be considered here, as this

pattern scaling to a SWG

Stochastic weather generators generally produce a time sepescgfitation first,
followed by the simulation of any other weather variables, including (but not limited to)
daily temperature, mean wind speed, relativmidity,and solar radiation. It is common for
stochastic weather generators to produce daily semes though methods for generating
subdaily time series have aldmeen discussedPeleg et al., 2017Pue to the conditioning
of other weather variables on daily precipitation, precipitation is generally referred to as a
Aprimaryo variabl e. Temperatures ( mean,
wi dely referred t o as fedr eggeneratidna follpwing and r i ¢
conditioned on precipitation, but often prior to the simulation of any other variables (referred
to collectively as ftertiaryo variables).

Markow-chain stochastic weather generators are widely used to generate daily
precipittion time series. Alternative approaches, such as dgpesveather generators and
the NeymarScott Rectangular Pulse (NSRP) can also be used to gesecatences of
precipitation.These modelsequire the determiningof a suite of sitespecific pararaters
based on observatiofsr, where lacking observations, reanalysis datal) aim to produce
synthetic time seriethat arestatistically similar to the inpwtata(Dubrovsky, 1997)There

are several methods that can be used to validate the effectivenessnoddbl, such as
42



information criterion and statistical testildarkow-chain, seriesype and NSRP SWGs will

be discussed in turn here.

The earliest recorded stochastic weather generators aredgpgndenin nature,
with precipitation modelled as a Mav procesgGabriel and Neumann, 1963pitially
designed to assist hydrological impact assessments, they were implemented as a simpl
method of modeihg precipitation occurrence and amount. Markowain weather
generators argypically used to producehe drivingoccurrence oprecipitation for asuite
of weather variables, including solar radiation, minimum and maximum daily temperatures.
In these SWG, daily precipitation statugi.e., wet or dry)and amoun{if a wet day is
simulated)are firstsynthesisegdfollowed by any other weather variables. Although changes
in several other weather variables are projectedfasaion of changing climate, nfeids
used to simulate precipitation time series will be a focus of this literature révhésns due
to wide literature documenting different methods of generating daily precipitation
comparisorto the secondary and tertiary variabléee relative @mplexity in producing
accurate depictions of precipitatiemderpreseniday andfuture climatesand due to the

ultimate scaling of precipitation parametar<hapter 6.

The most widely used Markeshain SWGsuse 2states (i.e.,wet or dry) to generate
precipitationoccurrencehrough conditioning the probability of a wet day on the status of
the previous day(s). Although-2ate chains are most frequently used, there has been
research into using a greater number of states tegept different precipitation amounts
(Gregory et al., 1993First order nodels areamost commonlyused where order refers to
the number of previous days considered in the calculation of transition probabilities (first
orders consider precipitation occurrence ondhg previous), although other orders are
discussed in literateJimoh and Webster, 1996; Schoof and Pryor, 2008; Wilson Kemsley
et al., 2021)For a firstorder model, two independent transition probabilities are calculated

from observed precipitation data:
YTt (2.8)
L (2.9)

whered is the probability of alry day following adry day and) is the probability of a
wetday following awet day.Probabilities are typically calculated monthigdices 0 and 1

refer to dry (0) or wet (1) day$he ¢ values are sums from the observed gdata is the
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total number of wet daywreceded byry daysg the number of wet days, and so forth for
the remainingé values. Itis importantto note that 0 pandd 0 p (Schoof

and Pryor, 2008jwhere, for exampl® is the probability of a wet day following a dry
day). On a wet day, an amount of precipitation is usually taken independently from a two
parameter gamma distribution, typically fitted monthHi§arkov-chain SWGsthat use a
gamma distribution to simulatenmount of precipitation on wet days are referred to as

Markov-chain gammalistribution models.

A key criticism of the first order ap
events, such asxceptionallylong sequences of wet or dry weather, thuseuestimating
their occurrencgSemenov and Barrow, 1997As a result, the interanalivariance of
precipitation can be poorovye rrdeipsrpeesresnitoendo )
(2002) suggested additions to the calculation of-&irder transition probabilities to better
represent lowfrequency statistics (such as seasdwo#als and variances) through the
inclusion of parameters that represdairhateforcings such as the North Atlantic Oscillation
index or Sea Surface Temperature anomaly. The inclusion of additional parameters to
account for forcings bestowed no advantage over a model with no forcings in terms of daily
diagnostics though monthly staistics were much better represented by the forced
parameters in several locationisis important to note thatverdispersion was not entirely
eliminated and remains an issue with Markolriain SWGgWilby et al., 2002 Wilks and
Wilby, 1999.

An alternative approach at improving the representation of interannual variance of
precipitation occurrence may be with the use of higher order Markov c{imnes and
Thornton, 1993; Lennartsson et al., 200B)e aforementioned Markeshain model is
simple to generalise to higher orders. The precipitation status in a second order model is
conditioned on the precipitation status of the previous two days, requiring the calculation of
eight transition probabilities. The order can be increaseithely with the number of
transition probabilities required increasing exponentially, withtdted numbegeneralised
as¢ ,whered is the order of modeln a global comparison of modetder performance,
Wilson Kemsley et al. (2021) notetifferencesin performance dependent assessment
metric For example, thirdrder models commonly reproduced the observed distribution of
dry-spell lengths most accurately,while first-orders better captured the observed
distributions of wesspell length. Diffeences in climate regime were also noted. However,

itis documented that, should a low order model reasonably fit observed data, better estimate
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of future weather are obtainedhile minimising the risk obverfitting. These findings reflect

the requiremerfor a flexible approach regarding modebler choic€Coe and Stern, 1982)

Following the generation of a wet day, a Markahain gammalistribution model
attributes a random amount fecipitation from a gamma distribution that has been fitted
monthly to the observed data. The tparameter gamma distribution has several strengths
and is considered a good fit farost global precipitation distribution§he distribution
however, is nowithout weaknesses, and though it is the most commonly used, several
studies have documented the use of other distributions indteadartsson et al., 20Q8)
such aghe exponential or mixed exponentiakewed normalor empirical distributions
(Qian et al., 2005; Soltani and Hoogenboom, 200Bag gamma distribution typically
matches observed data with greater accuracy than exponential or skewed normal
distributions(Semenov et al., 1998)However, afailing with the 2parameter gamma
distributions is that they have been shotenunderestimate the occurrence of small
precipitation amounts and are thought to overestimate the probability of large precipitation
amountgSemenov et al., 1998 owever, the tweparameter gamma distribution has also
been shown to misrepredatistributions with heavy taild~urrer and Katz, 2008showing
performance that is variable based on diteing the mixed exponential distributionay
reduce overdispersion in 8WG, though the fitting procedure onsiderablymore
complicated than gamndistributions.Empirical distributions have greater flexibility and
can therefore capture the shape of precipitation intensities with better accuracy than the
aforementioned distributions. However, they require more parameters than the simple shap:
and scale parameters necessary to fit the gamma distripatidntherefore increase the
complexity of scaling parameters with GMS$E€ Chapter 8 for future work agihg to this
point).

To summarise, Markeehain gammatlistribution weather generators have several
strengths. Firstly, the widely used fi@tder models only requirthe calculation ofour
independenparameters per monthe.,0 R , wetday skape and scale parametef®is
is a particularly attractive strength of this approach towards generating daily precipitation
time series when considering Object®eliscussed in more detail Chapter 1Secondly,
Markow-chain models ardlexible regarding the ordefand number of states)sed to
generateprecipitation occurrence. Should reproducing épell length accurately, for
example in drought assessments, be the focus of a study, higher orders (e.g., third ordet
may be used instead ofdtrorder(Wilson Kemsley et al., 2021There is also flexibility

regarding the choice of distriban used to model precipitaticmmount While there are
45



advantages to alternative distributions, the-papameter distribution will be used here to
model intensity of rainfall on wet daysdue to its flexibility simplicity, overall good
performance globly, and wide use irapproximatingdaily precipitation distributions in
literature(e.g.,Wilks, D.S., 1999aWilson Kemsley et al., 202Wilby and Wigky, 2002)

. It is for these reasons that Markolraingammadistributionweather generators are the
primary focus of this section and will be used in the development of a globally calibrated

weather generator in this thesis.

Seriestype stochastic weather generators function slightly differently, and were
developed to better represent long dry and wetls than the Markoehain approach
(Racsko et al.1991) In a seriegype weather generator, precipitation status is determined
using empirical or serrempirical probability distributions for lengths of dry and wet spells
that have beefitted to observed data. A wet spell is defined as a sequensetalays
followed and preceded by dry days (conversely for sjpglly. These parameters are
particularlyimportant for assessing the impacts of climate change on crop growth and water
resources. Seridgpe weather generators will descussed im compason between series

typeand Markovchain stochastic weather generat@eeTable2.1)

The NSRP model is ather alternative methodto genera¢ sequences of
precipitation. As with Markov and seriggpe weather generators, parameters are usually
calculated monthly to accoufdr seasonal variations. The NSRP model is flexible in its
structure, and parameters relate to the physical processes underlying precipitation
occurrence, such as convective rain c@lswpertwait et al., 1996)The occurrence of
precipitation events (referred to as fnst ¢
wet periods defined by the origins of the storm event. Parameters are also estimated for th
waiting time for t leaangularipulse)llowifigaatorm origin, the c ¢
lifetime of a rain cell, the number of rain cells attributed to a given storm origin, and the
intensity of each rain ce{lCowpertwait, 2004, 1994)he duration of a rain cell is taken
independently and randomly from an exponential distribution, with Poiss®s and
durations typically modelled hourly. Rain cells may overlap, resulting in precipitation that
is summed over concurrent cells. Extensions have been made to the NSRP model to accou
for Aheavyo and Al ight o r aerant @dcipitatienveeents s
over multiple sitegCowpertwait, 2004) While NSRP models show greatcuracyin
reproducing observed precipitation, they will not be consideredeubtere. This is due to

a relatively complex fitting proceduvdth many parametera comparison to the alternative
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Markov and seriesype methods, alongside theequirementof hourly precipitation

observations, which may be sparser in global coveragedaily records.

SWGinput parameters are calculated from observed datiherefore theesultant
synthetictime series is representative of the observed clithatehas beensed to calibrate
the generatofQian et al., 2005)The quality othe observediatathat isused aso calculate
parameterss thereforeone determinant of the accuracy of the simulated (@&dtiani and
Hoogenboom, 2003band therefore it is recommended that, to determine robust statistical
parameters, at least 20 years of-specific historical daily data is gqaired(Semenov and
Barrow, 1997) This raises an issue that GCMs do not fage many locations across the
globe, 20 years of daily observations are not readily available. This is essential to
realistically model the temporal variability. Aside from potentially lacking data for various
locations across the globe, there are several l[jessystematic errors in measuring daily
climate variables, including typographical and transmission errors, and-cairsegd

undercatch of precipitation by gaudgékilme, 1992)

Four prominent(Soltani & Hoogenboom, 2003tochastic weather generators
(WGEN (Richardson and Wright, 19843IMMETEO (Soltani and Hoogenboom, 2003a)
AAFC-WG and LARSWG) use a range of methods to produce wedihes series. The
methodologies used by these weather generators will be outlined, with key characteristics
compared inTable 2.1. Note that only Markov and seritge weather generators are
included inTable2.1. This is due to a greater wealth of literature critiquing and comparing
these types WGs,alongside a simpler fitting procedure than for example, NSRP models.
Precipitation statugnd amountare arguably the most important variabl® reproduce
correcty. This is becauseseveral SWGscondition other climate variables othe
precipitation, and this is a particularly important varidbleuse in hydrological, ecological
and agriculturaimpact assessments. many of the weather generators discusselhaivle
2.1, solar radiation and maximum and minimum daily temperatures are considered
stochastic processes with daily ams and standard deviations that are conditioned on

precipitation status.
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Table2.17 Four prominent stochastic weather generators, how they generate
precipitation and the conditioning of maximum anshimum temperature and solar

radiation on precipitation.

PRECIPITATION

STATUS DISTRIBUTION MIN & MAX TEMP,

SOLAR RADIATION
WGEN Defined as >0mm. Precipitation amount Not conditioned on
1st order 2state Markov| follows a 2parameter precipitation status

chain applied to previou| gamma distribution.
dayods dr y / | Gamma parameters
Different transition| calculated for each month
probabilities determine

for each month.

SIMMETEOQO | 1%t order 2state Markov| Precipitation amount Conditioned on

chain used to calculat follows a 2parameter precipitation status
transitional  probabilities gamma distribution.
for each month fron] Gamma parameters

monthly data. calculated for each month

AAFC-WG 2" order 2state Markov| Precipitation amount Conditioned on

chain applied to previou| follows empirical precipitation status
dayods d r y / | distribution estimated fron
Different transition| log-transformed

probabilities  determine( precipitation amounts on

for each month. wet days bimonthly.

LARS-WG Defined as >0mm. Precipitation amount Conditioned on
Parameters are calculate( follows a semiempirical precipitation status.
for each month from distribution (with 10
lengths of dry and wet intervals) with parameters
series (semémpirical calculated for each month
distribution). Amount of precipitation

depends on amount from

previous day

WGEN is a Markowchainstochastic weather generator that uses a first @rd&ate
structure to determine precipitation status, antiveparameter gamma distribution to

determine precipitation amountith parameters androbabilities (equations 2.8 and 2.9)
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calculated monthly. On wet days, precipitation amountsaaréomlytaken from thewo-
parametegamma distribution independently of the sequence of precipit@®enmange and

Katz, 2000) Daily precipitation amounts are considered independent and identically
distributed variables each month. Following the simulatisstaitis and (if relevant) amount

of precipitation, daily minimum and maximum temperatures are simulated. In WGEN,
minimum temperature is not conditioned on precipitation status and is obtained by fitting
cosine functions to both the means and the coeftickvariations of observed data for-28

day periods throughout the year. Maximum temperature follows a similar process, although
unlike minimum temperature, is conditioned on precipitation status, thus fitting different

cosine functions for wet and dry daisemenov et al., 1998)

In a study across sevédifferent ecoregion divisions, WGEN was found to perform
well at reproducing some variables and poorly at otffeesnenov et al., 1998WGEN
accurately reproduced the mean numbers of wet days, although the accuracywes this
variable by location. Semenov et al. (1998) found that -aw@ual variancén monthly
precipitation simulated by WGEN tended to slightly underestimate the observed. This is
thought to be due to the handling of precipitation events as independent from the monthly
gamma distribution. It is also thought that rare events do nott aféersition probabilities
enough to capture the frequency of their occurrence, and as such the shapes of distributior
for wet and dry spellength are not reproduced accurately enolgspite this, WGEN
was successful at reproducing the observed nuofideravy precipitation events, although

it is important to note thatnly a small number of weather stations have been considered.

Regarding temperatures, WGEN showed good accuracy with respect to the mean
and variability of maxima and minima, althoughist performance (particularly in
reproducing maxima) ikighly dependenbn location Despite WGENOG6s r
performance at reproducing observed temperatures, solar radiation appears to often b
overestimated and monthly means frequently diffenifgantly to the observed. Smaller
standard deviations and variances in sol
weaknesses at modelling global climates are thought to stem from its original calibration for
climates in the USAQian et al., 2008)

SIMMETEO is also a Markowype weather generator that follows a slightly
different approach to WGEN, producing daily weather variable time series from monthly
statistics for precipitation, daily maximum and minimum tempeeatland solar radiation.

Input parameters for SIMMETEO include the mean number of wet days, amount of
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precipitation, solar radiation, maximum and minimum temperatures calculated monthly
from observed data, as opposed to daily va{Bssmnayan and Crout, 19990his is an
advantage SIMMETEO has over WGENKonthly records tend to be more readily available
than daily dat{Geng et al., 1986)n a gven month, transition probabilities are calculated
using the total precipitation and number of wet days. On wet days, precipitation amount is

modelled once again by apgarameter gamma distribution.

To generate temperature and solar radiation, montimyatit statistics for each
variable are required. Means and standard deviations are estimated usmglérs$tourier
series requiring three climatic coefficients: the annual average, the amplitude (half of the
difference between the maximum and minimwanyl the month at which the maximum is
reached, for each variable. Minimum temperature is generated independently of
precipitation status, whereas maximum temperature and solar radiation requireradwet
day status. Values are sampled from normalridigions, with lagl aute and cross
correlations maintained between temperatures and solar radigBoitani and
Hoogenboom, 2003a)

In a study of SI MMETEOG6s performance
found to perform similarly to WGEN regarditige mean number of wet days, although with
poorer performance in calculating variances in precipitation occurrépakani and
Hoogenboom, 2003aPespite this, SIMMETEO was successful in generating the number
of heavy precipitation events. No statistidifference was found between generated and
observed monthly means in precipitation amount. SIMMETEO appeared to perform worse
than WGEN with respect to generating daily maximum temperatures, although successfully
reproduced minimum temperatures. Regardiolgr radiation, SIMMETEO outperformed

WGEN significantly, with most simulated means statistically similar to observed data.

Conversely to WGEN and SIMMETEO, LARWG is a seriesype weather
generator, developed at Long Ashton Research Station to oveliotitagons of Markov
type models with regards to precipitation occurref8®menov and Barrow, 200Zemi
empirical distributions of wet and dry spell lengths with ten intervals are fitted to an
observed time series. Seques®f wet and dry spells are chosen from this distribution to
determine precipitation status. On wet days, precipitation amount is determined from
another semempirical distribution fitted to observed data. Separate -sempirical
distributions (for wet ad dry spell lengths and wet day precipitation) are fitted for each
month. The flexibility of the serrempirical distribution allows the approximate fitting of a
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variety of shapes by adjusting the histogram intervals. Minimum and maximum
temperatures areonditioned on precipitation status and are determined through fitting
Fourier series to means and standard deviations of observed data monthly, with separat
Fourier series being fit for wet and dry days. Both minimum and maximum temperatures are
fit to normal distributions. Solar radiation is also conditioned on precipitation status, with

wet and dry seraempirical distributions calculated for each month.

Multiple studies have studied LAR&FGG6s abi l ity to reprodu
a range of differenecoregiongQian et al., 2008, 2005; Semenov, 2008; Semenov et al.,
1998) LARS-WG performs relatively well at reproducing obserypeecipitation across all
locations. Much like WGEN, LARSVG performs well with respect to reproducing the
number of heavy precipitation events, althouigh comparisonWGEN, LARSWG
reproduces thiill observed precipitation distributionoreaccurately. Rgarding the length
of wet and dry spells, LARSVG outperforms WGEN. This is thought to be because rare
events, such as unusually long wet or dry series, are not detected using the-éhaikov
approach, whereas empirical distributions represent all wedrgrgpell lengths present in
the observed record. Monthly mean precipitation is also reproduced well, although generatec
interrannual variance is lower than in observed data. Alongside accurately reproducing
precipitation, the mean monthly maximum and imuam temperatures are reproduced well.
Small errors in the reproduced distribution of temperatures arise through fitting a daily curve
to average monthly values, arising from fitting the Fourier series. It is also important to note
that in several locatianglobally, maximum and minimum daily temperatures do not follow
normal distributiongQian et al., 2008)This results in variable performance regarding the
reproduction of variances in temperat(@menov et al., 1998)

AAFC-WG (developed at Agriculture and Agfbod Canad) was developed for
i mpact assessors i n Qaaneta p2008MwulylikeiWGEN andi r a |
SIMMETEO, AAFGWG follows a Markowtype model, although using a second orler
state structure instead of firstder to determine precipitation status. However, unlike
SI MMETEO an dwo-paGamd&tdr gmma distribution approach, AAFGG uses
empirical distributions to determine themountof precipitation on a rainy day. The
empirical distributions are determined bimonthly from logartinamsformed precipitation
amounts. Solar radiation, minimum temperatures and maximum temperatures are eact
conditioned on the precipitation status of theen day. Empirical distributions for solar

radiation and temperature are estimated from residual series; means and standard deviatior
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vary daily through a spline interpolation of monthly means and standard deviations of

observed daily dat@ian et al., 2008)with different distributions for wet and dry days.

It was found that AAFENG simulates the distributions of wet and dry spells as
accurately LARSWG T with both distributions showing no statistical difference between
observed and generated data across Caf@dm et al., 2008) AAFC-WG was also
successful in reproducing the mean and associatednean squared error in lengths and
of wet and dry spells. AARQVG also outperformed LAR®/G at reproducing the observed
probability distributions of temperature. Whilst the methods AAFG use look promising,
it is important to recognise that it has only been tested across a small number of Canadial

weather stations.

2.4 PATTERN SCALING

Whilst it is known that the climate is changing, the magnitude and regional patterns
of climate change remain ambiguous whilst societal, economic and technological changes
are also uncertaifHerger et al., 2015)t has been long knowthat theranay bean infinite
number of O6pertinent, (IPCGTGIEA, H998),withasbne er n
studies arguing that there is no basis for the relative likelihood of such futures to be
quantified(Grubler and Nakicenovic, 20QIMi t c he | | et al . (1999)
with a perfecprojection of concentrations, there would be considerable uncertainties in the
resul ti ng c | Uncedaintes in fitar@ grojestiond may arise frohoice of
scenario, biases within adels themselveslifferences insimulating the radiative forcing
andsubsequentlimate response, and internal variabi(itge et al., 2021\ith Santer et al.
(1990) descrilmgge ach GCM as fAan individual speci e
Uncertainties arising between models themselves may involve their treatment of clouds, ses
ice and land surface processes, resolution used, and ocean repres€asation et al.,

1990) Uncertainties pertaining to the simulation of radiative forgimgy arise through
differing conversions of emissions to concentrations, derivations of the fothamgselves
and modelling the resalbt climate responsgMitchell et al., 1999) dongside further
uncertaintiesregarding the pathway ofuture societal, technological, and economic
developmenté¢Herge et al., 2015)

The ability to study a wide range of possible futures, and hence assess the associate
risks and attempt to quantify some of the abovementioned uncertaray importance to

impact modelers and other enders(Herger et al., 2015; Lynch et al., 2017j is also
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known that longgierm GCM projections are more robust than skeni anthropgenically
forced simulations due to a more robust sigoaioise ratio. However, impact assessors
tend to need projections on shorter times scales, such as theagallsnid21% century.
With the assertion thahe uncertainty in global futures cannot be fully addressed by the
study of a select number of climate scenaribs,importance of developing a methind

studyawider range oflifferent climate scenariosith several realisatioris emphasised.

Patterrscaling(PS)provides a computationally efficient technique thagprimarily
beenused to address two major uncertainties; the underlying scenario used, and the
structur al uncertainties associ aflLeedktali t h
2021) PS can be used to construct additional climate change projections G€in
projections and allows for climate change patterns to be scaled to represent a variety of
GWLs, including scenarios with different sensitivities to climate forcing, different
concentrations of greenhouse gas emissions, and for time periods where simulations hav
notbeen undertaken or are unavailglddsborn et al., 2016 hese simulations may be more
useful to impact assessors, who require a varietyliofate projectionsto be used
independently or to analyse effectfsmitigation policies compared to reference scenarios
(Tebaldi and Arblaster, 2014)

A computationally inexpensive technique$S was originally developed to create
projections from equilibrium responses of a GCMatdoubing of CO, concentration,
however more recenthPS has been used to construct a wide range of transient climate
simulations from climate model projectiof@sborn et al., 2016; Santer et al., 1990)is
technique postulates that, for a given time period and scenario, the change in a climatic
variable can be expressed as linear fioncof the global measurfacetemperature change
(Cabré et al., 2010; Tebaldi and Arblaster, 20M)near relationship is calculated between

the GCM-scalechangsin a variable, and theGMST anomalyY"Y
Y6 YY o 2.10)
at each grietell (denoted by month/seasoriy period (), and forcing scenari@y, where

weis a fixed, spatial, response pattéikennett and Buonomo, 20Q6he response pattern

is derived in units of local change in varialleper degree Celsius of warmingor

temperature changes, the units tend to be—+r—, whereas precipitatioochanges are

usually expressed as a percentage change per deg'?e& .
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Two different methods have been discussed widely in the literature to determine the
response pattern. The tirsBce method gometimes referred to as tfied el t a0 me
determines the response pattern by studying two different, discrete time depodbsyor
a given forcing scenari o. To determine t
anomaly between a future aadeference period is divided by the chang&MST between
the two periods for eachtGCM grid cell (Mitchell, 2003) The anomaly in variable is
calculaked at aregionalscale (i.e., at a grid cell defineg 2n equation 2.10) with epochs
usually around a century apart. It is common practice to choose a baseline epoch at the en
of the 2" century, and a future epoch at the end of tiféc2htury to asure the signal is
from forced changand rot internal variability(Tebaldi and Arblaster, 2014The future
epoch is often chosen based on a specified GMST change relative to preindustrial levels
Although computationally efficient, the tingtice method lacks adaptability to additibna
predictors and has less skill in estimating trends than the alternative linear regression metho

(Lynch et al., 2017)Results are also variable depending on the choice of epoch.

Linear least squares regression is an alternative methodathdie used to obtain
the response of variableto changing GMST. This method is considered more robust and
has hence been favoured in recent literatuostenberger et al., 2014; Lynch et aD17)
Opposed to comparing epochs, the full GCM simulated time series can be utilised,
improving the signato-noiseratio, which is primarily caused by natural variabilitfhis
also reduceassociatedneansquared error. Due to the use of data acasmtinuous time
series which may include different rates of warming, linear regression is also assumed to be
more applicable to the studymfesently namodelled periods and scenaridstchell, 2003)
Ruosteenoja et al. (2007) suggest using ensemble means with differentamtaions to
determine the response pattern, instead of using individual GCM responses. By using severe
different realisations of the same GCM, noise caused by internal variability may be further
reducedand the strength of the climate change signdhér strengthenedhithough linear
regression is considered a more robust method of obtaining the response pattern, som
features, such as temperature change at high latitudes, cannot be approximated by linez

relationships.

The merits of this techniqueeclear,with bothPSand t he s-smitlto
approach (not to be confused with the tighee method for obtaining response patterns)
discussed in the recent IPCC Assessment Report(PeitilasReyes et al., 2021The time

shift approach defines a target GWL (a common GWL°, Zor example) and finds a
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(typically) 20- to 30year period wherein the GMST increase of the GCM matches the
specified GVL (Herger et al., 2015; Matte et al., 2019; Vautar@l., 2014) This method
maintains physical consistencies between variahbsarenotmaintained by PSas well as
preserving spaeeme covariance. Despite this, Matte et al. (2019) found high correlations
between regional responses obtainedPi8/and the timeshift approaches over Europe.
Although there are benefits to the tislaift approachits major drawback is that cannot

be used to study GWLs beyond those simulated by GCMs. For example, RCP2.6 scenario:
may not be used to estimate cert@wLs reached byRCP8.5 as RCP24&mply does not

reach thdevels of GMST increasef RCP8.5. Furthermore, the tirs@ift approach does

not consider effects if climate responses are a function of both increasing &hd$fie

rate of warming, which may dezase the skill of the technique for long time scales.

While PS provides impact assessors and risk modellers with a computationally
inexpensive tool to study a range of alternative scenarios from a limited number of GCMs
(Tebaldi and Arblaster, 2014there are two main causes of uncertainty in determining the
response pattern. Both uncertaintidsisiimportant to note, are also present with most
emulators of future climate based on GCM results, including the previously mentioned time
shift approachand are not necessarily unigque to. HBe first cause of uncertainty in
determining regional climatresponse to GMST change is once more associated with the
simulations themse-movdel| ue(Gogr28d)Thisgpadsass 0 |
from the aforementioned differences between GCM simulations, and is considered by
several studies a dominant cause of uncertainty in the construction of regional climate
responsegKittel et al., 1998; Tebaldi and Arblaster, 2014; Tebaldi and Knutti, 2018)

The second is caused by the internal variability in the climate system itself. Several
methods hve been explored to reduce the impact internal variability has on identifying the
response pattern. Using several inigahdition ensembles, as opposed to just one
realisation, provides a better identification of the pattern from background internal
variability (Mitchell, 2003) The same GCMs simulated under different forcing scenarios
(e.g., pooled SSP3.0 and SSRB.5 data) can be used simultaneously to diagnose the
response pattern, once again reducing the impact of internal varié®gibprn et al., 2018)
Although this is a cause of uncertainty in determining the response pattern, several studie:
(Lustenberger et al., 2014; Osborn et al., 2018; Tebaldi et al., 26&lthat the eor caused

by internal variability is less than the irt@odel uncertainty.
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A critical assumption of pattern scaling is that there is a linear relationship between
local climate change and t&MST increaseThis assumption has been assessed in several
studies. It has been found that this assumption is mostly valid regarding estimation of
regional temperature changd€abré et al., 2010; Tebaldi and Arblaster, 2014)
Comparisons between the tirabift approach and pattern scaling have been used to assess
this assumption of linear scalability. Matte et al. (2019) employed this approach to assess
the scalability of temperature and precipitation over Europe, findingehigorrelations
between the two methods for temperature than precipitation. The assumption of linear
scalability with regards to precipitation is known to be weaker than temperature; this is
thought to be due to differences in the parameterization of lagsnsonvection and cloud
formation(Matte et al., 2019; Santer et al., 198} due tdarge interdecadal variability in
regional precipitation patterns that tend to dominate the climate ¢{@abié et al., 2010)
Osborn et al. (2018) showed that some of the poorer performance in the scaling of
precipitation responses was due to unfdreariability. Using afour-member initial
condition ensemble (as opposed to one) much imprtwe performance of precipitation
scaling, though errors still exiskesidual poor performance could be attributed to remaining
unforced variability in théour-member ensemble mean. Despite this, precipitation remains
approximatelylinearly scalable with global mean temperature with a good degree of
accuracy(Tebaldi and Arblaster, 2014particularly at longr time scalegMatte et al.,

2019) The effect of internal ariability on precipitation can be reduced by scaling means
over longer periods, e.g., over-gbars. For both temperature and precipitation, Giorgi
(2005) found that the nelimear fraction of the climate change signal tends to decrease with
the magnitudef the signal. This asserts that the assumption of linearity holds increasingly
well as the climate change signal becomes more pronoyf@gedyi, 2005; Kennett and
Buonomo, 2006)

It is therefore advised that higher forcing scenarios should be interpolated to study
lower scenariogMitchell, 2003)and not the other way around. This is thought to be because
weaker forcing causes less wead#fined patterns of linear coefficients, which, when
extrapolated, lack the characteristics present in high forcing resgq@ws®&sn et al., 2018)
Although it is possible to obtain and extrapolate a response pattern freemtbwarming
scenarios, it isecommended that, when using pattern scaling to make projections under
high-end warming scenarios, the patterns should be diagnosed from strong forcing scenarios
Lynch et al. (2017) find that sign#d-noise ratios are lower for patterns produced using
RCP4.5 than RCP8.0. Osborn et al., (2018) suggest that, up until approximat€lyoB.5
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warming, using a combination of warming scenarios (e.g., RCP2.6, 4.5 and 6.0) to determine
the response pattern, followed by a hegid warming scenario (RCP8.5) to detme the
response beyond.

