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ABSTRACT 

Extreme weather and climate-related events can have pronounced environmental, 

economic and societal impacts, yet large natural variability within Earth’s constantly 

evolving climate system challenges the understanding of how these phenomena are 

changing.  Increasingly powerful climate models have made it possible to study how 

certain factors, including anthropogenic forcings, have modified the likelihood and 

magnitude of extreme events.   

This study examines climate observations, reanalysis fields and model output to assess 

how weather extremes and climate-related events have changed.  Part 1 investigates the 

detection and attribution of surface climate changes in relation to ozone depletion.  Part 2 

uses probabilistic event attribution and storyline frameworks to evaluate the role of 

anthropogenic forcings in altering the risk of extreme 1-day rainfall (RX1D) events for 

Christchurch, New Zealand in light of an unprecedented rainfall event that occurred in 

March 2014.   

Extremely large simulations of possible weather generated by the weather@home 

Australia-New Zealand (w@h ANZ) model found ozone forcings induced significant 

changes globally (< 3 hPa) in simulations of mean sea level pressure for 2013.  A clear 

seasonal response was detected in the Southern Hemisphere (SH) circulation that was 

consistent with prior studies.  Ozone-induced changes to average monthly rainfall were 

not significant in New Zealand with large natural variability and the limitation of one-

year simulations challenging attribution to this climate forcing.   

In Christchurch, model and observational data give evidence of human activity increasing 

the likelihood and magnitude (+17%) of RX1D events despite significant drying trends 

for mean total rainfall (-66%) in austral summer.  For events similar to that observed 

during March 2014, the fraction of attributable risk (FAR) is estimated to be 27.4%.  This 

result was robust across different spatial averaging areas though is sensitive to the rainfall 

threshold examined.  Unique meteorological conditions in combination with anomalously 

high sea surface temperatures (SSTs) in the tropical South Pacific were likely important 

to the occurrence of this extreme event.  These results demonstrate how human influence 

can be detected in present-day weather and climate events. 
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GLOSSARY 

Anthropogenic: Resulting from or produced by human activities. 

Attribution: The process of evaluating the relative contributions of multiple causal 

factors to a change or event with an assignment of statistical confidence (Hegerl and 

Zwiers, 2011). 

Conditioning: The process of limiting an attribution analysis to particular types of 

weather or climate situations.  For example, an attribution study may assess whether 

human influence on the climate plays a role in a given type of event when El Niño 

“conditions” prevail. 

Counterfactual: From the perspective of attribution studies, counterfactual refers to a 

hypothetical ‘control’ world that has only been impacted by natural forcings and internal 

variability.  In practice it usually refers to the observed climatic conditions (e.g., a specific 

SST distribution) as they might have occurred had anthropogenic forcing been absent. 

Detection: Detection of change is defined as the process of demonstrating that climate or 

a system affected by climate has changed in some defined statistical sense without 

providing a reason for that change (Hegerl and Zwiers, 2011). 

Dynamic: Concerning the motion of bodies under the action of forces.  In the context of 

event attribution, dynamics would include both large-scale circulation patterns, which can 

modulate temperature and precipitation extremes, and storms. 

Ensemble: A collection of similar entities.  In climate science, the term usually refers to 

a collection of simulations by a single model but with different initial conditions or to a 

set of simulations of similar design by different climate models. 

External forcing: A forcing agent outside the climate system causing a change in the 

climate system.  Volcanic eruptions, solar variations, and anthropogenic changes in the 

composition of the atmosphere and land use change are external forcings. 
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Extreme event: An event that is rare at a particular place and time of year.  Definitions 

of rare vary, but an extreme weather event would normally be as rare as or rarer than the 

10th or 90th percentile of a probability density function estimated from observations.   

Factual: From the perspective of attribution studies factual refers to the currently 

observed world as it exists in the context of climate change. 

Fraction of Attributable Risk: The fraction of the likelihood of an event that is 

attributable to a specific causal factor. 

Framing: The process of posing scientific questions that arise when an event occurs and 

establishing the context within which they are answered. 

Internal variability: The technical term that is often used to describe the natural, 

unforced, chaotic variability that occurs continually in the climate system. It is a 

component of natural variability. 

Natural variability: Internally (such as El Niño-Southern Oscillation) and externally 

(e.g. volcanic eruptions or changes in solar radiance) induced natural climate variability 

that occurs without anthropogenic forcing. 

Return period: A return period (or average recurrence interval) is a commonly used 

metric of probability; for example, a 100-year return period means that in any given year, 

there is a 1-in-100 chance of the threshold being reached. 

Storm track: Regions of the mid-latitudes where storms most commonly occur.  They 

tend to follow the dominant westerly winds. 

Synoptic scale: The minimum horizontal spatial scale of weather systems (e.g. high and 

low pressure areas, fronts) (Sturman and Tapper, 2006). 

Thermodynamic: Concerning heat and temperature, and their relation to energy and 

work. In the context of event attribution, thermodynamics would include behaviour 

related to the warming and increased moisture-holding capacity of the atmosphere. 

These definitions are consistent with terminology used in reports by the 

Intergovernmental Panel on Climate Change (e.g., IPCC, 2013) and the United States 

National Academies of Sciences, Engineering and Medicine (NASEM, 2016).
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CHAPTER 1  -  INTRODUCTION 

The chaotic nature of weather and non-stationarity in our climate system are formidable 

scientific challenges to understanding extreme weather and climate-related events.  These 

challenges come to the fore when evaluating how such events are changing or when 

attributing causality to specific climate drivers, including human-induced climate change 

(Sippel et al., 2015).  As extreme weather and climate events can have pronounced 

impacts on the environment, economy and society, it is important that robust climate 

assessments are made that help ascertain climate risk and guide climate adaptation 

strategies (Dong et al., 2017).   

Warming over the last century is unequivocal and has given rise to unprecedented changes 

in many aspects of our climate system (IPCC, 2013; Reisinger et al., 2014).  In order to 

understand climate change risks, the contributions of multiple causal factors need to be 

understood in addition to providing an assignment of statistical confidence (Stott et al., 

2016).  The relative shortness of observational records in addition to limitations around 

data availability and quality, necessitate the use of complementary approaches to detect 

and interpret climate changes.  

Event attribution quantifies how the risk of weather and climate-related events have 

changed in response to particular internal or external forcings (Allen, 2003; Stott et al., 

2004; Pall et al., 2011; Black et al., 2016).  As it is not possible to observe counterfactual 

‘natural’ worlds without human influence on the climate, physically-based climate 

models are required to simulate how the weather and climate would have been (Stott et 

al., 2016).  Cause and effect can then be explored by assessing the response under 

different scenarios while ensuring the same prescribed boundary conditions (e.g. sea-

surface temperature and sea-ice extent).   

Extreme weather events are inherently rare, making them difficult to analyse reliably 

(Guillod et al., 2017).  Simulation-based approaches using global climate models (GCMs) 

allow for the generation of large ensembles of realisations from which the statistics of 

rare events can be evaluated.  Large samples of the relevant climatic variable (e.g. 

precipitation, in investigating a flood event) are generated in ensembles with and without 

the climate forcings of interest.  The distribution of the variable in each scenario can thus 
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be constructed to obtain estimates of changing probability.  Downscaling of GCM 

simulations by regional climate models (RCMs) then provides higher spatial and temporal 

resolution datasets to assist with the investigation of localised impacts associated with 

extremes. 

One modelling system developed for event attribution studies of extreme weather events 

is weather@home Australia – New Zealand herein referred to as w@h ANZ.  As a 

member of the climateprediction.net project, w@h ANZ utilises a network of volunteer 

distributed computing to generate very large ensembles of the HadRM3P regional climate 

model driven by the HadAM3P atmosphere-only global model (Massey et al., 2015).  

Since development, w@h ANZ has been successfully used for the attribution of many 

extreme weather events across the globe, including in New Zealand (e.g. Rosier et al., 

2015).   

Over the last century, anthropogenic forcings including increasing greenhouse gases 

(GHGs) and stratospheric ozone depletion have had a substantial influence on the surface 

climate of the Southern Hemisphere (SH; Thompson et al., 2011).  Regions as far 

equatorward as the subtropics are thought to have experienced radiative and dynamical 

effects associated with the Antarctic ozone hole, while the signature of GHGs has been 

pervasive globally.  During austral summer, the impact of the ozone hole is greatest with 

a strong resemblance to the positive phase of the Southern Annular Mode (SAM), the 

most prominent pattern of large-scale climate variability in the SH.  This shift towards a 

high-index polarity of the SAM is generally associated with a poleward shift in the SH 

storm track (Gillet and Thompson, 2003; Polvani et al., 2011), an acceleration of the 

prevailing westerly winds for high latitudes (~ 55-70°S) and deceleration of prevailing 

westerly winds for the mid-latitudes (~ 35-50°S) (Thompson et al., 2011).  As both the 

westerly wind belt and the associated storm track are important rainfall sources for SH 

mid-latitudes (Son et al., 2009), understanding the timing and magnitude of change is 

critical to predicting future precipitation in New Zealand (NZ).  Furthermore, recovery of 

stratospheric ozone is expected to oppose anticipated changes in the SAM due to 

increasing GHGs (Arblaster et al., 2011), making it important to correctly assign the 

contributions of different anthropogenic climate forcings to inducing change.   

Increasing GHG concentrations are also anticipated to increase maximum atmospheric 

moisture availability due to thermodynamic changes (Held and Soden, 2006; Seager et 
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al., 2010) (Arblaster et al., 2011).  In a warmer world the additional latent heat that can 

be released by this moisture may lead to more intense and more extreme weather 

(Shepherd, 2016).  As such there is a strong interest in discerning if damaging events can 

be attributed to anthropogenic climate change (Pall et al., 2011).    This has given rise to 

several methods and frameworks for evaluation of evolving climate conditions and 

extreme weather.  In early March 2014, Christchurch, NZ was inundated by torrential 

rainfall during an extreme 1-day rainfall event (RX1D).  This event is examined as a case 

study to assess if and how its properties may have changed as a result of GHG emissions.  

While specific weather and climate events cannot be solely attributed to a single cause, 

climate models such as those used in w@h ANZ make it possible to estimate how certain 

factors, including anthropogenic forcings, have modified the likelihood and magnitude of 

events (Dong et al., 2017).  

 

1.1 Research aims and objectives 

This thesis evaluates how anthropogenic forcings have contributed to modifying New 

Zealand’s weather and climate using weather@home ANZ regional climate simulations.  

The first component examines if surface climate changes can be detected and attributed 

to ozone depletion in the w@h ANZ model.  This is achieved by: 

a) Determination of anomalies in circulation and precipitation between factual and 

counterfactual climate change simulations for 2013, and between ozone hole and 

non-ozone hole 2013 simulations. 

b) Establishment of the significance of changes solely due to ozone forcings. 

c) Validation of the w@h ANZ simulations of large-scale circulation by comparison 

with ERA-Interim reanalysis fields. 

d) Assessment of how representative the study period is of the long-term regional 

climatology. 

e) Investigation of the SAM response to simulated changes in ozone forcings. 

The second component investigates whether, and to what degree, there was an 

anthropogenic influence on extreme March 1-day rainfall in Christchurch as observed in 

2014.  The objectives addressed for this include: 
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a) Contextualising the March 2014 extreme rainfall event within the observational 

and New Zealand Virtual Climate Station Network (VCSN) record. 

b) Exploring how anthropogenic forcings have changed March rainfall events in 

Christchurch.  

c) Determining the role of anthropogenic forcings in contributing to March 2014 

extreme rainfall. 

There is currently a limited understanding about the extent to which anthropogenic 

forcings, including stratospheric ozone depletion, have altered the surface climate and 

properties of extreme events.  Improving our characterisation of the influence of 

anthropogenic forcings on the regional scale weather experienced in NZ will allow us to 

better attribute the occurrence of future extreme weather events and changes as they arise 

(Massey et al., 2015).   

Theoretical ideas and concepts relating to anthropogenic climate forcings, extreme 

weather events, attribution science and dynamical modelling of the atmosphere are 

reviewed in the next chapter.  The methodology, scope, data products and analytical 

techniques employed for this project are then described in Chapter 3.  Chapter 4 presents 

and discusses the results of the assessment of ozone forcings, while Chapter 5 details 

findings pertaining to the extreme rainfall event in Christchurch in March 2014.  The final 

chapter summarises the findings of this research and outlines potential avenues for future 

research.   
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CHAPTER 2  -  BACKGROUND 

Anthropogenic climate change is one of the greatest challenges facing humanity in the 

21st century.  The most recent assessment report released by the Intergovernmental Panel 

on Climate Change (IPCC) reiterated the ‘clear’ evidence of human influence on the 

climate system and documented that many extreme weather and climate events have 

observed changes since the 1950’s (IPCC, 2013).  Communities around the world are 

now having to manage the increasing risks, impacts and implications associated with 

climate change (Stott et al., 2016).  An important tool used in assisting decision making 

and advancing understanding of the dynamical causes for extreme events are climate 

models.  Incremental advances in climate modelling capability are permitting 

increasingly holistic attribution statements (Stott et al., 2016).  This chapter provides 

background information about the anthropogenic influences on our climate system, 

documents previous work in the field of climate attribution science and explores the use 

of climate models to assist understanding of the atmosphere. 

 

2.1 Climate change 

The sun is the primary energy source for the Earth-atmosphere system and is fundamental 

to driving weather and climatological processes including airflow and precipitation 

(Sturman and Tapper, 2006).  Solar energy is converted into various other forms of energy 

(Figure 2.1), notably thermal, potential and kinetic energy.  Earth’s surface temperature 

is sensitive to perturbations that give rise to a surplus or deficit of energy, known as 

climate or radiative forcings.  Forcings are classified as either natural or anthropogenic, 

with the latter the result of human actions.  These include GHG emissions, stratospheric 

ozone depletion and atmospheric pollutants.  Unequivocal evidence indicates that 

anthropogenic activity since the industrial era (1750) has substantially altered Earth’s 

energy balance (Stott et al., 2016).  The IPCC in their Summary for Policymakers state 

“it is extremely likely (> 95% likelihood) that more than half the observed increase in 

global average surface temperature from 1951 to 2010 was caused by anthropogenic 

increase in greenhouse gas concentrations and other anthropogenic forcings together” 

(IPCC, 2013 p.17).   



6 

 

 

Figure 2.1: Energy forms and transformations in the atmosphere (Sturman and Tapper, 2006). 

 

2.1.1 The greenhouse effect 

The “greenhouse effect” (Figure 2.2) is the warming of Earth’s surface and lower 

atmosphere due to molecules which absorb infrared radiation (IR; Sturman and Tapper, 

2006).  When incident to outgoing longwave radiation (OLR), certain IR active molecules 

including carbon dioxide (CO2), methane (CH4), water vapour and nitrous oxides (NO2), 

undergo a change between rotational and vibrational states.  Their change in dipole 

moment only occurs at discrete wavelengths corresponding to the size of the energy 

transition.  As such, regions of the electromagnetic spectrum where the atmosphere allows 

the unimpeded passage of infrared radiation are labelled “atmospheric windows” (Figure 

2.3).  These “windows”, however, can be closed much like in a greenhouse, by changing 

the composition of the atmosphere giving rise to enhanced heat retention. 
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Figure 2.2: A simplified illustration of the greenhouse effect (Le Treut et al., 2007). 

 

 

Figure 2.3: Atmospheric windows in the electromagnetic spectrum (Jensen, 2000). 

Increasing concentrations of GHGs in the atmosphere reduce the size of the “windows” 

for energy to be radiated from Earth.  As the atmosphere becomes more opaque to IR, 

OLR that would have been lost to space is instead absorbed by GHG molecules and a 

portion of this energy is re-emitted back to Earth’s surface.  This causes additional 

warming of Earth’s surface and lower atmosphere known as the “enhanced greenhouse 

effect” until the balance of incoming shortwave radiation (SWR) and outgoing longwave 

radiation is restored at a new equilibrium temperature.   
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Within Earth’s climate system there are various temperature-induced feedbacks.  One of 

the most fundamental feedbacks is the Clausius-Clapeyron relationship which relates 

rising temperatures to exponential increases in saturation vapour pressure, itself a 

powerful greenhouse gas (IPCC, 2012).  Each 1-K increase in temperature is associated 

with an increase in atmospheric moisture content of approximately 7% (Held and Soden, 

2006). 

Atmospheric concentrations of greenhouses gases; CO2, CH4 and NO2, have also 

increased significantly since 1750 due to human activity (IPCC, 2013).  In 2017 the 

concentrations of these GHGs were 404 ppm (44% increase), 1845 ppb (155% increase), 

329 ppb (22%) respectively (IPCC, 2013; ESRL, 2017).  Over the period 1880-2012, 

globally averaged warming of 0.85 °C has been observed and global surface temperature 

change, relative to 1850-1900, is likely to exceed 1.5 °C by 2100 with additional warming 

anticipated beyond this (IPCC, 2013).  However, the feedbacks for numerous other 

climate system interactions are yet to be fully understood (Figure 2.4). 

 

Figure 2.4: Main drivers of climate change depicting the radiative balance between incoming 

shortwave radiation (SWR) and outgoing longwave radiation (OLR) (Cubasch et al., 2013). 
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2.2 Ozone hole 

While anthropogenic emissions of GHGs drive widespread surface climate change, ozone 

forcings have greater impacts on SH circulation (Polvani et al., 2011).  Since the 1970s, 

stratospheric ozone concentrations decreased ~ 3-4% globally due to human activity 

(WMO, 2014).  During the same period the Antarctic observed dramatic ozone depletion, 

with austral spring total column ozone losses of approximately 50% (Previdi and Polvani, 

2014).  Since 2000 there has, however, been a trend towards a very modest 1% per decade 

recovery of stratospheric ozone concentrations (WMO, 2014).  The return of sunlight in 

spring to the cold Antarctic stratosphere, in combination with photochemical processes, 

give rise to a unique set of conditions such that ozone-depleting substances become highly 

effective at bringing about rapid ozone destruction (Thompson et al., 2011).  As an annual 

phenomenon, the ‘ozone hole’ exhibits strong seasonality, quickly developing in 

September/October followed by a recovery which coincides with the collapse of the 

stratospheric vortex in November/December (Solomon, 1999).  For the lower 

stratosphere, where roughly 90% of atmospheric ozone is found (Thompson et al., 2011), 

marked radiative cooling occurs due to less incoming solar radiation being absorbed 

(Randel et al., 2009).  The resulting change in meridional temperature gradient alters the 

vertical wind shear (Thompson et al., 2011), accelerating the stratospheric polar vortex 

during October-December.  Changes in polar stratospheric geopotential height (Z) persist 

through January (Waugh et al., 1999; Thompson and Solomon, 2002) and project into the 

troposphere, affecting the mid-latitude circulation down to the Earth’s surface (Thompson 

and Solomon, 2002; Gillet and Thompson, 2003). 

