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Abstract

Changes in precipitation extremes are projected by many global climate models as a
response to greenhouse gas increases, and such changes will have significant envi-
ronmental and social impacts. These impacts are a function of exposure and vulner-
ability. Hence there is critical need to understand the nature of weather and climate
extremes. Results from an ensemble of regional climate models from the Coordi-
nated Regional Downscaling Experiment (CORDEX) project are used to investigate
projected changes in extreme precipitation characteristics over southern Africa for
the middle (2036-2065) and late century (2069-2098) under the representative con-
centration pathway 4.5 (RCP4.5) and 8.5 (RCP8.5). Two approaches are followed to
identify and analyze extreme precipitation events. First, indices for extreme events,
which capture moderate extreme events, are calculated on the basis of model data
and are compared with indices from two observational gridded datasets at annual
basis. The second approach is based on extreme value theory. Here, the General-
ized Extreme Value distribution (GEV) is fitted to annual maxima precipitation by a
L-moments method. The 20-year return values are analyzed for present and future
climate conditions. The physical drivers of the projected change are evaluated by
examining the models ability to simulate circulation patterns over the regions with
the aid of Self-Organizing Maps (SOM).
The analysis used downscaled data from two Regional Climate Models (RCM) (COSMO-
CLM and RCA4) driven by four General Circulation Models (GCM) (MPI-ESM-LR,
HadGEM2-ES, CNRM-CM5, and EC-EARTH) forming an eight-member ensemble of
climate projections for Africa. Data from evaluation runs, where the RCMs were
forced by the ERA-Interim reanalysis were also used to establish bias in the models.
Historical and evaluation results are evaluated against two observational datasets,
namely the Tropical Rainfall Measuring Mission (TRMM 3B42 version 7) and Global
Precipitation Climatology Project One-Degree Daily (GPCP 1DD Verion 1.2). The
evaluation data show that the RCMs can adequately simulate the current extreme
rainfall climate, however differences exist depending on which observed dataset is
used for the evaluation. The synoptic circulation patterns are well simulated which
indicates that the differences in precipitation extremes between the regional models
and observations are related to model physics and parameterizations. As found in
previous studies, the multi-model ensemble mean outperforms the individual RCMs.
In an assessment of value the regional downscaling added to GCM results, positive
added value was computed generally and found specifically to be a function on the
type of metric used and geographical location. This added value over GCMs justify
the additional computational effort of RCM simulation for the generation relevant
climate information for regional application.
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Regional climate models projections indicate that annual total precipitation will de-
crease while the maximum number of consecutive dry days increases. The decrease
in annual total precipitation is primarily associated with increases in the frequency of
high-pressure systems over the region and decreases in the occurrence of mid-latitude
cyclones. Maximum 5-day precipitation amounts and 95th percentile of precipitation
are also projected to increase significantly in the tropical and sub-tropical regions of
southern Africa and decrease in the extra-tropical region. There are indications that
rainfall intensity is likely to increase. This does not equate to an increase in total rain-
fall, but suggests that when it does rain, the intensity is likely to be greater. These
changes are magnified under the RCP8.5 when compared with the RCP4.5 and are
physically consistent with the circulation changes. Circulation changes include an
increase in the occurrence of the oceanic high-pressure systems, a more dominant
high-pressure circulation poleward of the continent and a decreased occurrence of
patterns of continental lows and mid-latitude lows.
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1
Introduction and Background

1.1 Introduction

Increases in atmospheric greenhouse gas concentrations are expected to result not

only in changes in mean climate, but also to changes in circulation patterns and ex-

treme weather events (Seneviratne et al., 2012; Rummukainen, 2012). Increased

concentration of greenhouse gases have increased the ability of the atmosphere to

hold moisture. According to the Clausius-Clapeyron relationship, for a degree in-

crease in temperature the water holding capacity of the atmosphere increases by

~7� (Willett et al., 2010). Increases in moisture can lead to an increase in the fre-

quency and magnitude of extreme events (weather or climate) when other factors

do not change (Seneviratne et al., 2012). Extreme weather events contribute to

damaging impacts with important environmental and socio-economic consequences.