It is also assumed that the climate system has a linear response to anthropogeni
forcing (Mitchell, 2003) and thatthe climate system and anthropogenic forcing are
independent of each othefhe validity of this assumption is hindered by short lived,
regionally differentiated species, such as anthropogenic aerosols or black (Ghrlmgama
et al., 2013; Tetldi and Arblaster, 2014)While this assumption may not always be true,
estimation errors in patterns caused by changes due to internal variability are considerec

small on a global scalg&.ynch et al., 2017)

Several studies have furthessassed the accuraciesR8 and the validities of its
assumptions. The assumption that the chal
given scenario remains constant with respect to global temperature cherityeais Cabré
et al.(2010) use the timslice method to assess the validity of this assumption for changes
to the annual mean temperature and precipitation, producing spatial patterns for three
different epochs. The assumption of scalability was evident for temperatureraralised
precipitation changes, with some exceptions in Northern Hemisphere high latitudes. Tebaldi
and Arblaster (2014) find that patterns produced by different Representative Concentration
Pathways (RCPs) were highly correlated with each other, suppaohgnassumption that
patterns generated by different forcing scenarios are not significantly different. The strongly
mitigated RCP2.6, however, was excluded from determining smatlel patterns due to
decreased correlations in patterns produced froraréifit centuried.ynch et al. (2017) note
that differences in temperature change patterns produced by different RCPs (8.5 and 4.5
using linear regression were larger than differences using theslicee approach.
Statistically significant differences ipatterns were found across rfigyh latitudes (the
Arctic, land areas bordering the Mediterranean, and the subtropical South @xcific et
al., 2017).

PresentlyPSis typically used to construct scenarios stagychanges to the mean
climate and do ot consider changes imariability, typically scalingseasonal or annual
means in temperature and precipitatiBramples include Cabré et al. (2010) constructing
patterns for changes to annual and seasonal mean temperature and precipitiation
changing GMST. Lynch et al. (2017) compared the einge and least squares regression

approaches for the construction of patterns using seasonal and annual means in surface ¢
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temperature. Alexeef et al. (2018), Mitchell (2003) and Tebaldi abthster (2014) are all
further examples of scaling mean statistics. Few studies have considered the incorporatiol
of changing variability with GMST, with literature limited in comparison to the scaling of
meangHerger et al., 2015; Osborn et al., 2016)

PSis also considered more limited in the study of changes to extreme events, though
there has been some research stflingstatisticsrelating to extreme eventghis is likely
due to the focus of most PS studies on constructing scenarios relatingnteclmedeand
notthevariability. One method used to study and assess changes to extremes was introduce
by Lustenberger et al. (201vherein atreme temperature indices were scaled WikST.
The scaled relationship has variable resultagouracy highly dependant on thecaled
index. There is evidence that the relationship between some indices (suchsgzetadys
index, CWFI, TX10P) an@GMST change violates the assumption of linearity, and therefore
should not be scaled. As with scaling precipita and temperature, the uncertainty due to
inte-model differences is once again greater than the uncertainty induced by internal
variability.

2.5 CHAPTER 2 SUMMARY

With undeniable evidence that our climate is changing, and little certainty regarding
which pathway anthropogenic emissions and secmnomic factors will follow in the
future, there is an evqaressing need for sophisticated modbalt canconstruct a ariety
of projections to better understand the range of uncertainties we may face with regards tc
future climate andveather extremes. GCMs are the most sophisticated tools at our disposal
to study the impact changing anthropogenic emissigtishave on the E a r tcllméts.

While they provide detailed pictures of global changes the Earth may face, they are limited
by their computational requirements, resulting in parameterization of severalssaiall
processes arttierefore aourse resolution. Howevdocalscale projections are much more
useful for impact assessors and as inputs to hydrological, agricultural and ecological models
Furthermore, to fully understand the range of uncertainty associatealchignging climate,

a wide range o$cenariogand several realisations of such scenarimgjst be considered,;

more than those presently simulated by GGRexeeff et al., 2018)These uncertainties

arise from the definition of scenarios thates, intermodel differences in the derivation

of the climates response to anthropogenic emissions and parameterization, internal

variability, and biases within the models themselves.
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To address the mismatch between G€ddle data and impact assessment
requirements, a range of downscaling techniques have been introduced. A dynamical
downscaling technique, RCMs are one such approach that can be used to construct region:
climate projections. RCMs represent sevetddGCM scaldfeatures with greater ac@acy
than GCMs, including orographic effects, precipitation patterns in areas with steep
topography, mesoscale processes such as precipitating weather fronts, asdaland
contrasts. However, despite the significant added value RCMs provide, RCMs téxld to y
results that are similar to the computationally more efficient statistical approaches. RCMs
are also dependent on the driving GCM, and biases in the simulation of gtagefimate
are still present. Statistical downscaling methods are comput®yioef@éctive whilst
showing similar skill in downscaling GCM simulations to the dynamical methods. There are
a range of statistical downscaling approaches, including perfect prognosis, model output
statistics, and stochastic weather generators. While dalng techniques provide users
with fine-resolution time series, uncertainties associated with modelling the future climate

are not addressed, as only scenarios simulated by GCMs can be downscaled.

Prior to their introduction as a downscaling technidaM/Gswere introduceand
arewidely used as computationally efficient tools that can simulate-keak time series
from observational or reanalysis data. They can produceduglity,temporally consistent,
long-running time series for a suite of wieet variables at a locakale, addressing a key
requirement of the data needed for the robust statistical analysis of extreme weather event
andwith a resolutiorthat is suitabledr impact assessments. There are several methods that
can be used tstochastically synthesisa suite of climate variables, though most approaches
are dependent on their generation of precipitation. Markov chains, -sgresveather
generators, and NSRP are different approaches to the stochastic modelling of precipitation
Modelling of precipitation has been focussed on in this review, though Chapters 4 and 5
address the generation of secondary and tertiary variables in greater detaiSWG#are
computationally efficient tools at modelling present day climate, they abalpiistic, not
deterministicand hey cannot be used to simulate time series for different scemattasit

some perturbation of the parameters to represent future climates.

The construction of a range of scenarios, including those that are not eoioyat
GCMs, is necessary to better understand the wide range of uncertainties in modelling the
future climate. Pattern scaling is a computationally efficient technique that has been
introduced to construct projections for a range of scenarios o+pmeds that have not

been simulated by GCMs, or scenarios with presently only a limited number of ensembles.
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A linear relationship between local climate change and changing GMST is assumed, with
local responses of a variable to global climate change diagfresed GCM, normalised

by GMST changddowever, P3as typically been used to diagnose the response of seasonal
(or annual)means in temperature and precipitation and has limitations in the study of

extreme events.

The advantages of bostochastic weather generat@nsd pattern scalingvill be
utilised in this thesighrough the development @f globally calibratedstatisticaltool,
hereafter referred to as t@obally Calibrated stochasti/eatheiGenerator (GCWG). The
development oftte GCWG in reproducing a range of observed clim@iedda et al., 2014)
is presented in Chapters 3 to 5, capable of generating daily times series of precipitation,
maximum and minimum tempduse, mean wind speed, solar radiation and relative
humidity. The response of GCWG precipitation and temperature parameters (see Chapters
3 and 4) to external forcing will be diagnosed from GCMs and hence used to perturb
parameters calculated from weath&tion observations. The perturbed GCWG is therefore
capable of generating local scale, long running time series for a suite of weather variables
under any specified GWkepresentative of a range of scenarios, wialatiding GCM
induced errordn modelling pointscale climate Furthermore, thesimulaion of several
realisations at a specified GWit scenariawith computational efficiencys possible using
the GCWG Unlike the discussed timshift method, th use of PSrovides a unique
opportunity to produce long time series at a specified GMST level, rather than an average
over a relatively small period (e.g., 30 years) to better quantify uncertainties related to the
charging risk of weather extreme3o reiterate,the strengths of stochastic weather
generatoandpattern scalindpoth address issues with using GCM projections to study the
future climatealone andboth techniquewiill thereforebe utilised in the constetion ofthe
GCWG to simulate future climatscenarios Perturbing the parameters tife GGNVG
throughPS will first address the issue regarding the limited number of scenariosh@nd
number of realisationsproduced by GCMs. TheperturbedGCWG also addresses the
mismatch between GClvesolutionand the scale required for impact assessments, while
additionally providing an opportunity to produce several realisations of local climate with

long-time series, and hence study the associated changing eskémes.
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3 STOCHASTIC PRECIPITATION GENERATION
WITH MARKOV CHAINS OF DIFFERENT
ORDERS

Precipitation is considered a primary varialslehe development of th&lobally
Calibrated stochasti®eatherGenerator (GCWG) This is due to the conditioning of
secondary and tertiary variables on the precipitatibthe day and the use of precipitation
amounts as predictors. In this thesis, a Maskbain gammadistribution approach to
generating stochastic precipitation sequences has been adofitedcGCWGfollowing a
comparison of methods presentetapter2, Section2.3. To reiteratethe strengths o
Markov-chain gammamnodel inclu@ their simplicity and computational efficiency, their
common usage resulting in rich literature aiding in the developmentpoéa@pitation
generator, flexibility regarding modekrder, and finally,owing to the simplicity of the
techniqueit is relativelystraightforwardo diagnose the response of the parameters to global

mean surface temperature (GMST) changes from climate model projections.

For a firstorder Markovchain model (the mostwidely used in literature), only
parameters are required to capture precipitati@currence and the weay gamma
distribution per month. Although seriggpe weather generators can approximate a wide
variety of shapes effectively, many more parameters are required (for exampleMIBRS
a seriegype weather generator, uses 21 pesnth) (Semenov and Barrow, 2002)
Diagnosing the responses oMarkov-chain gammalistribution parameters to GMST
increasas therefore also simpler than the parameters from alternative apprdachatso
apparent that, whal firstorder models are the most prevalent in literature, there are merits
to using higher (and lower) orders, varying with geographic location and sgtssseini
et al., 2011) This provides some flexibility regarding the modelling of precipitation.
Generally, zeroth order models require less contiput@ power than higher orders, while
second and thirdorder models may have the capacity to better represent long dry spells, a
known deficiency with firsbrder models(Lennartsson et al., 20Q8Modelorder
performance is also variable on season, with Chin (1977) finding that higher orders are
preferential in the winter season across the USA. Hydmadr Markow-chain models have
been suggested to accurately represent dry climates, witloriitst dependence for wet

spells, and higheorder dependence for dgpells(Chen and Brissette, 2014; Wilks, 1999b)
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In this thesis, secondary (maximum and minimum temperature€hsgxter 4) and
a selection of tertiary variables (mean wind speed, solar radiation and relative humidity, see
Chapter 5) will be conditioned on daily precipitation. Therefore, shortcormragsulating
precipitation occurrence may lead to inaccuraciesetondary and tertiary variables. This
emphasises the need for an educated choice in model order used to simulate occurrence a
amount of precipitation as accurately as possible. This chapter covers the methods used t
simulate statistically similar timgeries to observed precipitation records, including a global

assessment of modetder performance.

Many widely used stochastic weather generators have been calibrated for a specific
study location. This limits their applicability to regions with differelimate characteristics
to the calibration site. The masectionof this chapter (Section 3.1) has already been
publishedunderWilson Kemsley et al. (2021) imternational Journal of Climatologgnd
compares the performance of zeroth, first, secortithird order models at reproducing
observed precipitation statistics at over 40,000 weather stations, covering five climatic
regimes. Additional evaluations and analyses not included in that paper are provided here ir
Section 3.2. Results will be used itdorm stochastic weather generator users of which
model order performs best in each climatic regime. A Maxtmaingammadistribution
model has been coded in Python to stochastically generate precipitation time series. Cod:
has been written for zerotfirst, second, and third order chains.

3.1 SELECTING MARKOV CHAIN ORDERS FOR GENERATING
PRECIPITATION SERIES ACROSS DIFFERENT KOPPEN
CLIMATE REGIMES

3.1.1 INTRODUCTION

Stochastic weather generators are a technique used to produce synthetic rainfall time
series wih high spatial and temporal resolutions. Computationally inexpensive tools, they
can be used to produce long time series for use in hydrological and agricultural risk
assessments when the record length or quality of representative observational data ar
inadequate. For example, measurement time series are often too short to robustly estimat
the probability of extreme events, such as long- wetdry-spells. Stochastic weather
generators were initially developed to address these i§Seexenov et al., 1998hough

they have since been applied to a broaderge of problems (e.g., perturbing their
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parameters so they produce synthetic time series under future cliibamess et al., 201)1)

and to other climate variables.

Precipitation is one of the most important variables for assessing risks affecting crop
growth and the hydrological cycle. Precipitation is also often considered as the primary
variable when stochastically modelling other weather variables (e.g., solar radiation,
maximum and minimum temperatures) which can be conditioned on the precipitation status
(Richardson, 1981)it is important that impact and risk assessors have access to the most
accurate highresolution modelgDubrovsky, 1997)as generated data is often used in place
of insufficient observed records as an inpathydrological, ecological and agronomic
studies(Larsen and Pense, 198Zherefore, it is particularly important to ensure accurate

modelling of daily precipitation.

Markov chains are a commonly used stochastic approach to modelling daily
precipitation. Simul at ed occurrence of
precpitation status. The order of a Markov chain model refers to the number of previous
days considered, i.e., a fugtder model conditions precipitation status on the status of one
previous day. Several of the widely used Markgye weather generators (fexample
WGEN (Richardson and Wright, 1988)JMMETEO (Soltani and Hoogenboom, 200Zaid
AAFC WG(Qian et al., 208)) use the same model order regardless of geographical location.
Furthermore, many of these weather generators have been designed, implemented and test
for climates local to where they were produced, meaning they may not be optimal at
generating redtic rainfall time series in different clima{@emewov et al., 1998)Despite
the common use of firgirder models in climate and hydrological impact studies, their
limited memory of extremes has been criticig8dmenov and Barrow, 199@nd though
it is accepted that different sites require different orders-dind¢rs remain prevalen
(Lennartsson et al., 2008) However, t he stochastic d
precipitation is depetent on particular meteorological drivé@&hin, 1977) with first-order
models commonly misrepresenting important meteorological propdaiot et al.,

2015)

Although Markovchain models are the focus of this study, there are several other
methods used to stochastically model precipitation occurrence, including Markov renewal
processes (MRRJoufouladseagiou and Lettenmaier, 198 @nd seriedased approaches
(e.g. LARSWG (Qian et al., 2005) Both methods use observed wet or-gjpgll lengths to
generate synthetic precipitation tirseries differently to Markeehain models. In MRP
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models, the probability of precipitation depends on the number of days since the last
precipitation event, whereas serlessed weather generators draw lengths of wet and dry

spells from semempirical distibutions(Semenov et al., 1998)

¢ Information Criterion Only
¢ Information Criterion AND Spell Length Analysis

Figure 3.17 Global locations of previous Markov chain moadetier assessments used to

inform this study

Akaike (Tong, 1975)and Bayesian Information Criterié€Schwarz, 1978)are
commonly used to select model order, balancing the model fit with the number of
parameters. There have been several local or regional studies which have dssds=sid
modetorder, including across the USAchoof and Bror, 2008) Costa RicgHarrison and
Waylen, 2000) England(Gates and Tong, 1976%weden(Lennartsson et al., 20Q8)
Canada, Israel, India and Nigeflamoh and Webster, 19963ing Information Criteria and
other methods, including spell length analysis (Figure 3.1). Although many of these studies
reiterde that a firstorder model is adequate, seasonal and spatial variations in-ordeel
choice were identified in all of them. Further studies critique this-didér assumption
(Gates and Tong, 197&hd the use of an Information Criterion as the sole method of model

order selectiorfHosseini et al., 2011)

Further evidence suggests thangsa firstorder model, regardless of location, may
not always reproduce observed weather accurately. Low order models are known to
underestimate interannual and irse@@asonal precipitation variances (suffering from

overdispersion(Katz and Parlange, 1998)despite often being chosen by Information
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Criteria(Harrison and Waylen, 2000)ligherorder models may more accurately reproduce

variances in weather, though the risk of overfitting becomes monaipent.

A common use of precipitation generators is to estimate the probabilities of extreme
events, such as long wet or dry spells, due to their ability to simulate long time series
(Yaoming et al., 2004 Although Information Criteria are the most common methods used
to assess modelrder performance, they do not test the ability to accurately reproduce the
distribution of wet and dryspell lengths, despite their importance for snapplications. It
is known(Lennartsson et al., 2008)at firstorder models often do not reproduce sipglls
accurately even though they are favoured by Information Criteria. This inability is an
established issue with many Marktype weather generatofSemenov and Barrow, 2002)

Wet spells are important for hydrological dadling, impacting flood risk and soil erosion,
whilst knowledge of drnspell behaviour impacts agricultural and environmental planning,
preparation for drought and irrigation infrastructuf@chola and Kerkides, 20Q03)
Therefore, a method to assess the ability of different model orders to reproduce observec
wet and dryspell distributionss needed.

This chapter extends the existing knowledge base in several respects that are
important for providing better guidance to users and developers of Markov chain weather
generators. First, we undertake an assessment of preferential model ardenuiiple
metrics of model performance. Alongside the Bayesian Information Criteria (BIC), we also
quantify the ability of different model orders to reproduce observed distributions-afrwiet
dry-spell length, and the interannual variability of pre@pon occurrence (referred to as
IVO). In each case, we consider the relative performance of models with orders 0, 1, 2 and
3. Higher orders are not considered in this study due to their increased risk of overfitting and
greater computational demand, reig usability. Second, we undertake a global
assessment using more than 44,000 weather stations across most land areas. Third, using 1
global assessment, we consider whether the choice of model order is systematically

dependent on the climate regimeeaich location.

Local climates can be classified into regimes according to several different
characteristics, such as annual precipitation, interannual temperature and precipitatior
variances, cloud cover et¢Belda et al., 2014)Here we use the Koppen climate
classification which is one such classificationwidespread us€koppen, 190Q)using
monthly temperature and precipitatistatisticso identify different climatic regimes across
the world (Figure 3.2).
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World map of Képpen climate classification for 1901-2010
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First letter Second letter Third letter . Data source: Terrestrial Air Temperature/Precipitation:

A: Tropical . Fully humid T: Tundra h: Hot arid 1900-2010 Gridded Monthly Time Series (V 3.01)

B: Dry m: Monsoon F: Frost k: Cold arid Resolution: 0.5 degree latitude/longitude

C: Mild temperate s: Dry summer a: Hot summer - %

D: Snow w: Dry winter b: ' Warm summer Website: http://hanschen.org/koppen

E: Polar W: Desert c: Cool summer Ref: Chen, D. and H. W. Chen, 2013: Using the K&ppen classification
S: Steppe d: Cold summer to quantify climate variation and change: An example for 1901-2010.

Environmental Development, 6, 69-79, 10.1016/j.envdev.2013.03.007.

Figure 3.217 The Kdpperclimate classification according to Chen and Chen (2013). There
are some differences in terminology used for each class; in the current study, we denote

class C as fAtemperateo and class D as #Ac:
3.1.2 DATA

We used didy precipitation data from the Global Historical Climatology Network
Daily (GHCN-D) to fit Markov chain properties and evaluate the models. GiBGiality
control procedures flag potentially inaccurate or inconsistent records, estimated to affect
approxinmately 0.3% of the data. Flagged data was removed, and only weather stations with
at least 20 cumulative years of daily precipitation remai®gtani and Hoogenboom,
2003b)were used, resulting in a total of 44071 stations. Historical records were capped at
their most recent 30 years, to reduce any artefacts that may arise from using records o

different lengths.
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Eachweather station was allocated a climate classification, determined by the centre
of the Koppen grid cell which the longitude and latitude of the weather station was closest
to. Locations are allocated to one of five overarching classes: tropical, dryersge)p
continental or polar. Within each class, regimes can be subcategorized further based or
climatic behaviour. Our study applied each evaluation method to observed data in each
overarching regime to determine the most appropriate model order forleaaticczone.

K&ppen classification data was taken from Chen and Chen (2013) orx@.b.grid.

Tropical Dry ® Temperate @® Continental @ Polar

Figure3.31 All available weather stations meeting the outlined criteria and their associated

overarching climate classification.

It is clear from Figure 3.3 that there is not global coverage, and that some locations,
such as the USA and most of Europe, have a significantly higher density of weather stations
than others (such as Africa and Soutinékica). Nevertheless, even the least sampled class
i polari has over 400 stations with at least 20 years of observed data.

3.1.3 METHOD
3.1.3.1MARKOV MODEL FITTING

A 2-state Markov chaigamma model was used to simulate the occurrence and
amount of precipitation, wh 2-states referring to a day being either wet or dry. A day was
described as fAweto i f precipitation was
is loosely based on the weather generator WGENhardson and Wright, 1984The

probability of a wet day is conditional on the historical precipitation stati€tiorder
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Markov-chain refers to the number of conditiof@revious days. For the widely used first

order, 2state model, the transition probabilities are:

N B & (3.1)

where“Gand’@an represent wep) or dry (1) days. For examplé, is the probability of a
wet day following a dry day, arid the number of wet days following dry days (calculated

from a historical dataset). This process can be extended to other orders:

¢
d B €
£
n B €
. £
i B ¢ (3.2)

for orders 0, 2 and 3 respectively. Thanber of transition probabilities calculated therefore
increases exponentially and can be generalised to(where™Qis model order). Transition
probabilities were calculated for each month at each weather station, resugtig in
transition prdabilities for each station and each model order. However, the number of

independent transition probabilities is half this number,p.&¢ ,because p 1.

It is a common assumption that precipitation amount is conditionally indepeasfdent
precipitation occurrenc€Richardson, 1981)Upon generating a wet day, a random
precipitation amount i s i ndependepaameter t al
gamma distribution. For each month, g ) and scalef () parameters were calculated
from wetday only data for each station. Thom estimatditsom, 1958)were used for
calculating the shape,

Q_
0)

PP
5 (3.3)

and the scale,
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ror (3.4)
parameters, with sample statistic

O 1 lof : I To (3.5)

wherewrefers to amounts of precipitation ahdhe number of wet days. This method is
used in place of moment estimators, whic

Thom estimators that make better use of the information in a dgiA4&s, 2011)

3.1.3.2MARKOV MODEL EVALUATION

Information Criteria are methods that can be used to determine how suitable different
order Markov chains are for modelling precipitation occurrence, based on calculations of
log-likelihood functions from the transition probabiliti€Schoof and Pryor, 2008Here,
we chose the Bayesian Informationt€rion (BIC) over the Akaike Information Criterion
(AIC) becaus&atz (1981)showed that AIC estimators can be inconsistent, and also BIC is
less prone to asymptotic bias and more widely used in recent lite(&targason and
Waylen, 2000; Schoof andydr, 2008) This method seeks to find the best model containing
the fewest parameters (i.einimal Q. For a 2state Markov chain model of ord&€) BIC

values are given by

6 oD ¢ch ¢ 110 (3.6)

where0 is the loglikelihood function and) is the number of days in the historical record
used to calculate the transition probabilitiés.is calculated from the estimated transition
probabilities using the functions given by Schoof and Pryor (2008) for each model order.

The model order that minimises BIC is chosen as the best order.

As there are 12 sets of transition probabilities fohestation, 12 BIC values for
each model order were determined and compared enabling an evaluation of annual an
seasonal modeirder dependence. The mode of the model orders that minimise BIC across

each of the 12 months was taken as the annual model 8elsonal mod@&rder choices
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were also studied, using the mode of the model orders that minimise BIC across June, July

August (JJA) and December, January, February (DJF).

In addition to BIC, three other assessment criteria are considered, providing
add t i tabil it

ability to reproduce the distribution of wet and dry spell lengths was compared. A wet spell

onal i nformation on model sui
was defined as a period of wet days preceded and followed by a dryndayide versa for
a dry spell). For each model order, 50 years of precipitation data were generated and the

length of every wet and dry spell in the generated data determined.

Kernel density estimation (KDE) can be used to determine apamametric
probalility density function of a random variab{&uidoum, 2015)KDE was used here to
estimate prolaility density distributiondRajagopalan et al.,987) for wet and dryspell
lengths (see Figure 3.4 for an example). Upon determining distributions for each model
order, the roetneansquareedifference (RMSD) between the observed distribution and the
distributions produced by each Markov chain was caledla® bandwidth of 2 days was
used for KDE and a test across the climate regimes indicated that the results are not sensitiv
to this choice. In addition to comparing the full spell length KDE distributions, we also
evaluate the performance of each modekeo at reproducing four percentiles (75, 90, 95
and 99th) in the tail of the distributions. These percentiles are calculated directly from the
underlying spell length data, rather than from the KDE distributions to avoid any dependence
on the choice of KB bandwidth.
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Figure 3.4 1 Probability density distribution of the length of dry spells (left) and wet spells

(right) produced by different model orders over ayg@r period at a weather station in
Highcroft, Tasmania (GHCHND station ID ASN00094028)
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Finally, each model sé ability to repr:
of daily precipitation occurrence was generated. The total number of wet days in each seaso
or year was recorded, atite standard deviation of these 50 values (number of wet days per
season/year over the§@ar period) was calculated. The model order producing the smallest
absolute difference between the generated and observed standard deviation was deemed

perform bet.

3.1.4 RESULTS

The methods outlined in section 3 were applied to 44071 weather stations that met
criteria detailed in section 3. Results from these weather stations were aggregated into 83
5° latitude by B longitude cells Table 3.1) to reduce biasing aresverage results to
locations with dense station coverage (e.g., USA, Figure 3.3). This also increased the
weighting of locations with sparse data coverage,ef@ample across Africa and South
America. The climate regime of a gieell was allocated by taking the modal classification
from each individual station in the cell. This methodology was also applied to obtain an

overall modelorder for each griatell andeach method of analysis used.

Table3.17 Number of weather stations and corresponding grid cells in each climate regime.

REGIME NO. OF NO. OF
STATIONS CELLS
Tropical 4140 173
Dry 8555 139
Temperate 20389 192
Continental 10552 229
Polar 435 104
TOTAL 44071 837

3.1.4.1BAYESIAN INFORMATION CRITERION

The Bayesian Information Criterion was the first method used to analyse-model
order performance. The BIC optimisation most often selected aofoist model to
minimise BIC across atiegimes [able3.2), in agreement with previous literatuf@choof
and Pryor, 2008)ut extending this finding to more regions, regimes seasons. Although
a firstorder model may be allocated overall to each regime, there are clear behavioural

differences between the zones. For tropical and dry regimes, a sizable minority of cells show
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zeroth or seconebrder dependence. A sizable minprof temperate cells (17.1%) are
minimised by a secordrder model, however unlike tropical and dry regimes, there are very
few cells minimised by zerotbrder model. Conversely, firsrder models almost
universally minimise BIC for continental and potalls (99.2% and 91.8% respectively).

Table3.2 17 Gridded comparison of Markov moe®ider choices for each of the Kdppen
climate regi mes based on each model order
% of grid cells within each <climate reg

modetorder is equal to 0, 1, 2 or 3.

0 1 2 3
REGIME Ann. DJF JJA Ann. DJF JJA Ann. DJF JJA Ann. DJF JJA
Tropical 11.8 17.4 185 56.2 53.2 53.8 303 275 247 17 38 39

Dry 182 16.1 245 63.6 678 559 175 154 196 0.7 0.7 0.0
Temp. 32 44 55 80.7 80.1 779 171 155 16.6 0.0 0.0 0.0
Cont. 04 00 04 992 992 987 04 08 08 00 00 0.0

Polar 41 31 41 918 845 866 31 113 82 10 1.0 1.0

< 2 fl" . ¢ .

&7 < .

*
w N = O

Figure 3.517 Modelorder choices for each 5°x5° grid cell, with colour representing model

order choice as determined by Bayesian Information Criterion

These differences in behaviour may arise from spatial variafigure 3.5). The
majority of the northern hemisphere extrapics are best represented by afimster model.
There is much more variation across the southern hemisphere and the tropics, where zerott

and seconabrder models are much more prevalent. For exampiliée&h and Peruvian cells
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do not show firsbrder dependence, but zeroth or second. Central African cells also show
zerothorder dependence, whereas Mainland Southeast Asia has many cells with second

order dependence.