Studies have linked Antarctic ozone losses to pronounced changes in surface climate with 

a prominent signature of ozone depletion during the austral summer (Thompson et al., 

2011).  A key indicator has been the poleward displacement of the SH westerly jet (Fogt 

et al., 2009) as illustrated in Figure 2.5.  This gives rise to a poleward shift of SH mid-

latitude storms (Grise et al., 2014) alongside continued strengthening and poleward 

contraction of the Southern Ocean westerly wind belt (Mayewski et al., 2015), both of 

which play a pivotal role in determining summertime moisture availability.  

Understanding of the mechanisms which couple changes in the stratosphere to variability 

in tropospheric circulation and shifts in jet position is still the subject of active research 
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(Polvani et al., 2011; Thompson et al., 2011).  Radiative (Grise et al., 2009) and 

dynamical (Haynes et al., 1991; Song and Robinson 2004; Thompson et al., 2006; Orr et 

al., 2012) mechanisms have been proposed to explain the strong coupling of stratospheric 

and tropospheric circulation (Thompson and Wallace, 2000; Thompson et al., 2005) for 

which a lag in tropospheric response means spring ozone loss is observed most clearly in 

austral summer (Bandoro et al., 2014).  Antarctic ozone depletion and upper-tropospheric 

warming from increased GHG concentrations both act to increase the meridional 

temperature gradient in the lower stratosphere and strengthen the SH westerly jet.  As the 

ozone hole recovers these two factors will oppose each other (Figure 2.6; Thompson et 

al., 2011) making it important to correctly apportion the role of different anthropogenic 

climate forcings (Polvani et al., 2011).   

 

Figure 2.5: Illustration of the Southern Hemisphere tropospheric climate impacts of Antarctic 

ozone depletion (WMO, 2014, p. 4.43). 
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Figure 2.6: Southern Annular Mode response to experiments (McLandress et al., 2011) forced 

with time-varying ozone-depleting substances and greenhouse gases (Thompson et al., 2011).  

a) Forcing with ozone-depleting substances. b) Forcing with greenhouse gases.  Past forcings 

are based on observational estimates and future forcings are based on the predictions outlined 

by McLandress et al. (2011). 

Circulation in the mid- to high-latitudes of the SH has changed markedly over the last 

few decades with associate impacts on precipitation, ocean circulation and wind belts 

(Kang et al., 2011; Figure 2.5; WMO, 2014).  Stratospheric ozone depletion is a key 

driver of climate trends for the SH during the austral summer (Arblaster and Meehl, 2006; 

Polvani et al., 2011, Gillet, et al., 2013) yet large natural variability has challenged the 

detection of changes within simulations of circulation due to the small signal-to-noise 

ratios (Trenberth et al., 2015).  The Working Group 1 contribution to the IPCC Fifth 

Assessment report stated it likely (> 66% likelihood) that human influence has altered 

patterns of sea level pressure globally (Bindoff et al., 2013).  Studies using “large” 40 

member ensembles have shown the notable changes in atmospheric circulation are not 

robust and change considerably between runs and model (Deser et al., 2012; Deser et al., 

2014).  As natural climate variability will continue to be superimposed on ozone and 

GHG forced climate changes, discerning and attributing changes from “climate noise” 

(Madden, 1976, Feldstein, 2000) is a worthy undertaking. 
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2.2.1 Southern Annular Mode 

Observed increases in geopotential height over the mid-latitudes and decreased 

geopotential height over Antarctica closely resemble a shift towards a high-index polarity 

of the SAM, the leading mode of extratropical circulation variability in the SH 

(Thompson and Wallace, 2000).  As a largely zonally-symmetric mode of variability 

centred near 50°S, the phase of SAM modulates much of the weather experienced 

throughout the mid-latitudes of the SH.  Changes in the SAM to positive phase are 

associated with climate impacts across the SH including an acceleration of the prevailing 

westerly winds over high latitudes (~ 55-70°S) and deceleration over mid-latitudes (~ 35-

50°S) (Thompson et al., 2011).  In concert, the Hadley cell has expanded poleward 

(Hendon et al., 2014; Lim et al., 2016).  For the mid-latitudes, the anomalous summertime 

flows in response to the ozone hole give rise to increases in orographically-induced 

precipitation and lower than average temperatures on the eastern side of topographic 

features including the Southern Alps of NZ and the Great Dividing Range of south-eastern 

Australia (Renwick and Thompson, 2006; Ummenhofer et al., 2009; Thompson et al., 

2011).  Corresponding decreases in precipitation and higher than normal temperatures are 

observed west of the Southern Alps of NZ and over the western half of Tasmania.  

Ummenhofer et al. (2009) found SAM to contribute up to 80% of observed declines in 

December – February (DJF) precipitation for wide parts of the North Island and western 

parts of the South Island during the late twentieth-century.  Entwined with westerly wind 

changes and the SAM are shifts in the SH storm track which makes an important 

contribution to summertime rainfall. 

The SH storm track is generally located on the poleward side of the westerly jet (Purich 

and Son, 2012).  The poleward-shifted storm track resulting from changes in jet position 

has been associated with less precipitation in the mid-latitudes (~ 45°S) and increased 

precipitation in the high latitudes (~ 60°S) (Gillet and Thompson, 2003; Son et al., 2009; 

Polvani et al., 2011).  More recently, a positive trend in austral summer precipitation 

between 15-35°S has been related to ozone depletion and the poleward jet shift 

demonstrating the extent of ozone influences on SH processes (Kang et al., 2011; Figure 

2.7; Previdi and Polvani, 2014).    Modelling by Kang et al. (2013) also suggested the 

frequency and intensity of extreme precipitation in austral summer to increase due to 

ozone loss, though a decrease was modelled for SH mid-latitudes. 
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Figure 2.7: DJF zonal mean change in precipitation for 1979-2000 from the Global 

Precipitation Climatology Project (GPCP) (Previdi and Polvani, 2014). 

For the SH, future surface climate change is anticipated to be driven by two opposing 

forces, increasing GHGs and stratospheric ozone recovery (Arblaster et al., 2011; Watson 

et al., 2012).  Positive trends are anticipated for the SAM to the end of the 21st century 

under the representative concentration pathway 8.5 scenario but when a weaker GHG 

forcing scenario is used this trend is otherwise countered by the dominance of ozone 

recovery (Lim et al., 2016).  These changes would further decrease rainfall in the SH mid-

latitudes and increase rainfall in the high latitudes, most prominently during winter as 

ozone recovery is confined to austral spring and early summer.  Subtropical rainfall 

meanwhile will likely show strong seasonality with increasing summertime rainfall and 

reductions during winter (Lim et al., 2016).  Without changes in the SAM, Lim et al. 

(2016) suggest the subtropics would experience a decrease in precipitation while the mid-

high latitudes will experience an increase, of which a large proportion can be accounted 

for by global warming and the Clausius-Clapeyron effect where the maximum 

atmospheric moisture availability increases by approximately 7% per degree of warming 
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(Held and Soden, 2006).  Subsequently, it is important to evaluate regional change on a 

case by case basis, particularly for extreme weather events where there is strong interest 

in attributing damaging weather-related events to anthropogenic climate change (Pall et 

al., 2011).  

 

2.3 Extreme weather and climate events 

Extreme weather and climate events are some of the biggest stressors on natural and 

human systems (Easterling et al., 2000; IPCC, 2012).  As climate change is a slow 

incremental alteration of average climate conditions, it is difficult to detect based on 

personal experience (Weber, 2010).  Due to their marked impacts, changes in extreme 

weather events are more likely to be noticed (Weber, 2010; Harrington, 2017), making it 

important to robustly quantify the risk of these events for both current and future climates 

(Diffenbaugh et al., 2017). 

Understanding natural variability and the influence of historical changes in extremes is 

central to detecting how climate change is changing extreme weather and climate events 

(IPCC, 2014; Rosenzweig et al., 2008).  While trends in the frequency and magnitude of 

extremes have been identified (Easterling et al., 2000; IPCC, 2012), continued warming 

is anticipated to cause widespread emergence of unprecedented events (Diffenbaugh and 

Scherer, 2011; King et al., 2016).  Due to thermodynamic processes, the additional 

atmospheric moisture in a warmer world can provide greater latent heat release to 

facilitate more intense storms and more extreme weather (Shepherd, 2016). 

For the hydrological cycle, anticipated changes resulting from anthropogenic climate 

change are commonly simplified to the “wet get wetter and dry get drier” (Seager et al., 

2010).  In other words, the already wet deep tropics and mid-latitudes are anticipated to 

get wetter, while arid and semiarid regions in the subtropics will likely get drier (Held 

and Soden, 2006; Chou et al., 2009).  Dry length spells are anticipated to be longer (Giorgi 

et al., 2011) and when it rains, it will rain harder because of increased atmospheric 

moisture (Trenberth et al., 2014).  Observed changes in precipitation extremes are less 

spatially coherent and statistically significant when compared to observed changes in 

temperature extremes (Alexander et al., 2006; Bindoff et al., 2013).  Significant trends to 
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larger precipitation extremes occur for a greater fraction of Earth’s surface than those 

toward smaller precipitation extremes (Alexander et al., 2006) providing medium 

confidence that anthropogenic forcing contributed to the global-scale intensification of 

heavy precipitation (Bindoff et al., 2013).  Though there is a need for extreme 

precipitation event studies to better understand and resolve the multiple meteorological 

factors to reduce uncertainty and better ascertain causality and attribution (Otto et al., 

(2015). 

2.3.1 Extreme event definition 

Many aspects of climate analysis can be evaluated on the basis of monthly means.  By 

contrast extremes (Figure 2.8), which are the tails of a distribution, need to be assessed 

using high temporal and spatial resolution data to prevent much of the characteristic 

information being smoothed over (Zhang et al., 2011).  Two important features that 

distinguish extreme indices include: a) how the distribution was defined, and b) the 

positioning of the index threshold at the tail of the distribution.  Traditional examination 

of extremes is a balance between sample size and rarity of the event with many extreme 

indices being based on ‘moderate extremes’, or events that occur on at least an annual 

basis (Zhang et al., 2011).   
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Figure 2.8: Stylised representations of temperature and precipitation extremes using 

probability distributions.  Extremes are denoted using shaded areas (Zhang et al., 2011). 

To detect changes in climate extremes, a set of internationally agreed-upon indices were 

established by the Expert Team on Climate Change Detection and Indices (ETCCDI) 

(Peterson and Manton, 2008).  This ensured the chosen indices were: statistically robust, 

well suited to perform across a wide range of climates and had a high signal-to-noise ratio 

(Zhang et al., 2011).  It also safeguards that results can be compared consistently across 

different countries.  As shown in Table 2.1, there are a variety of extreme precipitation 

indices including monthly or annual maxima, day-count indices and percentile thresholds.   
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Table 2.1: Extreme precipitation indices recommended by the ETCCDI (Zhang et al., 2011). 

 

As extreme events have increased in many regions, efforts to understand the influence of 

global warming on individual events have also increased (Diffenbaugh et al., 2017).  This 

has given rise to the development of a number of attribution methods as the climate 

community respond to the demands for timely appraisals of evolving climate conditions 

and extreme weather (Trenberth et al., 2015).   

 

2.4 Detection and attribution of human influence 

The purpose of attribution studies is to differentiate between changes driven by internal 

variability or by external forcings (NASEM, 2016).  A change is detected in observations 

only if the probability of occurrence by chance due to internal variability is small (i.e. p 

< 0.05) (Stocker et al., 2010).  Attribution seeks to assign a degree of statistical confidence 

to the causal factors of the change (e.g. anthropogenic forcings).  This can be achieved in 

many ways (see Diffenbaugh et al., 2017) though the primary method is to compare 

observations to expected changes from physically based model simulations.  Such 

simulations permit the observation of a counterfactual world without human influence 

and thus the estimation of anthropogenic influence and risk (Risser et al., 2017).  While 

the methods used for detection and attribution continue to evolve, they have been 

repeatedly demonstrated to be robust to methodological variations (Allen and Stott, 2003; 

Hegerl and Zwiers, 2011; NASEM, 2016).   
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Two broad classes of methodologies exist.  Observational-only methods compare 

observations for a recent time period to a historical time period (e.g. early or mid-20th 

century) where anthropogenic influences are assumed to be weaker (NASEM, 2016).  

This approach can identify changes which are poorly simulated by climate models and 

where understanding of the response to forcings is incomplete.  Observation-only 

methods rely on the assumption that the response to a forcing is instantaneous or that 

climate change and variability can be separated on the basis of timescale (Hegerl and 

Zwiers, 2011).  Long observational data sets are, however, rarely available and may 

exhibit non-stationarity for the period of interest (NASEM, 2016).  Hence it is often 

difficult to adequately quantify uncertainty using an observation-based approach. 

The second class of methods use physically-based climate models.  Model-based 

approaches translate changes in radiative forcing into climate responses based on physical 

understanding.  Estimates of internal variability must be derived and separated out to 

distinguish the forced signal (Hegerl and Zwiers, 2011).  Fingerprint methods compare 

observed changes with model simulations both with and without anthropogenic forcings 

(Stott et al., 2010).  The landmark study of Stott et al. (2000) demonstrated observed 

changes in global surface air temperatures during the twentieth century could be 

reproduced only by climate models that included both anthropogenic and natural forcings.  

Models have however been identified to have challenges simulating extremes of 

precipitation in the tropics well (Kharin et al., 2007), with thermodynamic variables 

exhibiting stronger signal-to-noise ratios than dynamic variables (Deser et al., 2012).  

Furthermore, detection of changes due to external climate forcings becomes increasingly 

difficult at smaller scales due to a less discernible signal relative to noise (Angelil et al., 

2014), though strengthening climate signals are anticipated to reduce the scales required 

for detection (Stott and Tett, 1998).  In most cases, the choice of method employed is 

often a result of the resources available and the way an attribution question is framed 

(NASEM, 2016).   

2.4.1 Framing 

The framing of attribution questions has become a fundamental consideration in 

attribution studies, as the way an attribution question is posed can have a major bearing 

on results.  The pioneering work of Otto et al. (2012) reconciled how two attribution 

studies of the 2010 Western Russia heat wave (Dole et al., 2011; Rahmstorf and Coumou, 
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2011) can have what may first appear as opposite conclusions yet not contradict each 

other as explicitly stated by the latter study.  Dole et al. (2011) reported the extreme heat 

event to be primarily of natural origin while Rahmsorf and Coumou (2011) had shown 

the event would not have occurred without anthropogenic warming.  Otto et al. (2012) 

used probabilistic event attribution (PEA) to demonstrate that when the heatwave was 

framed in terms of magnitude it is mostly internally-generated by natural variability, 

meanwhile when framed using occurrence-probability, the event was mostly externally-

driven due to anthropogenic forcings.  These findings subsequently opened a new branch 

of inquiry seeking to address the sensitivity of attribution statements to methodology and 

data sources, which has proceeded to be a major research priority in event attribution 

studies (Stott et al., 2013; Titley et al., 2016; Angelil et al., 2017).  PEA has proceeded 

to be used extensively by the climate science community (see the Bulletin of the 

American Meteorological Society (BAMS) Supplement - Explaining Extreme Events) to 

determine the impact of a factor on an event. 

Typical event definitions are based on thresholds that may contain both a spatial and 

temporal dimension.  Defining an event over a large area and long time scale reduces the 

natural variability and tends to give larger PEA metrics.  Contrastingly, defining a class 

of events very specific to a location and over a short time period (i.e. close to the observed 

event) tends to give very low probabilities of occurrence, and limited future relevance 

given most extreme events rarely manifest in exactly the same manner (Trenberth et al., 

2015).  As such generalised statements of class-based events are normally formulated for 

which spatial or temporal details may differ from the observed event in question (Stott et 

al., 2016). 

2.4.2 Probabilistic event attribution 

The ‘risk-based’ approach was first introduced to the climate science community by Allen 

(2003) and applied to the European heat wave of 2003 (Stott et al., 2004).  Drawing on 

the approach used in epidemiology to answer questions such as ‘does smoking increase 

the likelihood of lung cancer?’ the method of PEA instead sought to answer questions 

such as ‘how has the likelihood of this event changed due to anthropogenic forcings?’  

This approach required the use of climate models to simulate current (ALL) and 

counterfactual climate (NAT) conditions assuming ‘all other factors [aside from the 

forcing of interest] are equal’ (Bindoff et al., 2013).  Figure 2.9 illustrates the probability 
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distribution for daily precipitation modelled under current climate conditions and for the 

counterfactual climate where only natural forcings are present.  A defined threshold is 

used to compare the calculated probabilities, 𝑃𝑁𝐴𝑇 and 𝑃𝐴𝐿𝐿, for events of a given 

magnitude or larger which can then be used to calculate the Fraction of Attributable Risk 

metric (FAR; Allen, 2003).   

𝐹𝐴𝑅 = 1 −
𝑃𝑁𝐴𝑇

𝑃𝐴𝐿𝐿
    (2.1) 

Positive FAR values imply the event has become more common due to anthropogenic 

influence, whereas a negative FAR suggests the event would have been more common in 

the counterfactual natural climate.  For example, if 𝑃𝑁𝐴𝑇 = 0.01 and 𝑃𝐴𝐿𝐿 = 0.03, then 

the risk of an extreme rainfall event has increased by a factor of three due to anthropogenic 

influence noting that the use of ‘risk’ within event attribution literature is focussed on 

event probability without considering damage or exposure (Black, 2017).  The 

corresponding FAR value of 0.66 indicates that 66% of the risk of the extreme rainfall 

event is attributable to human activity.  In both cases, these hypothetical results refer to 

event likelihood, not magnitude.  Otto et al. (2015) suggest the FAR is insensitive to the 

threshold value (e.g. magnitude) used in the calculation.  However, errors, potential forms 

of bias and uncertainties should be thoroughly assessed in any study using such metrics 

to attribute an event to anthropogenic climate change (Otto et al., 2012). 