The impacts from these events will depend on the nature and severity of the events

(hazards), the geographical location (exposure) of the population and assets, social

vulnerability, and how well the population is prepared to cope with the events (re-

silience) (Oppenheimer et al., 2014). The overlap of these three factors produce

climate related disaster risk (Figure 1.1).
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Figure 1.1: Factors affecting climate related risks (source: Oppenheimer et al., 2014).

Countries in southern Africa are particularly vulnerable to extreme events such as

droughts, floods, tropical cyclones and heat waves because of low adaptive capacity

due to limited access to information, finances, technology, and capital assets (Wash-

ington et al., 2004). Disasters caused by extreme events in southern Africa are es-

timated to have caused around US 10 billion of economic losses since 1970-2012

(WMO, 2014). For instance, Mozambique experienced extreme rainfall associated

with Tropical Cyclone Eline in 2000, resulting in severe flooding and displacing over

a million people (Reason and Keibel, 2004). During austral summer of 2014/2015,

high amounts of precipitation were received throughout southern Africa. The core

of the heaviest accumulations (>100mm) focused over much of southern Zambia,

northern Zimbabwe and western Mozambique. These torrential precipitation trig-

gered flooding in Malawi, Mozambique and Zimbabwe displacing 120000 people as

of 16 January 2015 (OCHA, 2015). Further, trends in disaster losses have been in-

creasing (WMO, 2014; Seneviratne et al., 2012) and whilst some of these increases

are due to increased exposure of assets and populations, increases in weather and

climate extremes, may play a role. The combination of an increase in exposure, vul-

nerability and frequency and magnitude of extreme events increases the associated
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disaster risk (Seneviratne et al., 2012). Thus, understanding the changes in extreme

events that may occur under future climate is important for adaptation planning,

policy making and targeting investments to build resilience to the impacts of these

extremes.

There is increasing evidence from observed climate trends that globally extreme pre-

cipitation events are becoming more frequent and more intense (e.g. Tebaldi et al.,

2006; Alexander and Arblaster, 2009; Groisman et al., 2005; Donat et al., 2013).

And results from climate models suggest that these trends will continue under en-

hanced greenhouse conditions (e.g. Kharin and Zwiers, 2000, 2005; Shongwe et al.,

2009; Tebaldi et al., 2006; Sillmann et al., 2013b) in the future. However, it is less

clear how these changes will evolve regionally together with circulation patterns and

weather systems.

The primary tools used to provide such information are General Circulation Mod-

els(GCMs) (Tebaldi et al., 2006), however they cannot represent extreme precipita-

tion adequately, primarily due to limitations in simulated dynamics and required pa-

rameterizations, a consequence of their coarse spatial resolutions (McGregor, 1997;

Wilby and Wigley, 1997; Hudson and Jones, 2002). Thus, a regionalization pro-

cess to resolve small scale weather events can improve the ability to model extreme

precipitation. This is usually achieved through either statistical or dynamical down-

scaling (Hewitson et al., 2013).

Relatively few studies on future changes in extreme precipitation over southern Africa

are available in the literature, and these are commonly based on the results from a

single Regional Climate Model (RCM) (e.g Pinto, 2011; Engelbrecht et al., 2012) or

lower resolution GCMs (e.g Mason and Joubert, 1997; Shongwe et al., 2009; Rocha

et al., 2008). A common message emerging from the studies cited above is that the

nature of climate extremes is changing and this could exacerbate existing problems
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in Africa, where communities have a high dependence on the natural environment

and therefore high risk to factors that have an impact on this.

However, in order to sample the uncertainty associated with future projections of cli-

mate, multi-model GCM/RCM/statistically downscaled ensembles are required. Fur-

thermore, many RCMs downscaling provided better precipitation climatology than

that of the global driving data; this supports the potential for added value of high-

resolution RCMs by resolving small-scale processes (Di Luca et al., 2012; Feser et al.,

2011; Dosio et al., 2015; Laprise et al., 2013).

In recent years, the World Climate Research Program (WCRP) CO-ordinated Regional

Downscaling Experiment (CORDEX) (Giorgi et al., 2009) has been established in or-

der to provide a global coordination of regional climate downscaling. As a result

of this, there is a great opportunity for scientists to explore the envelope of future

climate extremes, which can contribute to the information needs of climate change

adaptation and impact assessment communities.