Central Africa primarily has tropicalumid climates (fully humid, monsoon or with
dry winters: Af, Am and Aw, respectively) alongside hot dry steppe and desert climates to
the north (BSh and BWh respectivélyFigure 3.2). Cells in tropical humid (Af) regions
were found to show both firsand seconarder dependence in equal measures (43.4%).
Although dry desert (BWh) cells showed overall preference fordieer models (49.0%),
a significant minory (33.7%) showed zerorder dependence. These differences in climatic
zone account for some of the spatial variation noted in Figure 3.5. Cold arid dry steppe (BSk)
cells are most often found in the northern hemisphere and show differences in behaviour tc
the overarching regime (dry). BIC was minimised by a-farster model in 91% of BSk cells
I almost 30% more than the total dry group. The BSk cells withoutdiidstr dependence
mostly occur in the South American steppe and instead show mostly s@dend
dependence. Sulegimes across temperate, continental and polar regimes performed

similarly to their aggregated behaviour.

Several geographical regions have no usable GiBCd#iata as indicated by an
absence of cells in their location. These regions include Northern and\8esthAfrica,
Maritime Southeast Asia, and the Middle East. These locations are often tropical and dry
ard are located around the equator or southern hemisphere. This is a limitation with using

in situ observed data and has the potential to affect overall roodksl preferences.

BN B N A )

WMo Ly

Figure3.61 Modetorder choice for JJA (BIC) minus the modetier choice for DJF (BIC).
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The same overall picture emerges when model orders with the best BIC are
considered on a seasonakisa(Table 3.2), i.e, that firstorder models are selected most
often in all Képpen regimes but zerathder models are a notable minority in tropical and
dry regimes and secoratder models are a notable minority in tropical, dry and temperate
regimes. Nevertheless, some sews differences are apparent and can be seen in the-model
orders for DJF subtracted from J¥dure3.6). Whilst the same model order is selected by
BIC across mosbf the northern hemisphere in both seasons, it is once again cells in the
tropics and southern hemisphere that experience the most variation. This variation is showr
predominantly in tropical and dry regions once agaab(e3.2), although these fluctuations
are minor. Dry climates exhibit the most noticeable seasonal fluctuation, witbrtiest
minimising BIC in 67.8% cases in DJF but only 55.9% in JJA. Thigfieated in the
increased number of zeretinder cells in JJA.

3.1.4.2SPELL-LENGTH ANALYSIS

Although firstorder models most commonly minimise BIC across all climate
regimes, this is not always the case when other metrics are used to assessraeodel

performare.

Table3.31 Gridded comparison of Markov moel@ider choices for each of the Képpen
climate regimes based on each model's ability to reproduce the interannual variability of
precipitationoccurrence (IVO) and distributions of wabell length and drgpell length.
Valuesshown are the % of grid cells within each climate regime where the mode of

individual stations' best modetder is equal to 0, 1, 2 or 3

0 1 2 3
REGIME Wet Dry IVO Wet Dry IVO Wet Dry IVO Wet Dry IVO

Tropical 5.1 00 1.7 21.3 63 7.9 258 8.6 41.0 478 85.1 494

Dry 00 14 00 678 9.2 11.2 7.7 10.6 63.9 245 78.7 25.2
Temp. 11 11 0.0 586 6.7 13.3 6.6 3.9 58.6 33.7 88.2 28.2
Cont. 00 04 00 899 52 256 0.0 0.0 539 10.1 944 214
Polar 00 32 10 691 44 175 41 11 546 26.8 93.2 26.8

Across all regimes except tropical, a fistler model most commonly outperforms
others at reproducing the distribution of vegeell lengths Table 3.3). Firstorder models
outperform the other models for wabell length at a large majority (89.9%) of continental
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regime grid cells, whereas sizeable minorities of grid cells are best repredgnthird

order models across dry, temperate and polar regimes (24.5%, 33.7% and 26.8%
respectively). In the tropical regime, by contrast, turder models most often perform the
best, followed by the second and then fimtder models. Across all reges, zereorder

models rarely or never reproduce vgeell length distributions best.

Though thirdorder models only outperform other orders for-g¢ll lengths in
tropical regimes, they are dominant as the best order for reproducirgpeltylength
distributions Table 3.3) acrossall regimes. This supports the work of Lennartson et. al.
(2008), who found that higher order models better reproduce the distributienyabng
dry spells in Sweden. There is less spatial variation of optimal model order for dry spells
than with BIC and wet spells, reiterated by the high percentage (at least 78% across eac
regime) of cells being best represented bif arBler Markov chin (Table3.3). For tropical
and dry climates, there is a monotonic i
order increases (hence with the lowmastcentages for zerotirder models). For the other
climate regimes, more than 88% of grid cells have tbiter models as the best performing

for dry spells, and firsbrder models are the next most frequent.

75



Table3.41 The gridded median percentage difference between observed and generated dry

spell length percentiles for each of the Koppen climate regimes and each model order.

PERCENTILE

MODEL 75" 90 95t 9gh

ORDER
TROPICAL 0 -6.5 -20.0 -25.3 -38.5
1 145 34 -40 -19.9
2 0.0 00 -46 -15.2
3 3.8 8.3 1.2 -8.0
DRY 0 -205 -29.3 -34.2 -38.3

1 58 58 -131 -24.0

2 -153 -16.3 -20.1 -23.6

3 50 -38 -93 -17.7
TEMPERATE 0 -264 -334 -36.3 -39.3
1 48 -16 -6.7 -16.2

2 -250 -181 -16.5 -18.4

3 3.5 03 -0.8 -6.0
CONTINENTAL 0 -250 -335 -354 -39.9
1 30 -34 -79 -13.7

2 -250 -179 -16.7 -17.0

3 3.0 04 -10 -5.4
POLAR 0 -250 -33.3 -385 -46.7
1 41 -31 -82 -18.2

2 -25.0 -16.7 -18.0 -20.7
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The ability of each model order to reproduce percentiles of thephl length
distributions was also studied. Percentage differences between the observed and generats
dry-spell length 78, 90", 95" and 99 percentiles were calculated for each station, with the
median percentage difference across grid cells givehabile 3.4. Medians were taken

across regimes as opposed to means to reduce the influence of outliers.

Whilst each model order underestimates th& @&rcentile of observed dry spells,
there is a lage improvement from zeroth order to third. Seca firstorder models tend
to underestimate by a similar percentage, with third orders having as little as a 5.4%
underestimation in continental regimes. This supports the work of Lennartson et. &), (2008
suggesting that lower order models do not accurately reproduce the distribution of very long
dry spells. The largest median bias in these extrenfep@@entile) dry spells occurs in the
dry Kbppen regime, but even here the bias is much less whadexamg something slightly
less extreme (e.g95" percentile) providing that a third order model is used. In all regimes,
there is again a large improvement in reproducing tifep@Bcentile from zeroth to third
order, though in this case secemder nodels tend to have larger median biases than first
order. This is particularly noticeable in temperate, continental, and polar regimes. Third
order models continue to have the smallest percentage differences af"thad75¢

percentiles except for theopical regime where the seceadder model performs best.

The dominant patterns in the results are: (1) at tifepeBcentile, first and third
order models slightly overestimate ebgell lengths whereas the other two orders
underestimate them; (2)dimedian bias in drgpell lengths mostly decreases monotonically
as the percentile increases, ending in the underestimation of'tipe@@ntile spell lengths
by all model orders and (3) with few exceptions the biases are smallest for therdeird
model, though the firsbrder model performs nearly as well for thd" ZHd 9" percentiles

in most regimes.
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Figure 3.7 1 Gridded modebrder choices using spell length distribution analysis for (a)

wet spells and (b) dry spells

Spatial variations are once again important for madeér performance at
reproducing both wetand dryspell length distributions (Figure 3.7)hdugh not as
prominently as seen earlier with BIC. The northern hemisphere extratropics are again almos
universally best described by the same maadeéér (first for wet spells, third for dry spells).
However, unlike BIC and dry spells, there is notalaleation across Europe in moetaider
performance for wet spells (where third order appears prominent in thewesthbut first
order elsewhere). This variation in model order across Europe contributes tortigrd
models outperforming other orders@ss a sizable minority of stations in temperate regimes
(33.7%). However, it is across the tropics and southern hemisphere where most variation is

present, primarily in tropical and dry regimes. Despite thadd first order models
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representing wet sgslbest in tropical and dry regimes respectively, a majority of tropical
grid cells are represented best by an order other than third and a sizable minority (33.2%) o
dry regime grid cells are represented by a model order other than first. Whilerterd
models almost entirely outperform others across Brazil, Northern Australia and India, there

is much more variation across Central Africa, despite being in the same regime (tropical).

The wetspell distribution across the Aw (tropical with dry wintersyime (Figure
3.2), present across much of Brazil and Central Africa, is reproduced best byardieird
model in 61.1% of cells. This is higher than the overall 47.8% of tropical grid cells
represented by a thiarder model. Dry, hearid steppe (BSh)egions, present to the north
of Central Africa, and across Australia and India, also often showdhilel dependence
(51.4%) despite firsbrder models most commonly outperforming others in dry regime grid
cells. Subregimes for temperate, continentadgoolar climates follow similar patterns to

their aggregated classifications for both waatd dryspell distributions.

For both wet and dryspell distributions, there is notably less variation in model
order performance across continental regimes tliagr @lassifications. It is important to
note that continent al climates (categor )
exclusively present in the northern hemisphere d@xtyaics, with each other regime present
across the tropics and in the southé@emisphere. This potentially explains the greater

variation in the other regimes.

S & 8 8@
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Figure 3.8 17 Modelorder choice for dry spells minus the maedadier choice for wet spells.
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The difference between modeider performance at reproducing vegiell and dry
spell distributions was studied (Figure 3.8) by subtracting the raydel choice for wet
spell distributions from the choice for dspell distributions. For example, shoalgrid cell
be best represented by a thodler model for dry spells and a fistder model for wet
spells, the difference is +3. A difference of +2 is widespread across most of the northern
hemisphere. This is as expected, with fosler models commdyoutperforming all others
for wet spells and third order for dry spells. It is important to note that for many locations,
including Brazil, Central America, North Australia, India, Europe and Central Africa, the
same modebrder performs best for both wend dry spells (a difference of 0, Figure 3.8).

3.1.4.3INTERANNUAL VARIABILITY OF PRECIPITATION
OCCURRENCE

In this section we evaluate the performance of the models at generatixig-year
variability in the number of wet days (i.e., precipitation occumena all regimes, second
order models most commonly reproduce the IVO, with the exception of tropical regime
cells, where third order most commonly outperforms oth&eblé 3.3). In all regimes
(except tropical), the IVO in at least 50% of cells is represented best by a second order
model. Although thirebrder models perform best in tropical regimes (49.4%), the number
of cells represented best by a seconder modés follows closely (41%). As with BIC and

speltlength analysis, zerotbrder models rarely (or never) outperform others.
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Figure 3.9 17 Modelorder choices for each 5°x5° grid cell, with colour representing model
order choice as determined by interannual variability of seasonal precipitation occurrence
for (a) March, April May (MAM), (b) June, July, August (JJA), (c) September, October
November (SON) and (d) December, January, February (DJF).

There are some notable differences in matder performance at reproducing the
interannual variability of precipitation occurrence for individual seasons across the regimes.
Much like annual IVQseconebrder models most commonly outperform others, with zeroth
order rarely performing best (though with larger minorities than the annual occurrence). For
all seasons in tropical regimes, thotder models consistently outperform others. While a
smal minority of cells are best represented by a {finster model annually (25.6%
maximum, found in continental regimes), in JJA, fostier models outperform thiarder

models in both continental and polar regimes (by 27% and 34.1% respectively).

There isless coherence in the spatial patternanfiualmodetlorder choice for
reproducing the IVO (not shown here) compared with BIC and-kgrejth analysisKigure
3.5 andFigure3.7). Nevertheless, the individual seasons do have coherent patterns in the
bestperformingmodel orderFigure3.9), but these patterns are somewhat opposite between
seasons resulting in some cancellation of coherent patterns for the annual results. There is
stark contrast in the performance of thantler models at reproducing the seasonal IVO
between DJF and JJArass the continental regime. In DJF, thindler models outperform
others in 54.4% of continental cells, whereas in JJA this drops to only 6.8%. This is reflected
in Figure 3.9. In JJA and MAM much of the northern hemisphere is represented best by

second and firstorder models, whereas in DJF and SON, many of these cells in are instead
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represented by a thiokder model. These cells are mostly continental and temperate. The
reverse is true for South America, where third orders are prevalent in JJA andakicAM
second orders in DJF and SON. In JJA, tlmrder models outperform all others in both
tropical and dry regimes (48.3 % and 47.1% respectively), with a sizable minority of second
order cells. However, in DJF, thiarder models perform best in only 8% of cells, with

an increased percentage of secorder cells (49.3%). Further seasonal differences can be

noted across Australia, India and southern Africa.

It is widely known that a common limitation of Markov chain models is in their
underestimatiorof the observed interannual variabilifWwilks, 201Q Wilks and Wilby,
1999. Here, we find that all model ordersiteto underestimate the observed variability,
with zerothorder models consistently underestimating more than higifter models. For
each model order, this underestimation is similar across all regimes and tends to decrease :
model order increases. Hower, the improvement stops at second order, and here we find
little difference between second and third orders. This agrees with previous findings that
lower order models may be more prone to overdispe$iatz and Parlange, 1998)he
IVO tended to be underestimated by a greater percentage by all model orders in location:s
that had higher observed variability (China, South America, Pacific Islands) and lass so

areas with lower observed variability (Australia, India, West USA).

3.1.5 SUMMARY

It is apparent that although each metric highlights different behaviour across the
regimes, with stark variation between tropical/dry and continental regimes, the model order

with the highest percentage of grid cells is the same across all regimes except tropical.
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Table3.57 Modelorders for each metric with highest percentage of grid cells reproducing

the observed data the best.

BIC WET DRY IVO
SPELL  SPELL
TROPICAL 1 3 3 3
DRY 1 1 3 2
TEMPERATE 1 1 3 2
CONTINENTAL 1 1 3 2
POLAR 1 1 3 2

The model order with thieighest percentage of grid cells in each regime can be said
to perform bestTable 3.5). Bayesian Information Criterion and dspell length analysis
each favour a single model order globally, despite behavioural differences in each regime.
For wet spells, each regime favoursirat-order model, except tropical which prescribes
third order. The Bayesian Information Criterion was satisfied by adids#r model across
all regimes. A thirebrder model performs best at reproducing dry spells across all climate
regimes (especialljor the higher percentiles of the dspell length distribution), while
second order reproduces the IAV of precipitation occurrence best in all regimes except
tropical (once again prescribing third order).

Spatial variation was noted using each methbdmalysis. Much of the northern
hemi sphere contain cells with a high per.
prescription, regardless of their climate classification. It is across the tropics and southern
hemisphere (South America, Centrdtiéa and Mainland Southeast Asia) that shows the
most variation from the model order for each method of analysis. These locations are often

categorised into tropical and dry climates.

There are several other points of note. Whilst a tbraer model bst reproduces
observed dnspell distributions, firsbrder models are chosen as second best across 76.9%
of cells. At the 9% and 99" percentile, while thirebrder models underestimate the observed
percentiles the least, first order performs similatiyhe lower percentiles. Thirdnd first
order models perform second best at reproducingspeit distributions across 40.0% and
54.4% of cells respectively. Thiorder models also require the calculation of eight
independent transition probabilitiegef month) while a firsorder model calculates only
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two, thus the higher order model requires more computing power and, most importantly,
increases the possibility of ovBtting a model. Although secorofder models most
commonly outperform others atp®ducing the IAV of precipitation occurrence, firahd
third-order models represent a sizable minority of stations in all regimes. It is important to
note that while using a higher order model reduces the underestimation of 1AV, all orders

underestimaté, with little difference between seconand thirdorder models.

There is a noticeable dip in how frequently secorder models perform best at
reproducing wetand dryspell distributions Table 3.3). Here, unlikeBIC (Table 3.2),
modetorder performance is not penalised for the number of parameters used. A potential
cause of this dip could be that the percentage of-tiraldr models is boosted by also being
represatative of the performance of model orders higher than three, which are not
considered here. For example, when reproducingspell distributions, there may be
decaying performance across higher model orders which, in this study, might be

encapsulated bihe percentage of thirdrder grid cells.

However, there are limitations due to data coverage across much of northern and
southwest Africa, the Middle East, Indonesia and the Philippines (Figures 3.5 to 3.9). Much
of this domain falls into tropical andydregimes, potentially impacting the overall model
order choice of these climate types. Aggregating data into grid cells also loses some of the
detail from subkcategorising the weather stations. In this analysis, continental regimes are
almost completelyepresented by Dfb and Dfc climates (i.e., those with continental humid
climates; Figure 3.2), with 78.6% of continental cells falling into one of thesestabories.

There is no representation of Dsa or Dsd (continental with dry summers) climatethasing
gridded approach at Sesolution. Thus, the overall moe®ider choice for continental
climates may not be representative of all-sategories within the regime. A similar issue

is noted across temperate and polar regimes. Only oredjtictpresets Csc and Cwc cells
(climates with temperate, cool summers with dry summers and winters respectively), whilst

over half of the temperate cells represent Cfa and Cfc (temperate, fully humid climates).

3.1.6 CONCLUSION

The ability of four Markov chain weather generator models to generate realistic daily
precipitation time series was assessed by four different methods across 44071 weathe
stations globally. Each weather st arateon
classification systenChen ad Chen, 2013)tropical, dry, temperate, continental or polar.
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To extend previous results, the performance of the different order models was assessed usir
four metrics: the widely used Bayesian Information Criterion, and the less commonly
considered abilities to reproduce observed-veetd dryspell lengths and the IAV in

precipitation occurrence.

Analysis was undertaken for each weather station, and then performance was
aggregated on a gricell basis to avoid the assessment being doetina densely observed
regions. Model performance measures were aggregated into 837cglls based on the
longitudes and latitudes of the weather stations. Depending on which metric was used,
different modelorders performed the best. Fistder modelsnost frequently minimised
BIC and best reproduced observed -gp¢ll distributions across each regime except
tropical. Whilst this agrees with other preceding local or regional studies, including across
the USA (Schoof and Pryor, 2008Nigeria (Jimoh and Webster, 199@nd Costa Rica
(Harrison and Waylen, 2000)his finding has now been demonstrated on a-gkednal
scale, and included a range of different climate regimes. Unlike other regimesrtierd
models best repduced observed wspell distributions across tropical regime locations.
Third-order models also best reproduced -sipgll distributions across all regimes,
strengthening previous evidence that a-tmaer model may not accurately reproduce
extreme dry peods(Lennartsson et al., 20Q8Jhis is strengthened further by the ability of
third-order models to repduce most successfully the observell @&rcentile (and, in most
cases, the 95percentile) of dryspell length distributions. Secomdder models most
commonly reproduced the IAV in precipitation occurrence best in each regime, once again
with the exception of tropical regimes where third orders perform best.

Although the most fregently selected model order remained the same across
different climate regimes for each metric (except for tropical regimes), interesting variations
within and between regimes were found. Tropical and dry regimes showed the most
deviation from overall belour. Thirdorder models reproduced both weahd dryspell
distributions best across Brazil, India, North Australia and Europe, regardless of the climatic
region. Central Africa, Mainland Southeast Asia and western South America also showed
notable geogphical variation of modedrder performance for each metric. The behaviour
of climate classification subategories often reflected the aggregated performance but there
were some exceptions primarily across dry and tropical zones. However, many sub
categoies were not present or were only represented by a few grid cells in this study,

resulting in temperate and continental regimes being more representative of seme sub
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categories than others. This leads to the notion that analysis of model order selagtion m
be more beneficial on a finer spatial scale, i.e.;@riinental, or with greater inclusion of

other subcategories. This may better reflect the noted spatial variance.

This study has informed the next chapters on developing a global stochadtierweat
generator to synthesise daily time series of a suite of climatic variables, including maximum
daily temperature and cloud cover. There are also several ways in which these results can b
applied to industry and future research. As weather variablefiged by a stochastic
generator are frequently used as input into hydrological and agricultural models, our results
show that it would be beneficial to use different mealelers to generate precipitation data
depending on the purpose of the model. Fomga, studies focussing on extended dry
periods may favour thirdrder models due to their superior ability to reproduce the upper
tail of the dryspell distribution, whereas a firstder model acts as a good, computationally
ef f i c kreonutn dfedherl stddiest Tropical climates are an exception, where- third
order models reproduce distributions of both wet and dry spells and the IAV of precipitation
occurrence best overall. This study can also inform users on the most appropriate model
order to usdased on the location of a specific region. For example, generating realistic wet
spell distributions across Europe requires different modig#rs to those favoured in the
eastern USA, despite both regions falling into the temperate classification §8jRrend
3.7a).

3.2 SUPPLEMENTARY MATERIAL

Analysisnot included in Wilson Kemsley et §2021) have also been performed to
better understand modefder performance across the globe. The ns&ction of this
chapterfocussed on the performance at genegafirecipitatioroccurrence whereas these
additional tests evaluate the performamt®o atgenerating precipitatiommounts The
amount of precipitation is an important metric to accurately reproduce, as it has implications
on extremes such as floodingdadrought. The metrics used here (annual maximuay5
precipitation and interannual variability of annual or seasonal mean precipitation) depend
upon both the generation of a@wet sequences (i.e., by the order of the Markov chain) and
upon the generatioof amounts on wet days (drawn from the gamma distribution fitted to
the observed walay amounts). Therefore, the outcoimdependntnot only on the order
of the Markov chain but also on the suitability of the gamma distribution to represent the

precigtation amounts.
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3.2.1 MEAN ANNUAL MAXIMUM 5 -DAYPRECIPITATION

Each model sdé ability to r egaypmradptagont he
was tested. Similarly to Wilson Kemsley et @021) 50years of daily precipitation
occurrence was generated. On dajth precipitation>0.1mm an amount of precipitation
is randomly sampled from a gamma distribution thatdeen fit separately for each month
to the observed watay precipitation amounts. The mean values of each (overlapping) 5
day period were computednd then the maximumday mean during each calendar year
was selected. These 50 annual maxima were averaged. These values, for each model ord
were compared to the mean annual maximuday precipitation of the observed record.
The absolute differendeetween the generated and observed values was taken. The model
order producing the smallest absolute difference was deemed to perform best.

e Oth
1st
2nd

e 3rd

Figure 3.107 Modelorder choice for performance atproducing annual maximum mean

5-day precipitation.
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Table3.61 Gridded comparison of Markov moeetider choices for each of the Képpen
climate regimes based on each model's abilitygpyoduce the observed annual maximum
mean 5day precipitation. Values shown are the % of grid cells within each climate regime
where the mode of i neiderisequahtb0, 52@8B8.i onsd b

MODEL ORDER
0 1 2 3
Tropical 344 28.7 252 116

Dry 30.6 21.8 17.5 30.2
Temp. 35.0 29.2 23.0 1338
Cont. 343 312 259 8.6
Polar 40.3 31.2 21.8 6.7

A zerothorder model was found to reproduce the annual maximum mday 5
precipitation best across all climatic reginf€able3.6). However, unlike previous
methods of analysis, differences between modeaérs are less clearly distinguished. For
each regime, only 3441% of cells are represented best by a zevodler model, closely
followed by firstorder models with between 21%daB2% of cells. Unlike the previous
methods, spatial patterns in modetier choice for best representingl® maximum

precipitation are also less cle&iqure3.10).

The difference in performance between each modir is also significantly smaller
for this analysis than for BIC and wklry-spell length analysis. This is expected because
annual maximum flay precipitation depends partially on the distribution of wet spells
(which is influenced by model order) apartly on the gamma distribution of weay
rainfall amounts (which is independent of model order). The other performance metrics
depend solely on the sequencing of wet and dry days, which is different between model

orders.
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3.2.2 INTERANNUAL VARIABILITY OF MEAN PRECIPITATION

Table3.77 Gridded comparison of Markov modetfder choices for each of the Képpen
climate regimes based on each model's ability to reproduce the obsale@shnual
variability of mean precipitatioamount Values shown are the % of grid cells within each

climate regime where t he meodlerisedqualtod d,i2v i d
or 3.

MODEL ORDER

0 1 2 3
Tropical 125 226 36.3 28.6
Dry 50 230 46.8 25.2
Temp. &E 15.3 64.4 16.9
Cont. 3.0 309 479 18.2
Polar 6.5 283 39.1 26.0

Section 3.1.4.3 studidtie ability of eachmodel order to reproduce the interannual
variability in precipitationoccurrence(IVO). Here, the capabilities of each model order to
reproduce the interannual variability in mean precipitagimount(IVA) has been assessed
using 50years of generatedntie series. While it can be expected that the results here
complement those ihable3.3, there are some subtle differences.

Secondorder models most commonly reproduce IVA best across each regime
(Table3.7) followed by thirdorder models in tropical, dry, and temperate regimes, and first
order in continental and polar. Thictder models typically reproduce IVO best in tropical
regimes, differing from IVA, whereas the highgstrforming model order remains
consistent for each other regime. Reproducing IVA considers occurrencaramohtof
precipitation. This difference in modeftder performance could be explained through the

fitted monthly gamma distributions. Converselyrigure3.9, Figure3.11shows that some
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of the largest changes in seasonal madéér choice can be seen in South America and

subSaharan Africa; both largely tropical regions.

In temperate regimes, most cells (64.4%) are best represented by a-@emynd
model. In all otler regimes, a secoratder model outperforms others in no more than 48%
of cells. In dry, temperate, and polar regimes,-fastl thirdorder models perform similarly
(23% and 25.2%, 15.3% and 1%89and 28.3% and 26.0% respectively). As with BIC and
spel-length analysis, zerotbrder models rarely outperform other orders, reproducing the
IVA best across 12.5% of tropical cells and far fewer cells in the other regimes. The spatial
pattern of modebrder performancefor reproducing the interannual variatyilof annual
mean precipitatioms shown inFigure3.11andis less spatially coherent than with BIC and

speltlength analysigver most langsurface areas

-
(¥ N ]

Figure3.117 Modelorder choices for each 5°x5° grid cell, with colour representing model

order choice as dermined by interannual variability comparison.

There are also differences in modetier performance at reproducing the seasonal
IVA (Figure3.12). Much likelVO, seconebrder models most commonly outperform others
with zeroth orders rarely performing best. Alongside South America andafudran
Africa, the most notable seasonal difnces in modeadrder performance are present across
much of the northern hemisphere. In MAM/JJA, much of the northern hemisphere is
represented by a second order best, whereas in SON/DJF the preference for third order i
more widespread. This is refledtéy thirdorder models outperforming others in many
continental cells in SON and DJF (63.1% and 54.2%, respectively), which are primarily

present in the northern hemisphere.
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Figure 3.1217 Modelorder choices for each®5°grid cell, with colour representing modetder
choice as determined by inteeasonal variability comparison for a) March, April, May (MAM), b
June, July, August (JJA), c) SeptembataDer, November (SON) and d) December, January,
February (DJF).

The reverse is true for South America, where third orders are prevalent in MAM/JJA,
and second orders in SON/DJF. These cells are commonly in tropical or dry regimes. In JJA,
third order modls outperform all others in tropical and dry regimes (47.6% and 45.3%,
respectively) with a sizable minority of seceodier cells. Similarly, dry regimes in MAM
are best represented by tholer models (42.5%) with similar proportions of tropical cells
represented by second (35.7%) and third (33.3%) orders. Further seasonal differences ca
be noted across Australia and southern Africa.

The magnitude of IVA underestimation varies by model ofdigure3.13reiterates
the known limitation of Markoaxc hai n model s0 underesti mat.
(we have shown here both in occurrence and amount). While most points lie just below the
geneated = observed line, correlation coefficients are less than 0.4 for all model orders
studied. The ratio between generated and observed IVA valuessbagsen calculated for
each weather station studied in section 3.Eigure 3.14). Seconebrder models have the
highest proportion of stations that fall into the-0.84 bin. Zerotkorder models have many
stations falling into bins with a ratio of 0.5@d less. For first, second and third orders, the
IVA is underestimated by between 36 and 40%. Each model order rarely produces IVAs that
exceed observed variability.
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Figure 3.13 1 Heatscatterplots showing the generated against observed intera
variability for each weather station studied using model orders (top left) zerc

right) one, (bottom left) two and bottom (right) three, with correlation coefficients
0.31, 0.32 and 0.33%spectively.
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Figure 3.14 - Histogram showing the ratios between observed and generated values in IVA

where the ratio is “—;'where V is the interannual variability of mean precipitation for
LER A

generated time series using each model order.

3.3 CHAPTER 3 SUMMARY

It has been shown that different methods of evaluation prescribe different model
orders, with exceptions for precipitation in tropical regimes. Following the results presented
in Wilson Kemsley et al. (2021) (section 3.1), ficsler models are recommerttias a
suitadbloendalrlo. This is due to their comp
reproducing the distribution of wspell lengths across all regimes and their similar
performance to other model orders at reproducing IVO and IVA. Whelyiag extreme
events (for example, hydrological drought and flood) it is important that the distribution of
wet and dry spell lengths &ccuratelycaptured. If there is greater emphasis on variability
and extreme drgpell lengths, a thirdrder models recommended his chapter provides
the buildings blocks for the GCWG in providing a model for generating precipitation
occurrence and amount.
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Chapters 4 through 7 wibuild upon the results here, conditioning the secondary
(maximum and minimum tempetaes) and tertiary (mean wind speed, solar radiation, and
relative humidity) on precipitation occurrence and/or amount. The GCWGomnlarily
considerfirst-order models unless stated otherwise. This is in part due to their good
performance in several s, but also due to their computational simplicity. As outlined
in Chapted, theprecipitationinput parameters for tteCWG furthedeveloped in Chapters
4 and 5 will be perturbed using the pattern scaling technique globallgrémpitation, the
perturbed parameters in question will be inenthly first-orderMarkov probabilitieg0

and0 andwetdaygammna-distributionparameter§ U @.n d
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4 STOCHASTIC WEATHER GENERATOR
PRIMARY AND SECONDARY VARIABLE
CALIBRATION AND VA LIDATION

Following the generation of daily precipitation time sertbs,Globally Calibrated
stochastioNeatherGenerator (GCWG) simulatése secondary and tertiary variabl&€he
secondary variables (daily maximuamd minimum temperatujeare conditioned on the
generated precipitaticmme series. To generathetertiary variablesthe GCWG requirea
time series of daily precipitatioandtemperaturezalues The tertiary variables considered
in the GCWGare mean daily wind speed, meanlylablar radiation, and maximum/mean
daily relative humidity. These variables have been chosen as they can be used to estima
evapotranspiration. Inaccuracies in the generation of precipitation time series will negatively
impact the secondary and tertiargriables. Likewise, inaccuracies in the generation of
temperature time seriesay further negatively impact the simulation of the tertiary
variables. This chapter therefore focusses on further validating the Metnkov gamma
precipitation model outliretin Chapter 3, and the calibration and testing of a multivariate

linear regression model at generating daily temperature time series.