  



21 

 

 

Figure 2.9: Schematic example of the estimation of the fraction of risk for an extreme 

precipitation event attributable to anthropogenic forcings.  The factual (ALL) distribution is 

a probability distribution function of precipitation totals for the observed world while the 

counterfactual natural (NAT) distribution is for a hypothetical world with greenhouse gas 

concentrations at pre-industrial (1850) concentrations (Black, 2017). 

Event attribution studies rely on the estimation of event probabilities and/or magnitudes.  

Christidis et al. (2013) have argued that robust attribution is only possible when the 

observed climatology is represented well with factual simulations corresponding closely 

to the observed climate, though most studies only quantify sampling uncertainty.  

Hawkins and Sutton (2009) propose other sources of uncertainty affect the estimate of 

event probability and magnitude in model analyses including: 

 Boundary condition uncertainty: the fixed aspects of the climate model (i.e. land 

surface characteristics) 

 Model uncertainty: the inability to fully represent the climate system 

 Parametric uncertainty: the appropriate values for input parameters in the climate 

model 

 Counterfactual boundary condition uncertainty: i.e. uncertainty for sea-surface 

temperatures (SSTs) that force the atmosphere-only model in a counterfactual 

scenario 

 Conditioning uncertainty: conditioned results only correspond to the state of the 

system used in generating the simulation i.e. the SST state in atmosphere-only 

models. 
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These sources of uncertainty are largely unavoidable and difficult to evaluate.  This makes 

it important to not just evaluate the best estimate in an attribution study, but also the 

uncertainty associated with the estimate.  As all models have biases in representing the 

climate system, some studies (NASEM, 2016; Angelil et al., 2017) suggest using multiple 

models and/or methods to reduce biases and firmly distinguish robust results from those 

that have high sensitivity. 

2.4.3 Extreme value theory 

To address many of the difficulties associated with the study of extreme events (e.g. 

limited observations, data availability, data quality), complementary methodologies have 

been developed to constrain changes in the odds of these events.  Extreme value theory 

(EVT), as an alternate approach to PEA for interpreting model output, makes it possible 

to model and study the tails of probability distribution functions on the basis of 

mathematical theory (Coles, 2001).  Parametric extreme value distributions are generated 

to make statistical statements and estimate return periods (Sippel et al., 2015).  One of 

the most common approaches utilises the Generalised Extreme Value (GEV) distribution 

(Jenkinson, 1955) as below (Coles, 2001) 

𝑃(𝑥) = 𝑒𝑥𝑝 (− [1 + 𝜉
𝑥−𝜇

𝜎
]

−(1/𝜉)

)   (2.3) 

where 𝜇, 𝜎, 𝜉 denote the location, scale and shape parameter of the GEV distribution 

respectively.  For the shape parameter 𝜉 = 0, 𝜉 < 0, 𝜉 > 0 the distribution type is 

Extreme Value Type 1, 2 or 3 (henceforth EV1, EV2 and EV3, respectively).  When 𝜉 =

0 the distribution reduces to the Gumbel distribution (Gumbel, 1958) and takes the form 

𝑃(𝑥) = 𝑒𝑥𝑝 {−𝑒𝑥𝑝 (− [
𝑥−𝜇

𝜎
])}   (2.4) 

The 𝜉 < 0 (EV2) and 𝜉 > 0 (EV3) distributions are also commonly referred to as the 

Frechet distribution and Weibull distribution (Ailliot et al., 2011).  An alternate 

distribution is the Generalised Logistic distribution (Greenwood, 1979) 

𝑃(𝑥) = {1 + 𝑒𝑥𝑝 (− [
𝑥−𝜇

𝜎
])}

−1

   (2.5) 

The parameters of such distributions have also previously been used for detection and 

attribution analysis (Zwiers et al., 2011) but are more commonly used in the 
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determination of annual return periods for extreme events.  In NZ, Griffiths et al. (2014) 

found 70% of rainfall sites follow an EV1 distribution, 27% EV2 and 3% EV3 though the 

distinctions between locations are sometimes minute.  Combining large model ensembles 

with extreme value statistics can bring about benefits including reduced numbers of 

simulations required, and improved attribution statements of rare events (Sippel et al., 

2015).  While EVT does not yet provide a convenient way to account for spatial or 

temporal dependence in analyses of time series fields of extreme values (Zwiers et al., 

2011), novel methodologies have been proposed to preserve physical consistency and 

multivariate structure (Sippel et al., 2016).  Though if an event is truly extreme in the 

present climate, it also undoubtedly required some unusual meteorological conditions 

such that climate change is only a contributing factor (Shepherd, 2016). 

2.4.4 Storyline approach 

As climate change is an accepted fact (IPCC, 2013), an alternative framing to PEA or 

EVT is to examine the various factors contributing to the event as it unfolded (Shepherd, 

2016), including the unique meteorological conditions.  Trenberth et al. (2015) argue a 

more effective approach than the highly uncertain outcomes of probabilistic assessments 

is to investigate how various physical factors, including anomalous aspects of natural 

variability, contributed to the event.  These factors, such as anomalous SSTs, may have 

been affected by known thermodynamic responses to climate change.  In their study of 

four extreme climate events, they found anomalously high SSTs played a key role in 

providing moisture into storms, intensifying the storm and causing heavy rains.  While 

this storyline approach can also be used to quantify the magnitude of anthropogenic 

influence (Hoerling et al., 2013), any result only pertains to that specific event and such 

studies do not address the potential change in likelihood (Shepherd, 2016).  This does not 

dismiss the usefulness of this approach, especially if historical events are to be used as 

benchmarks for liability or planning purposes.  Additionally, as the storyline approach is 

strongly anchored in physically-based mechanisms, confidence can be drawn from 

aspects of climate change that are well understood. 
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2.5 Dynamical modelling of the atmosphere 

Models of the atmosphere are an indispensable tool for testing how the climate system 

and the extreme event class in question is responding to changed forcings such as GHGs 

(Moise et al., 2015).  Dynamical models are constructed from physical laws, including 

equations of motion and state, which determine the thermodynamics and fluid dynamics 

of Earth’s oceans and atmosphere (Holton and Hakim, 2013).  Increased understanding 

of processes within the climate system and greater computational power have given rise 

to increasingly sophisticated and realistic models.  These have enabled larger ensembles 

of simulations to be generated and higher resolution outputs – both of which are pivotal 

to the study of extreme weather events.  Depending on the type of extreme being assessed 

the specific model and configuration will also vary. 

2.5.1 Global climate models  

General circulation models or global climate models (GCMs) are an extension of weather 

forecasting models (Moise et al., 2015).  GCMs are central to advancing our 

understanding of climate system response to forced change and to making future 

projections of Earth’s climate.  As the atmosphere is strongly influenced by multiple 

geophysical components including the ocean, cryosphere and biosphere, models of these 

components must be coupled to the atmosphere model to produce more realistic climate 

simulations over the long term.   

The complexity of the Earth’s climate system, in combination with finite computing 

power, means GCMs must be simplified abstractions of the real world.  Spatial and 

temporal details of processes may only be partially represented while other processes may 

not be directly simulated at all (Moise et al., 2015).  Furthermore, if large ensembles of 

simulations are required (as in event attribution studies) then the model must not be overly 

demanding on computing resources and so may be somewhat simplified compared to 

state-of-the-art models. 

2.5.2 Model types 

Coupled atmosphere-ocean-models and earth-system-models (ESM) are arguably some 

of the most comprehensive climate models available.  While a coupled atmosphere-

ocean-model includes representations of the atmosphere, oceans, ice and land, an ESM 
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additionally incorporates biological and chemical processes including the cycling of 

carbon. Greater complexity requires greater computational capacity and usually means 

only smaller ensembles can be obtained and larger spatial scales can be simulated.  As 

such, these models are ill-suited for studying most extremes.  The large computational 

requirements largely come from the need for these models to maintain a fully-dynamic 

ocean.  Consequently, the SSTs resolved by the model do not correspond to real SSTs 

observed in any given year (Black, 2017). 

Atmosphere-only models avoid such conditions by resolving only atmosphere and land 

processes.  SSTs and sea ice coverage are prescribed as lower boundary conditions which 

drive the atmosphere model (Black, 2017).  An advantage of prescribing SSTs within an 

atmosphere-only model is that dynamical processes, particularly synoptic circulation 

regimes that can be related to the extreme event (Otto et al., 2012; Mitchell et al., 2016), 

may be better represented due to a reduction in biases associated with the ocean state.  

As extreme events are by definition inherently rare, the sparse observation of their 

occurrence necessitates a number of modelling requirements including: 1) very large 

ensembles of climate model simulations to constrain estimates of sampling uncertainty 

and, 2) sufficient model resolution to realistically simulate extreme events given they 

typically occur at regional or local scale (Black, 2017).  While conventional computing 

resources are challenged to undertake such demanding requirements, distributed 

computing has opened up new avenues for citizen science participation in running such 

models. 

2.5.3 Weather@home 

Distributed volunteer computing has revolutionised scientific research allowing 

previously infeasible research to be conducted by tapping into what equates to a global 

supercomputer (Anderson, 2004).  Since the end of the 20th century, climateprediction.net 

(Allen, 1999) has been using the personal computers of thousands of volunteers around 

the globe to quantify uncertainties in long-term climate predictions.  More recently a 

subset of this project known as ‘weather@home’ was developed to simulate weather on 

a medium resolution scale (50 km) such that attribution of extreme events could be 

conducted (Massey et al., 2015).  As coarse resolution GCMs have a limited ability to 

reproduce the interactions of weather systems with local terrain and mesoscale processes, 
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regional atmosphere models can be embedded within the global model to downscale 

simulations for a select domain (Black, 2017).  Weather@home (w@h) utilises the 

climateprediction.net distributed network to compute very large ensembles of simulations 

from the HadRM3P regional climate model (Jones et al., 2004) that is driven by the 

HadAM3P atmosphere-only GCM (Pope et al., 2000).  Forcings for the global model are 

applied at the lateral boundaries allowing the higher resolution (50 km) regional climate 

simulations to be obtained.  While this is a relatively low resolution for an RCM, the 

ability of w@h to generate large ensembles is one of the best methodologies to account 

for the uncertainty associated with natural variability (Otto et al., 2015). 

One of these RCMs is the weather@home Australia-New Zealand project which is run 

over the Australasian region (Figure 2.10).  Validation work by Black et al. (2016) found 

the model capable of resolving many of the important climate features for Australia and 

NZ, including the influence of ENSO in driving natural climate variability.  This is not 

unsurprising given the model is forced by observed SSTs.  While large-scale spatial 

patterns of temperature were modelled very well, Black et al. (2016) noted a systematic 

underestimation of maximum wintertime temperatures at almost every land grid point, 

including a prominent negative temperature bias for the NZ South Island western 

coastline in both summer and winter. 

For precipitation, w@h ANZ captured the strong rainfall gradient across the Southern 

Alps, though tended to underestimate rainfall in both DJF and JJA seasons throughout 

ANZ.  Over the entire 29-year simulation period (1985-2014), the mean precipitation rate 

bias in NZ was -1.02 mm/day.  Black et al. (2016) propose such biases can be corrected 

through a simple scaling and offset approach (e.g. Sippel and Otto, 2014), quantile 

mapping (Bergaoui et al., 2015), or a resampling-based bias correction (Sippel et al., 

2016).  Yet this does not address the systematic bias that must persist within the model 

parameterisation, physics or input.  While they highlight the importance of SSTs on 

driving the climates of Australia and NZ, a key limitation of the model included the land 

surface data being fixed between both the factual and counterfactual scenario.  Similarly, 

as w@h ANZ only uses a single atmospheric model, it is restricted to only being able to 

make attribution statements that pertain to the context of the specific model setup, with 

the dependence of the model on physical parameterisation yet to be assessed.  
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Figure 2.10: Domain and elevation of terrain used in the w@h ANZ model simulations.  Land 

areas have been separated into six regions for evaluation: northern Australia (NAUS), central 

Australia (CAUS), eastern Australia (EAUS), southwest Australia (SWAUS), southeast 

Australia (SEAUS) and New Zealand (NZ) (Black et al., 2016). 

Despite such restrictions, w@h ANZ makes an important contribution to advancing our 

knowledge of the role anthropogenic forcings are having in extreme weather events for 

Australasia.  Studies have included assessment of heat events (Black et al., 2015; King et 

al., 2015), record low rainfall (Karoly et al., 2016), the role of ENSO (Black and Karoly, 

2016), mean sea level pressure anomalies (Grose et al., 2015), and extreme rainfall 

(Rosier et al., 2015).  A yet-to-be-released report commissioned by the New Zealand 

Treasury also used w@h ANZ to pioneer new research to estimate the cost of 

anthropogenic climate change.  In this work Frame et al. (unpublished) conservatively 

estimated the attributable cost for these events to be $839.73 million over 10-years 

revealing the large climate change cost already being borne by society. 

In w@h ANZ studies that examined circulation and precipitation, Rosier et al. (2015) 

found evidence of increased maximum 5-day precipitation (RX5D) for Northland, NZ 

due to anthropogenic forcings.  Extreme events like the observed RX5D event were found 

to have a FAR of 47%, with most of the simulated extreme precipitation events coinciding 

with anomalously high moisture fluxes from the subtropics.  Likewise, King et al., 2016 

found anthropogenic climate change in combination with the strong El Niño of 2015 to 
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very likely have increased the chances of breaking previous low rainfall records in 

Tasmania by at least 39% and 18% for these respective factors.   

This research utilises w@h ANZ output to evaluate and quantify how anthropogenic 

forcings have contributed to modifying NZ’s weather and climate.  Firstly, how has ozone 

depletion affected Southern Hemisphere extra-tropical circulation?  Then, what 

percentage of the attributable risk can be related to human influence to influence for an 

extreme rainfall event in Christchurch, New Zealand? 

 

2.6 Summary 

 Anthropogenic activity is unequivocally changing patterns of weather and climate 

globally, based on well-understood physical mechanisms. 

 Stratospheric ozone losses have contributed to significant changes in SH surface 

climate and circulation, most prominently during the austral summer mediated by 

the SAM. 

 Large natural variability has challenged the detection and attribution of 

anthropogenically induced changes, particularly in regard to the dynamical 

(circulation) component of our climate system which is a key control on 

precipitation. 

 A combination of short, disparate observational records in addition to extreme 

events being inherently rare have challenged detection of changes and trends in 

extremes, especially if using traditional approaches applied in climate analysis. 

 Global climate models have made it possible to discern and attribute simulated 

changes to specified climate forcings using a PEA framework.  The attribution 

study framing must be carefully considered due to having an important bearing 

on results. 

 Distributed computing, employing the use of volunteered public computing 

capacity, has allowed for the generation of very large ensembles of simulations 

from which changes in extreme weather and events can be assessed.  

Weather@home is one of the leading climate models helping to address and 

answer concerns as to whether human influence on the climate has increased the 

frequency or magnitude of events.  
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CHAPTER 3  -  METHODOLOGY 

This chapter first details the observational datasets used in this study.  The w@h ANZ 

model and the methodology used in its parameterisation is then described.  A critique of 

the model is conducted before details are provided on the project scope and analytical 

methods employed. 

 

3.1 Observational datasets 

A number of observed and derived datasets are used, including; weather station 

observations as from New Zealand’s National Climate Database (CliDB; accessible 

http://cliflo.niwa.co.nz), rainfall estimates for the period 1972-2017 from the Virtual 

Climate Station Network (VCSN; Tait et al., 2006) and ERA-Interim reanalysis data (Dee 

et al., 2011).  Within VCSN, daily rainfall estimates (9 am – 9 am total) for a 0.05 × 0.05 

degree grid of terrestrial NZ are generated (11,491 grid points; Tait et al., 2012).  This 

dataset is derived using a thin-plate smoothing spline interpolation based on 

measurements from approximately 600 sites across NZ, although this number varies with 

time (Tait et al., 2006).  ERA-Interim provides a continuous global record for numerous 

climate variables from 1979 to the present.  Simmonds et al. (2012) identify ERA-Interim 

as “one of the best reanalyses available to date” providing more robust assessments of the 

SH than competing global reanalyses products.  The high temporal (every 6 hr) and spatial 

(0.75° × 0.75° grid) resolution of ERA-Interim for variables including mean sea level 

pressure (Pa), total precipitation and 10 m wind make it well suited for this investigation.  

These data products in addition to the westerly (u) wind component at 850 hPa, 500 hPa 

geopotential height and vertical integral of water vapour are used for global and regional 

comparison with w@h ANZ output. 

 

3.2 Weather@home model description 

Simulations with w@h ANZ are generated from the HadAM3P (Pope et al., 2000) and 

HadRM3P (Jones et al., 2004) atmosphere-only models, requiring forcings to be defined 

at the lower boundary.  Specified boundary conditions include SSTs and sea ice fraction 
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fields obtained from the UK Met Office Operational Sea Surface Temperature and Sea 

Ice Analysis dataset (Donlon et al., 2012).  These are input as global, daily fields on the 

1.25° longitude × 1.875° latitude HadAM3P grid (Massey et al., 2015).  Atmospheric 

composition is prescribed in the model with greenhouse gases (CO2, CH4 and N2O), 

ozone, halocarbons, sulphur species and solar anomalies input following Coupled Model 

Intercomparison Project Phase 5 (CMIP5; Taylor et al., 2012) recommendations.  After 

2005, the concentrations of GHGs and emissions of aerosols specified in w@h follow the 

representative concentration pathway (RCP) 8.5 scenario. 

HadAM3P-HadRM3P solves dynamical, radiative and kinematic equations across 19 

vertical levels.  The global model HadAM3P has a 15-minute timestep using a regular 

longitude-latitude grid (1.25° longitude × 1.875° latitude).  The regional ANZ model 

configuration of HadRM3P has a 5-minute timestep using a rotated grid (0.44° longitude 

× 0.44° latitude) with an artificial North Pole at 60.31° N, 141.38° E.  This ensures each 

grid box in the nested region has approximately the same area.  The nesting is one-

directional, with no feedback from the regional model to the global model.  Further details 

of the HadAM3P-HadRM3P configuration are provided by Massey et al. (2015), Black 

et al. (2016) and Black (2017). 