Given the need of higher resolution, downscaled climate information for climate

change adaptation and impact assessment, the aim of this thesis is to investigate

the spatial and temporal characteristics of extreme climate events in CORDEX

RCM simulations for present and future climate over southern Africa. To support

the aim, the thesis addresses the following hypothesis:

• The CORDEX RCMs can reasonably simulate extreme precipitation events in

the present climate;

• The downscaling adds value to the global climate model output;

• The frequency and magnitude of extreme precipitation in the future, as pro-

jected by the CORDEX models, increases compared to base period simulation

for the same locations;
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• Large scale synoptic circulation environments can be associated with extreme

rainfall and projected changes in extreme rainfall characteristics are attributable

to changes in the frequency of occurrence of these synoptic drivers.

1.2 Background

1.2.1 Southern Africa climate and rainfall characteristics

The climate of southern Africa has been well documented (Nicholson, 2000; Tyson

and Preston-White, 2000). However, to provide an informed analysis and discus-

sion of the results presented in other chapters, the climate of the region is described

briefly here. Southern Africa, defined here as a region bounded in the north by lati-

tude 10°S, consists primarily of arid or semi-arid climatic regions. Most of the region

is associated with summer (December-January-February) rainfall, with the exception

of the relatively small areas along the eastern and southern coasts that receive rain-

fall throughout the year, and the south-western part of the Western Cape Province

of South Africa which receives rainfall during winter (June-July-August) (Taljaard,

1986; D’Abreton and Lindesay, 1993; Tyson et al., 2002). The highest annual rain-

fall occurs in the northeast parts of the subcontinent and gradually decreases to-

wards the southwest following roughly anti-cyclonic path (Taljaard, 1986). Rainfall

in southern Africa is affected by a multiplicity of forcing including topography, con-

trasting oceanic surroundings and atmospheric dynamics (Taljaard, 1986; Tyson and

Preston-White, 2000).

Influence of topography and the Ocean

The geographical distribution of rainfall over southern Africa is, to a large extent,

controlled by the topography (Taljaard, 1986). Much of the subcontinent lies on

an elevated plateau at altitudes well above a 1000 m, while the coastal margins are

narrow, particularly in the south and southeast (Joubert et al., 1999; Taljaard, 1995).
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Another factor controlling the rainfall is the unique oceanographic setting (Tyson and

Preston-White, 2000; Nicholson, 2003). The Agulhas Current drives relatively warm

water to the east coast while the water to the west coast is relatively cold as a result

of the Benguela Ocean Current. Rainfall in southern Africa is also influenced by

sea-surface temperature (SST) variability in the tropical Pacific Ocean. Large-scale

warming of the equatorial eastern and central Pacific together with an associated

oscillation of atmospheric pressure over the south Pacific Ocean - El Niño-Southern

Oscillation (ENSO) - is frequently associated with below normal rainfall over much

of southern Africa (Mason and Jury, 1997; Mason, 2001; Jury et al., 2004; Reason

and Jagadheesha, 2005).

Influence of atmospheric circulation patterns

Rainfall events in southern Africa are also conditioned by the mean circulation of

the atmosphere (Taljaard, 1995; Tyson and Preston-White, 2000; Taljaard, 1986).

Due to the geographical location, the climate and weather are influenced by tropical,

subtropical and mid-latitude circulation regimes. The two subtropical high-pressure

cells are the dominant features of the general circulation of southern Africa. Except

near the surface, circulation patterns are anticyclonic for much of the year (Tyson

and Preston-White, 2000). These circulation patterns are most frequent during win-

ter (June-August (JJA)). The basic pressure distribution and movement of air masses

for winter are presented in figure 1.2. The two high pressure system features move

northwards in winter due to the shift in the seasonal solar radiation bringing west-

erlies to the south western and southern coasts of the region. Therefore, along the

southern and western coast, winter rainfall occurs, resulting from frontal systems

associated with the passage of the waves in the westerlies of the middle and upper

troposphere (Taljaard, 1995; Tyson and Preston-White, 2000). The east part of the

subcontinent is influenced by the south-east trade winds (S. E. Trades), but because

the north-eastern Monsoon (N. E. Monsoon) is absent, no convergence takes place,

and therefore the likelihood of rainfall occurring diminishes.
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Figure 1.2: Features of the pressure distribution (a) and basic movement of air masses (b) over
southern Africa during winter (after Hurry and Van Heerden (1982))