While Chapter 3 widely focussed on model order assessment, this chapter will asses:
the use of thereviously describetarkov-chain gammalistributionmodel at reproducing
observed precipitation at a selection of weather stations using three methods of.analysis
Correlations between observed and stochastically simulated precipitation statistics will be
studiedalongsidghe ManrWhitney U test used to compare monthly total precipitation, and
extreme value analysis.rAultivariate linear regression model, with regressions conditioned
on the four precipitation statuses introduced in Chapter 3 (WW, WD, DW, and DD, where
DW refers to a dry day preceding a wet day), will be used to stochastically produce daily
temperature time series. This model wilko bevalidated in this chapter using statistical
testing and comparisorisetweenobserved and generated extreme indices. Fingily
accuracy of generated concurrent extremes (in precipitation and temperature) will be

assessed.

95



Table4.17 Locations and regimes of weather stations used to calibrat&@WG Each
location contains records for precipitation, maximum and minimum temperature, and mean

daily wind speed.

LOCATION LAT, LON RECORD LENGTH REGIME SOURCE
(YEARS)
Key West,Florida 24.6,-81.6 66 Tropical savanna, Aw NOAA
Fort Huachuca 31.6,-110.3 54 Hot desert, BWh NOAA
Phoenix, Arizona 33.4,-112.0 62 Hot desert, BWh NOAA
Reykjavik, Iceland 64.1,-21.8 57 Subpolar oceanic, Cfc ECAD
Tallinn, Estonia 59.4, 24.7 56 Humid continental, Dfb ECAD
Aasiaat, Greenland  68.4,-52.8 63 Polar, ET ECAD

A range of weather stations across the five overarching Képpen climatic regimes
(introduced in Chaptern®ave been used to calibrate and validate the combined precipitation
and temperature moldeshown inTable4.1 andFigure4.1. The useof a small sample of
weather stations covering a range of climatic regimes is a widely used method to validate
the use of a stochastic weather gener@nrnner et al., 2021; Dabhi et al., 202Iypically,
studies have used weattstations used that are geographically close (i.e., in one country or
continent), and have not considered a range of globally representative obserizatgns.
high quality, observational time series with the inclusion of a wide range of climatic
variablesare limited in spatial coverage, and several locations used to calibrate the model
are present in the USA or Europe. However, to ensure the most globally representative
model possiblewhilst working within the constraints of limited spatial data coverage,
locations have been chosen to span a range of the climatic regimes discussed in Chapter
The reasoning behind this is that a fAhot

precipitation and temper at ur leewkbereinthawotlde r i s

Observed datasets have beenesseffom the National Centers for Environmental
Information (NOAA) and the European Climate Assessment & Dataset (EQQIBIN
Tank et al., 2002projects. In the following sections and chapters, weather stations in the
same climatic regime have been used im@ngeably, i.e., Phoenix has been used in Section
4.1 and Fort Huachwuca in 4.2; both stati
and are geographically close (both in Arizona, USA). The weather station used is based or

data availability and clity.
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Figure4.17 The mean daily temperati(right-side yaxis)and mean daily precipitatior
(left-side yaxis) by month for the six weather stations outlined in Table 4.1 from top
bottom) Key West, Fort Huachuca, Phoenix, Reykjavik, Tallinn, and Aasiaat. Bars

represent mean daily precipitation and stars mean temperailoge different yaxes on
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Figure4.1 shows the climates in each location used to calilthaet&CWG As each
station lies in the Northern Hemisphere, seasonal cycles in tempeaatusimilar at each
location, though with very large differences in magnitude and Key West, lying closest to the
tropicsand thereforshowing a cycle smallest in seasonal chan@gcles in precipitation
show greater differences, with several locatisimswing greatest rainfall during the warmer
months, contrasting with Reykjavik showing greatest precipitation in the cooler months
Key West showing a nesinusoidal precipitation patterandReykjavik and Tallinn with
daily mean precipitation >1mm modttbe year.

4.1 FURTHER VALIDATION OF THE STOCHASTIC
PRECIPITATION MODEL

The choice of a firsorder Markovchain gamma modébr simulating precipitation
occurrence in the GCW@as been outlined iilChapter 3. This section discusses the
performance of dirst-order Markovchain gammalistribution model at reproducing
observed precipitation at an individual station basis, using observed data $eomple of
weather stationpresentedn Table4.1. Third order Markov chains have also been used in
some instance® provide a comparisomiue to their improved performance at reproducing
distributions of dryspell length(Chapter 3Table3.3) and for comparison.

In this section, independent training and test datasets have been used for each site
both taken from the corresponding observed record. While this is not widely seen in
literature for the validation of a stochastic weather generator, this erbersistical
testing is robust. Two thirds of the observed record have been used to calculate the
precipitation paramete(seferred to as the training datasét)all instances this gives a large
enough sample to accurately estimate Markov probabil{iedtani and Hoogenboom,
2003b) The remaining third of the observed record has been held back and is used as th
test dataset for compison with a stochastically generated 3@@r precipitation time
series. This provides an unbiased estimate of the skill of the precipitation model. For the res
of thissubs ect i on, Afobservedo refers to the t
Afgeneratedod (or fAsimulatedo) has been pr ¢
dataset (two thirds of the dataset). Data has not been split into thirds chronologically.
Instead, every third year is held back for use as the test dataset. tbhesissire any trends
from increasing global or regional climate change are captured.
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4.1.1 STOCHASTIC WEATHER GENERATOR PERFORMANCE AT
REPRODUCING OBSERVED MEAN PRECIPITATION

Scatter plots between various observed and generated precipitation metrics have
been produced for the five weather statigh'sl and Mishra, 2020) The means and standard
deviations in daily precipitation (averaged over all daysandtlry), the mean precipitation
only on wet days, and the mean number of wet days have all been calculated monthly for
the observed and 38@ears of generated data. High correlations between observed and

generated data indicate good performance at capturing the annual cycle of the olagarved d

Table4.21 Pearson's Correlation Coefficient between simulated and observed values for
a range of metrics. The mean daily precipitation (and standard deviation thereof), mean
wetday precipitation, and the mean number of wet dagscalculated for each month

from the observed and generated datasets.

PEARSONGS CORRELATI ON
(SIMULATED AGAINST OBSERVED)

Weather Station Yearsin Mean Wet + Std. Wet+ Mean No. of
Training Dry-day Dry-day  Wet-day Wet

Set Precip Precip Precip days

Key West, Florida 44 0.94 0.25 0.57 0.98
Phoenix, Arizona 42 0.79 0.75 0.71 0.65
Reykjavik, Iceland 38 0.91 0.84 0.95 0.78
Tallinn, Estonia 38 0.90 0.96 0.97 0.99
Aasiaat, Greenland 42 0.73 0.55 0.69 0.95
Mean 0.85 0.67 0.78 0.87
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Figure4.27 Scatter plots between observed and synthetic precipitation statistics ov

each station and each month for: a) mean daily precipitation (all days); b) standard

deviation in daily precipitation (all days); c) mean daily precipitation (wet days only)

d) the mean number of wet days per month.
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For each metric, most locations show strong positive correlations between the
observed and generated val(egh values shown iffable4.2). Scatter graphd-{gure4.2)
illustrate not just the correlations but also the magnitudes of thesstéigtics. Mean daily
precipitation (on weanddry days, i.e., all days) is reproduced well, with high correlation
coefficients in all locations (>0.7). Standard deviations of daily amoontall days) are
also well reproduced in Reykjavik, TallinBhoenix and Aasiaat. The correlation between
observed and generated standard deviations in daily precipitation is weaker in Key West,
with generated values generally estimating lower diig than observedand one outlier
month (with very high observestandard deviatignweakeing the correlation. A lower
correlation is also found for the mean wiety precipitation in Key WestT @ble4.2) than at
other locationsind there is greater scatter for this statigiown inFigure4.2. However,
Figure4.2d shows that the generated number of mean wet days per month in Key West is
highly correlated to the observed values (reflected by a correlation coefficient of 0.98). This
indicates that it islikely not the occurrence of precipitation that is weakening the
performance, but thamountof precipitation on wet daysherefore suggesting that the
fitting of the gammadistribution is the likely cause of lower correlations in \day
statistics. Although there are fewer wet days per month in Key West, they tend to have a
greater amount of precipitation and greater variabikigyre4.2c) than locations such as
Reykjavik, Tallinn and Aasiaat. There will therefore be a smaller sample size available to
calculate theshape and scale parametdespite the heaviest rainfall, perhaps resulting in
unrealistic estimationand thereforg¢he snallest correlations

The highest correlations between observed and generated precipitation are found ir
the mean weanddry day precipitationalongsidehe mean number of wet days per month,
with mean correlations of 0.85 and 0.87 respecti{ehgraged over all sites)his is likely
due to thegoodperformance of the Markov model at reproducing the occurrence of wet days
in comparison to theweaker pediormance of thegamma distribution ataccurately
reproducing the daily amounts, alongside smaller samples (in Key West and Phoenix) usec
to calculate gammparameters. When a thiaitder model is used in place of first order,
these correlations decrease slightly (a maximum of a 6% decrease) in all loeatiepis
Key West, where there is a 1% increase, indicating little difference between the two model
ordes at reproducing daily mean statistitshese siteq his supports the conclusions found
in Chapter 3, whereby a firstder model has been chosen due to itgcalhd high

performance alongside its computational efficiency.
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If the test and training dasets are the same, utilising the full observed record to
calculate GCWG input parameters (resulting in between 58 and 64 years of data),
correlations between monthly statistics are very high for all metacgely increasing
(where possible) on thosemtn inTable4.2. Thishighlights the requirement of long, high
quality data, and issues that may arise in locations with less consistent precipitation, thougt
it is important to note that testing generated data against a training dataset will of course

improve validation metrics alongside decreasing the robustness of the comparison.

Instead of one 30Qear generated time series, teny@ar periods have been
simulateal (i.e., ten realisations of the preselaty climate at each sitél\s before, training
and test datasets differ, with a larger training than test dgtasbe same 2:1 ratio)lhe
monthly means in daily precipitation are calculated for the observed (test) dataset and
generated datasets. It can be expetttad if the observed dataset and ten generated datasets
are realisations of the same climate system, obsenatthly meas will generally lie
within the range of generateaonthly meansData hadeen produced using firsind third
order models for comparispbased on results presented in Chapter 3, wherein -@ffdst
model was preferred for several metrics, though inyegpells and tropical regimes widely

prescribed a thirdrder model.

Table4.317 The number of months where the observed mean daily precipitation lies

between the maximum and minimum generated values.

LOCATION 1STORDER 3RP ORDER

Key West 9 9
Phoenix 8 6
Reykjavik 10 7
Tallinn 10 6
Aasiaat 8 6
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Using a firstorder model, performance in all locations is generally very good, with
theobserved meafalling between the upper and lower generated means in at least 7 months
atall locations(Table4.3). First orders outperform third orders in all locations except Key
West, where model orders perform equally. Thisher supports the findings presented in
Chapter 3, wherein a firsirder model was recommended as gorapriate alrounder for
all climatic regimes. Categorised as tropical, it is not all that surprising that firshiathd
ordersshow similar results in Key West, where several metrics showed better performance

with a thirdorder model than in other regim@hapter 3Table3.5).
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Figure4.37 Observed mearia daily precipitationfrom the test dataset (staraijd the
range of generated means usmgrst-order modelblack dashed with error barg a)
Key West, b) Phoenix, c) Reykjavik, d) Tallin and e) Aasizaity mean precipitation is
calculated monthly, withreor bars represenng the largest mean and smallest mean f
the 10 simulations. The dottéde represents the training dataseedgo generate the 3

year simulations.
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Annual cycles imeandaily precipitation are reproduced watkll locations Figure
4.3). Where an observed mean does not fall within the range of generated traduest
and training datasetequentlyshow large differences in precipitation amounts. This is most
noticeabldn Phoenix (August through May), in Key Wé€3uly), in Tallinn (Octobe}, and
in Aasiaat(June and Auguktincreasing the number of generated realisations from ten may
result in a range of values that may better represent the true variability olintfage.
Observed means generally fall within the range of generated means during drier months
with less agreement in the wetter months. This may once more be a result of better
performance of the Markeshain model than the gammdsstribution at approxim@ting daily

precipitation amounts.

Reykjavik and Tallinn show the closest mashetween observed and generated
means (able4.3). A potential cause dhe larger disagreement in Key West, Phoenix and
Aasiaat can be explained through the weaker correlations in meataywg@trecipitation
(Table4.2). While all locations show strong correlations between the number of wet days in
theobserved and generated dataséey West, Phoenix and Aasiaat show slightly weaker
correlations in mean wetay precipitation amounts thamReykjavik and Tallinn. In each
of these locations, there arls@fewer observed wet days per monthiqure 4.2) thanat
Reykjavik and Tallinpin turn resulting in smallesample sizes available to calculate wet
day shape and scale paramet@&tss reiterates the previously discussed issue with smaller
sample sizes available to fit monthly gamdistributions in daily precipitation, therefore
perhaps requiring longer obsedvescords to effectively capture the true distribution and

resulting in the lower agreement showrigure4.3.

In both methods of analysipresented in this chapter, approximating daily
precipitation with the twgparameter gamma distribution is likely the prevalent cause of
differences between observed and generated time series. This is unsyraltistugh the
gamma distribution is widelysed to approximate daily precipitatiod,l | ek and
(2009) note that the Kolmogoreédmirnov test tends to be widely misused in place of the
Lilliefors test in climate literature, thus exaggerating the acceptance of the gamma
distribution as a suitablt. Nevertheless, the gamma distribution remains appropriate in
over half of the weather stations across
also found that there tends to be little geographic coherence in the acceptance of the gamnmr
distribution for daily precipitation amount3he gamma distribution will however still be
used inthe GCWGwhile recognising its limitationgjue toits important strengthst is
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positively skewed, bounded at zero, and has the flexibility to represent a rangdailf ra
distributions and shapes while utilising only two paramgtdusak et al., 2007; Wojcik et
al., 2014) It is this simplicity of using only two parameters that wilkx@loitedin Chapters

6, wherein these parameters will be scaled with incregsotgl mean surface temperature

4.1.2 STOCHASTIC WEATHER GENERATOR PERFORMANCE AT
REPRODUCING OBSERVED EXTREME PRECIPITATION
RETURN PERIODS

Section 4.1.1 assessed tBEWGO6 s capaci t yhe anmual cyelgsrofo d u
precipitation. Whilst it is important to accurately reproduce the observed mean behaviour of
precipitation, the study of extremes and how they might change in the future holds great
value.Extreme value analys{&VA) will be used here to assess how aately theGCWG
can reproduce return periods in extreme precipitation. Katz (1999) ouH¥es for
precipitation generated by a Markokiain gammadistribution model. The firstorder
Markov chain model outlined in Chapter 3 can be reparametrized in tethesprobability

of a wet dayhere defined a%), and the firstorder autocorrelation coefficierf, where

N N (4.1)
and

Q n n 8 (4.2)

In a specified period dfydays, the number of occurrences of precipitation with
intensity greater thangmmis denoted by) "Y8)ver this period, the maximum amount

of precipitation is defined as
0 i A@hdB o (4.3)

where® is the amount of precipitation on thetkday. In classicdEVA, the following

result
0@ O & wo'onkA@ZDPQ h (4.4)
b @ HMNAO° B
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can be used for a neandom, fixed number of independgdentically distributed variabge

(such as precipitation with the gamma distribution), where G is the limiting cumulative
density function called the Type 1 extreme value distribution with zero location parameter
and unit scale parametéKatz, 1999) Fol | owi ng Kat zo6s met hoc
cumulative density function is a gamma distribution, one choice of normalising coefficients

¢ , and is defined as

~

» -h— @& | pliohwhed el I— (45)
where®d 1| andf are the shape and scale parameters of the gamma distribution
respectively (as defined in Chapter 2, equations 2.3 and 2.4)) dewotes the gamma
function. Note thatY*“in equation 4.5 is the expected number of wet days. A design value,

wi ,is canmonly introduced in engineered systems to allow for extreme events such that

i 0O i (4.6)
corresponding to the return period-ofears (such that a probability of 18t prefers to
a 100year return period)hough the autocorrelation coefficiet® has been defined as part
of the reparameterization process, the design value is only dependent on the parameters «

the chaind e pendent pr oc e s.dn thishspecia case wherelthe gparemt b

distribution is the gamma distribution, the design value can be expressed as

Ol : 8 (4.7)

Equation 4.7 has been used to calculate design values f@and(60year return
periods fromanobserved recoret each siteHere, the full observed record will be utilised
(instead of differing training and test datasets as in Section 4.1.1) to provide the longest
record possible to best calculate the design values. Design values have been calculated ft
the monthwith the highestmeandaily precipitation(averaged over all days, wahd dry)

from the observed record. This corresponds to a T of 28, 30 or 31 dependent month.

The ability of the firstorder Markovchaingammadistributionmodel to reproduce
the returnperiods for specified design values is tested. Instead of calculating the design
value, the return period, is calculatedising theobserveddesign value corresponding to

eithera 16 or 50year return periodRearranging equation 4tifereforegives
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i p Q 8 (4.8)
The calculated design values (for- Hhd 50year return periods) from the observed record

are substituted into equation 4.8 to calculate return periods frome206 of generated data.

Table4.41 The generated return periods for design values withabhd 50yearobserved

return periods during the month with the highest mean daily precipitation (calculated from
observational data). Design values are calculated ftbm observed record, with return
periods from the generated data corresponding to the relevant design value. Factor refers
to how many times larger the generated return period is from the specified 10 or 50 years.

10-YEAR RETURN 50-YEAR RETURN
PERIOD PERIOD
Location Month Design Return Factor  Design Return Factor
Value Period Value Period
(mm) (years) (mm) (years)
Key West Septembel 75.2 13.7 1.4 104.0 121.2 2.4
Phoenix August 25.0 18.3 1.8 369 1218 2.5
Reykjavik  February 26.5 20.0 2.0 35.6 140 2.8
Tallinn August 34.8 14.4 1.4 47.5 77.5 1.6
Aasiaat Septembel 25.6 21.3 2.1 35.8 2199 4.4

The GCWG simulates longer return periods thare presenin the observed data,
and in all instancesimulated 16year return periods more accurately tharyB@rs. This is
perhaps a reflection of the capabilities of the gamma distribution poorly representing
extreme tail ends of daily precipitation; it is known tha¢ thxtremetail of gamma
distributions is not always heavy enough(Furrer and Katz, 2008)leading to
underestimations in the likelihoods of high precipitation intensitespite firstorder
models typically reproducing the full wepell length distribution morecaurately than
other orders, aknown downfall of Markovchain models isalso in their accurate
representation of extreme everfWilson Kemsley et al., 2021) ocations with smaller

design values are also represented more poorly than locationtakgéndesign values.

Table4.4 showsbetter reproductions of return periods in Key West and Tallinn than all other
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locations. These two locations also have the highest design valuesdod1®B year return

periods.

As a primarypurpose of constructing ilhGCWGis to use it in a tool to study
changes to the climate ahdnce thdrequency and intensity of extremes using the pattern
scaling technique, the simplicity of the tpwarameter gamma distribution & major
advantage.Furthermore,Osborn et al. (2016) have demonstrated the use of the pattern
scaling technique for diagnosing changestatal monthly precipitation gamma shape
parameters with GMST incregsshowcasing the merits of the techniqu&milar
methodology will analogously be applied to tti@ly shape and scale parameters in this
thesis. Therefore, despite the significant overestimation of return periods, the gamma
distribution will still be used in this study. It jgerhapsadvisable that, when studying
changes to return periods using the perturbed weather generator, changes are consider:
relative to a stochastic simulation of the reference period, rather than relative to the raw

observed data.

4.2 STOCHASTIC GENERATION OF THE SECONDARY
VARIABLES

The strengths and weaknesses of a Madtmain gammgarametermodel to
reproduce observed precipitation series have been discussed in Chapter 3 and Section 4.
While precipitation is considered a primary weather variable and is arguably one of the most
important variables to accurately reproduce, there is also greattampe in accurately
reproducing daily temperature valu&imilarly to precipitation, daily temperature time

series are used in applications such as agricultural and ecological modelling.

4.2.1 GENERATING DAILY MAXIMUM AND MINIMUM
TEMPERATURES

There are a ramgof methods that can be used to stochastically generate daily
temperature time series, some of which have been briefly discussed in Chapter 2. Here,
selection of these methods will be examined in greater detail. While it is not uncommon to
generate dayl mean temperature and diurnal range, daily maximitydnand minimum 1Y)
temperatures will be simulated by tB&€WG. This is in part due to much of the available
observed weather station data containing daily maximums and minimumsuoatiétso to

allow the study of changas extremes under different degrees of warming in Chapter 7

112



al ongsi de as s ecambilineg at teprasuciGoiser @@ dreme temperature

statistics.

WGEN, an early Markoxhain gammanodel for precipitation, produces daily
maximum and minimum temperature time series using a multivariate weakly stationary
generating processes, a process given by Matalas (1967), with the inclusion of daily solar
radiation (Matalas, 1967; Richardson and Wright, 198wWhile this method maintains
correlations between temperature and solar radiatiorgmeders in this process are
determined seasonally, aatenot conditioned on precipitation status. Issues in reproducing
observed means ii¥ and”Y arose in locations whembservationglid not follow simple
sinusoidal shapes, as assunbgdhe model Extreme statistics were also reproduced less
accurately than means. Solar radiation is also a required variable in this pntiessiany
weather stationgnlyrecord daily precipitation and temperature. To enthewidestglobal
applicability, it is more desirable to use the fewest variables possiateresently havihe

widest availability.

An alternative approach is used in LARBG (Semenov and Barrow, 2002\
Gaussian(normal) distribution isused to modelY and“Y . The means and standard
deviations of'Y and”Y are calculatediaily from observationsA Fourier series ifience
used to smootkthe daily means and standard deviations to represearinual cycle, with
separate seridgted onwet and dry dayéQian et al., 2008)Unlike WGEN, this therefore
incorporates conditioning on the precipitation statushefday. A lagl autocorrelation
process is used betwe@nand™Y, with different parameters depending on the precipitation
status of the day. An issue that may arise with using daily means and standard deviation:
conditioned on the precipitation statis potentially small data samples. The maximum
sample size for a given day of the year is equal to the number of years of observed data. |
practice, some of these days will be wet, and some will be dry, meaning even smaller sample
sizes. While fitting Burier series will reduce noise arising from small sample sizes, in some
locations where there are very few (or no) wet or dry days, the processes may not accuratel

represent actual temperature values.

AAFC-WG uses a slightly different approach thatd®no reproduce observed
temperatures better than LARBG, though with more complexitfQian et al., 2005)An
empirical distribution is fit t0Y and"Y residual series. Daily means and standard deviations
are estimated using a spline interpolation procedurenonthly statisticsThis is done

separately for wet and dry daysice again maintaining correlations between the variables
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Much like WGEN, corrlation matrices are calculated frofif and Y, and daily solar
radiation; however, la@ and lagl matrices aralsoused in AAFGWG. This builds upon
WGEN in that generation of temperature is conditioned on the precipitation status, alongside
maintainng correlations between maxima and minima in temperandsolar radiation

(Qian et al., 2008)Due to the additional complexity of the method, the parameters are not
suitableto demonstrate the applicability of the pattsgaling technique to a stochastic

weather generator for generating daily temperature véllespter 7).

Here, the daily maximum and minimum temperatures will be generated using a
conditional, firstorder multivariate autoregressive approach, generddifowing
methodology used in theli@atic ResearcHJnit Weather GeneratdCRUWG) (Jones et
al., 2016)with some additions motivated by technigpessenin other weather generators.
The distribdions of maximum and minimum temperature are much less skewed than
precipitation(Richardson, 1981)and acommonality between many methods of stochastic
temperature generation is the use nbemaldistribution to model daily temperature values
(Qian et al.,2008; Semenov and Barrow, 199As such, &aussian distribution will be

used here.

An autoregressive approach wallsobe used due to the serial correlation of daily
temperature values from one day to the next, caused by heat qfRrelg@rdson, 1981)
Autoregression is a common feature of many stochastic temperature models. Aside from
strong daily correlations, temperature values are also generally linked to the precipitation
status. On days with heavy precipitation, temperatures are more likellyldelfav normal.

The process also shows strong oscillations seasonally. Therefore, the proposed model fo

generating daily maximum and minimum temperatures uses autoregressive relationship:s

calculatedat leastmont hl vy, with previ oither thel grevidus ort e
present dayés precipitation (which is wus
predictors.

First, a time series of daily maximum and minimum temperatuge, 6bserved or
reanalysis) is converted to a residual sefiesconvert the observed time series to residuals,
bimonthly means and standard deviationSYinand Y are calculated (where bimonthly
refers to twice per month)Means and standard deviations are calculated for each
precipitation transition state deéd in Chapter 3WW, WD, DD and DWwhere, for
example, DW refers to a wet day preceded by a dry fdaythe first (days 4L5 inclusive)

and second (days 16 onwards, regardless of month for simplicity) halves of the Tinenth.
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observed temperature recasthencestandardisedy subtracting the mean and dividing by
the standard deviation corresponding to the appropriatertaaith and precipitation state.

This results irthe calculation 08 means and standard deviations per calendar month.

This residual series thenmodelled as a firsbrder autoregressive process with a
different model structure for each precipitatioansitionstate.The generated precipitation
time series is used to establish the transition state of a day, informicty eflequations 4.9
i 4.12 to use to simulate the daily temperature residiipl Kor the DD transition state

(current dry day preceded by a dry day):
YooY o - (4.9)
for the WW transition state (current wet day preceded by a wet day):

YooY o - (4.10)

<
8-
<
e
C
€

(4.11)

and finally, the WD transition state (current dry day preceded by a wet day):
Y DY WL w - (4.12)

Coefficients® , @ and® are fitted using multiple linear regression of the standeddi
observed seriesf temperature and precipitation (also standardiseig suffixesandQ

p indicate the present or previous degspectively, and are independent, Gaussian error
terms. While means and standard deviations are calculated bimonthly, regression equatiol
coefficients aransteaddetermined monthly. This is to reduce the risk of overfitting the
model, alongside ensng an appropriate number of samples are included in determining
the regression coefficients. Linear autoregressive models of this type (conditioned on
precipitationtransition state) have been used to generate daily temperatures with good
accuracy at aange of sites, including the Caribbe@lones et al., 2016the United
Kingdom (Jones et al., 2009; Kilsby et al., 20@nd The Upper Indus Bas{Rorsythe et

al., 2014)

In instances wheréhere are few (or no) temperature values corresponding to a
specified precipitation state, the following process is used to determine the regression

equation coefficients
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1. The precedingand following month will also be used to calculate the regression
equdions foronly the precipitation status that does not have a large enough sample
size. For example, if there are limited WW days in January, all WW days in
December, January and February will instead be used.

2. If the sample remains too small, the preceding and following two months will be
used. For example, if there are limited WW days in January, WW days in November,

December, January, February and March will instead be used.

The generated residual seriesagmverted back into temperature values by reversing
the process used to convéhie observed series to residuals. Tdeneratedresidual is
multiplied by the observed standard deviation and added to the observed mean
corresponding to the correct hationthand precipitation transition state of the day. In some

instances, generatédl may exceedY . In these instances, a correction proaesscribed
by Dabhi et al. (2021) is followed, where the mean temperature is calctidated ( —)

anda small positive number,, is randomly (wherg  1®& ) added to and subtracted

from”™Y  to determin€Y and"Y respectively.

Where possible, means and standard deviations (conditioned on precipitation status)
will be calculated bimonthly. These will be used to convert the observed and generated serie:
to and from residuals. Bimonthly parameters will be used, where possibisure ¢he most
globally representative model and in line with the methods outlined by Kilsby et al. (2007).
The benefit of using bimonthly parameters is showRigure4.4 for Reykjavik, Iceland,
and Tallinn, Estonia. In some instances, the difference between the temperature in the firs
half of a month and the second half exceeds differences between monthly values themselve:
This is most noticeable irh¢ transition seasons, |.@ the Spring (MAM) and Autumn
(SON) months. In DJF and JJA, differences betweenrhatitts (and montk themselves
are relatively small. In MAM and SON however, differences up to 4°C are noted between
the first and second Habf November and March in Tallinn, with differences between the

monthly and bimonthly parameters up to 2°C in some instances in both locations.