Weather@home’s capability to generate very large ensembles is possible due to a globally 

distributed network of computing power.  Members of the public volunteer unused 

capacity on their personal computers by signing up via the Berkeley Open Infrastructure 

for Network Computing (BOINC; Anderson, 2004) client software.  The climate model 

setup is downloaded to the volunteer’s computer so that individual work units can be 

received from the BOINC server and run when the computer is idle (Black, 2017).  Each 

work unit contains the required configuration inputs for the climate model to run an 

experiment for one model year (December-November) of 360 days, under a prescribed 

climate scenario.  To minimise file size for data transfer and storage, the output is post-

processed to retain only a selection of key meteorological variables with w@h ANZ final 

results returned to a server hosted in Hobart, Australia.  On average each experiment takes 

a standard home computer approximately 4-5 days to complete.  Through this procedure, 

a large number of simulations can be performed across a distributed network of 

computers, which is particularly useful when examining extreme events.  
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A perturbation is applied to the initial conditions of each work unit to represent internal 

variability within the model (see Massey et al., 2015 or Black, 2017).  A variety of starting 

conditions are then applied to the first month of the model integration to provide 

perturbation to starting conditions.  These are based on control simulations from the 

previous year which contain different large-scale circulations and soil moisture amounts 

(Black, 2017). 

 

3.3 Counterfactual climate scenarios 

To quantify how human-induced stratospheric ozone depletion and anthropogenic climate 

change have altered SH circulation and the likelihood of extreme precipitation in NZ, 

large ensembles are required under three scenarios.  Firstly, the current climate which has 

been altered by anthropogenic forcings (ALL; A).  Additionally, two counterfactual 

climates.  The natural (NAT; N) climate as it may have been without human influence on 

atmospheric composition, and a current climate with natural ozone 

(ALL_NATURAL_O3; O) as might have been without human-induced stratospheric 

ozone depletion.  Thus, the O simulations have no ozone depletion but still contain GHG 

contributions. 

For the counterfactual scenarios, different atmospheric composition, sea ice and SST 

specifications drive the model (Black, 2017).  For the natural world, the atmosphere has 

prescribed pre-industrial (1850) levels of GHGs, ozone and aerosols.  The sea ice extent 

corresponds to the year of maximum sea ice extent in each hemisphere while SSTs are 

modified to remove estimates of anthropogenic warming (Black, 2017).  For the current 

climate with natural ozone, the setup for the lower boundary conditions including SST 

forcings are the same as for the current climate (ALL) but natural ozone concentrations 

are prescribed to 1959 concentrations.  These ozone concentrations come from a control 

integration of the Hadley Centre Coupled Model version3 (HadCM3) whilst the 2013 

ozone is from a model running the IPCC Special Report on Emissions Scenarios using 

the ‘A2’ projections scenario.  Forcings common to all scenarios are the natural forcing 

factors including changes in volcanic aerosols and solar irradiance.  Land surface types 

have been kept constant between the historical and counterfactual climate scenarios. 
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As it is not possible to observe true climate conditions for a “world without humans”, 

w@h ANZ utilises 10 different realisations of the counterfactual natural climate scenario.  

The set of realisations is derived from different estimates of human-induced SST warming 

as calculated from 10 available CMIP5 models and the multi-model mean (Taylor et al., 

2012; Grose et al., 2015).  The ensembles generated for the natural world are considerably 

larger, helping to quantify some of the uncertainty in the approximations of a world 

without anthropogenic influence (Black, 2017).  Due to the time taken for w@h to reach 

a state of statistical equilibrium under the applied forcing, the results for December are 

ill-suited for analysis as ‘model spin-up’ carries into this month.  Hence results for this 

month are excluded from the analysis. 

 

3.4 Critique of weather@home 

While w@h ANZ has previously been demonstrated to be capable of resolving many 

important climate features for the Australia and New Zealand regions (Black et al., 2016; 

Black, 2017), it is important to recognise some of the limitations of the system.  Under 

the current model configuration simulations are always initialised on 1st December in the 

previous year and run for 12 months.  As w@h ANZ must spin-up in response to the SST 

field and prescribed boundary conditions, the December results are unreliable and not 

included.  This is problematic for assessing summertime phenomena in the SH (including 

drought and stratospheric ozone depletion) given December is a key month for which a 

response is likely to be observed.  Land surface data (e.g. vegetation type and roughness) 

are also fixed between the climate scenarios despite documented climate feedbacks 

associated with land surface changes (Pitman et al., 2009; Pielke et al., 2011; De Noblet-

Ducoudre et al., 2012; Mahmood et al., 2014).  While refinements proposed in 

weather@home2 (Guillod et al., 2017) will go some way to addressing these challenges, 

output from this improved model is not yet readily available for the ANZ domain. 

A further challenge is that w@h ANZ is based on a single atmospheric model.  Attribution 

statements from this study can be made only within the context of the specific model set-

up.  The limited vertical resolution of 19 atmospheric levels also restricts the 

representation of stratospheric circulation (Pope et al., 2000).  This is an issue when 

investigating the effects of stratospheric ozone depletion as the lower stratosphere is only 
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represented by four levels.  As such, any differences that are detected due to ozone change 

in w@h may only represent a portion of the true response.  A further constraint of the 

RCM is the temporal and spatial resolution.  The assessment of short-lived or highly 

localised events are hampered given data is only available at daily 50 km resolution.  This 

is particularly challenging in the assessment of regions with large spatial heterogeneity 

which the model is unable to fully represent (e.g. mountain valleys, urban environments).   

 

3.5 Scope 

The first part of this research examines if surface climate changes can be detected and 

attributed to ozone depletion in the w@h ANZ model, using simulations for 2013.  

Emphasis is placed on examining the Southern Hemispheric effects of stratospheric ozone 

depletion and the climatological impacts for NZ, especially changes in precipitation. 

The second part of the research investigates the anthropogenic influence on March RX1D 

rainfall in Christchurch.  Observations are first examined to contextualise the event in 

question and to determine the event class to which it belongs.  Historical observations are 

investigated to discern the event return period and if significant changes can be observed 

for the respective class of event.  W@h ANZ simulations for 2014 are used to quantify 

and evaluate changes in event likelihood.  Further detail regarding the temporal and 

spatial domains for this assessment and the respective sensitivity of results are outlined 

in Chapter 5.  

All w@h ANZ data products used in this research were copied from the server hosted at 

the Tasmanian Partnership for Advanced Computing in Hobart, Australia to NIWA’s 

Fitzroy supercomputer where they were accessed for assessment purposes. 
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3.6 Analytical methods 

Software 

The Climate Data Operators (CDO) library, developed by the Max-Planck Institute in 

Hamburg, Germany is used alongside the open-source NetCDF Operators (NCO) library 

(Zender, 2008) to manipulate and process the extensive w@h ANZ datasets.  This is done 

via shell-command style interfaces including X-launch and Unix command line.  The 

visual browser for netCDF format files, Ncview (Version 2.1.7, 

http://meteora.ucsd.edu/~pierce/ncview_home_page.html), is used to inspect data files 

while Panoply (Version 4.7, http://www.giss. nasa.gov/tools/panoply/) is used to plot 

geo-referenced data. 

The programming language Python (Version 3.6) is the main interface for this project for 

data handling, analysis and generation of figures and is accessed via the Ipython and 

Spyder3 command shell environments.  A number of supplementary packages are used 

to assist the analyses performed in Python including Matplotlib (Hunter, 2007), Scikit-

extremes and Bootstrapped.  The Hybrid Single Particle Lagrangian Integrated Trajectory 

Model (HYSPLIT) developed by Australia’s Bureau of Meteorology and the National 

Oceanic and Atmospheric Administration (NOAA) is used to compute air parcel back-

trajectories (Draxler and Hess, 1998; Stein et al., 2015).  The statistical packages 

Microsoft Office Excel (2013) and R (3.3.1) are used to conduct statistical analysis and 

graphically display data.  Lastly, ESRI’s ArcMap (Version 10.1) is used to explore spatial 

relations and generate maps utilising publicly-funded geospatial data obtained from 

Koordinates (https://koordinates.com/) and Land Information New Zealand 

(https://data.linz.govt.nz/data/). 

Data screening and aggregation 

Due to the large volume of w@h ANZ data, every file within each ensemble of 

simulations was screened to ensure it contained a complete record and was suitable for 

analysis.  A number of criteria were specified including; the file contained 360 timesteps, 

all timesteps contained valid data and the total file size was 44,049 KB.  After applying 

these criteria at least 97.6% of files obtained from the server were retained (Table 3.1).  

CliDB daily observations for Christchurch Gardens from 02/01/1873 – 31/12/2017, 
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having already been screened by NIWA to ensure data integrity, were 89.8% complete 

(89.0% complete for March). 

Simple arithmetic operations (i.e. addition, subtraction, division) were performed using 

CDO and NCO to aggregate and determine the mean conditions for each ensemble.  

Anomalies were then determined by subtracting the difference between the two mean 

states.  

Table 3.1: The ALL (A), NAT (N) and ALL_NATURAL_O3 (O) scenario ensemble sizes 

(% retained) for 2013 and 2014 for variables daily precipitation and mean sea level pressure 

(MSLP) at monthly global and daily regional resolutions. 

Year Variable ALL (A) NAT (N) ALL_NATURAL_O3 (O) 

2013 
MSLP_mon 6,218 (100%) 17,509 (100%) 5,944 (100%) 

Precipitation 6,088 (97.8%) 8,748 (97.3%) 980 (98.0%) 

2014 
MSLP_daily 2,718 (97.6%) 5,526 (98.5%) n/a 

Precipitation 2,718 (97.6%) 5,525 (98.5%) n/a 

Statistical analysis 

Statistical significance was determined for observed anomalies by calculation of a z-score 

for each cell.  These were calculated using CDO and NCO libraries to perform the 

operations in equation 3.1 (from Eq. 5.8, Wilks, 2006), 

𝑧 =  
𝜇𝑎−𝜇𝑜

[
𝑠𝑎

2

𝑛𝑎
+

𝑠𝑜
2

𝑛𝑜
]

1/2      (3.1) 

where µ is the mean of the distribution, s is the variance of the population and n is the 

number of simulations in the population, subscripts a and o represent the factual and 

counterfactual scenarios.  As daily precipitation data is not normally distributed, medians 

are reported and non-parametric tests (Mann-Whitney (MW) and Kolmogorov-Smirnov 

(KS); Massey, 1951, Lillieflors, 1967) are utilised for testing significance of difference.  

The non-parametric KS test is well suited for such analysis due to being able to detect 

differences in the location and shape of two different distributions (King et al., 2015).  In 

addition to these tests, the Anderson-Darling test (Stephens, 1974) is also used in 

assessing the performance of each parametric extreme value distributions due to giving 

more weight to the tails than the KS test, allowing for a more restrictive comparison of 

climate extremes (Diffenbaugh et al., 2017). 
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3.6.1 Average recurrence intervals 

Two approaches are utilised in estimating average recurrence intervals (ARIs) for the 

extreme precipitation event in Christchurch.  The first approach, 

𝐴𝑅𝐼 =
(𝑁+1)

𝑅𝑎𝑛𝑘
       (3.2) 

estimates the ARI based on the magnitude rank position of the event where N is the 

number of events (years) for the population.  The second approach assesses three different 

parametric extreme value distributions (Gumbel, Generalised Extreme Value (GEV) and 

Generalised Logistic (GLO)) to ascertain which is most suitable for determining ARI.  

These were fit by using probability-weighted moments (Greenwood et al., 1979; Hosking 

et al., 1985; McKerchar and Pearson, 1989).  As in prior studies of Christchurch rainfall 

(Griffiths and Pearson, 1993; Griffiths et al., 2009), the Gringorten (1963) plotting 

position has been used to simplify the inspection of the distribution.   

3.6.2 Detection of change 

In assessing change for extreme events in the historical observation record, there is a need 

for “complete” records (for our purposes > 99% complete).  This is due to a missing 

record for an extreme event potentially having a large bearing on results given their 

occurrence is so infrequent.  Christchurch Gardens, which is one of the longest records in 

NZ, has complete annual records dating back to 1899.  This long-term observational 

record is divided into two 59-year windows (1899-1957 and 1959-2017) to determine if 

a significant change can be detected and the season when the change is occurring. To 

ensure both windows are the same size 1958 has been left out.  This analysis is conducted 

using the annual and seasonal records examining three indices: extreme 1-day rainfall 

events (RX1D) larger than the 98th percentile of rainfall events ≥ 1 mm, all 1-day rainfall 

events ≥ 1 mm and the top three events annually. 

3.6.3 Fraction of attributable risk 

In the case of our Christchurch study, the components of the FAR (Equation 2.1) are 

based on a specified March precipitation threshold being exceeded in the two scenarios. 

This metric provides a means of expressing how much of the events current risk is due to 

anthropogenic GHG. 
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Uncertainty in the calculation of return period and FAR is estimated using a bootstrap 

procedure (without replacement) 10,000 times on 50% of subsamples from the complete 

simulated ensemble.  Sampling without replacement is used to better preserve second-

order properties (i.e. variance) though, given the large dataset and number of resampled 

values, differences from utilising this approach are likely negligible (Bertail, 1997).  The 

10,000 bootstrapped estimates were then used to calculate 10th and 90th percentile return 

period and FAR estimates.  Definitions of when anthropogenic influence can be detected 

for FAR estimates are consistent with those used in prior studies (King et al., 2016).  If 

the 10th percentile FAR value is greater than zero, a significant anthropogenic influence 

is detected (i.e. human-induced climate change very likely increased the likelihood of the 

extreme weather event).  If the 10th percentile FAR value is greater than 0.5, a significant 

and substantial anthropogenic influence is detected (i.e. human-induced climate change 

very likely at least doubled the likelihood of the extreme weather event). 

3.6.4 Sensitivity analysis 

The sensitivity of results with regards to the choice of spatial domain and observational 

dataset was assessed to establish the uncertainty associated with framing choices.  A key 

component of this analysis was ascertaining which spatial domain exhibited the smallest 

bias between simulated values and observations for the equivalent class of event.  

Quantile-quantile plots were used to determine if the two data sets belong to the same 

distribution in addition to the degree of correction required to accommodate discrepancies 

arising in modelled output. 

 

3.7 Summary 

Observational data sets, including reanalysis fields, are examined to validate output from 

w@h ANZ, contextualise RX1D rainfall for Christchurch in March 2014 and ascertain if 

significant changes can be detected.  Simulations from w@h ANZ for three forcing 

scenarios are compared to determine the influence of ozone and anthropogenic forcings 

in altering patterns of circulation and precipitation, with a detailed enquiry for 

Christchurch to assess how the likelihood of RX1D rainfalls have changed due to human 

influence.  The next two chapters describe and discuss the results of this analysis, first for 

the contribution of ozone forcings and secondly for extreme 1-day rainfall events in 

Christchurch like that observed in early March 2014. 
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CHAPTER 4  -  OZONE FORCING ASSESSMENT 

Regional climate simulations generated by w@h ANZ for 2013 were examined to 

determine whether surface climate changes can be detected and attributed to ozone 

depletion.  The relative contribution of ozone depletion to change was assessed by 

comparison of the anomalies between factual and counterfactual climate change 

simulations, and ozone hole and non-ozone hole simulations.  From this, the contribution 

of ozone depletion to recent changes in our climate system may be better apportioned 

assisting understanding of present and future climate change risks. 

 

4.1 Global assessment 

One of the primary aims of this thesis is to examine if surface climate changes can be 

detected and attributed to ozone depletion in the w@h ANZ model.  Anomalies in 

circulation and precipitation are determined by comparison of 2013 simulations for the 

ALL (A) and ALL_NATURAL_O3 (O) scenarios, which we refer to as the ozone hole 

analysis (A-O).  Results from a global assessment of the monthly averaged values of mean 

sea level pressure (MSLP) indicate a strong seasonal response to stratospheric ozone 

depletion (Figure 4.1).  The largest anomalies are primarily observed in the mid- to high-

latitude SH regions with disparities over 2 hPa observed near the Antarctic coastline 

during the austral summer.  Equatorial regions and the Northern Hemisphere see smaller 

anomalies.   

In 2013, a zonal wave three pattern is seen in the A-O MSLP anomalies during January 

and February (Figure 4.1).  The strong anomalies dissipate for the austral winter with a 

zonal wave one pattern appearing later in the year.  During late austral spring, a trough of 

negative pressure anomaly extends over NZ while the South Atlantic experiences a large 

positive anomaly.  Despite the anomalies generally having small magnitude, they are 

significantly different from zero at the 95% level (based on a two-tailed t-test).   

In contrast, the climate change analysis (A–N) has MSLP anomalies greater than 3 hPa 

(Figure 4.2) with most regions across the globe having z-scores greater than plus or minus 

three, indicating statistical significance at the 99th percentile.  Figure 4.3 indicates a large 
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majority of the anomalies in both analyses lie outside three standard deviations (99th 

percentile) of monthly MSLP variability.  The z-score distribution has a negative mean 

globally, indicating the global mean surface pressure response is primarily due to large 

high-latitude decreases in MSLP (Gillet and Stott, 2009).  The mean shift in z-score for 

the climate change analysis is larger at -5.61 in addition to having wider variability (larger 

tails).  When the scope is reduced to the region between 35° S and 65°S, where the largest 

anomalies are observed, variability is reduced and the mean z-score for the climate change 

and ozone analysis are positioned at 2.5 and 2.25 respectively (Figure 4.4).  In both the 

global and restricted SH cases, the climate change analysis sees larger variability and 

shifts in the mean z-score than the ozone hole analysis.  This suggests that while ozone 

forcings are a critical component of change, the additional contribution from other GHGs 

amplify such changes. 