116



I Monthly
14 - [ Bimonthly

12 4

10 1

Temperature (°C)

Hm Monthly
[ Bimonthly

| ,lIIIIt

—10

Temperature (°C)

1

Month

Figure 4.4 17 Mean daily maximum temperatures calculated bimonthly and monthly in
Reykjavik ondays withWD transition statesand mean daily minimum temperatures
calculated bimonthly and monthly in Tallinn days with DD transition states

While in the displayed lmations, each transition state contains large samples of
temperatures on days widach transition sate, an issue may arise where there are few (or
no) observations of a given state in a {matnth. To address this issueuserspecified
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minimum sample ge will be required to estimate the bimonthly conditional means and
standard deviations. In instances where the size of sample does not meet the specificatio
due to limited or no observations, a best estimate is taken instead using the following proces:
(hereafter referred to as the Atemperatur

1. If any sample size for a particular haionth and precipitation transition state is less
than the specified minimum, the mean atahdard deviatiofor that precipitation
transtion stateis calculated usinglayswith the correct transition state but for the
full month instead of only a hathonth period

2. If the sample size remains too small, the means and standard deviationsasn wet
dry days for the correspondirttalf-month will be used instead. For WD and DD
transition states, dry days will be used. For DW and WW, wet days will be used.

3. Ifthe sample size is still too smatreemonthsof temperature observatiors tlays
correspondingo the correct transition sta(®wW, WD, DD or WW)will be used
instead, using the months precedimcluding and following the original hal
month.

4. If the sample size istill too small, wet and dry means and standard deviations are
insteadcalculatedbverthreemonths. As in step 2, wet days will be used for the WW
and DW transition states and dry days for DD and WD.

5. Finally, if the sample size remains too small, but not zero, Fourier series will be fit
to the bimonthly means and standard deviationsmooth the data. The smoothed
values will be used in place of the observational values. If the sample size is zero,

the monthly mean (with no conditioning on precipitation status) will beinségad.

The outlined procedure aims to give a best estiratthe mean and standard
deviation of the temperature in any Ralbnth, conditioned where possible on precipitation
status, whilst also capturing the annual cycle of temperaitoerately. These steps are
shown in Figure 4.5. Although the LARSWG approach has not been used in the
development othe GCWG,Fourier series will be used to smooth data in instances where

sample sizes are not large enough (step 5).
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Figure4.57 Flowchart showing the steps in the temperature sample size correction process.

N is the specified minimum sample size.
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An example of this process is shown for Fort Huachuca, Arizona with a specified
minimum sample size of N = 25 daysdure4.6). Before correcting the temperature sample
size, several haiihonths contain little to no data for WW and DW days common
occurrence for a dry location. figarent halfmonths have been corrected using different
stages of the temperature sample size correction process. From approximately 50 years c
observed weather data, there are only 7 days with a WW precipitation status in the seconc
half of January. Afte following the temperature sample size correctiprocess, daily
temperature statistics on WW days have instead been calcutatgoa threenonth period
(December, January, and February), resulting in 65 observations. In the second half of
March, thereare 18 DW days in the observed record. The mean temperatures have insteac
been calculated using DW days in all of March, resulting in 44 observations. Although
temperaturestatistics for different halfmonths and precipitation statuses have been
calculated using varyingteps of the correction procedise annual cycle in Fort Huachuca
has been preservextcurately.The standard error in the mean has also been reduced in
several casesThis is reflected by the much smaller error bars for severainta@iths
following thetemperaturesample size correctigprocessFor example, in the second half
of May, the standard error in the WW mean is 3.73°C. After increasing the sample size to
>25 observations, the errbasdecreasgby 81% to only 0.73°C. Standard errors in all half
months and precipitation statuses do not exceed 1.15°C after following the temperature
sample size correction process. This increases the confidence in estanatogratevalue
of thetruetemperature for a given transition state.

Figure 4.6 alsohighlightsthe importance of using four transition states, instead of
simply wet or dry(as several of the previously published method}, asel that the results
are physically plausible. Higher daily maximum temperatures are observed throughout the
year during dryspells (DD), as might be expected in the desert climate of Fort Huachuca.
However, the temperatures on dry days differ substantially according to whether the
preceding day was dry (DD) or wet (WD). Daytime temperatures are further suppressed
during a segence of wet days, especially in February and March but also in many other

months (WW means are cooler than DW means).
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Figure4.6 7 Bimonthly means in daily maximum temperature at Fort Huachuca befc
(top) and after (bottom) the temperature sample size correction process. Error bars
the standard error in the mean.
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Some locations may also not require means and standard cleviesiliculated on a
bimonthly basis due to smaller increases or decreases in temperature over the course of
month. However, to ensure locations such as Ta{Bhown inFigure4.4) and potentially
many other locations globally are best represerigdonthly parameters will be used as
default inthe GCWG. Locations with limited sample sizes for specific precipitation statuses

have been tackled using tteanperature sample size correction proceggue4.5).

4.2.2 STOCHASTIC WEATHER GENERATOR PERFORMANCE AT
REPRODUCING OBSERVED MAXIMUM AND MINIMUM
TEMPERAT URE

Means and standard deviations in maximum and minimum temperature, conditioned
on the precipitation status, have been calculated bimonthly with monthly regression
equationsAs in Section 4.ltraining and test datasets differ, where tfaning dataset
comprises two thirds of the full observed record, and the test dataset the remaining third
(split every three years). As in section 4.1.1, tety&@r periods of daily, “Yand "Y have
been generated usirgpproximately38 i 42 yeas of data. For the rest of this section,
Aobservedo refers to the test dataset (o
Asi mul atedo) has been produced wusing par
thirds of the observed datdf).can once again be expected that, should the observed dataset
and the ten generated datasets be realisations of the same climate system, the observ

meanswill generally lie within the range of generatexans

Table4.517 The number of months where the observed rdedy”Y or Y falls within the
range of generated means from tery@ar simulations foboth maximum and minimum
temperatur e (NMNOWMEANS ) | aDbiméahsquaredadrror (RMSE) has
been calculated between the observed and generated meamthly RMSE shown here is

the mean RMSE averaged over all 12 months.

NO. MEANS RMSE
SITE 1. 4 1ol
Key West 10 7 0.10 0.13
Fort Huachuca 9 7 0.24 0.21
Reykjavik 11 10 0.24 0.26
Tallinn 9 8 0.37 0.42
Aasiaat 7 7 0.19 0.18
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In each location, the observed mdias within the range of generated means from
theten 3Qyear simulationgn overhalf of the months (shown ihable4.5 andFigure4.7).
In many cases where the range of generated means does not encompass the observed va
from the testing period, the differences are nevétisequite small. This is reflected by low
meanRMSE at all sites (<0.5), including those where fewer observed means lies within the
range of generated means. In all locations fillerange ofgeneratedneansare captured
within one standard deviation thfe observed record for daily maximum and daily minimum
temperaturegtandard deviatiomot shown here) even if the observed mean does not lie
within the range of generated means. This suggests th&W&S is generally producing

good realisations of theue climate.

Performance is slightly better regarding maximum daily temperatures than minima.
While daily temperatures are widely assumed to follow a normal distribution, Qian et al.
(2008) notsthat this is not always the case at some locations eviny month; this could
be a cause for the different levels of agreement between observed and generated means.
is also known that the distribution of daily minimum temperature is slightly more skewed
than maximumgDabhi et al., 2021)This could result in slightly less accurate reproduction
of observed minimum temperatureeflected by fewer generated means capturing the

observed inrable4.5.

Unlike precipitation, there tends to be little temporal structure regardengdmths
where the observed memmot captured bthe range of generated means. Instead, the most
notable cause appears to be due to larger differences between the training and test datase
themselves. While generatetandie very close to the training data, it is important that the
GCWG alsocaptures the variabilitpaccurately Like precipitation, therange of generated
values may better captunele climate variability by increasing the number of simulations
from ten. This vay, the chances of generating an unusually warm or cold month (for
example, test data for February in Tallinn or August in Key West respectively) or period

(test data in Aasiaat) are increased.
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Figure4.77 Observednean (stars and diamonds) and the generated means (black
error bars)in daily Y and™Y (top and bottom curves, respectivedy)n) Key West, dyort
Huachuca c) Reykjavik, d) Tallimnd e) AasiaatMean daily maxima and mininzae
calculated monthly, withreor bars represenhg the largest mean and smallest mean f
the 10 simulations. The dottéde represents the training dataset used to generate th
year simulations.

Figure4.7 shows that the methods outlined in Section 4.2.1 accurately reproduce the
observed annual cycles’ifand”Y. In comparison with precifation, the generated mean
ranges in daily maximum and minimum temperature (error bars shofigure4.7) are
much smaller, though despite this, the number of months with observed means falling within
the range of generated means is very simildis is likely a reflection of the greater

variabiity in daily precipitation than in daily temperature.

While it is important to accurately reproduce observed means in daily maximum and
minimum temperature, the ability to capture the variability is arguably of greater importance
in the study of extreme@atz and Brown, 1992; Seneviratne et al., 202D assess the
GCWGOs ability to reproduce observed temp
monthlyvar i ances have been c ofonphatens8@eaueslisatians B a r
This results in ten statistical tests between observed and genesatmices per month

using the same training and test datasets as bdfoieresults in 12 tests pemailation
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The mean number of simulatiotfgeat showno statistical differences are taken over the 12

months angbresentedn Table4.6 (out of a maximum 10

Table4.6 7 Themeannumber osimulationsshowing no statistical differendetween
observed and generated varianges month For example, a value of 7.3 represents on
average 7.3%imulationsshow no statistically significant differences between the observed

and generated variancger month.

VARIABLE 1o 4. MEAN
Key West 6.4 4.0 5.2
Fort Huachuca 5.2 6.2 5.7
Reykjavik 6.8 7.3 7.1
Tallinn 5.9 6.3 6.1
Aasiaat 6.7 4.8 5.8
MEAN 6.2 57

In most locations, at least half of the ten simulations show no statistical differences
between the observed and generatadancesper monthon average withno temporal
patterns recognise(.e., performance based on the annual cyckgater performance is
shown in reproducing the variance in daily maximum tempemttiran minima This
appears to be a common featurehad GCWG; the model tends to reprodutaxima with
greater accuracy than minimahis is likely due to the aforementioned assumption of

normality holding stronger for maximum temperatures than minima.

The Expert Team on Climate Change Detection and Ingi€EECDI) established
a suite of indices to represent the extreme ends of precipitation and temperature probability
distributions. The ability to reproduce observed extreme indices in daily temperature will be
tested using monthly and bimonthly temperatpegametersThe warm spell duration
indicator (WSDI) and cold spell duration indicator (CSDI) are two indices defined by the
ETCCDI that have used to assess the annual count of warm and cold periods respectively il
a record, relative to a baseline peri@dg., 19601 1990) (Kim et al., 2020) Here, two
metrics have been introducbdsedon the WSDI and CSDI indices. The'®percentile in
daily maximum temperature and"@ercentile in daily minimum temperatureshaeen
calculated annually from thestdataset. Warm spells and cold spells occur when at least 6
consecutive days experiggmmaxima or minimahat exceed or fall below the 9@nd 1¢

percentiles respectively. The annual count of warm and cold spells will be defined as the
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WS90 and CS10. It is important to note that a warm (or cold) spell must least# days,
though n some instances, the period may be longer. Regardless of length, the spell will only

add one to the total annual count.

Table4.71 The annual number of observed and generated occurrences where the
maximumemperature exceeds thefercentile for at least 6 consecutive days (WS90)
and where the minimum temperature falls below tiepEcentile for at least 6

consecutive days (CS90).

WS90 Cs10
LOCATION Observed Generated Observed Generated
Key West 2.2 0.7 1.9 0.2
Fort Huachuca 2.0 0.8 1.6 0.8
Reykjavik 1.8 1.9 1.3 1.1
Tallinn 1.8 1.7 1.8 2.1
Aasiaat 15 1.1 1.6 0.3

The GCWG reproduces the annual number of warm spells accurately at Tallin,
Reykjavik and AasiaatPoorer performance in reproducing CS10 is present in most
locations, with sizeable underestimates in Key West, Fort Huachuca and Aasiaat. Dabhi et
al. (2021) found that a stochastic weather generator following an autoregreggive
structure tended to derestimate cold spell extremes while hot spell extremes were
generally well reproduced. This is likely due to the previously discussed more skewed
minimum temperature distributididabhi etal., 2021) This assumption of normality may
hence result in th&CWG not capturing the potentially ngbaussian shape of the more
skewed minimum temperature distributions, causing poorer performance in reproducing

cold spell extremes.

Poorer abilityat reproducing extreme indices and (though to a lesser degree)
observed variances in Key West and Fort Huachuca than other locations may be explaine
by a combination of modarder choice and the temperature sample size correction process.
In Chapter 3,tiwas found that the distributions of wagiell length, dryspell lengthandthe
interannual variability of precipitation occurrence are all best represented byorténd
Markov chains in tropical regimes, of which Key West is categorised into. Weaker
performance may therefore be due to inaccuracies in reproducing observedgii@aci

transitionstates While Figure4.2d shows strong correlations between the mean number of
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wet days per month for observed and generated dat&xtct precipitation state may not
accurately be reproduced. For example, transition states DD and WD both resdltyin

day but would correspond to a different regression equation, mean and standard deviation,
used to calculate the temperature on tiagt

A similar issue may arise in Fort Huachuca, which is in a dry regime. A dry regime
may be more susceptible to longer spells with no precipitation than other regimes. A known
limitation of the firstorder Markov chain (that has been used here) ialiligy to reproduce
long dry spell§Lennartsson et al., 200&nd Chapter 3 concluded that distribntf dry
spell length are better captured by a tlurder model in all locations. This means there may
be a smaller proportion of DD days in the generated record than the observed record at For
Huachucalt is clear fromFigure4.6 that the temperature on DD days is much larger than
on WD days, despite both corresponding to a dry day.oftusagainmayaffect the choice

of regression equation, mean and standarcater used to calculate the temperature.

The temperature sample size correction pro¢Eggire 4.5) may also affect the
ability to reproduce observed variasand hence the extreme indicB®me halmonths
may use temperature values from a range of different months depending on the length of the
sample and which step of the process provides a longgarrecord. This may in turn result
in a wider range of values used to calculate the temperature parameters for a given half
month, thus increasing the standard deviation used to convert the residual series intc

temperature values and therefore potentiagrestimating the variance.

4.2.3 STOCHASTIC WEATHER GENERATOR PERFORMANCE AT
REPRODUCING OBSERVED MULTIVARIATE EXTREMES

Whilst it is important to accurately reproduce precipitation and temperature
independently, it is also desirable to correctly reproduce the correlations between the two.
Relationships between the two variables are particularly important to accuratelyimodel
the study of concurrent extreme events. Strong impacts are associated with these
multivariate extremes, and processes that cause extreme weather events tend to be spatia
or temporally dependent. Despite tmeativelylittle attention has been giw to such events
and, traditionally, risk assessments tend to consider only one driver of extreme weather,
potentially leading to underestimations of ridunner et al 2021; Zscheischler et al.,
2018)
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To assess the skill of the conditional, multiple linear regression method outlined in
Section 4.2.1 (equations 4.91.12), the capabilities of tHeCWG at reproducing observed
correlations between the two variableave been assessed. The maximum and minimum
temperatures on very wet days (exceeding tHe @#rcentile) and the mean maximum

temperature over dry spells (10 days or more with no precipitation) have both been studied

The maximum and minimurtemperatures on days where the precipitation exceeds
the 90" percentile (referred thereas very wet days) have been compared using observed
and 300 years of generated d&ta.before, training and test datasets differ, though here the
observed record Bebeen split into a 1:1 ratio to provide longer test datasets for comparison
with percentiles calculated from the training data@eith test and training datasets
comprising odd and even years of the record respectividigreference90" percentiles in
daily precipitation for Key West, Fort Huachuca, Reykjavik, Tallinn and Aasiaat are 6.6,

1.5, 7.1, 5.9 and 3.3 mperday respectively, calculated from the observed (test) dataset.

Boxplots have been produced Tdfand “Y on all days where precipitation is equal
to or exceeds theeferencé(" percentile for both observed and generated drigai(e4.8).
Temperatures overy we days tend to be reproduced well bg tBONG. This is reassuring
fortheGCWG6s applications in studyi ngwdianth avi
cold, extremesTheGCWG generally reproduces the median, mean, and interquartile ranges
of very wet day'Y and “Y well, though medians and interquartile rangesyintend to be
slightly better represented than'v This may once more be due to inaccuracies previously
discussed in reproducing the observed distribution of minimum eenpe. While
interquartile ranges are largely well reproduced, generated data tends to overestimate th
ranges of temperature on very wet days slightly; this is most prevalent in Key West for
minimum temperature, though also true for other locationdigtaiare also much more
prevalent in generated datasets. Generally, these outliersbév the range of

temperatures; though a large number are prégghtabove and below Key West,"Y.
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Extreme hot and dry conditions hatre potential to intensify summer heatwaves
and associated hazards, including drought and firg[iiskinigan et al., 2000; Kilpelainen
et al., 2010)Vogel et al. (2020) studied changes in frequency of clustered extreme hot and
dry events at different degrees of warming, projected from CMIP6 simulations. Vogel et al.
(2020) 6s method of studying concurrent e
extreme is defined as a day where the maximum temperature exceed$ frexc@ile.
Precipitation is aggregated over 90 days, with the date of thelsfinedas the last day of
the 90day period. A dry extreme is defined as a day wihiee®0-day total precipitation
falls below the ¥ percentile in 9@ay total precipitation. Theumber of times an extreme
hot andextremedry day fall within thesamemonthis recorded over each J@ar period in
either the observed data or in 300 years of generatedi@atén months per Qears) As
an example, a recording of 1 would corresptmd occurrence of an extremely hot and
extremely dry day within the same month per 10 yearaverageHere the full observed
record is used as both the training and test datasets. This is to ensure there are enough ye:
in the observed record to fultapture the occurrence of such extremes. Vogel et al. (2020)
instead use the 99'9and 0.% percentiles to define extreme hot and dry conditions
respectively, however, their findings indicate very few to no regions show clustered hot and
dry extremes mder present day conditions using this definititmerefore slightly less

extreme percentiles have been used here.

Table4.81 The number of occurrences of extremedmatextreme dryays per month per
10 yearsand concurrent extreme hot and dry dagsurringin the same month per 10

yearsi Ob0s col umns refer to t hoe toob stehrev egde ndeart a

HOT DRY HOT AND DRY
LOCATION Obs. Gen Obs.  Gen Obs. Gen.
Key West 116 116 3.3 0.3 0.4 0.1
Fort Huachuca 18.0 20.6 4.8 4.0 2.3 14
Reykjavik 120 137 3.7 0.7 0.4 0.1
Tallinn 141 121 3.6 0.7 0.4 0.1
Aasiaat 159 195 27 0.0 0.0 0.0

Included inTable4.8 arethe mean months per 4@ar period where at least one day
exceeds the $ercentile in maximum temperature and falls below theetcentile in total

90-day precipitationFor concurrat extremes,tiis unsurprising that values are close to (or
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even) zero (see Figure 2 from Vogel et al. (2020)) except for Fort Huachuca, where 2.3
months per 10 years experience clustered hot and dry extremes. The occurrence of extreme
hot days is repiuced well at each site. However, the number of months with extremely dry
daysis underestimated at most locations. This ultimately results in the occurrence of
concurrent hot and dry extremes to be underestimated &yGWG. While the frequency

of theseconcurrent hot and dry extremes tends to be underestimated in all locatioes,

are very small to begin with, and the representation of univariate hot extremes are
reproduced well This is a limitation of this model (accurately reproducing extreme
compund metrics) that should be assessed prior to each individual applidatien.
therefore perhaps advisaltleat when studying changes to the frequency of these clustered
extremes, a reference period should be generated BAWAS first (spanninghe years of

the observed record) and the frequency of such events determined from this synthetic time
series. Therequency of concurrent extremes from a generated time series under different
levels of warming can then be compared to the reference frequency multiplicatively to
estimate the change in risk of these concurrent events. For example, if the occurrence of th
concurrent extreme is 0.1 times every 10 years under present day climate as simulated b
the GCWG but 0.5 under a future simulation, it could be estimated that the probability of
suchevents ceoccurring in the future is 5 times greater. This could theagplied to the

observed occurrence to estimate future risk.

4.3 CHAPTER 4 SUMMARY

A precipitation and temperature weather generator using a Mati@a gamma
model and a multivariate linear regression model, conditioned on precipitasition
stak, has been introducg@CWG)and its performance at reproducing observed weather at
a selection ofocations assessed. Wider literature, training and test datasets tend to be the
same (i.e., the full observed recq&choof and Pryor,20 8 ; Semenov et a
and Huth, 2009) reducing the robustness of statistical testing. Where possible, training and
test datasets should be independent of each other, to reduce bias and the risk ©
overestimating the skill of the mod&\hile this may have resulted in more failures of the
statistical tests, performance is generally vgopd, and the practical significance of the

results is undeniable

Correlations between observed and generated mean precipitation statistics are
generally very high, particularly in metrics that are primarily testingoit@irrenceof

precipitation Table4.2). This is reflected by high correlations between the observed and
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generated mean number of wet days per month. Metrics that consider correlations betweel
theamountof precipitation tend to be weaker, though in most locatiolhseshain strong.

This is likely due to the use of a gamma distribution to approximate daily precipitation
amounts. Key West, in the tropical regime (Table ,4shows weaker correlations in
reproducing observed mean precipitation, and this is perhapsctéy a smaller sample

size of wet days, with large amounts of precipitation, present in the training dataset used tc

calculate the shape and scale parameters of the gamma distribution.

The annual cycle of precipitation has been presewigd great acaracy in all
locations, with thesCWG producingsensiblerealisations of the true climafeom ten 30
year simulations. Conclusions from Chapter 3 have been reiterated; at dirstitesder
models outperform third ordefexcept Key Westwherefirst and third orders perform
similarly). The performance of the model tends to be greater during drier months, and most
of the differences between observed and generated precipitation is likely caused by larger
differences in the training and test datasélowever, th&dCWG must also represent the
climate variability accuratelyrunning more than ten simulations may increase the chances
of producing exceptionally wet or dry months, which may have been the case for the test
datasets in locations such agsfaat, where agreement between observed and generated data

is weakerthan other locations.

Annual cycles in maximum and minimum temperatures are well reproduced in all
locations studied, with generated means falling within half of a standard deviatioa of
observed mean in all locations and all months studied and many observed means within th
range of ten generated-$@ar mean values. Annual cycles in both maximum and minimum
daily temperature are clearly reproduced accuratgbyufe4.7). Variances also tend to be
reproduced well, though with more noticeable differences in Key West and Fort Huachuca.
This is perhaps caused by the temperature sastggecorrection process outlinedrigure
4.5, though it is of course necessary to ensure a sample size large enough to reduce furthe

inaccuracies iralculating temperature statistics.

Reproducing extremes in both precipitation and temperature shows more
inaccuracies than mean behaviour, though this is a known issue with Mgp@weather
generators. Return periods for obseregttemeprecipitaton arelargely overestimated, by
up to 2.6 and 5 times for 10 and-%€ar return periods respectively. This is likely due to the
gamma distributionds poor r ep BCaeeeprodaced o n
well in all locations, though the frequency of@$s widely underestimated. Maximum and
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minimum temperatures are well reproduced on very wet days, thou@QiM& tends to

produce more extreme temperature values than are present bséneeal record.

Despite underestimates in reproducing some extreme behavimacipitation and
minimum temperatuteghe behaviour of th&CWG is generally very good, and has been
calibrated using weather stations across all five climate regimes whdsttaining
relatively simple relationships between variables. Maintaining the simplicity of the input
parameters is gfarticularimportance when diagnosing relationships between the parameter
and its response to increasing GMST (Chapter 7). Reiterdim@hjectives outlined in
Chapter 1, these relationships between increasing GMST and each parameter will ultimately
be used to perturb tteCWG6s i nputs to study a range o
warming levels. Towork aroundthe underestimat in extreme behaviour, studying
multiplicative changes (rather than absolute changes) is worth investigating. For example,
when studying changes in return periods for &y&ér flood, future comparisons should be

made to &5CWG generated baseline andrhagoplied to the observed data.
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5 GENERATION AND VALIDATION OF MODELS
FOR THE TERTIARY VARIABLES

Wind speed, radiation and humidity ar
generation following, and their widely modelled dependency on, the prifmaacipitation)
and secondary (maximum and minimum temperatures) variables. Here, different models
will be proposed for mean wind speed, solar radiation, and relative humidity. The
dependency on the primary and secondary variables has been included maetel to
ultimatelyallow the study of a full suite of stochastically produced climatic variables under
different global warming level@GWLs). Though this has not been shown in this thesis, a
description of future workhat mayincorporae changes in the tertiary variables has been
discussed in Chapter &he combined generation of the primary, secondary, and tertiary
variables together constitute tifigl Globally Calibrated stochasti®VeatherGenerator
(GCWG)developedhs part othis resarch.

The ertiary variables have been chosen partially following the&lic Research
Uni WeatherGenerator(CRUWG) (Jones et al., 201@&nd are the variables required to
calculatedaily potentialevapotranspiratioQPET) using the Penmaklonteith equationn
place of direct measuremeiithe PenmatMonteith equation is the Food and Agriculture
Organization (FAO) recommended method used for calculd®Bg, widely used in
literature, requirinpg  si teds | atitude, air temperatu
Of these parameters, & solar radiation, temperature and wind speed that have the greatest
effect on dailyPET (Allen et al., 1998)

A sanple of weather stations across finee Képpenclimatic regimes have been
used tovalidatemodelsfor the tertiary variableor use in theGCWG; theclimatology and
annual cycles for precipitation and temperature at tinessther stations are outlined in
greater detail in Chapter(4eeFigure4.landTable4.1). Observational data from weather
stations will be used to determine a model for generating daily mean wind speed, with NASA

POWER data (accessible fronhttps://power.larc.nasa.ggwised for solar radiation and

relative humidity where observed recofdsthe full suite of variableare absent.
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5.1 DAILY MEAN WIND SPEED

5.1.1 A GENERALISED LINEAR MODEL FOR GENERATING
MEAN DAILY WIND SPEED

Daily wind speed time series are necessary in several fields, including engineering
sensitivity analyses, construction of wisdeedsensitive structures and the operation and
maintenance of wind farm&ydia et al., 2016; Sahin and Sen, 2004)nd speed is also
one of the main meteorological variables that affects daily evapotranspii@totelhas et
al., 2010) This section introduces and iddtes a model for generating daily mean wind

speeds.

A Markov-chain gammanodel and a multiple linear regression model have been
used to produce synthetic time series for precipitation and temperagpectively. Neither
of these methods will be ustmsimulate mean daily wind speeds. This is due to the strongly,
positively skewed distributions of daily mean wind sp&ddch are notas accurately
reproduced usingnethods such anear regressionln comparison to precipitation and
temperature, thens less literature on the stochastic simulation of mean daily wind speed.
Daily maximums and means in hourly (orsome casesub-hourly) wind speeds have both
received more attention in literatupgksoy et al., 2004; Nfaoui et al., 1996; Sahin and Sen,
2001; Yan et al., 2002)

Though pecipitation is noanormally distributedike wind speedsa Markov-chain
approach will not be used here. Wind speeds do not have the high proportion of zero value:
to account for, and while there are examples of the use of a Mahlkaiw model to generate
wind speeds in literatur@.g.,Aksoy et al., 2004; Jones and Lorenz, 1986; Sahin and Sen,
2001) a required dature is the definition of a number of states with specified wind speed
values, as opposed to the simple (and intuitiwe}stat (wet or dry), precipitation statuses
outlined in Chapter.3Vind speed states are defined by an upper and lower limitZ2day.,
4m/s). Following the generation of a daily wind speed state, a random wind speed is chosel
between the lower and upper limits of the state. Aksoy et al. (2004) suggestestate
Markov-chain model to generate hourly wind speeldsughthey statethat the upper and
|l ower | imits of a given state i1 s fAhighly
choice of categorisation is dArather arbi
choice of thenumberof states. Herein lies the masgsue with a multiple state Markahain

wind speed generator for global usthe definition of the transition states. For example, a
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location with small variability in daily wind speeds may need fewer states than a site with
higher variability. This isse could also ariseithin an individual site, where it may not be
suitable to define the same states for different months or seasons of the year. Furthermore
these Markoxchain models tend to be univariate in nature. An important featuresof th
GCWoG is the incorporation of some dependence on the primary or secondary variables in
the generation of each tertiary variable. This grtavide the opportunity tpotentially study
changes in the tertiary variables as a function of increasing global mean surface temperatur
(GMST) indirectly through the pattern scaling of the primary and secondary variables.

Generalised linear model(GLM) are an alternative, widely used technique
discussed in literatute modeldaily wind speed(Yan et al., 2002) GLMs consider a daily
wind speed as a sample from its own distribution, where all observatiorrsarefdom the
same family of distributionsThe Weibul| lognormal and Rayleigtistributiors have all
been usetb modeldaily wind speed (Sahin and Sen, 200ttjoughthe gamma distribution
has been used her&/hile Weibull is generally considered the best approximation to
observed daily wind speed distributions, thi#erences between Weibull and gamma are
deemed insignificant when studying geographical and seasonal patterns of. &sage
primary objective bthis GCWG is ultimately in the construction of future climate scenarios,
the gamma distribution is deemed appropriate.ltenehermore, gamadistribution GLMs
are simple to implement in Python. Only predictors, a specified GLM transformation (here,
the log link), distribution (gamma)ynd daily wind speed shape parametécalculated
monthly from the observed recordje requiredThis is a significantly reduced number of
parameters to the alternative Markdvain approach, with much less subjectivitgtthrises
from the choice of wingpeed state®Vhile also possible to generate wind speeds using a
bounded multiple linear regression (MLR) model (e.g., Jones et al. (2016)), GLM gamma
regressions may be preferential where the distribution of the predittahighly skewed
and, unlike alternative MLR approaches, will not need any additional constraints to ensure

the generated variable is positive.

The mean of a gamma distributioh, will be estimateddaily using a linear

combination ofparameters, where
[ 6 @ (5.1)

wherg is a constant and all otHes are coefficienttndependentlymeasuring the effect

of the predictorsew8A log link functionwill be used to calculate the mean itself, such that
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“ A@P B 6w .Model parameterare determined monthly, resulting in 12 sets of

parameters.

Though following a multiple linear regression model, Jones et al. (2016) suggest the

predictors for tertiary variables on d#re precipitation{{ ), mean temperatui@Y ),
temperature rangéY ), and pr evi o-latocorektmrocoeffiaidnt) | ( |

the CRUWG correlations between the tertiary variables generated should be indirectly

maintained through their common dependencie$ ofiY and”Y . However, as

previously ascertained, a linear modeledtimerthe most appropriateor widely used in the
simulation of daily wind speeds, and while predictors will be loosely based on the
methodology of Jones et §2016), they will instead be in used in a GLM. Other predictors
are discussed in literature, including geographical effectsh as altitude, latitude,
longitude and seasonal cycl¢¥an et al., 2002)

To determine which of thebavanentioned parameters will be used to simulate daily
wind speeds in 80 GONG, three GLMs with differing predictors will be assesgsbere

w anddare previous dayos wind speedeyand p

Model 1:c0
Model 2.0 ,"Y and"Y,

Model 3:0 ,"Y,"Y and0 .

Though Jones et al. (2016) ¥  and”Y as predictors, present day maximuvi

and minimum {Y ) temperature will be used instedthe GCWG generates maxima and

minima instead of diurnal range and mean due to more widely available observations and tc
aid in a more accurate study of extreme weather. The following transformations
VY,
C

Y (5.2

and
"y Y (53)

link Y and”Y to "Y and”Y (noting that the former is only an approximation to the

true 24hour mean but is a commonly used approximatid).models discussed in
literature, regardless of type (e.g., GLM or Markdvain), incorporate an element of
autocorrelation. Here, each prgeol model uses a kg autocorrelation coefficient.
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Autocorrelation is responsible for much of the variation in daily wind speeds, with some
models using several days pri@ksoy et al., 2004; Nfaoui et al., 1996an et al., 2002)
However, only lagl autocorrelation will be considered heitehas been found thatind
speed autocorrelation coefficients show negative trend with increasing lag
(Khanmohammadi et al., 202Daily temperatures and precipitation amounts are the only
other parameters considered. Reiteratirggbal ofthe GGNG for use in the construction

of climate scenarios under different GWLSs, it is important that the predictors in the wind
speed model are the ones that will be scaled with increasing GMST.

Maxima and minima in daily temperature have beetuded as predictors in both
Model 2 and 3. Maxim and minima are considere@s they are direct outputs from the
GCWG in Chapter 4and are closely related to the diurnal range and mean following
equations 5.2 and 5.8.is known that temperature gradients result in pressure differences,
which in turncanproduce changes to wind spe€&dr example,n a statistical analysis of
the reationship between wind speed, pressure and temperstia@en(2011) found that
wind speed is correlated to surface temperature

Precipitation will be onsidered in Model 3. Higher wind speeds will promote greater
evaporationwhich maydestabilise théoundary layer and trigger deep convectiBack
and Bretherton (2005) found surface wind speeds are responsible for only small fraction of
variability in precipitation in the Pacific ITCZ region, but there are significant correlations
between the two variables at higblumn relative humiditie@Back and Bretherton, 2005)
In a study of correlations between solar radiation, wind spard precipitation in
California, Mohammadi and Goudarzi (2018) note a strong possibility otamntlation
between wind speeahd precipitation during very strong Hifio events(Mohammadi and
Goudarzi, 2018)In a study in Sweden, Johansson and Chen (2003) found that in locations
with steep orographic chges, wind speed is an indicatorstfengths of frontal systems
and therefore precipitation. Topography is another factor not considered in the Kdppen
classification system, and therefdbe consideration obrecipitationas a predictomay

benefit the model in some locations with steep orographic changes.
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To assess which predictors to userlikelihood ratio tests were performed at the
95% confidencéevel, comparindModel 2 with 1, and/odel 3 with 2, to establish whether

the additimal parameters areecessary

Table5.17 The number of months where a statistically significant improvement is found on
the previous model using the Kilgelihood ratio test and a confidence level of 95%. Model
2/1 represents the number of months where a statistically significant improveroemds

when using Model 2 instead of Moddbt generating daily mean wind speed.

NO. OF MONTHS WITH
STATISTICALLY SIGNIFICANT
LOG-LIKELIHOOD RATIOS

LOCATION Model 2/1 Model 3/2
Key West 7 0
Fort Huachuca 11 2
Reykjavik 9 2
Tallinn 12 3
Aasiaat 12 9

In all instancesa statistically significant improvement in model fit was seen using
daily maximum and minimum temperatu(®@odel2)as wel | as previ ous
(Model 1)in overhalf of the months. In Thnn andAasiaatimprovements were seen in all
months With the addition of precipitatiofModel 3) statistically significant improvements
are lessommon, and in Key West, there are none at all. Aasiaat is the only site where Model
3 shows statistically significant leigkelihood ratios in a majority of month§his suggests
that in many instances, minimal benefit is added through the inclusion of precipitation as

well as temperature.

The significance of each predictor can be further assessed usingvtieep
producel by the GLM for each monthTéable 5.2) . Previous dayé6s
statistically significant predictor in all months at all sif€kis is an expected result, due to
autocorrelation being responsible for much of the variation in daily wind sp&ksisy et
al., 2004; Nfaoui et al., 1996; Yan et al., 200B) at least half of the montifand & least
10 in two ofthefive sites) maximum and minimum temperatures are statistically significant

predictors (except forY in Fort Huachucawhereit is statistically significant in only 5
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months). Precipitation, however, is not commonly a statistically significant predictor, except
for at Aasiaat. This supports the findings for Model 3 in thdikagdihood ratio tests shown
in Table5.1.

Table5.27 The number of months where a predictor is statistically signifigant\ith p-

values < 0.05) in the GLNbr generating daily mean wind speed.

NO. MONTHS WITH
STATISTICALLY
SIGNIFICANT PREDICTORS

LOCATION ©w , Y Y 0
Key West 12 6 7 3
Fort Huachuca 12 5 6 2
Reykjavik 12 10 8 2
Tallinn 12 10 10 4
Aasiaat 12 11 12 10

Following the results presentedTiable5.1 and Table5.2, daily mearwind speed
wilbegenerated using thea pgrheviporuess edchdy 6dsa y\w
minimum temperaturéredictors in Model 2)Precipitation has not been includge to its
limited improvement of the model at most sitesninimise theisk of overfitting the model,

and to reduce computational poweruigd.

To validate the use of a gamma distribution in generating daily mean wind speed,
time series have been generatedlieobserved mean daily wind speedsngtheobserved
predictorsfor a range ofveather stationacrosgherange ofKéppenclimate regimesThe
same weather stations introduced in Chaptérable 4.1 will be used.Daily mean wind
speed has been generated ugdinge series ofobserveddaily maximum and minimum

temperatures, and previous dayso6 wind sp

&

(54)

have been calculated, whebas the observed wind speed dnthe estimated mean of the
gamma distribution on da{dn locationQ(Yan et al., 2002)If the distribution of the

Anscombe residuals is Gaussianassertonfidence that the data is well described by a
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gamma distribution and cdhereforebe used to model daily mean wind spdedure5.1
shows that the residuals are mostly normally distributed, with slight deviations in the upper

and lower tails in Reykjavik and Aasiaat respectively.
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Figure5.17 Anscombe residual QQ plots for Key West, Fort Huachuca, Reykja

Tallinn and Aasiaat (top left to bottom midyfer daily mean wind speed.
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After the mean of the distribution for a given day has been estimated, a wind speed
is generated randomly from a gamma distribution with a constant shape parameter,
(calculated monthly from the observed record), but with varying staleased on the

estimated value df, where

8 (55)

5.1.2 ASSESSING GENERALISED LINEAR MODEL
PERFORMANCE AT REPRODUCING OBSERVED MEAN
DAILY WIND SPEED

Generated precipitation and temperature values have been produced using the
methods outlined in Chapters 3 and 4. Training st datasets will differ using the same
method introduced in Chapter 4, where the test dataset consists of every third year, and th
training dataset all remaining years (a 2:1 training to test dataset Agjeo, ARobseryv
data refers to the tesatd as et and figeneratedo (or fAsi |
produced with the model fit to the training dataset. All references of wind speed in this

section, unless explicitly stated otherwise, describe daily means.

Fifteen 30year simulations haveeen produced for daily precipitation, maximum
and minimum temperatures, and wind speed. Fifteen simulations, as opposed to ten, hav
been used here duedapture theyreater variability in daily mean wind spedtan in the
primary and secondary variasl The range of means produced by the fifteen simulations is
calculated and compared to the obseme@dngor each month. The same logic presented
in Chapter 4 is followed here; if the observed dataset and the fifteen generated datasets at
consideredealisations of the same climate system, it can be expected that the observed
meanswill generally lie within the range of generatexans
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The ManAaWhitney U and Levene tests have been performed on the observed and
generated wind speeds for each montérdke fifteen 3¢/ear simulations. This results in
fifteen sets of statistical tests per month. The mean number of simulations per month
showing no statistical differences between observed and generated stadevinsinTable

5.3 (out of a maximum of fifteen).

Table5.37 The number of observed means that lie within the range of 15 generaed me
and he mean number of simulatio(everaged over 12 monththat show no statistical
differences out of a maximum of 15 using the MéafimtneyU test to compare means, and

Levene's test to compare variar{eethe 95% significance level).

MEAN SIMULATIONS PER
MONTH SHOWING NO
STATISTICAL DIFFERENCES

No. of observed means

LOCATION within range of generated Mann-Whitney U Levenec
Key West 7 7.6 12.0
Fort Huachuca 6 8.0 12.1
Reykjavik 11 8.6 12.4
Tallinn 9 7.5 8.5
Aasiaat 9 6.3 9.1

Performance is momependent osite here than with temperature and precipitation
though doserved means lie within the range of generated means in at least half of the months
at each site All instanceswhere the observed mean does not fall within the range of
generated means, the fudinge of generated means lies within half a standard deviation of
the observed. The performance of the model does not appear to be affected by the season
magnitude of wind speed (shown Figure 5.2). Generated means tend to slightly
underestimate mean daily wind speed, with observed means lying towards (or sometimes

above) the upper end of the generated range

In Key West, Fort Huachuca, and Reykjavik, over half of the simulations show, on
average, no statistical differendestweerthe observed and generated means. At all sites,
the variance of the data is reproduced more accurately than the mean. In Keyohesif
the observed and generated means are statistically similar from June to October. It is

between these months tf@EWG simulated temperature shows poorer agreement with the
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observed data, with observed maximum temperature in June and minimummatiemgsein

June, August, September and October, lying outside the range of generatedsedues
Chapter 4Figure4.7). In all other months except April, differencedveeen observed and
generated means were insignificant in all simulations. Similarly, all simulations in
November, December, January and February show statistical differences in the mean a
Aasiaat. Once again, these are the months for which the generatgerature series were

less realistic than the summer months in Aasiaat, where observed means in maximumn
temperature lie outside the range of generated values in December and February, an
minimum temperatures in November, December and February. This enayndtrate the
impact inaccuracies in primary and secondary variables might have on the generation of

tertiary variables.

A further reason for poorer performancedhe statistical tests in Aasiaat may be due
to the elimination of precipitation as a pretr. Table5.1 and Table 5.2 show that most
months at this site would benefit from the inclusion otjpkation as a predictor. This, in
combination with the use of a gamma distribufjhere a Weibull may perform bettety,
approximate daily valuesnay also be responsible for some of the greater statistical
differences between the observed and geretratieiesFigure5.1 shows that the Anscombe
residuals deviate from a normal distribution here more than at any other site. Although the
residuals at Reykjavik also show deviation from a normal distribution in the upper tail, the

number ofvaluesis less than in the lower tait Aasiaat.
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Figure 5.2 7 Observedmeans in daily mean wind speed (coloured, stars with error bars
showing one half of a standard deviation), wind speed frortraireng dataset (coloured,
dotted, no error bars) and the generated mgdteck with error bars) calculated monthly

with error bars representing the largest mean from all fifteen simulations and the smallest
mean (black, dashed) fa) Key Westp) Fort Huachuca,c) Reykjavikd) Tallinn, ande)
Aasiaat.

As with precipitation and temperature, the annual cycle in mean daily wind speed
has been preserved accurately by the model. Despitestatistical differences between
the observed data and the simulations, all locations show few practical differetveesrbe
the datasets. For example, in Tallinn where, on average, 7.5 simulations per month show
statistical differences in the mean, it is clear fieigure 5.2 that the differences between
the observed and simulated values are not large. This supports the us&0Wein its
ability to produce an alternative realisation of the climate that is similar in nature to the
observed. It is also important to rdhat statistical significance is directly related to sample
size. Generated sample sizes are large, with a minimum of84€s This will increase the
likelihood of a statistical test deeming the samples statistically different, despite the

closenessfahe generated resut the observed
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Most sites show that months with greater observed standard deviations in mean daily
wind speed generally tend to simulate a wider spread of values. This is most noticeable in
Fort Huachuca, where the observed dgad deviation in January is larger than August.
Similarly, the range of generated means is larger in January than August. This indicates tha

the model is reproducing the variability between months successfully.

An important feature toeproduce is the correlations between wind speedtsnd
primary and secondaryvariables. With"Y and"Y as predictors, some conditioning on
precipitation status is also included because their generation depends on the wet/dry state ¢
the current (andometimes the previous) day. In this thesis, pattern scaling of wind speed
input parameters has not been studied, but changes in future wind speed could be
incorporated through the future changes in temperatuhech will then influence the
generated wid speeds. 100 years of precipitation, maximum and minimum temperature,
and daily mean wind speed have been gen
correlation coefficients have been calculated for wind speegberature and wind speed

precipitationrelationships

Table5.4 17 Pearson correlation coefficients between observed and generated wind speed
with variables I, T» and P. O and G represent observed and generated correlations

respectively.

e - I
LOCATION O G O G O G
Key West -0.25 -0.32 -0.10 -0.16 0.01 -0.06
Fort Huachuca -0.06 -0.03 -0.01 0.01 0.01 -0.03
Reykjavik -0.12 -0.11 -0.10 -0.17 0.23 0.05
Tallinn -0.16 -0.19 -0.05 -0.08 0.04 -0.01
Aasiaat -0.05 0.03 -0.10 -0.14 019 0.01

It is expected that correlations between wind speed and maximum and minimum
temperatures should be reproduced well due to their use as predictors in the GLM.
Correlations in most instances are reproduced with the correct sign and magnitude. Where
the signis incorrect, observed correlations between wind speed and temperature are
extremely close to zero (nmorrelation). For example, in Fort Huachuca, the correlation
between observeand generatedind speed and minimum temperature 6.01 and 0.01
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respedtely. Both values are essentially showing no correlation, despite the change of sign.
Key West, Reykjavik and Tallin show the strongest (though still weakly negative) observed
correlations between maximum temperature and wind speed. These are wellaegtogu

the GCWG. Observed neaero correlations between wind speed and precipitation are also
reproduced well at Key West, Fort Huachuca, and Tallkasiaat and Reykjavik show
slightly stronger (though still weak) positive correlations between winddsgee
precipitation in the observed dataset. In both locations, the GLM produces negligible

correlations between the two variables, though in the same direction (positive).

Weak correlations between wind speed, temperature, and precipitation are not
surpising. This is because at most locations, wind speeds are not usually thought to be
strongly determined by these variablParlange and Katz, 2000 all locations, observed
and generated wind speeds show no correlations with precipitation, except Reykjavik and
Aasiaat, where weakly positive correlations are present in the observed data. However
Table 5.2 showed that in most locations, temperatures do have significant effects on the
regression. Despite weak correlations, it is important to incorporate a primary or secondary
variable in this model; ik is to allow changes in daily mean wind speed to be produced

indirectly through the scaled future changes in the primary and secondary variables

While the results presented here sug
maximum and minimum temperaés are sufficient predictors in tECWG, it is important
to note that, whilst a site in each weather regime has been considered, the Képpen climat
classification system does not consider wind speeds in its categorisations. Therefore, the us
of thefive regimeswhich arecategorisesn temperature and precipitation alone, may not
be representative of the rangeghbbalwind speed behaviour. It is also important to note
that in all locations except Key West, at least 2 months of the year werereptesented

by a model with the inclusion of precipitatiohaple5.1).
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5.2 DAILY SOLAR RADIATION

Daily solar radiation (insolation) data is an important climatic variable for many
applications. Such sectors include the application and development of renewable energy, ir
the study of environmental pollution, crop production and in hydrological and agritultura
models(Shrestha et al., 201%olar radiation isalsoanother quantity required to accurately
calculatereferencePET using the Penmavionteith equatia. One of the most important
variables in the calculation of PET, solar radiation provides the energy that is required to

change the state of water molecules from liquid to vapour.

There is greater discussion in literature regarding the stochastic timefasolar
radiation than wind speeds, however it is widely known that there are several issues with
observational solar radiation data. In comparison to the primary and secondary variables,
solar radiation is rarely measured, and, where it is meaggedmaintenance of equipment
and high costs of replacement results in several months of data noissingequate quality
of data(Ayodele and Ogunjuyigbe, 2015)o counter this issue, NASROWERdatasets

will be used instead of weather station records.

5.2.1 NASA POWER PROJECT DATA

Long, temporally consistent daily time series of precipitation, maximum and
minimum temperaturevith solar radiation are natidely globally availableor arelacking
in quality and coherencélthough the European Climate Assessment & Dataset (ECAD)
(Klein Tank et al., 2002)ime series contain several stationshva full suite of climatic
variables, locations are spatially close (i.e., Europe and North Africa) and do not capture a

range of climatic regimes. Instead, dats been sourced from the NASA POWER Project

(accessed frorttps://power.larc.nasa.ggvSolar radiation data is availalgébally with
records starting in 1984 1° x 1° latitude/longitude gridhndmeteorological variables on a

Y2° x ¥2° grid. Solar and meteorologitparameters have been derived using a combination
of satellite and modddased methodd$n a comparisobetweenNASA POWERdata and
weather station observations carried out at Fort Huachuca, Tallinn and Aasiaat (for
example),annual cycles of the variablase very similar ands such, théNASA POWER

data is therefordeemed an appropriate alternative for the validationishtlodel.
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Table5.571 Site names, regimes and coordinates of NREAVERdata used in place of

observational data.

LOCATION CLIMATIC REGIME LATITUDE LONGITUDE

Brasilia, Brazil Tropical savanna, Aw -15.8 -47.9
Fort Huachuca, USA Hot desert, BWh 31.6 -110.3
Punta Arenas, Chile Subpolar oceanic, Cfc -53.1 -70.6
Tallinn, Estonia Humid continental, Dfb 59.4 24.8
Aasiaat, Greenland  Polar, ET 68.7 -52.9

Brasilia, Brazil has been used in place of Key WE@StA, and Punta Arenas, Chile
in place of Reykjavik, Iceland. Replaced locations are in the samelasdification as
previous sites and have been chosen to diversify the locations studied away from North
America and Europe. While it is more desirable 4e nbservational data in calibrating the
model, it is also of importance to use long, temporally cohesive time series, that span a rang

of climatic regimes.

5.2.2 GENERATING SOLAR RADIATION BY TRANSFORMING TO
A CLEARNESS INDEX AND USING A MULTIPLE LINEAR
REGRESSION MODEL

Several methods have been discussed in literature to generate daily solar radiatior
time series. As with many other variables, most methods incorporate some form of
autocorrelation. Nicks and Harp (1980) proposed a model conditioned on thetatiea
status of the day (as generated by a Maittmain model, utilising the same four states
defined in Chapter3 and 4, independentlpf temperature values. Monthly means, standard
deviations and lad correlation coefficients are the only parame&tequired in this method
of solar radiation generation. While Nicks and Harp (1980) found that solar radiation was
accurately reproduced in 11 out of 12 months, their study was carried out at only one site
(Chickasha, Oklahoma) with only 11 yearsti@afining data, and noindependent training

and test datasets. While this method does incorporate dependence on precipitation statu
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most other methods outlined in the literature also contain an element of temperature

dependence. This is dueddlirect corréation between temperature and solar radiation.

Richardson (1981, 1982) suggested a multivariate, weakly stationary generating
process, comprising of maximum temperature, minimum temperature, and solar radiation
with different parameters on wet and digyd. This method has briefly been discussed in
Chapter 4, Sectiod.1in reference to temperature generation. Fourier series are used to
smooth daily means and standard deviations in temperature and solar radiation, conditione:
on the wet or dry status tifie day. The observed records are hence converted to residuals
and matrices of laf and lagl crosscorrelation coefficients used to generateesidual
series For the application of this methoskveral parameters must be calculated for each
day of tre yearWhile Richardson (1981) suggests that the parameserise reduced due
to few differences in the intefariable correlations between sites studied, only 3 sites were
studied, all located in the contiguous USA. Ithereforenot with confidencehat these
inter-variable correlations will remain the same across the glab@ even after reducing
the number of parameters, several still remaims method will therefore not be used to

generate solar radiation in the GCWG.

A first-order autoregressivemultivariate linear modelwill instead be used to
simulate daily solar radiation time series following a transformation of the entire radiation
time seriego a clearness indéa measure of the atmospheric clarity). While stochastically
modelling clearness index in this way is novel, such a transformation has previously been
used by Ayodele and Ogunjuyigbe (2015) to predict monthly averages in solar radiation. A
time series of daily clearness index will hence be produced and transforckedtba daily
solar radiation value following generation affull series. The rationale for targeting a
clearness index rather than solar radiation directly is that physical features that determine
temporal variations in atmospheric clarity (principahg presence and optical thickness of
clouds) are linked to the occurrence of precipitation and to the minimum and maximum
temperature, whereas the other contributors to solar radiation (day of year and latitude) are
static. This ighereforea simple trasformation that requires little computational power and
the only additional variable required for the calculation is the readily available latitude of

the site.

The maximum extraterrestrial radiatio® O for a given day of the year (1 fof'1

of January, 365 for 31DecemberjQand specified latitud#, can be calculated using

58k,
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The observed insolation can be transformed to a clearness index using

Y

° %0 (5.7)

whereg is clearness indeXYis the observed solar radiation (in MJ) &ls the maximum
extraterrestrial radiation (in MJ) reachirige latitude of observation calculated using
equation 5% for Julian dayQ This in turn provides a time series of daily clearness indexes

instead of radiation values.

To generate clearnessdexon day’Q6 hprecipitation, maximum and minimum

temperature, and pr ewillibeusesias predigt®,ssuclcthae ar ne s ¢
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0 O QA QY QY "B - (5.8)

whereORCH®A 1 "Rare coefficients of regressiofjs a constant, andis an independent,
standard, Gaussian error tei@learness index is a constrained variable; it cannot exceed or
fall below 1 or 0 respectively. I n insta
GCWG will set the value to 0.99. Similarly, for a day with a generated value0dd1, the
GCWG will set the value to 0.0Einally, equation &.can be rearranged such that generated
clearness indeis multiplied by the maximum potential DE dalianday’Q calculated from
equation®, t o esti mate a given day ossionfobseraed s C
clearness indemust be converted to a residual series using means and standard deviations
relevant to the month of the observation. Regressions are fit monthly, resulting in 12 sets of
coefficients that vary by site. Following the simuatiof a residual time series, the values
are converted back to an insolation wusin

standard deviation.

Predictors have been chosen based on
radiation. There is of coursedirect, positive correlation between temperature and solar
radiation. Simply, a fraction of the radiation reaching the Earth will be absorbed and
converted into heat, therefore responsibletfi@temperature. The total radiation reaching
and being absoebd by the Earthés surface from tF
including geographic location, surface albedo, season, and weather conditions. It is intuitive
that on a cloudy day where there is less insolation, temperature will likely be lower.
Precipitation has also been chosen as a predictor because it is generally positively correlate:
to cloud coverage, which is in turn negatively correlated with insolafible Pearson
correlation coefficients between the variables at each site introdudedle5.5 between
solar radiation and daily maxi mum temper
solar radiation are all statistically significant, and positive (strongly, at most sites).

Convergly, correlations between solar radiation and precipitation are negative.

The same process (equatioB)5can be used to generate daily insolation values
directly without any transformation, simply substitutinigily solar radiationvalues
(measured in MJ)Y, in place of clearness inde&, However it is advised that solar
radiation values are convertagdo clearness indexes in most cases, following a comparison
of the residuals of regression. Time series of daily solar radiation and clearness index have
been produced using the observed precipitation, maximum and minimum temperature, anc

pr evi o uotar rad@atprdoos clearness index respectively. The residuals (the difference
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between the predicted and actual observed values) from each method have been compar
ateach site. If the residuals are normally distributed, apl@®should show a straighnk.

It is clear fom Figure 5.3 that the residuals are much closer to a normal distribution
following the clearness index transformation in Tallinn and Punta Arenas. At some sites, the
transformation from solar radiation ¢tearness index does little to change the distribution

of the residuals (i.e., Brasilia)n this instance, however, the original, untransformed
distribution of solar radiation is much closer to a normal distribution than in Tallinn and

Punta Arenas.

Based on the sites studied here, the transformation will be recommended prior to the
regression. Transforming the variable does not seem to cause any ill effects in generating
solar radiation times series in locations where the transformation does noventpeo
distribution of the residuals, like Brasilia. Therefore, the transformation may ensure the most
globally applicable solar radiation model. Furthermore, transforming the variable does not
change the risk of overfitting, nor does it add any extranpeters to the modelndthus

anyincreasen computational times negligible
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Figure5.37 QQ plots showing regression residuals for left) insolation anc

right) clearness index at top) Brasilia, middle) Punta Arenas, and bottom

Tallinn.
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5.2.3 ASSESSING THE MULTIPLE LINEAR REGRESSION MODEL
PERFORMANCE AT REPRODUCING OBSERVED DAILY
SOLAR RADIATION

The full NASA POWERseries for each site is split into training and test datasets in
the same 2:1 ratio as in Secti@l2. However, he NASA POWER datasets are
significantly shorter in length than the previously used observed records, spanning
approximéaely 30 to 40 yearéwith only 30 years of solar radiation data regardless of full
record length Splitting the data in the same 2:1 ratio as before (training to test datasets)
leaves at least 20 years to calculate parameters in the training dataset, but only 10 years i
the test dataset. For simplicity and consistency with other sections, tesiltatreferred
t o as Aobservedo, catedlitpinat dee | o ra ugti pnuattsi.n g i A
Aisi mul atedo) will once again refer to the
the training dataset. The ability to reproduce the obseragdsblar radiationnotclearness
index, will be assessed heMASA POWERsolar radiation time series is provided in units
of KWh/n?. This has been converted into units of M&/m

Thirty 10-year simulations have been produced at each®iis.is to eflect the
smaller size of the test dataset (only 10 yeldua) for other variableIhe range of means
in daily insolation produced by the each of thiety simulations is calculated and compared
to the observed data by month. Once again, if the olbelataset and thirty generated
datasets are realisations of the same climate system, it can be expected that the observi
meanswill generally lie within the range of generategéans The ManAWhitney U test and
Leveneds test havtee nea am vanaee despeatively aj eaphafrthe
thirty generated datasets.
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Table5.6 7 The number of observed means that lie within the rangé génerated means
out of a maximum 12. The mean numbers of simulations averaged over 12 months that sho
no statistical differences out of a maximun80fusing the Mans#Whitney test to compare

mens, and Levenedbs test to compare varia

MEAN SIMULATIONS PER MONTH
SHOWING NO STATISTICAL
DIFFERENCES

No. of observed

means within range

LOCATION of generated Mann-Whitney Leveneods:s
Brasilia 10 12.5 8.8
Fort Huachuca 11 168 14.5
Punta Arenas 8 20.1 24.0
Tallinn 11 21.4 19.8
Aasiaat 8 15.7 14.4

Observed monthly means in daily solar radiation lie within the range of generated
means in at leagtmonths at all sites. In angstance where the observed mean lies outside
the range of generated meaih® observed value lies within half a standardaten of the
full range It is important to note that training and test datasets are much smaller here than
in the validation of theGCWGdés abi |l ity to r ergsultmglinlarger ot |
variance in bothest and training datasetst all sites but Brasiéi, there are no significant
differences between observed and generated means in didiéadtthe thirty simulations
Similarly, at least fourteen of the thirty simulations show no significant diffeebetween
the observed and generated variances at all sites but Biislsitial performance is weaker
in Brasilia, wherea mean of 1% simulations per month show statistically similar means,
and only8.8for variance A potential cause of the lower ff@mance at Brasilia may be the
temperature correction sample size process outlined in Chapter 4, Se2tidithough
Chapter 4 uses observational records as inputs to the model, issues present with th
stochastic generation of precipitation and tempeeadiscussed in Chapter 4 are still present
here. Firstly, due to the even shorter training datasets(ineadl variables) several haf
months contain very few recordings for WD and DW days in BraJitgprovide a large

enough sample size, the temgere for several halhonths has instead been calculated
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usingseveralmonths of data (i.e., if the first half of January does not have enough a large
enough sample of WD daysyWD days in December, January and Februaryldbe used
instead). Temperates make up half of the predictors to the solar radiation nasaishuch

like generating daily wind speed, any inaccuracies in reproducing the observed temperature

accurately will also affect the resultant solar radiation model.

Another cause of the lems performance may be due to the distributionthef
regressiomesidualghemselvest Brasilia. The distribution ofthe solar radiation residuals
is more normally distributed than other locatigum®r to the transformation into a clearness
index. While the Gaussidikeness has improved following the transformation, the
improvement is much smaller than at other si@mversely, aPunta ArenaandTallinn,
residuals prior to the transformation areslenormally distributed than Brasilithough
following the transformation the residualppsoximate a normal distribution extremely
closelywith muchbetter agreement than Brasi{ligure5.3). With residualghat areless

normally distributed, the applicability of the regression is reduced.