Prior studies have suggested observed shifts in the mid-latitude jet and trends for the SAM 

index in DJF during the last 50 years are primarily in response to stratospheric ozone 

depletion.  Lee and Feldstein (2013) stated that ozone depletion contributed 

approximately 50% more than GHGs toward the jet shift in austral summer.  This can 

also be seen in our results where the maximum MSLP anomaly increases between the 

ozone hole (A-O) and climate change (A-N) analyses by roughly a factor of two.  This is 

despite scenarios A and O being forced with exactly the same SSTs which could have 

lessened the potential response (unlike N where the anthropogenic temperature 

component had been removed from SSTs).
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Figure 4.1: Ozone hole analysis (A-O) monthly mean sea level pressure anomalies (hPa) for 2013.  Shaded areas indicate regions where z-score is < 2.0 

(i.e. 95th percentile).  Values for December have been set to zero due to distortion by model spin-up
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Figure 4.2: Climate change analysis (A-N) monthly mean sea level pressure anomalies (hPa) for 2013.  Shaded areas indicate regions where the z-score 

< 2.0 (i.e. 95th percentile).  Values for December have been set to zero due to distortion by model spin-up. 
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Figure 4.3: Distribution of global mean sea level pressure anomaly z-scores from January-

November 2013 for the climate change analysis (A-N) and ozone hole analysis (A-O).  The 

red-dotted line indicates zero. 

 

Figure 4.4: Distribution of z-score for mean sea level pressure anomaly between 35°S and 

65°S from January-November 2013 for the climate change (A-N) and ozone hole (A-O) 

analyses.  The red-dotted line indicates zero. 



43 

 

4.2 Westerly winds and the Southern Annular Mode 

When examined zonally, MSLP, as modelled by w@h ANZ, decreases at high latitudes 

in response to stratospheric ozone depletion with negative anomalies peaking at 75°S 

(Figure 4.5).  In the mid-latitudes of the SH, positive MSLP anomalies reach their maxima 

at 50°S.  The enhanced pressure gradient between these latitudes affects the strength and 

position of the westerly winds.  In w@h ANZ, the region 50-75°S sees increases of up to 

1.0 m/s in average westerly wind speed at 850 hPa, for which February has the greatest 

acceleration (Figure 4.6).  The mid-latitudes between 30°S and 50°S meanwhile have an 

average decrease in westerly wind speed of 0.5 m/s, with the largest deceleration again in 

February.  These MSLP and wind responses are suggestive of a positive SAM index in 

support of prior attribution studies and are consistent with the observed positive trend in 

the SAM found for austral summer in recent decades (Thompson et al., 2011; Abram et 

al., 2014). 

 

Figure 4.5: Zonally averaged mean sea level pressure anomalies (Pa) by month from January 

– November 2013 for the ozone hole analysis (A-O). 
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Figure 4.6: Zonally averaged mean westerly wind anomalies (m/s) at 850 hPa by month from 

January – November 2013 for the ozone hole analysis (A-O). 

The SAM index can be calculated in a number of different ways including Marshall’s 12-

station index (Marshall, 2003) and the NOAA Climate Prediction Center’s reanalyses-

based Antarctic Oscillation Index (AOI; Gong and Wang, 1999).  A pseudo-SAM index 

was developed in an attempt to replicate the steps used by NOAA in calculating the SAM.  

Zonal MSLP means at 40°S and 65°S were calculated before subtraction of the 65°S value 

from the 40°S value.  The monthly values were then standardised by a linear scaling using 

the annual mean mslp difference µ before subtraction of one (i.e. µ / µ) to centre the index 

on zero.   

Pseudo-SAM =  
𝑚𝑠𝑙𝑝40−𝑚𝑠𝑙𝑝65

𝜇
− 1      (4.1) 

This differs slightly to the standardisation used by NOAA where zonal means are 

standardised by the mean/standard deviation using the climatological period (1981-2010) 

however this length of data is not available for the ozone experiments from w@h ANZ. 
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Applying the pseudo-SAM index indicates a positive phase for this index in March and 

April, followed by a negative phase through the austral winter (Figure 4.7).  The end of 

the year then sees a return to a strong positive phase.  These are consistent between the 

three scenarios with the “NAT” scenario indicating a more negative pseudo-SAM index 

in austral autumn and winter.  The lack of difference between the curves for A and O 

during April-June is consistent with the lack of ozone forcing during autumn and winter, 

though the difference between these two curves is generally small for most of the year in 

question.  In November, the curves for A and O go in opposite directions relative to N, 

suggesting ozone forcings (as encapsulated in A) give rise to a more positive SAM index 

while GHG alone (O) perhaps lead to a more negative SAM index.  This single year result 

differs to the findings of Gillet et al. (2013) who found MSLP trends for the period 1951-

2011 to increase in the mid-latitudes for both ozone and GHG changes, consistent with a 

positive phase of the SAM. 

Comparison with NOAA’s SAM index indicates the shape of the pseudo-SAM index to 

be in poor agreement with large differences in both the timing and magnitude.  This may 

be partially accounted for by the different standardisation procedure or model biases 

propagating into MSLP estimates, but is likely to be largely due to the model’s internal 

variability not matching that observed in 2013.  The low correlation (0.02) between the 

pseudo- and NOAA-SAM indices suggests that the model simulated monthly circulation 

variability does not match the observed sequence well.  As SSTs are the only source of 

variability that is common to the w@h ANZ simulations and observational record, the 

lack of agreement between these indices suggests the limited role of SST in driving SAM 

variability.  This supports the findings of Gupta and England (2006) who found the SAM 

to be mainly controlled by internal atmospheric mechanisms, though they did find lagged 

correlations whereby the oceans thermal inertia re-imprinted the SAM signature back to 

surface air temperatures.  In light of this, it is worthwhile to evaluate how representative 

2013 is against the long-term climatology and the performance of w@h ANZ  with ERA-

Interim reanalysis data to better understand the limitations of the model. 
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Figure 4.7: Pseudo-SAM index determined as the zonal mean sea level pressure difference 

between 40°S and 65°S normalised against the mean for the entire January – November 

period for the ALL (A), NAT (N) and ALL_NAT_O3 (O) climate forcing scenarios.  These 

are compared to the NOAA SAM index (dashed line) for 2013 which is plot with respect to 

the right-hand axis. 

 

4.3 How representative is 2013? 

ERA-Interim reanalysis fields for 2013 were compared to the average over 1979-2017 to 

assess the representativeness of the year under investigation.  Standardised anomalies 

were calculated by subtracting the climatological mean from each observation before 

dividing by the climatological standard deviation for the location.  By and large, 2013 

does not appear to be particularly anomalous with regard to MSLP with the largest 

anomalies occurring in the Northern Hemisphere (Appendix A).   

For the NZ region, the largest anomalies from climatological average occurred in July 

and October.  The negative anomaly southwest of NZ in October (Figure 4.8), and 

enhanced pressure gradient over the country would result in stronger than average 

westerly winds and more precipitation on the West Coast for October 2013 compared to 
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the climatology.  In contrast, an extensive positive anomaly to the south of Australia in 

November also influences the southern half of NZ, likely reducing westerly wind speeds 

for this month (Figure 4.9).  While the unique characteristics of 2013 are important to 

keep in mind, a robust model such as w@h ANZ that is conditioned on SSTs should be 

able to accommodate seasonal variability which we now assess in a simple validation.   

 

Figure 4.8: October 2013 MSLP compared to 1979-2017 climatology in ERA-Interim 

displaying standardised anomaly (dimensionless, units are standard deviations). 
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Figure 4.9: November 2013 MSLP compared to 1979-2017 climatology in ERA-Interim 

displaying standardised anomaly (dimensionless, units are standard deviations). 

 

4.4 Validation 

A simple validation of w@h ANZ with ERA-Interim observations indicates several 

systematic biases.  Antarctica has large discrepancies, with the model consistently 

underestimating MSLP by over 5 hPa (Figure 4.10).  This discrepancy is also observed 

for the Himalaya region from May until October, though the interpretation of MSLP in 

regions where the Earth’s surface is much higher than mean sea level is questionable.  In 

the mid-latitudes, MSLP appears to be often over-estimated.  The combination of these 

biases in w@h ANZ would result in an over-prediction of westerly winds in the mid- 

high-latitudes at 850 hPa (Figure 4.11) due to an inflated pressure gradient between mid-

latitude highs and Antarctic lows.  Stronger westerly winds than reality would in turn 

likely contribute to an overestimate of precipitation on western coastlines in the SH.  

While this positive bias in westerly wind is observed in the SH mid-latitudes, globally the 

model underestimates westerly winds with a bias of -0.2 m/s.  
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Figure 4.10: Weather@home bias in mean monthly MSLP (hPa) for 2013.  ALL (A) forcings minus ERA-Interim.  Positive bias in MSLP indicated by 

warm colours.



50 

 

 

Figure 4.11: Weather@home bias in the westerly (u) component of wind at 850 hPa for 

January – November 2013 (ALL (A) forcings minus ERA-Interim).  Positive westerly flow 

bias is indicated by warm colours. 

Despite the tendency for w@h to overestimate the westerly wind (u) component at mid- 

high-latitudes in the SH, meaningful comparison can still be made between simulations 

if we assume the inherent biases within the model are consistent and thus cancel out.  This 

assumption permits us to understand how variables, such as u and precipitation, respond 

to stratospheric ozone depletion which we discuss further for the NZ region. 

 

4.5 New Zealand surface climate changes 

Precipitation anomalies in our ozone hole analysis (A-O) exhibit a high degree of 

temporal and spatial variability across NZ (Figure 4.12).  The spatial variability for the 

South Island is largely due to the dominant topographic feature, the Southern Alps.  The 

West Coast of the South Island, where annual rainfall totals are largest (Tait et al., 2006), 

sees the largest magnitude anomalies.  From w@h ANZ, we see that in May-June 2013 

the West Coast receives less precipitation in the ozone hole analysis with the magnitude 

of the precipitation anomaly up to -16.6 mm per month.  Despite the relatively large 

magnitude, these changes are not statistically significant.  Furthermore, the change is 
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much smaller in magnitude than -50 mm per month change found for the West Coast by 

Ummenhofer et al. (2009) for a one SD positive SAM index.  Conversely, for late winter 

and spring, the West Coast receives more daily precipitation.  January and November on 

the West Coast observe modest increases in monthly mean precipitation up to +46 mm 

per month which are significant at the 66th percentile.  In November, the positive pseudo-

SAM index is associated with increased precipitation anomalies over the NZ region, 

opposing the overall relationship between positive SAM and drying on the West Coast.  

This reiterates how a zonally-based index such as the SAM does not always account for 

regional variability. 

The grid cells used to represent the West Coast (Figure 4.13) equate to roughly 1/3rd of 

the 67 cells that comprise the model South Island.  Median daily precipitation on the West 

Coast in 2013 had a net increase in the ozone hole analysis (A-O) with the greatest 

contribution to this increase during spring (Table 4.1).  This coincides with when ozone 

forcings may be anticipated to have greatest effect.  November exhibited a significantly 

different precipitation distribution when using a KS test, with the median increasing 

significantly from 10.62 (O) to 11.80 mm/day (A) (Figure 4.14).  The MW test indicates 

August exhibited a significant increase (p = 0.038) in median precipitation from 10.71 to 

11.08 mm/day while June has a small (p = 0.089) decrease in median daily precipitation 

from 10.61 to 10.58 mm/day. 

 



52 

 

 

Figure 4.12: Monthly precipitation anomaly in the ozone hole analysis (A-O) for 2013, 

stippling indicates significance at 66th percentile and no data is presented for December. 

 

Figure 4.13: South Island of New Zealand as represented by the w@h ANZ model 

configuration with the West Coast cells (n=21) represented in red.  



53 

 

Table 4.1: Median daily precipitation (mm/day) and the median annual total rainfall (mm) on 

the West Coast for different scenarios; ALL (A), ALL_NAT_O3 (O) and NAT (N). 

 Median Daily Precipitation (mm/day) 

Month A O N 

Dec n/a n/a n/a 

Jan 6.31 5.87 6.87 

Feb 6.67 6.71 6.83 

Mar 7.98 8.02 8.22 

Apr 10.31 9.94 10.47 

May 9.89 9.99 9.99 

Jun 10.58 10.61 10.45 

Jul 10.68 10.56 10.42 

Aug 11.08 10.71 10.95 

Sep 12.55 12.59 12.33 

Oct 13.97 13.53 13.69 

Nov 11.80 10.62 11.29 

Annual Total (mm) 3165.3 3098.4 3139.2 

 

 

Figure 4.14: Histogram and statistical results comparing daily precipitation for the West 

Coast under the ALL (A) and ALL_NAT_O3 (O) forcings in November. 
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In the O scenario when ozone forcings are set at ‘natural’ concentrations, total median 

daily precipitation on the West Coast has a small decrease relative to N, while the all 

forcings (A) scenario has a small increase (Table 4.1).  If these results were representative 

of decadal-scale changes, they suggest that summer months in the western parts of the 

South Island are generally wetter due to ozone depletion while winter is generally drier 

albeit with a smaller signal.  Such a result is opposite to the late twentieth century (1979-

2006) precipitation trends for NZ (Ummenhofer et al., 2009).  We conclude that modelled 

internal variability over-rode the ozone depletion signal for this one-year experiment. 

The transitional seasons, autumn and spring, exhibit mixed precipitation responses, 

though November is significantly wetter.  February has a significant change in 

precipitation in the anthropogenic climate change simulations, although the decrease in 

median daily precipitation from 6.83 to 6.67 mm/day is not statistically significant (p = 

0.105) for a MW test.  To understand the context for these changes it is important to 

consider changes in the regional wind regime given much of NZ’s rainfall arises from the 

storm track and westerly wind belt (Ummenhofer and England, 2007). 

For the first half of 2013, A-O differences show weakened westerly winds (Figure 4.15).  

From June onwards, westerly wind enhancement propagates up and over the country with 

November showing spatially extensive enhancement of up to 0.42 m/s.  While the 

stronger westerly winds modelled during November support enhanced precipitation, 

January’s observation of higher precipitation despite reduced westerly winds is less 

intuitive.  This may be due to the meridional (v) component of the wind bringing moisture 

from the Tasman Sea to the north which interacts with the topographical features.  

Without data regarding the v component of wind vectors this cannot be validated, though 

it would be an interesting avenue for further enquiry.  However, the drier West Coast seen 

in February, when there is anomalous easterly airflow, reiterates the importance of 

westerly winds to South Island rainfall spatial variability. 



55 

 

 

Figure 4.15: Monthly westerly wind anomaly in the ozone hole analysis (A-O) at 850 hPa in 

2013.  Positive westerly flow anomaly is indicated by warm colours. 

Increased MSLP for SH high-latitudes reported earlier in this Chapter (Section 4.1) aligns 

with the ozone response and increase in SAM index documented for DJF (Polvani et al., 

2011; Gillett et al., 2013).  For the first half of 2013 the NOAA SAM was predominantly 

in a positive phase before changing to negative phase for late winter and spring (Figure 

4.7).  As the westerly wind belt was positioned poleward for the start of the year, which 

A-O simulations suggest to be partially due to ozone forcings (Figure 4.15), the West 

Coast experiences reduced westerly winds and precipitation.  Conversely, during the 

negative phase of SAM from June onwards, westerly winds are more equatorward and 

are thus stronger than normal for most of the country, contributing to the positive 

precipitation anomalies observed on the West Coast.  It is surprising that the pseudo-SAM 

index does not show better agreement with the A-O strengthened mid- high-latitude 

westerlies (50-70°S) and weaker westerlies in mid-latitudes (30-50°S).  Yet despite this, 
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these results reconfirm how the ozone hole is strongly implicated in the position of the 

westerly wind anomalies. 

A restriction of only having one year’s worth of simulations has been the inability to study 

inter-annual/decadal trends in climate variables or to average out the effects of internal 

variability in simulations.  Comparing whole decades would help minimise the influence 

of large-scale teleconnections (e.g. the SAM) by smoothing inter-annual variability of 

such oscillations (Otto et al., 2015).  Future research may look to assess the role of ozone 

forcings integrated over a longer period (i.e. 1985 till present as performed for GHGs by 

Black et al., 2016) which may help generate more useful outputs regarding changing 

climate patterns and apportioning the role of ozone forcings.  This may include improving 

the representation of the stratosphere in addition to exploring factors that contribute to 

discrepancies of the w@h ANZ model with observations.   

 

4.6 Summary 

This chapter demonstrated that w@h ANZ is capable of resolving and detecting 

significant changes in circulation and precipitation both for the NZ region and globally.  

Ozone related changes in MSLP were significant for most of the Earth with the most 

prominent changes in monthly MSLP (< 3 hPa) observed in the SH during the austral 

summer.  At high latitudes, SH westerly winds are up to 1.0 m/s stronger than otherwise 

due to ozone forcings while for the SH mid-latitudes, westerly winds are generally 

weaker.  This corroborates the late 20th century trend in the SAM index towards its 

positive phase and increasingly drier conditions observed for much of NZ’s South Island 

(Ummenhofer et al., 2009).  The seasonal anomalies in rainfall in response to ozone 

forcings for 2013 contradict our existing understanding, despite 2013 being fairly 

representative of the climatological average in the NZ region.  This is thought to be due 

to challenges stemming from large natural variability in circulation dynamics and indices 

such as the SAM.  Future analysis would benefit from having multi-year simulations to 

average out natural variability thus assisting with the identification and apportioning of 

ozone-induced change.  An interesting use of w@h ANZ’s current capability would be to 

assess how extremes in 2013 responded to ozone forcings in isolation following similar 

procedures to the next chapter, where attribution analysis is conducted for a 2014 extreme 

rainfall event in Christchurch. 
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CHAPTER 5  -  EXTREME ONE-DAY RAINFALL IN 

MARCH 2014 FOR CHRISTCHURCH 

On the 4th and 5th March 2014, Christchurch, NZ experienced torrential rainfall over a 

period of 30 hours (Figure 5.1).  Resulting damages are estimated to have cost NZD $22.5 

million in insurance claims with more than 100 homes inundated with water (NIWA, 

2014; RNZ, 2014).  These homes were primarily located in the suburbs of Richmond, St 

Albans and Mairehau to the north-east of the CBD (Figure 5.2).  Over 94% of the rainfall 

associated with this event was received within the 24 hr window (New Zealand Local 

Time (NZLT) 0900-0900) for which daily rainfall observations are available back to 

1873.  As such, this short duration event is herein evaluated as a one-day rainfall event 

(RX1D).  

 

Figure 5.1: Hourly total rainfall at Kyle Street electronic weather station in Riccarton from 

2nd – 7th March 2014.  From this record, 132.7 mm was measured from NZLT 0900-0900, 

while 140.7 mm was received from 4th March NZLT 0800 – 5th March NZLT 1900. 
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Figure 5.2: Interpolated flood depths (m) based on citizen science data collection, for 5th March 2014 flood in Christchurch, New Zealand.  Darker blues 

indicate greater water inundation (Le Coz et al., 2016). 
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5.1 Observational record 

A number of observational records are available for contextualising this extreme 

precipitation event.  These include measurements from NIWA’s Christchurch weather 

stations accessed via CliDB, and high resolution 0.05° × 0.05° latitude/longitude 

observations derived from NZ weather stations via the Virtual Climate Station Network 

(VCSN; Tait et al., 2006).  As primary observations, weather stations provide an 

indication of the conditions for a given point at a given time.  The spatial coverage is 

however haphazard (Figure 5.3), and some weather stations provide hourly observations 

while others provide only total daily rainfall observations.  Further challenges arise due 

to the differing lengths and completeness of the rainfall record as illustrated for a selection 

of sites in Table 5.1.  In contrast, VCSN estimates, while available at high spatial 

resolution, are only generated from 1972 and do not have sub-daily data offered.   

Table 5.1: Total daily precipitation observations on 5th March for Christchurch weather 

stations from CliDB.  Total rainfall (mm) observed for 24 hours prior to 9 am and rank 

position for extreme 1-day rainfall (RX1D) and extreme 3-day rainfall (RX3D). 

Completeness of daily record (%) are as reported in CliDB summary. 

Weather 

Station 
Start-date End-date 

Complete 

(%) 

5th 

Mar 

2014 

(mm) 

RX1D 

Rank 

4-6th 

March 

2014 

(mm) 

RX3D 

Rank 

Christchurch 

Gardens 
1/01/1873 01/11/2017 90 130.0 1 144.9 6 

Kyle Street, 

Riccarton 
1/06/1998 31/05/2017 100 133.0 1 177.4 1 

Shirley 1/01/1940 31/03/2017 100 113.0 2 139.6 4 

Lyttelton 1/03/1961 13/09/2015 60 152.8 3 171.2 7 

Christchurch 

Aero 
1/08/1943 24/07/2017 100 58.6 16 73.8 75 
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Figure 5.3: Rainfall stations located within 50 km of Christchurch’s central business district as available via CliDB. 
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Preliminary observation of the event using VCSN data reveals the spatial extent and 

timing of the heavy precipitation.  On the 2nd and 3rd March 2014, small volumes of 

rainfall are estimated to have occurred in the greater Christchurch region (Figure 5.4).  A 

large increase in total daily rainfall is seen on the 4th March, the day corresponding to the 

extreme event, with the greatest amount of rainfall centred over coastal mid- and north-

Canterbury.  Across Christchurch city, there is a clear east-west gradient in precipitation 

distribution with eastern suburbs receiving up to 150 mm within 24 hrs, nearly double 

that observed in the west for the corresponding period (Figure 5.5).  The following day, 

total daily rainfall is less than 25 mm for greater Christchurch, with high rainfalls centred 

over Kaikoura to the north (Figure 5.4). 

Christchurch Gardens, located in the central city botanic gardens, contains the longest 

record of observations in Christchurch, and one of the longest in NZ.  These date back to 

1873 and provide a relatively complete series (90%) of observations (Table 5.1).  Figure 

5.6 indicates the 130 mm March 2014 event to be the largest ever RX1D event since 

records began at this site.  The more recently installed Kyle Street weather station 0.9 km 

to the west recorded a comparable amount of precipitation at 133 mm, meanwhile Shirley, 

one of the suburbs where flooding was most extensive, received 113 mm of rainfall 

making this the 2nd largest RX1D event in its 77-year record. 

Both the Generalised Logistic (GLO; Coles, 2001) and Generalised Extreme Value 

(GEV; Jenkinson, 1955) distributions are able to estimate the average recurrence interval 

(ARI) for Christchurch Gardens March maximum RX1D well (Figure 5.7).  The 

Anderson-Darling test p-value for the GLO distribution (0.879) and Generalised Extreme 

Value (GEV) distribution (0.716) indicate both these distributions fit the data well – with 

a stronger fit for GLO.  However, GEV has been used extensively in earlier studies of 

Christchurch rainfall and is a more common standard distribution (Griffiths and Pearson, 

1993; Pearson and Henderson, 1998; Griffiths et al., 2009; Griffiths et al., 2014).  In light 

of this, and previous findings of the Christchurch Gardens rain gauge exhibiting EV1 

(Griffiths et al., 2009) and EV2 (Pearson and Henderson, 1998) type distributions 

(depending on the length of the record examined), this study also employs a GEV 

distribution.  

A Gringorten plot of March RX1D for Christchurch Gardens indicates the 130 mm 2014 

event to have March ARI of 1-in-303 years thus placing in the 99.7th percentile with 5th 
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and 95th confidence intervals of 1-in-75 and 1-in-1226 years (Figure 5.7).  Meanwhile, if 

considered in terms of the annual records the associated RX1D return period is 1-in-76 

years (32, 185) and RX3D is 1-in-26 years (15, 47).  The March 2014 event has the longest 

ARI out of all observed March and annual RX1D events (Table 5.2) while being 

positioned as an outlier for the distribution (Figure 5.7 & 5.8).   

Table 5.2: Average recurrence interval (ARI) of historical heavy total rainfall events (PT) for 

Christchurch Gardens from fitting a Generalised Extreme Value distribution to March RX1D, 

annual RX1D and annual RX3D (see Figure 5.7 & 5.8). 

 March RX1D RX1D RX3D 

Year PT (mm) ARI (yrs) PT (mm) ARI (yrs) PT (mm) ARI (yrs) 

1894 n/a n/a 101.6 28 184.7 98 

1909 80.3 69 80.3 12 144.5 26 

1925 13.2 2 119.6 54 142.7 25 

1968 27.2 5 81.3 12 156.3 39 

1974 14.8 2 124.2 63 149.4 31 

1975 87.4 89 87.4 16 113.8 9 

2014 130.0 303 130.0 76 144.9 26 
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Figure 5.4: Virtual Climate Station Network 24 hr precipitation (NZLT 9 am – 9 am total) from 3rd March – 5th March 2014. 
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Figure 5.5: Total precipitation (mm) for the Canterbury region on 4th March 2014 as 

determined by the Virtual Climate Station Network spatial interpolation. 

 

Figure 5.6: Time series of annual (line) and March (dots) daily precipitation maxima for 

Christchurch Gardens weather station from 1873 until 2017.
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Figure 5.7: Extreme value Gumbel (blue), Generalised Extreme Value (red) and Generalised Logarithmic (green) distributions with 90% confidence 

intervals (plotting 5th and 95th percentiles) for Christchurch Gardens March 1-day maximum rainfall.  Anderson-Darling p-values are reported for how 

well each distribution fits the population of samples.
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Figure 5.8: Extreme value Gumbel (blue), Generalised Extreme Value (red) and Generalised Logarithmic (green) distributions with 90% confidence 

intervals (plotting 5th and 95th percentiles) for Christchurch Gardens annual 1-day maximum rainfall.  Anderson-Darling p-values are reported for how 

well each distribution fits the population of samples. 
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5.2 Synoptic observations 

A deep low originating south of NZ was a key player in the heavy precipitation event 

(Figure 5.9).  This storm travelled northwards off the east coast of the South Island and 

coupled with ex-tropical cyclone Kofi (Figure 5.10) to bring strong, moisture-laden 

onshore winds.  While the airflow is from the south-east, the vertical integral of water 

vapour and precipitation, as assessed by ERA-Interim, reveal this to be an extension of a 

moisture-laden air mass that extends to the tropics (Figure 5.11 and 5.12).  However, 

multi-level back trajectory analysis using the period of heaviest rainfall in Christchurch 

as the destination does not indicate the air parcel to have tropical origins (Figure 5.13) 

instead, they largely derive from the Southern Ocean to the south of NZ.  Multiple other 

back trajectory analyses performed to terminate on dates 3rd – 7th March 2014 at a variety 

of locations (Oamaru, Chatham Islands, Castlepoint, Gisborne and Whangarei) found no 

tropical origin for their respective air parcels.  At increasing height, the air parcels appear 

to spend a larger component of time to the east of the South Island.  This may be assisting 

the air mass to entrain moisture, especially if the body of water is warm.  While March 

SSTs to the east are approximately 1 °C above climatological average, SSTs to the north-

west and south are slightly below average (Figure 5.14).
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Figure 5.9: Synoptic circulation over New Zealand at UTC 1200 from ERA-Interim mean sea level pressure (hPa) and 10 m wind vectors (length of 

arrow corresponds to wind speed) for the 2nd, 3rd, 4th and 5th March 2014. 
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Figure 5.10: Track of tropical cyclone Kofi (dd/mm/yy - hhhh in UTC) which transitioned to 

an ex-tropical cyclone on March 3rd 2014 (http://www.usno.navy.mil/NOOC/nmfc-

ph/RSS/jtwc/jtwc.html). 

  



70 

 

 

 

Figure 5.11: ERA-Interim vertical integral of water vapour (kg m-2) at UTC 1200 on 4th March 

2014. 

 

Figure 5.12: ERA-Interim total precipitation (mm) for 12 hrs preceding UTC 1200 on the 4th 

March 2014. 
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Figure 5.13: HYSPLIT (Draxler and Hess, 1998; Stein et al., 2015) 96 hr back trajectory 

analysis for elevations (m above ground level); a) 0 m, b) 1500 m, c) 3000 m and d) 5000 m 

from Christchurch endpoint at UTC 1200 on 4th March, 2014. 
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Figure 5.14: Sea-surface temperature anomalies for March 2014 from 1981-2010 average. 

 

5.3 Detection of change 

Unlike clear trends in temperature records, changes in extreme precipitation events are 

much less consistent and spatially coherent (Alexander et al., 2006; Bindoff et al., 2013).  

Before utilising climate model output to address the role of anthropogenic forcings in the 

Christchurch extreme rainfall event, the historical observational record is first examined 

to see if any significant changes can be detected for extreme rainfall events in 

Christchurch.   

In most assessments of climatological trends, the median or mean of a distribution can be 

compared reliably without the need for “complete” data records (for our purposes > 99% 

complete).  However, assessments of trends in extreme events do require complete records 

given the focus on quantifying how the tail of a distribution is changing, for which a 

missing record can have a large bearing on the result.  While Christchurch Gardens 

precipitation observations are available from as early as 1873, complete annual records 

are only reported on a regular basis from 1899.  As such, the following analysis divides 

the observational window into two equal sized 59-year windows 1899-1957 (99.4% 

complete), which we consider to be our natural (n) reference period, and 1959-2017 

(99.6% complete) which we consider to be the anthropogenically (a) influenced period.  

A 59-year period is used as opposed to a shorter baseline to reduce the potential influences 

of multi-decadal variability to ensure the findings are more robust. 
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For all RX1D events between 1899 and 2017 greater than or equal to 1 mm, the 98th 

percentile is found to be 34.9 mm.  The frequency of events which exceed this threshold 

decreases between the two respective periods from 111 to 90 (Table 5.3).  When divided 

by season, the largest change occurs in DJF with a 66% decrease in extreme rainfall 

events.  The other seasons, however, do not observe such a pronounced change.  In DJF, 

the distribution of rainfall events ≥ 1 mm has changed significantly (KS p-value = 0.001) 

with a significant decrease in the median daily precipitation from 4.1 mm/day to 3.4 

mm/day (MW p-value = 0.005; Figure 5.15).  These results indicate Christchurch is now 

significantly drier in DJF, in addition to rainfall events being less frequent.  Meanwhile, 

the three largest RX1D rainfall events annually for DJF are found to be significantly 

wetter, increasing 17% from 15 mm/day to 17.5 mm/day (Figure 5.16), even though high 

rainfall events are decreasing in frequency as described above. 

Table 5.3: Change in extreme rainfall events that exceed the 98th percentile (34.9 mm) at 

Christchurch Gardens between 1899-1957 and 1959-2017 by season. 

Season 

Number of 

occurrences 

1899-1957 

Number of 

occurrences  

1959-2017 

% change 

DJF 29 10 -65.5 

MAM 39 34 -14.7 

JJA 25 31 +24.0 

SON 18 15 -16.7 

Annual 111 90 -18.9 
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Figure 5.15: December, January, February (DJF) precipitation distribution for events ≥ 1 mm 

observed at Christchurch Gardens for the periods 1899-1957 (n) and 1959-2017 (a).  The 

median precipitation for each distribution is reported alongside the p-value result from a 

Mann-Whitney u-test and Kolmogorov-Smirnoff test. 

 

Figure 5.16: Top three RX1D rainfall events annually for December, January, February (DJF) 

at Christchurch Gardens for the periods 1899-1957 (n) and 1959-2017 (a). The median 

precipitation for each distribution is reported alongside the p-value result from a Mann-

Whitney u-test and Kolmogorov-Smirnoff test. 



75 

 

The MAM period during which the 2014 event is placed, reports a smaller decrease in 

extreme rainfall events (> 34.9 mm) between the two periods of only -15% (Table 5.3).  

The population distribution of rainfall events during MAM had a small but significant 

increase of 0.3 mm/day (Figure 5.17).  While the median of the most extreme annual 

MAM rainfall events increases by almost 2 mm/day, these changes are not statistically 

significant at the 95th percentile (Figure 5.18). 

 

Figure 5.17: March, April, May (MAM) precipitation distribution for events ≥ 1 mm observed 

at Christchurch Gardens for the periods 1899-1957 (n) and 1959-2017 (a).  The median 

precipitation for each distribution is reported alongside the p-value result from a Mann-

Whitney u-test and Kolmogorov-Smirnoff test. 
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Figure 5.18: Top three RX1D rainfall events annually for March, April, May (MAM) at 

Christchurch Gardens for the periods 1899-1957 (n) and 1959-2017 (a).  The median 

precipitation for each distribution is reported alongside the p-value result from a Mann-

Whitney u-test and Kolmogorov-Smirnoff test. 

The significant drying observed for Christchurch in DJF is consistent with the multi-

model trends for historical changes associated with ozone and GHG forcings (Figure 2.7; 

Previdi and Polvani, 2014).  Mid-latitude drying during austral summer has primarily 

been associated with the poleward displacement of the westerly wind belt and the 

associated storm track (Son et al., 2009).  Furthermore, Purich and Son (2012) found 

decreased precipitation in the mid-latitudes has largely been due to changes in the light 

precipitation (1-10 mm/day).  The finding of extreme rainfall events getting wetter does 

differ to earlier work on NZ and Christchurch extreme rainfall events (Griffths et al., 

2009; Griffiths et al., 2014), where no evidence was found to support a significant trend 

or change in annual daily maxima for long-term rainfall records.   

Future projections indicate the frequency of extreme precipitation to increase for much 

of the South Island (Mullan et al., 2016).  Such a change is not, however, found to be 

significant for Canterbury, which may be due to the opposing contribution from 

anticipated ozone recovery manifesting differently throughout NZ (See Chapter 4).  

Likewise, Purich and Son (2012) suggest extreme precipitation changes in the extra-
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tropics to be more sensitive to thermodynamic processes at the surface than the dynamical 

response to ozone change.   

While no significant trends in extreme rainfall events are observed in the historical MAM 

record, w@h ANZ can be used to assess how anthropogenic forcings may have changed 

March extreme rainfall events and their role in this extreme 2014 event.  The most 

appropriate spatial criterion for such an assessment must be first established, given the 

model is relatively coarse at 50 km resolution.  The following details a sensitivity analysis 

of results from w@h ANZ to alterations in the spatial domain. 

 

5.4 Spatial sensitivity analysis and validation 

An important consideration in the development of an attribution study is the choice of 

spatial extent to be examined (Stocker et al., 2010).  As precipitation is a continuous 

random variable with high temporal variability, we assess the sensitivity of the model 

when four different spatial areas are examined (Figure 5.19).  The high degree of relief 

heterogeneity within the South Island (Figure 5.20), irregular coastline of our study area 

and irregular boundaries for rainfall (Figure 5.5) provide further weight to the necessity 

of a sensitivity assessment, given the simplification and averaging that occurs within a 

50 km spatial resolution climate model such as w@h ANZ.  Typically, events are defined 

over a large area and long-time scales to reduce natural variability and give larger FARs 

(Stott et al., 2016).  Three of the extents used in this assessment are land only (Chch1, 

Chch4, Chch9_land) with the numeral contained within the label indicating the number 

of grid boxes which are averaged across (i.e. 1, 4 and 9 grid boxes).  Chch9 (Figure 5.19d), 

centred on the cell for Christchurch, contains five cells located over the ocean for which 

no VCSN data is available, thus it has a very similar representation to Chch4 within 

VCSN. 
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Figure 5.19: Weather@home ANZ model representation of the South Island with highlighted 

cells indicating the domains for a) Chch1, b) Chch4, c) Chch9_land and d) Chch9 (within the 

frame of the dashed line). 

a) b) 

c) d) 
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Figure 5.20: Weather@home ANZ extent for Chch1 (yellow), Chch4 (blue), Chch9_land 

(red) and Chch9 (green) in relation to topographic relief. 
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Comparison of observations with w@h ANZ simulation output can be performed using a 

quantile-quantile plot to determine if the two data sets belong to the same distribution and 

the degree of correction required for modelled output.  This is achieved by determining 

the Gringorten plotting position (a rank based adjustment) for each observation (x-axis) 

and equivalent Gringorten position for the w@h ANZ data series.  A limitation of this 

approach is that distribution-dependent plotting positions can be subject to bias when 

studying the most extreme value for a data series and estimating quantiles (Cunnane, 

1978; Arnell et al., 1986).  While the Gringorten estimator is distribution-dependent, 

Cook (2011) reiterated its validity in extreme value analysis and excellent ability to 

provide valid estimates of plotting positions. 

Maximum March daily rainfall for Christchurch Gardens compared with w@h ANZ 

(Figure 5.21) indicates the Chch1 domain to generally have the smallest departure from 

a 1:1 perfect correlation with a root-mean-square-error (RMSE) of 4.58, closely followed 

by Chch9.  The larger RMSE for Chch4, which has the same land grid points as Chch9, 

may be due to the ocean points reducing the magnitude of the maxima.  The over-

prediction of maximum March daily rainfalls for Chch4 and Chch9_land could be due to 

these domains including the model’s representation of the Southern Alps, giving a higher 

mean elevation and average precipitation.   