Brasilia has also been used instead of Key West to generate solar radiation following
a firstorder Markovchain model to generate daily precipitation. In Chapter 3, it was
determined that a thirdrder model most commonly represents precipitation in debpi
regimes best for a range of metrics. Although both sites areataborised a8w (tropical
savannaclimate) Figures3.9 and 3.12show differencesin the model order that best
reproduces the observed interannual variability of precipitation occerrdh©) and
amount (IVA) between the two locations, with different model orders performing better in
different seasonat Brasilia. This may result in slightly weaker precipitation performance in

Brasilia than at other sites, resulting in poorer perfor@amceproducing solar radiation.
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Figure 5.4 1 Observed means in daily solar radiation (coloured stars) and the generated
means in daily solar radiatiofblack with error bars), calculated monthhyith error bars
representing the largest mean from20l simulations and the smallest mean (black, dashed)
at a) Brasilia, b) Fort Huachucag) Reykjavikd) Punta Arenas, and) Aasiaat.

Annual cycles in dar radiation have been preserved by the model accurately at all
sites.As with wind speed, despitstatistical differences between observed and generated
means and variancedl, sites show excellent practical significance, and once again supports
the useof the GCWG as a tool to produce alternatixealisations that arsimilar to the
observedclimate This practical significance is particularly important at Brasilia, Fort
Huachuca and Aasiaat, whene totwo thirds of the simulatiorshowstatistical differences.

It is clear fromFigure 5.4 that even in these locatignthe annual cycles are captured
exceptionallywell at Fort Huachuca and Aasiaditis also reassuring to note the diffaren
shapes that theCWG is able tccaptue; Brasilia for example hasvery weak annual cycle,

whereas it is very strong in Aasiaat.
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5.3 DAILY RELATIVE HUMIDITY

5.3.1 GENERATING DAILY RELATIVE HUMIDITY USING A
MULTIPLE LINEAR REGRESSION MODEL

Relative humidity describes the ratio of how much water vapour is in the air to the
maximum amount of water vapour the air could hold at any given temperature, expressed a:
a percentage. The primary reason for the inclusion of relative humidity B@WAG is due
to the role the variable plays in daily changes in reference evapotranspiration. With less
available moisture in the air (therefore a lower relative humidity), evaporation is enhanced
from open water sources and soils. Conversely, at higheweslatimidities, evaporation
rate is decreased. However, relative humidity is also an important variable in the study of
wildfires, virology and human physiologfWilliams et al., 2019) Changes to relative
humidity can have direct and substantial impacts on physiological processes, including eye
irritation and asthma, seeill-effects on human comfort, the alteration of virus spread,
alongside combinations of increased relative humidity and temperature reducing evaporative
cooling of the bodywhich can result in dangerous core body temperature levels
(Gunawardhana et al., 2017; Wang et al., 2018)

Despite the significance ofelative humidity in several fields, stochastically
producing time series of daily relative humidity is largely undiscussed in literature in
comparison to the primary, secondary, and other tertiary variables considere GiGW
(Gunawardhana et al., 201 Dew point is more frequently discussed, which can ultimately
be converted into a relative humidity using daily temperattalis and Griffiths(1997)
proposed a model for generating dew point (alongside other variables) using a matrix of
correlation coefficients between maximum and minimum temperatures, solar radiation,
horizontal and vertical wind components at 1200 and 2400 LST, and dew gasisT
similar to the process described by Matalas (1967) and Richardson (1981), but further
developed to include more tertiary variabssunmg each variable is normally distributed

and weaklystationary.

However, b reduceerrorsthat may arisé¢hrough converting dew point temperature
to relative humidity(using generated temperature valu@sinultivariate linear regression
model will be usedto directly generate relative humidity daily time seriefslike the solar
radiation to clearness index transformation, where only latitude is required, converting a

generated time series of dew point temperature to relative humidity would also require the
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generated daily temperature values. However, synthetigarature values would also have
been used to generate the residual dew point temperature series. By using the syntheti
temperatures to generate a dew point temperature, and then in the conversion to a relativ
humidity, any errors in simulating tempenauwalues will impact the resultant relative

humidity twice.

Daily relative humidity('Y "Pvalues on dayCare transformed into a residual series
using monthly means and standard deviatiosn autoregressive multivariate linear

regression mael,

YO 0 00 &Y &Y dY0o - (59)

where0 fofoA 1 dhare coefficients of regression,is a constant, andis an independent,
standard, Gaussian error term, is used to generate a residual series. The constant at
regression coefficients are fit monthly, resulting irrdgressiong-ollowing the simulation

of a synthetic residual series, values are transfoitmaek into relative humidities using the
corresponding observed mean and standard devjaatrulated each monthike clearness
index,'Y "0Q& constrained variabléhough here wittower and upper limits of 0 and 100%
respectively. If the model genr at e s lar 99@valuesof and 99% will be infilled

respectively.

Daily temperatures, precipitation, an
chosen as predictors due to the relationships and significant correlations between relative
humidity and these variables. Increased temperature results in the increasdwbldatgr
capacity of air, therefore increasing the maximum amount of water vapour that air can hold.
Consequently, as temperature increases (if all other factors influencing relative humidity
remain constant), relative humidity decreases. Converselycezase of precipitation will
result in an increase in humidity due to more wateailablefor evaporation. Similarly,
higher humidities increase the likelihood of precipitation; if relative humidity reaches 100%,
condensation and precipitation may occiliese known relationships are reflected by the
Pearson correlations at each studied site between observed maximum/minimum temperatur
and relative humidity ranging fron0.20 to -0.80, precipitation and relative humidity
between 0.20 and 0.40, and thg1 autocorrelation coefficient in all cases exceeding 0.60.

All correlations are statistically significant, reassuring their use as predictors in the model.
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5.3.2 ASSESSING THE MULTIPLE LINEAR REGRESSION MODEL
PERFORMANCE AT REPRODUCING OBSERVED DAILY
RELATIVE H UMIDITY

Relative humidityrecords are not widely availab{&unawardhana et al., 2017;
Nicks and Harp, 1980)To address this issue, NASA2OWERdata at sites Brasilia, Fort
Huachuca, Punta Arenas, Tallinn and Aasiaat, introducdalote 5.5, will be used once
more. Relative humidities from the NAS2OWERdatasets are provided at a height of 2m.
The same training and test data as in Se&i@ihas been used here (4 2atio of training
to test datasets). For consistency with other sections, test data will be referred to as
Afobservedo, despite originating from mod e

again refer to the data simulated using the paramettmslated from the training dataset.

Thirty 10-year simulation®f daily relative humidity have been produced at each
site, using generated maximum and minimum temperatures, precipitation, and previous
daysod humi di tAgain,dGyeapsimalations are mae. representative of the
length of test period (approximately 13 years heFag range of means in daily relative
humidity produced by thihirty simulations is calculated and compared to the observed data
for each month. Applying the s® logic as before, if the observed dataset andhihty
generated datasets are realisations of the same climate system, it can be expected that t
observedneanswill generally lie within the range of generategans

The nonparametric MantWhitney U and Levene tests have been used to compare
the observed andh(rty) generated means and variances respectively. Although some sites
show approximate normal distributions in the observed and generated humidities, non
parametric tests will be used to erestwobustness where the distribution ismammal, and

to account for the constrained nature of the variable.
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Table5.7 1 The number of observethily meanscalculated monthlyn relative humidity
that lie within the range A0 generated means out of a maximum 12. The mean numbers of
simulations averaged over 12 months that show no statistical differences out of a maximun

of 30 using the MariWhitney test to compare means, dne veneds t est

variance.
MEAN  SIMULATIONS PER
MONTH SHOWING NO
STATISTICAL DIFFERENCES
No. of observed means
LOCATION within range of generated Mann Whitney Leveneods:s
Brasilia 8 20.7 22.3
Fort Huachuca 8 9.9 10.8
Punta Arenas 10 24.2 23.2
Tallinn 11 17.3 19.0
Aasiaat 10 19.1 15.2

At all sites, at least three quarters observed meansalculated monthlyn daily
relative humidity lie within the range dfirty generated means. Brasilia,Punta Arenas,
Tallinn and Aasiaat, at last half of the simulations (averaged over all 12 months) show
statistically similar means and variancetere, Fort Huachuca shasthe least accurate
generation of relative humidities. An issue that has already been discussed in5B2a@ion
it is important to note that the temperature sample @zeectionprocess introduced in
Chapter 4, Sectiof.2, mayimpact the resultant gerated temperatusnd thughetertiary
variables With shorter records used here than in Chapter 4, thees@meore occurrences
where the minimum sample size required to calculate bimonthly means and standard
deviations in maximum and minimum tempera is not met. More halhonths will
therefore have the temperature parameters calculated using data not necessaril
corresponding to the hathonth (i.e., usindhreemonthly means and standard deviations
instead). Much like solar radiation, relativanhidity is typically stronglycorrelated to
(particularly maximum) temperature. Any inaccuracies in generating the temperature will

therefore carry forward into the relative humidity.

In Section 5.2.3 it was instead Brasilia that showed the weakest agtdstween
observednd generated solar radiatjonth the temperature sample size correction process
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a suggested reason for tlesserperformancelt could thereforebe expected that Brasilia
would once again show the weakest performance at reprodetaige humidity and Fort
Huachuca at reproducing the solar radiation. However, performance may be dependent ot
the strength of the correlations at each site between the tertiary variable and temperature
For example, solar radiation is much more sthpngegatively correlated to maximum
temperature at BrasiliaQ(8) than at Fort Huachuc#(4). Conversely, relative humidity is
more strongly correlated with maximum and minimum temperature at Fort Huachuca (0.7
and 0.4 respectively) thaat Brasilia (04 and 0.0 respectively). This may result in

inaccuracies in temperature generation affecting the variables differently depending on
location.
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Figure5.57 Observed means in daily relative humidity (coloured stars) and the generated
means in relative humiditfblack with error bars) calculated monthlwith error bars
representing the largest mean from thlirty simulationsand the smallest megaat from a)

Brasilia, b) Fort Huachucac) Reykjavikd) Punta Arenas, and) Aasiaat.
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Annual cyclesshown inFigure5.5, arereproduced accuratelwith the range of
generated means always lying within one standard deviation of the obgeoteshown
here)even in instances where there are a large numbeatisteal differences (e.g., Fort
Huachuca)A range ofshapesrepresentacross the five sites. For example, Punta Arenas
and Tallinn both have sinusoidal shapes but with peaks in June and February respectively
Aasiaat has a large peak in Februaryiofeed by a smaller peak in August. The shape of
each distribution is reproduced with high accuracy. This is reassuring of the use of the
multiple linear regression model to reproduce observed relative humidity, despite some of
the statistical differenceshewn in Table5.7. Despite statistically significant differences
between the observed and simulated datasets, generated relative humidity remain:
meaningful for practical applications at Brasilia, Punta Arenas, Tallinn, Aasiaat, and from
July to December in Fort Huachuca.

Despiteas many a8 observed means lying within the range of generated means,
only approximatelyone third of the simulations have statistically similar means and
variances at Fort Huachuad&lthough the temperature sample size correction process may
contribute to this, a furthecause of the inaccuracies in Fort Huachuca may be caused by
large differences between the training and test datadetapnstrated inFigure 5.6
(alongside Punta Arenas for comparis@here statistical differences between observed and
generated simulations afi@ less prevalent). Differences of up to 10% are present between
daily means(calculated monthly) inthe training and test datased$ Fort Huachuca,
conversely taa maximum difference of 1% in Punta Arenas. In Fort Huachuca, all five of
the months where thebservedneansdo not lie within the range of generated values are in
the first five months of the year, where training and test datasets differ most strongly.
Furthermore, the standard deviations in the test and training set are much larger in For
Huachwa than at any other site. This potentially highlights an issue with using smaller

datasets to determif®@CWG input parameters.
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Huachuca and bottom) Punta Arenaalculated monthly

Another potential cause for the weaker performance of the model may lie with using
the linear regression model itself. Using the observed records for precipitation, maximum
andmi ni mum temperatures, and previous da
humidity have been produced using equation 5.7. The residuals (actual observed value:
minus predicted values) are shown in-QRtsin Figure5.7. If the residualare normally
distributed, theyshould show a straight line, and it is with confidence that the suggested
multivariate linear regression is a suitable techniquenfwelling the variableResiduals at
Punta Arenas and Aasiaat resemble normal distributions the closest. These sites also hau
the fewest statistical differences between observed and generated relative humidities.

Tallinn and Fort Huachuca show similar approximations to normal distributions, thmugh
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a lesser degrethan at Punta Arenas and Aasiaat. The QIQt for Brasilia suggests the
residuals of regression are not normally distributhts may bea contributor towardghe

poorest statistical agreement with the observed values.
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Figure 5.7 17 QQ-plots showing the residuals of regressfontop) Brasilia and Fort

Huachuca, middle) Reykjavik and Tallinn, and bottom) Aasiaat.
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5.4 REPRODUCING OBSERVED INTER-TERTIARY VARIABLE
CORRELATIONS

Models for simulating daily time series for each of the three tertiary variables have
been introduced: a generalised linear model for wind speed which allows-reomoal
distribution, a transformation to clearness index and multiple linear regressioh forode
solar radiation, and a multiple linear regression model for relative humidi€yyears of
daily data has been generated for precipitation, maximum and minimum temperature, wind
speed, solar radiation and relative humidity using the NR®AVERdatasplit into a 2:1
ratio (training to test dataset). To determine whether correlations between the tertiary
variables have been preserved through their individual dependencies on the primary and/o
secondary variabl es, P e a een calcubated for the obsetvedt 1

(test) with the generated datasets between the tertiary variables.

Table58i Pear sonds correlation coef fidalytenet s f

series for relativdhumiditywind speed and relative humidiplar radiation

Brasilia Fort Punta Tallinn Aasiaat

Huachuca Arenas

WIND Observed -0.33 0.07 -0.34 0.28 0.14
SPEED Generated -0.23 0.00 -0.06 0.26 0.10
SOLAR Observed -0.30 -0.66 -0.71 -0.75 -0.40
RADIATION Generated -0.35 -0.56 -0.65 -0.67 -0.35

The GCWG accurately reproduces correlations between relative humidity and wind
speed, and relative humidity and solar radiation. Generated and observed correlations (nc
shown inTable5.8) between solar radiation and wind speed are negligible (betvdekn
and 0.1) at all locations except Tallinn and Aasiaat, where observed and generated
correlations are both weakly negative. Although the sites in this study show little correlation
betweenthe two variables, it is reassuring that the observed relationships between wind
speed and solar radiation are reproduced accurately due to practical impacts relating tc
renewable energy sources. For example, Mohammadi and Goudarzi (2018) note potentia
arti-correlation between wind speed and solar radiation during very strong El Nifio events

across California. This relationship could be utilised in the planning of renewable energy
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sources; where there is less solar energy potential, higher wind energyiapateay

complement the decrease.

A range of correlations between relative humidity and wind speed are present at the
different sites. While all correlations are relatively weak, in some locations the correlation
is positive (e.g., Tallinn and Aasiaat)danthers negative (Brasilia and Punta Arenas). In
most cases, tHteCWG reproduces the observed correlations with a good degree of accuracy.
The largest differences between observed and generated correlations are present at Pur
Arenas. Despite this, thebserved correlation remains weakly negativ@34), with an

extremely weak negative correlation in the generated dat@ses)

Knowing that solar radiation is strongly correlated to temperature and relative
humidity negatively correlated to tempenauthe observed negative correlations shown in
Table 5.8 between solar radiation and relative humidity are expected. It is reassuring the
GCWG reproduces these cobns between relative humidity and solar radiation with the
correct sign and magnitude at each site. Correlations vary from weakly to strongly negatively
correlated, with the largest difference between any observed and generated correlation onl
0.09. Ths demonstrates thHeCWG 6 goodability at reproduing correlations between the
tertiary variables accurately. Of the three intariable relationships, this is arguably the
most important to accurately reproduce. Sunny weather (i.e., high solar radiation) in
combination with low relative humidity is importafor agricultural processes (such as
cereal crop harvesting) and can increase fdnesignition risk(Ruosteenoja and Raisanen,
2013) While the two variables tend to be negatively correlated, in instances where both are
higher than usual (alongside temperature) there is an increased risk to human mortality.
Furthermore, in the absence of alvsdéional data, several methods rely on relative humidity

(alongside other variables) to calculate daily solar radiation.

Punta Arenas and Brasilia show strong0(5) and weak (€.5) negative
correlationsrespectivelybetween relative humidity and solradiation. Using the observed
record and 100 years of generated data, boxplots have been produced for the relative
humidities on all days where the solar radiation falls below tHepgécentile and exceeds
the 9" percentile (with percentiles calctgal from the observed data). The inverse
relationship between the two variables is clearly shown, with higher average relative
humidities on the days falling below the™@ercentile in solar radiation, and lower average
relative humidities on days excéeg the 99" percentile in solar radiatioi.he range of
relative humidities on days where the solar radiation falls below the@d@entile is also
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accurately reproduced in both locations. While the mean relatimidity on days with solar
radiation exeeding the 90 percentile is well reproduceéigure 5.8 shows much larger
ranges in Punta Arenas and (though to a lesser degree) Brasilia in the generated datasets.
IS important to reiterate that the sample size of the observed data is muiehn 8raa the
generated; hence many more outliers in the generated data sheigureg®b.8. Despite this,

the upper tail is generally reproduced welith differencesbetween the observed and
generated valuesf around 4%. Due to the greater negative implications of simultaneous
high solar radiation (and temperature) alongside high rel&twnidity it is arguably more

important to reproduce the upgail than the lowetail effectively.
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5.5 CALCULATION OF REFERENCE EVAPOTRANSPIRATION
USING OBSERVED AND GENERATED WEATHER
VARIABLES

Evapotranspiration is an important agrometeorological variable in the hydrological
cycle, describing evaporation and transpiration. A widely used variable in hydrological and
agricultural models, evapotranspiration is used to understand local water amdfeysles
and is often used to assist in the development of infrastructure and irrigation planning and
management. Furthermore, evapotranspiration is also an important variable in distinguishing
the climatology of a region. Understanding precipitatioa site alone may not be enough
to distinguish between a dry or moist climate. However, evapotranspiration is not a widely
observed variable due to a wide range of complexities in taking measureifiesss.
include flaws in experimental design, interpretatof results and even the measurement

equipment itselfAllen et al., 2011)

Reference evapotranspiration describes the rate of evaporation and transpiration
from a reference surface (that is not short of water), and was initially developed to study the
atmospheric evaporative demand independently of crop type, development, and
maragement practice¢Allen et al., 2006) Reference evapotranspiration is a purely
climatological varable and can be calculated using meteorological variables onlyndihe
meteorological variables that affect reference evapotranspiration are solar radiation, air
temperature, humidity, and wind speed. Using the outlined models for daily wind speed,
solar radiation and relative humidity, alongside the models described in Chapter 4 for
generating maximum and minimum temperature, daily reference evapotranspiration can be

calculated.

Reference evapotranspiration has been calculated with the ETo Pythomgepacka

(documentation accessible frohitps://eto.readthedocs.io/en/latest/intro.htuéjing the

FAO PenmarMonteith method. This package is also able to estinraterence
evapotranspiration itheabsence of several of the tertiary variables, making it cgipe at

sites that have not recorded variables suclsaar radiation or humidity.Reference
evapotranspiration will be calculated at Punta Arenas and Brasilia. These sites have bee
chosen due to the excellent performance o28®VG in temperate climas and the weaker
(though still good) performance in tropical climates. NASBWERdata for Punta Arenas

and Brasilia has been split into the same 2:1 ratio (training to test datasets) as before
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Reference evapotranspiration is first calculated from tiiervied (test) dataset. References
to Aobservedo ev apeterenrcavamtpanspiration calculatdddrentthei b
observed (test) dataset. Similarly, fnngene
refers to reference evapotranspiraticalculated from the generated variables, using
parameters calculated from the training datagstty 10-year simulations of maximum and
minimum temperature, mean wind speed, solar radiation and relative humidity have been
produced using the trainingtdaet and hence daily reference evapotranspiration calculated.
Thirty 10-year simulations (as opposed to tenygar simulations as in Chapter 4 and

Section 5.1) have been usedtwe agaietter reflect the shorter length of the test dataset.

Figure 5.9 shows excellent practical agreement between generated and observed
monthly means in daily reference evapotranspiration at Punta Arenas. In most months,
gererated evapotranspiration at Brasilia shows good practical agreement with the observed
Weaker performance at Brasilia than Punta Arenas is expected, due to weather stations i
tropical regimes consistently showing less accuracy in reproducing (in partirtiary)
weather variables than those in temperate locations (such as Punta Arenas). It is importar
to reiterate that the test dataset only spans 10 years. This is not a particularly long record
especially when considering derived quantities suchefesence evapotranspiration that
depend upon several climatic variables. This may be responsible for some of the difference:
between the observed and generated dataseteever,the annuatycle at both locations
is captured accuratelyyith the shapetiming and amplitudes of the generated reference
evapotranspiration closely aligning with the observed. iBhisassuring of the proficiency
of the GCWG.
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At Punta Arenas, the observed reference evapotranspiration lies within the range of
generated values in all monthgith at least60% of the simulations showing statistically
similar means and variance3he GCWG does, howevemproduce several months where
the range ofenerated monthly means in daiferenceevapotranspiration @snot capture
the observedt Brasilia Thisis refleced by only a small proportion of statistically similar

means (approximately 17%).

Table5.9 - The number of means in daily reference evapotranspiration calculated from the
observed (test) dataset that lie within the rang8®fmeans calculated from generated
variables out of a maximum 12. The mean numbers of simulations averaged over 12 month:
that show no statistical differences out of a maximu0afising the MamWhitney test to

compare means, and Leveneds test to comp:

MEAN  SIMULATIONS PER
MONTH SHOWING NO
STATISTICAL DIFFERENCES

No. observed means within

Location range ofgenerated Mann Whitney Leveneos
Brasilia 3 5.1 10.9
Punta Arenas 12 18.1 19.8
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Figure5.107 Evapotranspiration calculated using observed and generated variable:

Brasilia and Punta Arenas. One of tifierty simulations is shown here.

The overall distributionsof all daily valuesshow few differences between the two
datasets at botites(Figure5.10). Observed reference evapotranspiration at Brasilia shows
alargermedian, mean, and range than Punta Arenas, which is accurgélyed by the
GCWG. There are many more outliers in the upper tail at Brasilia, indicating a more skewed
distribution, once again accuratedgpturedoy the generated data. This demonstrates the
capability of the GCWG to capture a range of distributions idaily reference
evapotranspiratiorfrigure5.9 andFigure5.10 highlight the merits of not only statistically
testing the data, but to also visualise it. Although there are several statistical differences, the
generated time series is generally showimgadistic realisation of the observed climate.
This reiterates once more that with larger sample sizes, statistical tests are more likely tc

pick up on small differences between the datasets. However, it is clear that for many
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applications, theGCWG will sufficiently simulate an accurate time series of weather
variables that can be used to calculate a realistic realisation of the reference

evapotranspiration.

5.6 CHAPTER 5 SUMMARY

Models for generating daily time series for each of the tertiary variabksmn(mind
speed, solar radiation and relative humidity) have been introduced. A requirement of each
model was to incorporate some dependency on a primary (precipitation) or secondary
(maximum and minimum temperature) variable. This is because only theryprand
secondary variables will be scaled with increasing global mean surface temperature in
Chapters 6 and 7. Changes to the tertiary variables as a function of GMBTherefore
be incorporated through the changes in precipitation and temperghaegh not
investigated as part of this research).

A generalised linear model (GLM) to simulate daily mean wind speeds has been
demonstrated, using lglg autocorrelation, maximum and minimum temperatures as
predictors with a gamma distribution and a-lok function. The model shows good
statistical agreement and excellent practical agreement with observed data at each of five
sites (Key West, Fort Huachuca, Reykjavik, Tallinn, and Aasiakater-variable
correlations are generally well reproduced, thougmast sites correlations are we#k.
multivariate linear regression model has been used to produce solar radiation and relative
humidity time series using laj autocorrelation coefficients, maximum and minimum
temperatures, and precipitation as predgtti ASAPOWERdata(which combines satellite
and modetatg hasbeen used in place of weather station observations due to a lack of high
quality, multivariate records, using Brasilia in place of Fort Huachuca and Punta Arenas in
place of Reykjavik. A transformation to and fr@ulearness index is recommended for the
solar radiation model. This is to ensure that regression residuals are approximately normally
distributed. Generated solar radiations and relative humidities show good statistical
agreement with observed data at most sites, with Brasilia and Fort Huatlowdag the
least accuracy. Despite this, annual cycles are accurately reproduced at each site, an
generated data showsgcellentpractical agreement with the obsenatdnost sites

Temperatures and tertiary variables have been used to calculate daily reference
evapotranspiration with the ETo Python package, using the FAO Pedviorrith

equation. Generated and observed reference evapotranspiration time series show excellel
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agreemenat Punta Arenas, and to a lesser degree, at Brasilia. This is an expected result; ir
all comparisons between generated and observed da@CiVé& tends to perform better

in temperate locations (i.e., Reykjavik and Punta Arenas) than at tropical site&déy

West and Brasilia). However, at both sites, the generated time series continues to
demonstratthe GCWG ability to reproducsensiblerealisations of the climate, with good

practical agreement between generated and observed datasets.

Thischapte has demonstrated the strengths of this silG@/G, utilising a limited
number of parameters for each tertiary variable, whilst maintaining some dependency on the
primary and/or secondary variables. Furthermore, this dependency has accurately capture
the correlations between the tertiary variables without the inclusion of additional predictors.
Using weather stations that cover a range of climatic regimes provides confidence of the
globally representative nature of tBEWG. Generated time series for bdertiary variable
shows goodo excellentpractical agreement with observations, supporting the skill of the

GCWG at reproducing realistic realisation
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6 PATTERN SCALING THE PRIMARY VARIABLE
WEATHER GENREATOR PARAMETERS

Chapters 3 to 5 saw the development of @iebally Calibrated stochasti@Veather
Generator (GCWQ) validated using a global network of gridded weather station
observations, and a selection of observations representative of thi€tippen climate
regimes(tropical, dry, temperate, and pol&§Koppen, 1900Q)In this chapterprecipitation
parameterresponse to externallimate forcings will be diagnosed from two General
Circulation Models (GCMsgas a function of increasing global mean surface temperature
(GMST). To reiterate, these parameters includenthly Poo, P11 (the probability of a dry
day given that the previous day is dry, and the probability of a wet day given that the previous
day is wet, r es pdaycshapevaadsgale, respdctivelg)d b (we't

Regonsewill bediagnosed from the IPSCM6A-LR and ACCESSESM1.5 GCMs
and have hence been compared to each other and wider literature. Fotloavthggnors
of primary parameter response, parameters calculated directly from weather station
observationswill be perturbed to generatprecipitation time series thatmay be
representative of a range of global warming levels (GWis)st reducing GCMnduced
errors at representing loestale climate arising from their course resolution and
parameterisation of several s@CM grid-scale processes (such as cloud microphysics and

local forcings).

Section 6.1 recaps the Markeohaingammadistribution model discussed in Chapters
2, 3 and 4and reiterates some of the literature discussed in Chapter 2 pertaining to pattern
scaling. This approach has been taken to facilitate the preparation and submission of a
manuscriptt i t | e d Sdalidagthet Ranameters of a Stochastic Weather Generator to
Represent Changes in Climat e: to8limbBlie@Ghanges t r &
in due courseThe GCWG is therefore not referred to explicitly in the manuscript, though

the parameters dmodels described are those used in the GCWG.
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6.1 PATTERN SCALING THE PARAMETERS OF A STOCHASTIC
WEATHER GENERATOR TO REPRESENT CHANGES IN
CLIMATE: A DEMONSTRATION FOR PRIMARY VARIABLES

6.1.1 INTRODUCTION

General Circulation Models (GCMs) are the most sophisticatel widely utilized
tools used to study the climateds rsm&/pons:
not bedirectly suitable for impact assessments due to their coarse resqMiichell, 2003)
or, in cases where the rdston is suitable (e.g., the recent High Res MHarsma et al.,
2016), limited numbers of simulations representing only a few scenhawes been run
therefore not fully capturing unforced variability. Several methods have been discussed in
the literdure to address the mismatch between GCM-aveaaged outputs and the local
scale resolutions required for hydrological, agricultural, and ecological assessments,
including statistical and dynamical downscaling technigiisaun et al., 20105tochastic
weather generators are a tool that have been used to statistically downscale GCM output
and produce long timseries for a range of weather variables at a iscale(Jones et al.,

2016; Wilks, 2010, 1999aJhe weather generator parameters are typically estimated using
a local observed record, and then projected changes in the parameters (to represent a possil
future climate) are diagnosed from GCM slations for a specific scenario and time period.
While this addresses the resolution mismatch, it can only be applied to scenarios or time
periods simulated by the GCM. Although a defined range of climate scenarios have been
considered byhe sixth Coupledodel Intercomparison Project (CMIP&CMs covering
mitigated, weak, and high forcing scenarios, there is no quantification of each scenario's
likelihood (Tebaldi et al., 2021; van Vuuren et al., 2044yl therefor¢he study of a handful

of scenarios alone does not capture the range of uncertainty.