At high daily rainfalls (> 60 mm) for Christchurch Gardens weather station, w@h ANZ 

for Chch1 under-predicts the maximum March one-day rainfall (Figure 5.21).  The 

straight line in Figure 5.21 is the linear fit between both distributions.  Chch4 and 

Chch9_land show good agreement in this year, yet also depart at extreme magnitude 

events (> 100 mm).  As the model is averaged over a much greater domain than the single 

point for Christchurch Gardens, the degree to which we can validate w@h ANZ using 

this data is limited.  However, it does give us the potential to account for the bias between 

observations at Christchurch Gardens and w@h ANZ simulated output.  The dashed 

yellow lines in Figure 5.21 shows how the 130 mm observation at Christchurch Gardens 

corresponds to 94.16 mm in w@h ANZ.  To further investigate the validity of the 

simulated output, we also compare w@h ANZ with VCSN data that has been averaged 

for the equivalent spatial extent. 
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Figure 5.21: Quantile-quantile plot of March maximum RX1D for Christchurch Gardens 

(CliDB) and w@h ANZ using Gringorten plotting positions on each axis for determining 

equivalent rainfall.  Root-mean-square-error (RMSE) determined for each data series based 

on deviation from a perfect correlation.  The yellow dashed line indicates the bias correction 

to ascertain the “equivalent” rainfall to the early March 2014 event as simulated in w@h 

ANZ. 

Despite VCSN data only being available from 1972, the higher spatial resolution of this 

data set permits a more robust comparison and thus validation for w@h ANZ extreme 

rainfall simulations in Christchurch.  The best agreement of the model with VCSN data 

occurs for the Chch1 domain with a RMSE of 3.72 (Figure 5.22).  Chch4 and Chch9 are 

the next best performing domains with most of the residual error originating above 30 

mm / day where deviations are more apparent.  At high VCSN rainfalls, w@h ANZ tends 

to over-predict rainfall across all the domains, with large deviations particularly apparent 

for Chch9_land.  This illustrates the difficulty for coarse GCM-based models to capture 

complex spatial heterogeneity such as that arising from the Southern Alps.  Recognising 

that the VCSN interpolation smooths out the extremes of the station records, this feature 

may be partly responsible for part of the discrepancy.  For this reason it is not unexpected 

that w@h ANZ extreme rainfall simulations are now appearing to over-predict extreme 

rainfall events.  Despite this, we can ascertain that the early March 2014 RX1D 69.1 mm 

VCSN event corresponds to a 77.9 mm in w@h ANZ. 



82 

 

 

Figure 5.22: Quantile-quantile plot of March maximum 1-day precipitation in Christchurch 

from VCSN averaged over the equivalent spatial domain as weather@home ANZ.  46 data 

points matched using Gringorten plotting positions on each axis.  Note: the VCSN 

‘‘observational’ values are not true observations but were derived from spatial interpolation 

(see Tait et al., 2006) and have differing positions on the x-axis due to being determined 

across different domains.  Root-mean-square-error (RMSE) determined for each data series 

based on deviation from a perfect correlation.  The yellow dashed line indicates the bias 

correction to ascertain the “equivalent” rainfall to the early March 2014 event as simulated in 

w@h ANZ. 

VCSN data indicates the 4th March 2014 precipitation event when examined for the 

Chch1 domain, to be the largest historic March 1-day rainfall (Figure 5.23) at 69.1 mm 

(after averaging across all grid boxes contained within this domain).  For this domain, the 

March average recurrence interval from fitting a GEV distribution is estimated to be a 1-

in-46 year event, thus placing in the 97.8 percentile with 5th and 95th confidence intervals 

of 1-in-14 years and 1-in-159 years (Figure 5.24).  While notably less than the 1-in-300 

years estimated from the longer Christchurch Gardens weather station record, the 

confidence intervals for these two estimates of ARI for this event still overlap supporting 

that the two data sets are not drawn from different populations.  When the domain under 

examination is expanded to Chch4 (42.7 mm) and Chch9_land (24.95 mm) the magnitude 

of the precipitation maxima and associated ARI decrease to 1-in-8 years and 1-in-1.7 

years respectively (Table 5.4), demonstrating the localised nature of this rainfall event 

(see Figure 5.5).  This contrasts with 12th March 1986 extreme rainfall which was spatially 
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extensive, causing the event to be observed across all domains with approximately the 

same magnitude (Figure 5.23, see Appendix B).   

In summary, the Chch1 domain offers the greatest agreement of w@h ANZ simulations 

to both CliDB and VCSN data sets.  The larger spatial domains (i.e. Chch4 and Chch9) 

disguise the extremity of this localised event and increasingly extend into the more 

heterogeneous landscapes of the Southern Alps which bring differing model challenges.   

For these reasons we use Chch1 as our primary region for assessment.  The 69.1 mm 

event from VCSN (bias corrected to 77.9 mm in w@h ANZ) for the Chch1 domain is 

used preferentially to Christchurch Gardens 130 mm (94.2 mm bias corrected) event as it 

is more representative of the climate model resolution.   

 

Figure 5.23: VCSN March maximum 1-day rainfall time series from 1972-2017 after spatial 

averaging for the spatial domains; Chch1 (yellow), Chch4 (blue) and Chch9L (red). 

Table 5.4: Average recurrence interval (ARI) of historical heavy rainfall events (PT) from 

fitting a Generalised Extreme Value distribution for VCSN spatial domains; Chch1, Chch4 

and Chch9L. 

 Chch1 Chch4 Chch9L 

Year PT (mm) ARI (yrs) PT (mm) ARI (yrs) PT (mm) ARI (yrs) 

1975 59.5 27.7 58.9 20.2 41.3 9.7 

1986 63.8 34.9 66.5 29.1 55.6 86.5 

2000 45.0 12.0 57.8 19.0 46.0 18.5 

2014 69.1 45.7 42.7 8.4 25.0 1.7 
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Figure 5.24: Extreme value Gumbel (blue), Generalised Extreme Value (red) and Generalised Logarithmic (green) distributions with 90% confidence 

intervals (plotting 5th and 95th percentiles) for VCSN Chch1 March maximum RX1D rainfall.  Anderson-Darling p-values are reported for how well each 

distribution fits the population of samples. 
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5.5 To what degree was this event influenced by global climate change? 

Given the considerable confidence in many aspects of climate change (IPCC, 2013), 

rather than starting from a conventional null hypothesis of no climate change and re-

establishing the case for anthropogenic influence (Trenberth, 2015), here we seek to 

determine the degree to which climate change has altered the likelihood of RX1D events 

in Christchurch.  In doing so we seek to avoid an inherently conservative approach which 

can be prone to underestimating the true likelihood of human influence (Trenberth, 2011; 

Trenberth, 2012).  As illustrated in 5.3, changes can be difficult to detect – especially for 

extremes associated with circulation (i.e. precipitation) where signal-to-noise ratios are 

generally small.  We present a storyline approach to examine the role of various factors 

that contributed to the March 2014 event as it unfolded.  This includes a traditional 

probabilistic event attribution approach. 

From w@h ANZ, large ensembles of simulations were generated to represent the factual 

world (ALL) and the counterfactual world (NAT) where the influence of anthropogenic 

activities have been removed.  Figure 5.25-5.28 of March RX1D maxima show for a given 

total precipitation (y-axis), the associated return period from the ALL ensemble are nearly 

always shorter than those for the NAT.  Additionally, for any given return-period (x-axis), 

the magnitude of the rainfall event in the ALL scenario is nearly always larger than in 

NAT.  Thus, the four spatial domains provide consistent evidence for anthropogenic 

forcings, giving rise to both increased frequency and magnitude of RX1D events.  

However, the regions where the curves and the 90% confidence intervals separate differs 

depending on the scale of the domain under assessment and region of the curves under 

examination.  Notably, Chch9L (Figure 5.28) does not exhibit the same degree of curve 

separation as the other three spatial domains, suggesting that anthropogenic forcings as 

simulated by w@h ANZ have not given rise to as large changes in March RX1D rainfall 

when the Southern Alps are included in the spatial domain.  There is a tendency for 

separation to be more regularly observed across Chch1, Chch4 and Chch9 domains at 

short return periods yet Chch9, which includes the maritime cells, was the only domain 

to exhibit curve separation at longer return periods ranging from 1-in-30 years to 1-in-

180 years (Figure 5.27). 
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After quantile-quantile bias correction, the observed VCSN event of 69.1 mm for Chch1 

scale corresponded to 77.9 mm in w@h ANZ (Figure 5.22).  This gives an annual return 

period for the ALL scenario of approximately 1-in-81 years with the 10th-90th percentile 

confidence intervals ranging from 1-in-66 years to 1-in-100 years.  In the NAT scenario, 

the return period is 1-in-112 years with confidence intervals ranging from 1-in-92 years 

to 1-in-131 years.  While the confidence intervals obtained from bootstrapping without 

replacement 10,000 times on 50% of each ensemble population still have a small degree 

of overlap, the 38% increase in likelihood (PA / PN × 100) in the ALL forcings scenario 

for an event of this magnitude strongly supports the increasing frequency of extreme 

March RX1D rainfalls in Christchurch.  By comparison, the Chch1 130 mm event bias 

corrected to 94.16 mm happens to be one of the only magnitudes in Figure 5.25 where 

the probability decreases (albeit by a very small amount) in the anthropogenic world.  

Such a result, in combination with the differences in degree of curve separation between 

spatial domains, demonstrates the sensitivity of attribution studies to the framing as 

indicated extensively in literature (i.e. Otto et al., 2012; Angelil et al., 2014; Stott et al., 

2016).  Bearing this in mind, quantification of the altered likelihoods under the ALL and 

NAT climate scenarios can be achieved using the FAR metric (Allen, 2003).   

  



87 

 

 

Figure 5.25: (a) Chch1 maximum RX1D rainfall for Christchurch, New Zealand from the 

w@h ANZ model, plotted against corresponding return periods (log scale). Each return 

period was bootstrapped (without replacement) 10,000 times on 50% of the respective 

ensembles to calculate the 10th and 90th percentile return period. (b) As in (a), but enlarged 

over region 1-in-10 years to 1-in-200 years with the total precipitation of 77.94 mm (as 

determined for VCSN after bias correction) plot as a horizontal line and vertical lines indicate 

the intersection with bootstrapped 10th and 90th percentile estimates of return period. 
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Figure 5.26: (a) Chch4 maximum RX1D rainfall for Christchurch, New Zealand from the 

w@h ANZ model, plotted against corresponding return periods (log scale). Each return 

period was bootstrapped (without replacement) 10,000 times on 50% of the respective 

ensembles to calculate the 10th and 90th percentile return period. (b) As in (a), but enlarged 

over region 1-in-10 years to 1-in-200 years. 
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Figure 5.27: (a) Chch9 maximum RX1D rainfall for Christchurch, New Zealand from the 

w@h ANZ model, plotted against corresponding return periods (log scale). Each return 

period was bootstrapped (without replacement) 10,000 times on 50% of the respective 

ensembles to calculate the 10th and 90th percentile return period. (b) As in (a), but enlarged 

over region 1-in-10 years to 1-in-200 years. 
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Figure 5.28: (a) Chch9L maximum RX1D rainfall for Christchurch, New Zealand from the 

w@h ANZ model, plotted against corresponding return periods (log scale). Each return 

period was bootstrapped (without replacement) 10,000 times on 50% of the respective 

ensembles to calculate the 10th and 90th percentile return period. (b) As in (a), but enlarged 

over region 1-in-10 years to 1-in-200 years. 
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5.6 Assigning the fraction of attributable risk 

Bias correction of the model data suggested the 69.1 mm event to be modelled as 77.9 

mm in the ALL ensemble with a return period of 1-in-81 years (Figure 5.25b).  The 

corresponding return period for the NAT was 1-in-115 years.  Utilising the bootstrapped 

10th and 90th estimates of the return period and the corresponding ARI between these 

values, we can make a best guess of FAR for events of this magnitude.  FAR values are 

calculated for each return period within the 10th and 90th percentile from which the mean 

is taken as the best estimate.  The highest and lowest calculated FAR then provide the 

10th and 90th percentile estimates.  So for the 77.9 mm (i.e. > 97.8 percentile class) event, 

the FAR is calculated to be 0.274 ranging from 0.237 to 0.283.  This may also be stated 

as 27.4% of the risk of extreme 1-day rainfalls during March in Christchurch is 

attributable to anthropogenic climate change.  Using definitions set out by King et al. 

(2016), this result suggests a significant anthropogenic influence can be detected for this 

class of events and that human-induced climate change has very likely increased the 

likelihood of RX1D rainfall events in Christchurch. 

When examined for a range of thresholds (Figure 5.29), we see the 50th percentile FAR 

to vary between the different spatial domains, generally positioned around 0.15-0.20.  

Interestingly the FAR values for each spatial domain converges around the 105-110 mm 

threshold to give a FAR of approximately 0.29.  These values are similar to the findings 

of Fischer and Knutti (2015), who found 18% of moderate daily precipitation extremes 

over land to be attributable to anthropogenic warming of 0.85 °C.   
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Figure 5.29: Estimates of the 50th percentile fraction of attributable risk (FAR) values for 

March 2014 maximum RX1D thresholds (mm) after bias correction for spatial domains; 

Chch1 (yellow), Chch4 (blue), Chch9 (green) and Chch9L (red dashed). 

Figure 5.29 above also shows a general increase in FAR with threshold, a result which 

was also found by Fischer and Knutti (2015) in their examination of the highest 

percentiles of rainfall extremes.  This implies the rarest and most extreme heavy rainfall 

events are more attributable to human influence, as also found by Stott et al. (2004) in 

their study of heatwaves.  While Figure 5.25-5.29 may appear as relatively straight and 

parallel lines, Figure 5.29 demonstrates that the actual value of the FAR threshold does 

matter, in contrast to the claim by Otto et al. (2015).  This could be due to ever-decreasing 

sample sizes at higher thresholds affecting the statistics significantly but it may also 

indicate changes in extreme rainfall events are the result of dynamical circulation 

changes.  Dynamical changes would be in addition to the thermodynamic change which 

affects all rainfall events (i.e. Clausius-Clapeyron 7% increase in maximum atmospheric 

moisture availability per degree of warming) (Emori and Brown, 2005; Stott et al., 2016).  

As dynamical circulation changes have larger uncertainties and smaller signal-to-noise 

ratios (Trenberth et al., 2015), it may also explain why curve separation between ALL 

and NAT is greater for low rainfalls with smaller ARI (Figures 5.28-5.30).  It is also 

important to bear in mind that climate models have historically underestimated observed 
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increases in heavy precipitation with anthropogenic warming (Allan and Soden, 2008; 

Min et al., 2011), such that curve separation and corresponding FAR values could be even 

greater for high ARIs.   

Comparison of probability density functions of March RX1D rainfall for the factual 

(ALL) and counterfactual (NAT) scenarios reveals where changes in the distribution are 

occurring.  Figure 5.30 indicates there is a large decrease in the frequency of small (~ 10 

mm) March maximum 1-day rainfall events compared to the corresponding 

counterfactual world, and that this is consistent for both Chch1 and Chch4 domains.  This 

result supports Purich and Son’s (2012) finding of systematic changes in light 

precipitation (1-10 mm/day) in response to ozone forcings and reiterates the importance 

of ozone forcings in Southern Hemispheric surface climate changes.  Furthermore, Figure 

5.30 indicates the frequency of events greater than 30 mm increases in the anthropogenic 

world with the Chch4 spatial domain observing a larger increase than the Chch1 domain.  

While the change in frequency for precipitation events above 100 mm is too small to 

discern visually from Figure 5.30, p-values from performing KS tests are both less than 

0.01, indicating the shape of the ALL and NAT distributions are significantly different 

for the Chch1 and Chch4 domains.   

Median rainfall for the Chch1 domain increases significantly in the anthropogenic world 

by 8% (p < 0.001), while a 29% increase is observed for the Chch4 domain (p < 0.001).  

These increases are both larger than the 3.3% increase in 1-day maximum rainfall 

attributed to human influence for Northern Hemisphere locations (Zhang et al., 2013).  

This difference is thought to be due to the focus of this study on March events which 

coincides with the majority of NZ’s ex-tropical cyclone (ETC) interactions (Lorrey et al., 

2014) that are also responsible for many heavy rainfall events.  Thus it would be 

interesting to broaden the scope of this analysis to all months, and more Southern 

Hemispheric locations, both to assess the contribution of ETCs and to see if the changes 

in extreme RX1D rainfall are similar to those found in the Northern Hemisphere.  Work 

by Bengtsson et al. (2009) estimated there to be a 27% increase in extreme precipitation 

for ETC tracks, close to the increase we saw in March for the Chch4 domain.  They also 

stated the importance of accurately resolving synoptic-scale circulation for robust 

prediction of local precipitation extremes.  As such we now evaluate the output 
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simulations closer to ascertain the role of ETCs and the synoptic regime in the most 

extreme March RX1D rainfall events. 

 

Figure 5.30: Probability density function of March 2014 maximum 1-day rainfalls for ALL 

and NAT forcings in Chch1 and Chch4 with the solid lines representing the Chch1 domain 

and dashed lines representing the Chch4 domain.  Statistical results from Mann-Whitney 

(MW) and Kolmogorov-Smirnov (KS) statistical tests are reported for changes in the median 

value and distribution between for the ALL and NAT ensembles for the Chch1 and Chch4 

domain. 
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5.7 Understanding the synoptic situation 

Large-scale atmospheric circulation is a key determinant of where rain falls, yet in 

contrast to the thermodynamic aspects of climate, forced circulation changes are not well 

established (Trenberth et al., 2015).  Investigating the simulations that gave rise to the 

most extreme RX1D rainfall events can help with understanding the nature of such events.   

Assessing the ALL forcing simulations from w@h ANZ indicates common 

characteristics in the synoptic set-up for the largest RX1D rainfall events.  Figure 5.31(a) 

depicts the largest simulated RX1D event for both Chch1 and Chch4 domains, while the 

simulation in Figure 5.32(a) is the third and second largest for the respective domains.  

Of particular note are the deep lows (Figure 5.31 and Figure 5.32) positioned north or 

north-east of Christchurch, with closely spaced isobars and strong onshore winds.  These 

bear a striking resemblance to the synoptic situation observed on the 4th and 5th March 

(Figure 5.9).  The synoptic depiction in Figure 5.31 also indicates that the position and 

breadth of the low may allow for extremely moist air to be drawn from the subtropics via 

‘atmospheric rivers’ (AR).  Prior research indicates such occurrences are not unlikely, 

with Waliser and Guan (2017) finding up to half of the extreme events in the top 2% of 

precipitation distribution to be associated with AR across mid-latitude regions globally.  

Meanwhile in NZ, Rosier et al. (2015) suggested most extreme events to have arisen from 

AR. 

In contrast, the top simulations for the NAT scenario (Figure 5.33-5.34) do not appear to 

show the same level of connectivity as the ALL forcings scenario with the sub-tropics.  

This may partly explain why the largest simulated 1-day rainfall event in the NAT 

ensemble is only 134 mm (contrasted with 308 mm for ALL) despite the larger number 

of simulations (5525 cf. 2718).  Interestingly, the spatial extent of extreme rainfall appears 

to be smaller for the largest events in the NAT simulations.  However, these differences 

in connectivity and extent may also be due to the data projection.  As each simulation is 

the result of different initial condition perturbations, the exceptional 308 mm ALL forcing 

simulation and other extremes seen here are likely the rare coincidence of multiple 

contributing factors.  
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a) b) 

    

Figure 5.31: Precipitation and synoptic circulation as simulated within w@h ANZ for Chch1 ALL forcings (a) largest RX1D event (308 mm), (b) second 

largest RX1D event (124 mm). 
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a) b) 

    

Figure 5.32: Precipitation and synoptic circulation as simulated within w@h ANZ for Chch1 ALL forcings (a) third largest RX1D event (123 mm), (b) 

66th largest RX1D event (66 mm) yet third largest event for Chch4 (143 mm).  
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a) b) 

     

Figure 5.33: Precipitation and synoptic circulation as simulated within w@h ANZ for Chch1 NAT forcings (a) largest RX1D event (134 mm), (b) second 

largest RX1D event (129 mm). 
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a) b) 

     

Figure 5.34: Precipitation and synoptic circulation as simulated within w@h ANZ for Chch1 NAT forcings (a) third largest RX1D event (127.86 mm), 

(b) fourth largest RX1D event (127.8 mm). 
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Examination of the origin, pathway and speed of the ten largest 1-day rainfall events for 

Chch1 and Chch4 in the ALL and NAT scenarios show that many of the largest rainfall 

events are associated with tropical depressions (TDs) originating in the tropical South 

Pacific (Table 5.5).  Only two events at the Chch1 scale are solely due to a Southern 

Ocean low (SOL) and are ranked in the 9th and 10th positions for ALL and NAT 

respectively.  For the Chch4 domain, none of the 10 largest events are exclusively due to 

a SOL.  There are however simulations where the arrival of a SOL coincides with a TD, 

much like the observed 4/5th March 2014 event.  For Chch1 and Chch4 ALL forcings, 

this combination gives rise to an event much larger rainfall than from a TD alone, which 

in this case is nearly 250% greater than the second largest (Table 5.5).  In Chch4, the 

pathway taken by these storms is evenly split between the west and east coast, yet for 

Chch1 these storms primarily approach from the west, which is documented to lead to 

more damaging events (Sinclair, 2002).  These features would be interesting for future 

inquiry which could include the use of self-organising map techniques (Kohonen, 1990; 

Hewitson and Crane, 2002) to quantitatively examine the synoptic features of extreme 

events. 
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Table 5.5: Descriptors of the top ten RX1D events in the ALL and NAT forcing ensembles for Chch1 and Chch4 as simulated in w@h ANZ for March 

2014.  Event categorisation as a Tropical Depression (TD) or Southern Ocean Low (SOL) is reported alongside total precipitation (PT, mm) the origin 

and pathway where orange indicates an east coast pathway from the Pacific Ocean and blue a west coast pathway from the Tasman Sea. 

 

Rank 

Chch1 Chch4 

A
L

L
 

PT Type Origin Pathway PT Type Origin Pathway 

1 308.0 TD + SOL Vanuatu Tasman Sea + Gisborne 254.8 TD + SOL Vanuatu Tasman Sea + Gisborne 

2 124.0 TD Kermadecs Bay of Plenty 155.7 TD Vanuatu W of Cape Reinga 

3 123.7 TD Vanuatu West of Northland 143.5 2 x TD Tonga & Vanuatu Bay of Plenty 

4 123.2 TD Noumea Manukau Harbour 130.4 TD Fiji West of Auckland 

5 112.3 TD Fiji East Cape 130.4 TD Noumea North Island 

6 112.2 TD Noumea Taranaki 126.8 TD Noumea Karamea 

7 107.1 TD Noumea Westport 123.2 TD Kermadecs Bay of Plenty 

8 106.7 TD Noumea West of Auckland 121.8 TD Vanuatu East Cape 

9 103.2 TD Noumea West of Karamea 114.9 TD Vanuatu East Cape 

10 100.2 SOL Southern Ocean n/a 114.6 TD Noumea Manukau Harbour 

N
A

T
 

1 134.6 TD Tonga E of Gisborne 171.7 TD Tonga E of Gisborne- 

2 129.3 TD Noumea Tasman Sea 145.1 TD Noumea NW Nelson 

3 127.9 TD + SOL Tonga NE of East Cape 132.1 TD Tonga NE of East Cape 

4 127.8 TD + SOL Fiji Cape Reinga 131.0 TD Vanuatu West of Northland 

5 125.4 TD Noumea NW Nelson 129.2 TD + SOL East of North Island East Cape 

6 117.6 TD Fiji Tasman Sea 126.1 TD Fiji Tasman Sea 

7 116.2 TD + SOL Noumea/Fiji West of Northland 123.7 TD South of Fiji Kermadecs 

8 115.1 TD Fiji via Noumea NW of Westport 123.2 TD  Tasman Sea Tasman Sea 

9 111.7 SOL Southern Ocean n/a 121.6 TD East of Queensland West of Taranaki 

10 107.8 TD  East of Queensland Central NZ 121.1 TD  Fiji East of Gisborne 
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5.8 The role of sea-surface temperatures 

A storyline approach examines the various factors which contributed to the event, 

principally the anomalous aspects of natural variability (Shepherd, 2016).  Trenberth et 

al. (2015) advocate that more reliable statements regarding the role of anthropogenic 

climate change can be made when assessment of thermodynamics is conducted, given we 

have more confidence in observations of changing temperatures and the processes 

underlying these changes.  We therefore assess this event on the basis of SSTs following 

the conditioned approach employed by Trenberth et al., (2015) in assessing the Boulder 

Colorado floods of September 2013. 

Reanalysis estimates of total column water vapour (TCWV) suggest abundant moisture 

extending from the subtropics (Figure 5.11) to have contributed to the high rainfalls 

observed in Christchurch on the 4/5th March 2014.  However, for Christchurch, the March 

2014 TCWV associated with this event of 17-21 mm was not exceptional (Figure 5.35).  

A more spatially extensive event nearly 11 days later had nearly double the TCWV, yet 

total rainfall at Christchurch Gardens was 33.7 mm across these two days.  The small 

TCWV seen for Christchurch in ERA-Interim during the extreme event could be due to 

this event being highly localised and ARs generally being narrow (Waliser and Guan, 

2017), yet ARs are generally sufficiently wide that they should be represented in 

reanalysis data sets.  Trajectory analysis suggested the air associated with the event to 

have originated from the Southern Ocean (Figure 5.13), in contrast to what may be 

interpreted visually from the reanalysis data (Figure 5.9 and Figure 5.11-5.12).  Here we 

examine the possible role of SST anomalies both north and south of NZ. 
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Figure 5.35: Time series of ERA-Interim 6-hourly reanalysis total column water vapour 

(TCWV, kg/m2) for Christchurch (43.5°S, 172.5°E) in March 2014. 

SST anomalies from five domains were assessed throughout the South Pacific (Figure 

5.36), both offshore from the South Island and in the Pacific Islands.  As the Christchurch 

heavy rainfall event occurred in early March, we focus on the SST anomalies for February 

in the build-up to the event. 

March 4th/5th 

Event 
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Figure 5.36: ERA-Interim total column water vapour at UTC 1200 on the 4th March 2014.  

Fiji domain (blue), Tonga domain (red), Chatham Islands domain (pale-yellow), east of 

Christchurch (blue-grey) and south of Christchurch (green). 

Notable distinctions were observed for the five ocean domains in SST anomalies.  South 

of Christchurch, February SSTs for 2014 were only 0.2 °C higher than the climatological 

average of 11.54 °C for 1981-2010 (Figure 5.37).  For the domain around the Chatham 

Islands, the February 2014 SST anomaly was 0.31 °C above normal (Figure 5.38).  

Contrastingly, SSTs near Tonga were 0.81 °C higher than normal for February (Figure 

5.39).  As such on the 1st March, a few days prior to the Christchurch extreme rainfall 

event, very large total column water vapours of 72 mm were observed over the South 

Pacific.  The high SSTs in combination with the presence of tropical cyclone Kofi and a 

SOL facilitated large-scale convergence of moisture which could then propagate south 

via an atmospheric river to make landfall at Christchurch (Figure 5.11). 
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Figure 5.37: February SST anomalies for 44-54°S, 168-178°E, south of Christchurch.  The 

mean SST was 11.54 °C for 1981-2010, the anomaly for 2014 was 0.2 °C and the mean 

anomaly for 2000-2017 was -0.12 °C.  The last value is for 2017. 

 

Figure 5.38: February SST anomalies for 39-49°S, 180-170°W, near the Chatham Islands.  

The mean SST was 16.54 °C for 1981-2010, the anomaly for 2014 was 0.31 °C and the mean 

anomaly for 2000-2017 was 0.03 °C.  The last value is for 2017. 
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Figure 5.39: February SST anomalies for 15-25°S, 180-170°W, near Tonga.  The mean SST 

was 28.12 °C for 1981-2010, the anomaly for 2014 was 0.81 °C and the mean anomaly for 

2000-2017 was 0.21 °C.  The last value is for 2017. 

The high SSTs and quantities of water vapour content in the region of Tonga may have 

been important to the Christchurch rainfall event.  As Trenberth et al. (2015, p.728) state 

“even a 10% increase in moisture in the atmosphere becomes concentrated when focused 

by topography, and further amplified when on the ground as water drains into channels 

and rivers”.  While SSTs for the ocean domain near Tonga have been this high before 

(Figure 5.39), previous cases were generally part of much larger patterns associated with 

strong La Niña events as in 1988-1989 and 1999-2000 (Figure 5.40).  During La Niña 

events, SSTs are usually warmer than normal across the western South Pacific.  In 2013-

14, the Oceanic Niño Index (ONI) was in a neutral phase such that neither El Niño nor 

La Niña conditions prevailed.  Anomalously high SSTs in the region of Tonga may have 

played a role in feeding moisture into the Christchurch storm, via the passage of ETC 

Kofi. 
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Figure 5.40: Time series of the Oceanic Niño Index (ONI, °C) from 1950 to 2017.  Very 

strong El Niño years are labelled (Trenberth, 2016). 
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5.9 Summary 

This chapter is one of the first New Zealand studies to incorporate a storyline approach 

to an attribution analysis, examining the role of various factors which contributed to the 

extreme 1-day rainfall event that occurred in Christchurch.  Historical weather station 

observation trends, climate model simulations and reanalysis data support the idea of 

anthropogenic forcings increasing the likelihood and magnitude of March RX1D 

rainfalls. 

This study has also been the first known NZ attribution study to embed sensitivity analysis 

within the study framework.  In doing so it has provided insights by examining a highly 

localised (approximately 50 km2) and short duration (24-hr) class of extreme rainfall 

events which test the known capabilities of w@h ANZ.  While previous attribution 

assessments have investigated longer RX3D – RX5D events over larger spatial domains, 

not many have assessed spatial sensitivity.  This research found the use of larger spatial 

scales did not always generate larger FAR values.  FAR was instead more sensitive to the 

designated threshold assessed.  In our assessment, a significant FAR value of 27.4% was 

obtained for the extreme rainfall event of 4/5th March 2014 in Christchurch. 

Reanalysis data indicated SSTs to the south of the South Island were slightly below 

average in February/March, while to the north and east of New Zealand SSTs were up to 

1 °C above average.  Anomalously high SSTs in the tropical South Pacific are believed 

to have a played a role in feeding moisture into the storm that brought heavy rainfall to 

Christchurch in early March 2014.   
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CHAPTER 6  -  CONCLUSIONS AND FUTURE 

WORK 

The focus of this thesis has been to assess the role of anthropogenic forcings in modifying 

New Zealand’s weather and climate.  A combination of observations, reanalysis fields 

and model output were examined using both a probabilistic event attribution and storyline 

framework to ascertain how weather and climate-related events have changed.   

Very large ensembles of simulations from the global climate model weather@home 

Australia-New Zealand were compared under three different climate forcing conditions 

to ascertain how ozone forcings and anthropogenic forcings modified circulation and 

precipitation.  Small (< 3 hPa) but significant changes in mean sea level pressure could 

be detected globally in response to altered ozone forcings.  These changes were most 

pronounced during austral summer in the Southern Hemisphere and exhibited a clear 

seasonal response consistent with prior observation and model-based studies (Thompson 

et al., 2011).  In high-latitude regions of the SH (approx. 60-65°S), westerly winds were 

simulated to be < 1.0 m/s stronger than otherwise due to ozone forcings, while in the mid-

latitudes (~ 45°S) westerly winds weaken by < 0.4 m/s.  Rainfall patterns in NZ, as 

simulated for 2013, do not change significantly due to ozone forcings, though the first 

half of the year appears to be notably drier for the West Coast of the South Island before 

being wetter during the second half of the year.  This is likely reflective of natural 

variability in the circulation (westerlies, storm track and the SAM) for the one year of 

simulation.   

The event-specific attribution for an extreme one-day rainfall in Christchurch found 

multiple lines of evidence of increased likelihood for this class of events.  The 130 mm 

March event of 2014 was unprecedented within the 134-year observational record and 

was estimated to have a March average recurrence interval of 1-in-300 years.  The 

observational record suggests RX1D rainfall events greater than the 98th percentile to 

have decreased (-19%) in frequency, with the majority of this decrease occurring in 

austral summer (DJF) where a -66% decrease in occurrence is observed.  The very largest 

RX1D events in DJF meanwhile became significantly wetter (+17%), despite decreasing 

magnitude and frequency for the entire population of DJF rainfall events.  Such changes 

support documented trends associated with the SAM (Purich and Son, 2012) and a 
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warmer atmosphere having greater maximum moisture holding capacity (Trenberth, 

2015).  W@h ANZ outputs detect a significant anthropogenic influence of increased risk 

for March RX1D rainfall events in Christchurch, a result which was seen across different 

spatial averaging areas and thresholds.  The best estimate of the FAR for the class of event 

associated with this extreme event was 0.274 (ranging from 0.2 – 0.32).  However, the 

estimate of FAR was found to be sensitive to the attribution framing and choice of dataset 

as evidenced by differences between the Christchurch Gardens and VCSN estimates of 

FAR. 

Simulations indicate a significant 8% increase in median March RX1D rainfall, though 

this was smaller than the 19% increase observed in historical records.  The larger Chch4 

spatial domain had closer agreement, predicting a 29% increase in median March RX1D 

rainfall due to anthropogenic forcings.  Most extreme rainfall events in Christchurch 

appear to be typified by synoptic conditions, much like those observed in early March 

2014, with strong onshore winds and a deep low centred in close proximity.  This provides 

further evidence of the ability of w@h ANZ to reproduce synoptic features of extreme 

rainfall events in NZ.  Unique meteorological conditions in combination with 

anomalously high sea surface temperatures in the tropical South Pacific (~ 1 °C warmer 

than climatological average) were likely important to the occurrence of this extreme 

event.  Global warming may have been associated with the anomalously high SSTs, given 

they occur during a neutral phase of ENSO in addition to February/March SSTs 

consistently averaging more than 0.2 °C higher than climatological mean since 1999.  

These results reiterate the importance of understanding the physical processes that give 

rise to individual extreme precipitation events given the challenges climate models have 

in robustly simulating the dynamical component of climate change (Diffenbaugh et al., 

2017). 

 

6.1 Future avenues 

Given the challenges in our ability to detect, understand and model dynamical 

components of our climate system, future investigations should aim to constrain 

additional aspects of uncertainty.  Incorporation of multiple lines of observational 

evidence in addition to SSTs via a storyline framework would help to ensure results are 
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grounded in physical credibility, though as identified in this study, the framing and choice 

of dataset used for threshold designation are important considerations.  Future analysis 

would benefit from having multi-year simulations for the identification and apportioning 

of multi-year trends related to the various components of anthropogenic forcings.  This 

may help to better distinguish anthropogenic changes from natural variability.  An 

interesting use of w@h ANZ’s current capability would be to assess how extremes in 

2013 respond to ozone forcings in isolation following similar procedures as performed in 

the Christchurch extreme rainfall event.  

Future work may also seek to apply a quantitative framework to better understand the 

changing patterns of circulation regarding extreme precipitation events.  This may include 

the use of self-organising maps to analyse the synoptic situations responsible for extreme 

rainfall events in the study region and how they are varying (both from observation and 

modelled data).  Attribution studies are now exploring the application of higher resolution 

iterations of weather@home (Guillod et al., 2017) and/or coupled climate models in 

extreme event evaluation (Stott et al., 2016).  Such studies are however constrained by 

computational processing requirements, particularly when attempting to resolve a fully-

dynamic ocean.  While distributed computing has expanded opportunities for the creation 

of large simulation datasets, the drive to increasingly high-resolution simulations and 

increasing complexity in models may constrain the size of future ensembles that can be 

generated. 
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APPENDICES 

Appendix A: Mean sea level pressure anomalies for 2013 

 

Figure A.1: MAM (Austral autumn) MSLP for 2013 compared to 1979-2017 climatology 

in ERA-Interim displaying standardised anomaly (dimensionless, units are standard 

deviations). 

 

Figure A.2: JJA (Austral winter) MSLP for 2013 compared to 1979-2017 climatology in 

ERA-interim displaying standardised anomaly (dimensionless, units are standard 

deviations).  
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Appendix B: 1986 South Canterbury flood 

 

Figure B.1: Virtual Climate Station Network total precipitation (mm) on 12th March 1986 

which resulted in extensive flooding throughout South Canterbury determined to have an 

average recurrence interval of at least 100 years. 



 

 