Pattern scaling (PS) addresses the issue of limited simulations. Originally developed
to createtransientprojections from equilibrium responses of a GCM to doubled CO
concentration, PS has more recently been used to construct projections for scenarios an
time periods where fully coupled projections are not available, and to better understand
uncertainties associated with intaodel variability(Lynch et al., 2017; Osborn et al., 2016;
Santer et al., 1990; Tebaldi and Arblaster, 2014)s an approach that has beapplied
within the IPCC Sixth Assessment Rep@RCC, 2021a)A computationfly inexpensive

technique, PS assumes a linear relationship between local climate change (e.g., within a grit
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cell), and the global mean surface temperature (GMST) chéngges this linearisation to
approximately emulate the projections from a GCM. @sled al. (2016, 2018) argued that

this linear approximation does not need to be perfect (it is an approximation after all) but
that, to be useful, the errors arising from this approximation should be small relative to the
other sources of uncertainty (e.gmall relative to the spread of results in an ensemble of
different GCMs).A spatial pattern of this relationship is derived from transient GCM data
expressed in a normalised way, for instance, as change per degree Celsius of GMST chang
The resultingpattern can hence be scaled by a specific GMST change (the 'scaling factor’),
or a time series of GMSTSs, to emulate the climate at a specified global warming level
(GWL).

The raw GCM datausedto define the spatial patterns are usually composed of
monthl, or seasonal, means and are typically time filtered (e.g., a-yealti running
average) to clarify the external forcing signal. As a result, further treatmiraR® output
Is needed to investigate extreme events at different time scalesdélg.events) and
variability response¢e.g., interannual variability)to forcings are not routinely accounted
for despite their importanc@gatz and Brown, 1992; éheviratne et al., 2021)although
variability parameters can be scaled, independently, alongside the mean of the climate
variableitself, e.g., Osborn et.a2016.

Stochastic weather generators (SWGSs) can be used to downscale GCM outputs an
are frequently used to produce time series for a range of weather variables in the absence c
high quality, consistent records, for use in hydrological and agricultural risk assessments
(Semenov et al., 1998)ong, synthetic time series also allow for more accurate estimation
of the probabilities of extreme ews, such as long wet or dry spells, where observed records
may be too short. SWGs are computationally inexpensive and can produce several
realisations of the climate that they have been calibratdddwever, unlike GCMs, SWGs
do not represent the phyalcprocesses that determine the climate change induced by
external forcingThis means that they cannot, on their own, be ts@doduce realisations
of the future climate without some perturbation. Instead, changes in their parameters neec
to be providedy an external source (such as diagnosing changes from GCM or Regional
Climate Model (RCM) simulations). Note that other approachesatitstical downscaling
are conditioned on largecale variables such as atmospheric temperature, humidity and
circulation patterns, and these predictor variables also need to be diagnosed from GCM ot

RCM simulations.
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This study, therefore, applies PS to the {fosler transition probabilities and wet
day gamma parameters o88/G (defined in Section 6.1.R)ith the aim of generating long
time-series emulating presently «smmulated scenarios (i.e., representative i@&sently
unmodelled GCM- scenario combinations), whilst also addressing the issues regarding
coarse GCM resolution and reducthg impact olGCM-induced errors in the projection of
local scale climateso demonstrate this approach, global gridded tiiangprobability and
gamma parameter responsesxtternal forcings such as increased greenhouse gas emissions
will be diagnosed usinthe IPSI-=CM6A-LR GCM. GMST is used as a metric to quantify
the changes to regional climates and therefore, responsebewmiiscussed relative to
changing GMST (i.e., how do these parameters scale with GMBi&)mplications of the
response patterns to resultant precipitation will be interpreted and hence compared tc
observed and projected trends in precipitation witmghmeg GMST. Finally, the response
patterns will be used to perturb transition probabilities calculated from weather station
observations at Santarém, Brazil and Reykjavik, Iceland, and generate precipitation
occurrence under thregobal warming levels (G\W\s); 1.5, 2.0 and 4.0°C

6.1.2 DATA AND METHOD S

6.1.2.1SELECTION OF CLIMATE SCENARIOS AND GCMS

A wide range of future forcing pathways are covered by the CMIP6 ScenarioMIP
ATi er 10 experiments, f r-2a6nto vighrendnfayding (i.emi t i
SSP58.5) scenario§ O6 Ne i | | et al ., 2016 ; 20Rl) Ehfee of e t
the four experiments (SSR26, SSP2.5 and SSRB.5) are analogous to CMIP5
experiments, studying similar levels of radiative forcing by 2100 (corresponding to RCPs
2.6, 4.5 and 8.5). SSPB0 has been constructed to fill a gap between me(@38rP24.5)
and high (SSR8.5) pathwaygTebaldi et al., 2021)Weaker forcing ostrongly mitigated
scenarios are known to produce less delined response patterns, hich, when
extrapolated, lack characteristics present in higher forcing responses. Strongly mitigated
scenarios are also thought to show-tiorar precipitation chargg(Wu et al., 2010jvith
the spatial characteristics of warming changing as the deep ocean temperature reache
equilibrium(May, 2012) Whilst it ispossibleio extrapolate patterns from leend warming
scenarios, it has been recommended that patterns should instead be diagnosed from strol
forcing scenariogMitchell, 2003)andit has beershown that resp@e patterns diagnosed

excluding highend scenarios may perform poorly beyond certain G\\@sban et al.,
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2018) It is because of this that, of the four widely available Tier 1 ScenarioMIP scenarios,
only the highend forcing scenarios, SSF3 and SSPB.5, will be used to produce climate
response patterns. SSR%.8 and 58.5 both result inigher GMST increases by 2100 than
other SSPs. This will reduce inaccuracies that may arise when scaling SWG input parameter
changes from lovend warming scenarios. Furthermore, ploeling of two SSPs provides

a larger sample size, thus improving the algo-noise ratio of the forced response against

internal climate variabilitfOsborn et al., @1L8).

SSP5 represents the highd of future pathways and describes a future with high
mitigation challenges with fossiliel dominated development. Investments in human and
social capital are increased, with a greater emphasis on resource and atesrgiyed
lifestyles globally. In turn, there are higher energy demands with high exploitation of fossil
fuel resources and delays in uptake of climate mitigation poligéshi et al., 2017)
resulting in an external forcing of 8.5Whry 2100. Alternatively, SSP3 describes a future
of resurgent nationalism with high societal vulnerability. S3RBis an update on RCP7.0
and represents a meditbothigh pathway. This scenario combines substantial land use
changes (includingn global faest cover), high nederm climateforcing emissions, and

the largest population growth of all scenarios (12.6 billion by 2@Ri@hi et al., 2017)

While any GCM could have been chosen because this is agroohcept rather
than putting forward a new climate change projection, there are nevertheless some reasor
why IPSL-CM6A-LR was chosen. First, it has an initial didion ensemble of runs for each
of the SSPs considered here (rather than a single run) which allows more accurate climat:
change patterns to be diagnosed when the stgnadise ratio is smal{Mitchell, 2003)
Here, four realisations of both SSPs have been used to diagnasspbases. Secondl,
has a moderat®-high climate response: the GMST change by 2100 slightly exceeds the
Avery |l i kelyd ranges assessed by AR6 (I P
is 4.52°C,which lies towards the upper end of AR6 assgsange These slightly stronger
GMST changes will also improve the sigib@noise ratio.These advantages will help to
make the diagnosed change patterns more accurate, dfdrahces between PS emulated
and GCM projections at a specified GWL canifeestigated The intermodel spread of
responses is likely to be largéDsborn et al.,, 2016; Tebaldi and Arblaster, 204d4)
guantifying that is not the focus of this study.

Fourinitial-conditionensemble members with differing resalions of SSP%&.5 and
SSP37.0 ScenarioMIP simulationand historical CMIP6 simulations will be used to
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diagnose the spatial response of the-firster Markov probabilities. idtorical simulations
runfrom 18501 2015, and ScenarioMIP simulations froml80 210Q Each realisation has
unique, internally driven components that are independent of the forced external climate
signal which remains constant between realisations. The components of unforced variability
in theensemble members are independentasheother(Jones et al., 2011)hus it can be
expected thgbooling four ensemblenembers will reduce the size of the internal, unforced
variability by half relative to using a single memb@sborn et al., 2018)ncreasingthe
number of ensemble membebgyond four isnot computationally efficient for the
improvement in the error; to further reduce the error by another half would require sixteen

ensemble members (with ma@®CMs not simulating this number of realisations).

Historical simulations have been concatenated with the corresponding ScenarioMIP
realisation to produce a temporally consistent series from 1850 to 2100. For example, the
first realisations of SSRPB3.0 ard SSP535 (rlilplfl) have been concatenated with the first
realisation of the historical simulation (rlilplfl). The concatenated time series will
hereafter be referred to as historia6P37.0 and historical+SSP58.5. The four
historicatkSSP37.0 and fourhistoricaltSSP58.5 ensemble members will be pooled,

resulting in eight temporally consistent time series from 1BEID.

6.1.2.2DETERMINING THE SPATIAL RESPONSE PATTERNS

There are several different methods of generating daily precipitati@nseries,
including Markovchain gammatlistribution models, seriggpe empirical distributions
(Semenov and Barrow, 2002Markov renewal processe@-oufouladseorgiou and
Lettenmaier, 1987and the NeymarScott Rectangular Pulse methi@bwpertwait, 2004)
A summary of the approaches is provided in Chapter 2jdBe2t3. Here, due to the
simplicity of the parameters lending themselves suitably to pattern scaling, a Maikiav

gammadistribution modeWill be used here.

Firstorder, 2state Markov chains are frequently used to stochastically simulate
daily precipitation occuence(Richardson and Wright, 1984yheretwo-state refers to the
precipitation status ofadag.,e i t her wet ohereddfingd,as apiediphatiadnw e t
amount of at least 0.1mm. Following the generation of a bimamber sequence
representing wet or dry days, Markokain weather generators typically attribute an amount
of precipitation to a wet day independently from a-pewameter gamma distribution, fitted

monthly. While higheworder models have merits first @dMarkov chains are the most
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commonly used in literatur@imoh and Webster, 1996; Schoof and Pryor820énd in a
global comparison of zeroth, first, second, and third modié#r performance, Wilson
Kemsley et al. (20D showed that firsorder models are the most accurate at reproducing
observed distributions of wapell length anadutperformed all others using the Bayesian
Information Criterion (BIC)globally. For this reason, firstrder Markov chaisonly will

be considered here.

The response of first order transition probabilities anddagtgamma parameters
to changing GMST Wl be diagnosed from IPSICM6A-LR. First order transition

probabilities are defined as

Y BT & (6.1)

where'Gand Qepresentvet (p) or dry (1) days andé the number of days in the observed
record corresponding to the precipitation state definetQagd™Qon the preceding and
current day respectivelyTransition probabilities are calculated for each of the twelve
calendar months, resulting in four proldai@s per month: B (a wet day preceding a wet
day), Ro (a dry day preceding a dry day):Pa dry day preceding a wet day) and @ wet

day preceding a dry day), though the number of independent transition probabilities is only

two per monthyhered p 0 .Patterns for B and R1 will be presented here.

For a given monthhiechangen a transitiorprobability,0, at a GCM gridcell with
latitude and longitude coordinatesand wwill be regressedising least squares regression
against th&sMST changerelative to 18501900, such that

0 0 w Y Y & (6.2)
wheree¢ is any 30year windowandwith € Tt referring to thefirst 30-year window used

to calculate parameterBhe gradient of the regression, and the intercepty  will differ

for eachcell. Thegradiens plotted globallyform the spatial response pattern for each
transition probability. The fuhistorical+SSP37.0 time series will be used in the regression,
but only the responses diagnosed from 2000 of thehistoricalHSSP58.5 time series
will be considered. This i® avoid duplication of responses diagnosed from the historical

simulation

Linear regression has been chosen over a simplestimeé c e (cohranecel)
method. The timelice approach is more sensitive to random noise caused by internal
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variability which may then affect the size of the scaled responses. Unlike thalitee
approach, regression effectively uses the full simulated-denies (i.e., 185@100) further
reducing the influence of internal variabilifRuosteenoja et al., 200@nd eliminates
differences that maarise in choosing the epoch of the slifiemch et al., 2017)

The response of wetay gammalistribution parameters to changing GMST is
determined as a fractional change, as opposed to sstpamtesegressior(Osborn, 1997,
Osborn et al., 2016The shapé ) and scal€ ) parameters for days where the precipitation
exceeds 0.1mm are similarly calculated fromy@ar windows every $ears from 1850 to
2100 using thenistorical+SSP37.0 andhistoricaltSSP58.5 time series for each month.

Shapeand scale parameters are calculated using the Thom estimators

P P o
o 6.3
| 10 03

of
I B (6.4)
with sample statistic

, e Py s

O | lof 5 I o (6.5)

wherewis the precipitation on wet da@with a total o wet days. Thom estimators make
better use of the information in a dataset and are considered more efficient than momen
estimatorgWilks, 2011)

Although PS is usually applied to mean climate, recently Osborn et al. (2016)
applied the pattern scaling techniquentonthly precipitation shape parametdrsthat,
together with the mean precipitation change, determines the distribution of monthly total
precipitation.Similar methodology will be applied here, thoughdtoly wet-day shapend
scale parameterBractionalchanges to these parameters, referred to collectively, ase
regressed against the change in GMST anomaly (relative te1588)) for each grid cell in

a GCM, with coordinate@andw, such that

6w o
o ° ® (6.6)
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wheret corresponds to the" 30-year periodand ¢  TTonceagainrefers to the first 30
year period with a calculated parameter. ; is averaged across all ensemble members
in the first recorded 3@ear window (usually 185@880) where possiblélowever,some

grid cells may have limited or no wet dagluring a given month over the first (or any} 30
year period making an estimation of the aday gamma distribution challenging or
impossible. If, in a given month for any-§@ar period, there are less than 30 wet days (i.e.,
one per month), no gamma wisution will be recorded. If this happens to be in the first 30
year window (i.e., 1851880),0 ; in equation & is instead thdirst 30-year period
that contains a calculated gamma parameter. This may be averaged across all ensemb
members {i all of them contain recordings in the samey&ar window) or just one
ensemble member.d§  isnotcalculated from the first 3@ear period, the corresponding

“Y in equation & will also be calculated over the same\&€r period.

Unlike the transition probabilities, this may result in some locations and months
containing fewer data points for regression. If there are less than ten recordings of
across all simulation@.e., at least ten points in the regression), it is determined that there is
not enough data to robustly identify a change in the parameter with changing GMST, and

thus the slopad f for a given month and grid cell, is set equal to z&tuis is a

conservative choice: in the absence of robust information about the projected clange,
change is assumed.

6.1.2.3APPLICATION OF THE SPATIAL RESPONSE PATTERN S

The GCMdiagnosedesponsef a transition probabilityo changing GMST can be
utilised byaSWGto produce local scale, daily time series, under a range of different climate
scenarios and time perioddie transition probabilities calculated directly from observations
can be perturbed for a range of GWLs using the gradient from equ&fofor the
correponding gridcell. Data from two weather stations are used ({8antarém, Brazil,
and Reykjavik, Iceland)which have been chosen based on lamyg differingparameter
responses at their locatioiaresented irBection 6.1.3)Furthermore, these locations are
classified as having tropical (Santarém) and temperate (Reykjavik) climates. Chapters 3
through 5showed thestronges performance of the Markeshain gammalistribution
weather generator at reproducing observed preciitatitemperate regimeglongsidehe

weakest performance in tropical locations.

Firstorder transition probabilities will be scaled additively;
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0 0 & YV (6.7)
where0 is the new transition probabilifpllowing a specified global temperature change
Y'Yrelative to the observed period (where thisservedtransition probability isD ).
Coordinate&and’Qefer to the griecell that encloses the coordinates of thaimn of the
weather station used to calculdte Probabilities have upper (1) and lower (0) limifs.
after scaling) pord <0, the transition probability simply truncated just below the
limits at 0.999 and 0.001 respectively.

Oslorn et al. (2016) suggested that a multiplicative approach instead of an additive
approach was appropriate for pattern scaling shape and scale parameters, because they :
bounded at zero.Wetday gamma distribution parameters atleerefore scaled
multiplicatively;

© wp ©OYY (6.8)

wherew is the new gamma parameter following the global temperature clavrgéative

to the observed periodof which the observatichasedgamma parametearew ). Once
again, the scaled parameters must betcaingd to the physically allowed range ().

If a parameter falls below 0 following scaling, it will instead be set to an arbitrary small
number (i.e., 0.01)Though using a different method, Wilby and Wigley (2002) similarly
compared changei® daily gamma distributiongo assesgrecipitationunder different

scenarios.

The perturbed transition probabilities hand wetday parametersy hcan hence be
used to generate time seri@sprecipitationunder the specified GWLs. This method of
synthetic time series generatiamoidsGCM-induced biadecause the starting point is the
parameter set fitted to observations and only changes in parameters are taken from.the GCN
For a given site, the areavergged data can vary significantly from tleeal, weather station
scale data. Usingpcalscale data perturbed by GCM predicted trends will reduce errors in
estimating the local climate. An example of this will be given in the following Section.
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6.1.3 RESULTS AND DISCUSSION

6.1.3.1TRANSITION PROBABILITY RESPONSE TO CHANGING
GMST

Spatial responses for dday to dry-day and wetlay to wet-day probabilities,
hereafter referred to asdand Ri, have been produced using IREM6A-LR and are
shown inFigure6.1 (see Appendix foexample linear regression scatter ploRgductions
about the @ansition probabilities, fzand Ro, can be drawn fromo®and R1 respectively.

For visualisation purposes, the maximum and minimum transition probability responses
(gradient in equatior®.2) are capped at 6 an@ respectively, where a value of &)
indicates an increase (decrease) of 6 in a transition probability per degree GMST increase
Note that the colour bars have been reversed:f@rfél Boto indicate increasing wet or dry
conditionswith consistent colourdVhile spatial distributions have been produced over land
and ocean, attention will be focussed over {audace areas due to the increased relevance

of these locations in impact assessments. Seasons may be referred to by their months, whe
DJF refers @ December, January, February, MAM March, April, May, JJA June, July,
August and SON September, October and November.

Several regions, now discussed in turn, show strong transition probability responses
to increasing GMST. Firstly, within South Amerisii;ong responses are present \Watige
magnitudesn the north, east, andonsoon regions, including across the Amazon rainforest.
IPSL-CM6A-LR generallyshowsa decrease in the number of wet days alongside increased
dry day frequencwanddry-spell lengthacross these regiansvith decreasing R (therefore

increasing ) and increasing 43 (hence decreasing{p in several monthgnote that the

mean length of dry spells is—). During the wettest months ovdre Amazon region

(January to March), i remains mostlyconstantwith increasing GMST. Norteastern
Brazil shows strong decreasesmPn Apr i | and May, around
season. This, combined withe strongest B responsesiuring the dry season (May to
October), the length and intensity of the dry season in these regions may increase,
heightening the riskf meteorological droughts. This, alongside homogenous decreases in
P11 from July to October over Brazil, reiterates literature findings that the maximum number
of consecutive dry days per year (CDD) in the Amazon basin and-eastarn Brazil,
alongside the length of the dry season, is projected to increase with climaige cha
(Sorensson et al., 2010)
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Response patterns are less pronounced in North America than South America.
Increases in R are present across Canada and Alaska throughout the winter (DJF) with
slight decreases in all other seasons. Conversely, decreasesiia present in the wier
with increases in other months. This suggests an overall increasedayviequency and
wet-spell length during winter. Responses are weaker in magnitude across the contiguou:s
USA, closer to zero for large spatial areas. Where there are strosgenses, mainly in
western USA, some months show increasesosnth only slight decreases inf This
suggestonly a slight increase to digay frequency, with longer digpells. This differs over

the east coast where there are increases iindP May to October.

In Central America, R remains relatively constant with increasing GMST.
Exceptions are present primarily over coastal grid cells from May to August, where large
negativetrends are noted. Central America shows much stronger responses than North
America for Bo from June to Sépmber, where large increases can be seen, with responses
bounded by large decreases over the Pacific Ocean. While the wet and dry seasons vary &
country and are dependent on temperature anomalies in theqeasbrial Pacific and
Tropical North AtlanticOceangHidalgo et al., 2013)the strongest probability responses
tendtofallinan i ndi vidual countrybés wet season
alongside a reduced occurrence of wet days during these wet seasons. This agrees with t
findings of Ortega et al. (2021) that decreases in overall precipitation are projected by the

end of the 2% century in this region.
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Figure6.17 Monthly change in B (a) and Ryo (b) per degree GMST
increase, diagnosealsing pooledPSL-CM6A-LR historical, SSP3.0 and

SSPE8.5.
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Spatial responses ofRo increasing GMST vary across Asfecross Saudi Arabia,
Yemen and Oman, strong seasonal changes domiitatéarge ncreases in & from May
to NovemberThis indicates decreased CDD in whatesegrallyalreadyconsidered a dry
season in this regiofAlmazroui et al., 2012)Decreases iniPare presentduring the wet
season, though with much smaller magnitude than the insrdasiag the dr season. &
responses to increasing GMST across this region are smaller in magnitude. Some decreast
are noted in the dry months, though with much less spatial coverage and magnitude thar
changes in RB. Still, thisremainsan annualncrease in wetlayfrequency. Duringnonsoon
seasons (for exampl&JAin India and July and August over East Asihg response of the
transition probabilies show little change. This is likely due to monsoon dynamics
governing the precipitation patterngsulting inprecipitation occurence onmost days.
Across south and central Asia, the magnitude.ofésponse is close to zero, though some
increases in east India can be seen. Increasesoi@rd® present across the Himalayan
Mountain range, while regions jusbuth see little chang&Vhile not as strong, this is also
notable with 1 responses, where across the Himalayas there are decreasesand P
increasedurther south These responses suggest an incredseday frequency alongside
increased CDDResposes across north and west China and east Russia change seasonally
and reiterate patterns across similar latitudes in North AmericendPeases with GMST in
winter (generally November to March) amgcreasesn the summer months (April to
October). Aswith Pu1, Py patterns tend to reiterate changes at similar latitudes in North
America. However, patterns in nomast China and Korea differ, withiRlecreasing in
winter and increasing in summer (though with less magnitude and sparser spatial coverage’
alongside increases inndarge in magnitude during the winter months. Altogether, this

suggests less frequent precipitation, with longer dry spells, during the winter season.

Magnitudes of the probability responses are large across much of AfriceaBiagr
Pi1responses, large in magnitude, are present across much of west Africa from May to
August. Contrasting the decreases in, Rarge increases inofPare present from July to
September. This strongly supports the findings of Klutse et al. (201®yem 80% of
studied RCMs agreed with increasing CDD and decreasing maximum consecutive wet days
per year (CWD) with rising GMST over the Guinea Coast regiintse et al., 2018)
Decreasing R probability is also seen in southern Africa (June through October) though
with smaller magnitude, with increases it Present during several months. This agrees
with studies into increased drought and CDD risk in the southern African @dmazroui
et al., 2021) Conversely, strong increases il Bre present across central aadteAfrica

199



from August to January, covering large spatial ane&0ON The combination of changes
across central Africa and the Sahauggests aimcreagd wetday frequencyln the east
African region, the response oboRRo GMST increase is weakethough decreases are
present in SONThis indicatesan increasedumber of wet daysmplying wetter weather

(in the absence of the wday parametersYhese responses reiterate the general consensus

of a wetter east Africa as a function of climate chai@moper et al., 2008)

In gereral, as GMST increases, IPEIM6A-LR projects a slightly higher frequency
of wet days, with longer wet spells in the winter (DJF) over much of northern Europe. The
opposite is true in the summer (JJA); a higher frequency of dry days, with longer dsy spell
is indicated. Central Europe shows approximately constanteBponses, with spatial
responses across Europe showing some similarities to North American responses at simila
latitudes. During the winter months, northern Eurasia shows widespread @scrigeigh
small in magnitude, in. As with north Canada, these responses reduce in magnitude and
coverage until summer, where most of Europe and Eurasia experiences decreasésdn P
responses also show strong seasonal variations. Winter moothspgatially widespread
decreases ingg, while the rest of the year shows increasing Rith some very strong,
localised responses in April, May, September and October over the Eurasian subarctic anc

wider, but more modest increases over the rest of the continent.

Responses across Oceania are smaller in magnitude than other regionsahile

of Australia shows weak patterns, increasingi$noted in the east (New South Wales and
Queensland) from November to March, with greatest magnitude in December and January
Decreases infPare present in several other months, with decreasesifoandth Australia,
evident from July onwards, with very strong southern coastal decreases by Oaipiser. P
less sensitive to increasing GMST with small magnitudes of change. The largest changes
(decreases) are present in north Australia in Decembeuadga and FebruarySlight
increases are shown in south Australia from August to November, though with lesser

magnitude. Responses over islands in Oceania are less defined.
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6.1.3.2WET-DAY GAMMA DISTRIBUTION PARAMETER
RESPONSE TO CHANGING GMST
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VL ot
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Figure 6.2 Fractional change in wedlay shape parameter per degree GMST increas:
diagnosed from IPSCMG6A-LR historical, SSP3.0 and SSRPB.5.

The wetday gamma parameter responses are shown as fractiamges per degree
warming, where a value of +0.5 indicates an increase of 50% of the original value per degree
warming, i.e., for a shape parameter of 3 and a response of 0.5, the parameter following
degree of warming becomes 4.5 (a 50% increasepesimal scalgparametechanges (per
°C) have been capped #at-1, and +0.5, respectively for visualisation purposes-igure
6.2 and Figure 6.3). The first finding from these maps is that these patterns are spatially
coherent. This indicates that the dependence of these parameters on GMST change can |
diagnosed without being dominated by local scale noise and hence that the idea to patter
scale the parameters of the weather generator has merit.

While interpreting tansition probability response to changing GMST is intuitive,

inferring changes to the weay parameters is less straightforward. It is difficult to reach
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conclusions on changes to resultant-de@y gamma distributions through studying changes

to one paramter alone since unlike P and RBo, shape andcale parameters are not
independent of each other, each affecting thedvaty di st r i b uAchangedns pt
the shape parameter wilhstinctively, result in a distribution with a different shager
example, a large increase in shape from an initial value of 1 will adjust the distribution from
an exponentiatype character towards a more bstlaped function, with the breadth of all
distributions (irrespective of shape) also determined by the peameterA decrease in
shape parameter indicates a more positive skkane, shape responses will be discussed in

absence of any changes in the scale paramete

Changes to the shape paramébownin Figure 6.2 are seemingly less affected by
the sasons than the transition probabilities, with fewer spatial patterns of note. All months
show slight fractional increases to the shape parameter over most land surface areas. Mo
regions do not show strong or seasonal changes to shape parameter resjtbnse,

noteworthy exceptions in Africa and South America.

The shape parameter shows strong, seasonally changing responses in West an
Central Africa, with spatially widespread responses from July to September. These large
increases may result in a lesswkd distribution in a warmer climate (e.g., a presay
climate with many lowprecipitation days but occasional very wet days could move towards
one with more consistent precipitation amounts), with the strongest responses coinciding
with strong increasig (decreasing)de(P11) probability. This suggests large changes to daily
precipitation in this regiorHowever, the actual chance of very wet days also depends on
the scale parameter and on the probability of wet days, both of which arehalsging.

Much of Saharan Africa shows no response to increasing GMST simply based on a limited
sample of wet days per 3@ar period available to calculate the parameters. Unlike
transition probability response, South Africa shows seasonally consistpohses, small

in magnitude.

While much of South America shows patterns that reflect the global, slight increases
in wetday shape parameter, stronger responses are present over the Amazon region fror
February to May, and southeast Brazil throughout #e.y These tend to be the locations
that show the strongest transition probability responses. While several land areas show sligh
increases, Brazil sees slight decreases in shape parameter along the east coast in Augu
September and October. This irmlies a move towards a more positively skewed,
exponentiatype distribution.
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Responses across North and Central America are approximately constant annually,
with slight increases shown in most mon#ra greatest magnitudes present in the high
latitudes. Exceptions are noted across east USA from June to September, where slight
decreases are present. Unlike the responses across Africa and South America, coheren
with transition probability response is not noted. Much like the transition probability
responss, patterns over Europe and most of Eurasia tend to reflect those in similar latitudes

over North America.

For most months, Southeast Asia and Inalgo show responses that refleitte
patterns ovemost land surface areas. However, some localisedtiy@osesponses are
present over Southeast Asia and India in several months, for ex@muglest. While Ry is
mostly constant with increasing GMST in these regiosssRows strong increases (over
Burma, Thailand and South China). The combination ohareased chance of consecutive
dry days, alongsidelass skewegrecipitation distributionsuggests changes to the resunit
precipitation character of these regions, depending, of course, upon scale changes toc
Responses over central and northern Chisaally follow patterns present in similar
latitudes across North America and Europe, with increases sh#pe parametén most
months. However, in July, August and September, large areas in the east show slight
decreases to the shape parameterwitbir easi ng GMST. These mor
wet season (May to September), indicating large implications on the overall mean daily

precipitation during these months.
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Figure 6.31 Fractional change in wetlay scale parameter per degree GMST increase,
diagnosed from IPSICM6A-LR historical, SSP-3.0 and SSPB.5.

Scale parameters show weaker responses to GMST increase than the shap
parameters, this time with widespread, sliglecreases. Regions that show the largest
changes in shape parameter tend to also show the strongest scale parameter responses
GMST change, with more global seaabchangesKigure6.3). The £aleparameter defines
the horizontal and vertical scaling of the distribution, where in the absence of changes to the
shape distribution, an increase indicates a stretching of the distribution, a shift towards large!
precipitation amounts and greater varidpil Conversely, a decrease indicates a shift
towards smaller precipitation amounts, less variability and loads the distribution towards

smaller precipitation amounts.

Parts ofAfrica againshow the strongest seasonal chageparameter response
espedcilly in and to the south of the Sahetom June to September, decreases in scale with
increasing GMST are present across West and Central Affida coincides with the
strongest increases of the shape parameter with increasing GMSIE. the increasing

shape parameter suggests a distribution with less exponential features (less positive
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