During summer, high pressure systems move southwards by almost five degrees of

latitude on both sides of the subcontinent, and the influence of the westerlies be-

comes somewhat diminished. The basic pressure distribution and movement of air

masses for summer (December-February (DJF)) is displayed in figure 1.3. All circula-

tion features are found further south than they were in winter. During this season the

air over southern Asia is cooler and denser than the west Indian Ocean leading to the

establishment of a stronger pressure gradient which gives rise to the N. E. Monsoon.

The N. E. Monsoon crosses the equator converging with the S. E. Trades from the

Indian Ocean forming the Inter Tropical Convergence Zone (ITCZ) (Hurry and Van

Heerden, 1982). The ITCZ is a region of pronounced convective activity and thus

play a major role in southern Africa climate variability (Tyson and Preston-White,

2000). Strong summer heating causes a heat low (shallow-low pressure system) to

develop over northwest of the subcontinent. The S. E. Trades from the Atlantic high

pressure system move clockwise around this heat low, and change to south-western

Monsoon (S. W. Monsoon) winds. Where these winds meet the S. E. Trades from

the Indian Ocean, a secondary convergence zone, the Congo Air Boundary (CAB),

is formed. This convergence zone influences rainfall patterns particularly over the
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western half of the subcontinent (Tyson and Preston-White, 2000).
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Figure 1.3: Features of the pressure distribution (a) and basic movement of air masses (b) over
southern Africa during summer (after Hurry and Van Heerden (1982))

Extreme precipitation over southern Africa are typical associated with closed mid-

tropospheric low-pressure systems: Tropical Cyclones in the southwest Indian Ocean,

which occasionally make landfall over Mozambique (Dyson and van Heerden J.,

2001) and intense cut-off lows (Singleton and Reason, 2006, 2007; Favre et al.,

2013). Southern Africa is also regularly affected by extended periods of heavy rainfall

when tropical and temperate disturbances interact, referred to as tropical-temperate

troughs (TTT, Todd and Washington, 1999; Hart et al., 2012). They form when a

tropical disturbance such as an easterly wave or a tropical low (e.g. Angola-low)

combines with a subtropical low or temperate westerly wave (Harangozo and Harri-

son, 1983; Todd et al., 2004), thus establishing a interaction between the tropics and

midlatitudes. Thus, when considering projected changes in extreme weather events

over southern Africa, it is important to investigate the projected changes in the char-

acteristics of synoptic circulation systems. Analysis of changes of circulation systems

under future climate conditions are becoming available in literature as climate mod-

els runs becomes available Hope (2006); Cassano et al. (2006); Lynch et al. (2006).

These studies only recently have been conducted for southern Africa Engelbrecht
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et al. (2012). The authors used a RCM to downscale one GCM and showed that the

frequency of closed low pressure systems detected at 500 hPa over southern Africa

should decrease while in parallel extreme rainfall events should generally increase

for the period 2070-2100 under the A2 SRES scenario relative to 1975-2005. Under-

stand the changes in the synoptic drivers of precipitation enhance the robustness of

projected local climate change.

1.2.2 Extreme events

Definitions of extreme events can vary widely due to heterogeneity of climate at

different locations and the nature of the research undertaken (Stephenson, 2008)

i.e. the intended application or sector of interest. In this thesis, extreme events are

defined statistically in terms of their probability of occurrence, i.e. with respect to

given percentiles (eg. 10th, 90th percentile ) of the observed distribution function

of variables (e.g. IPCC, 2007), and with respect to specific return frequencies(e.g.

1 in 20 year event) (e.g. Zwiers and Kharin, 1998). An extreme climate event can

be classified as a pattern of extreme weather that persists for some time, especially

if it yields an average or total that is itself extreme (e.g., drought or heavy rainfall

over a season) (IPCC, 2007). The distinction between an extreme weather event and

an extreme climate event is not well defined. An extreme weather event typically

occurs within a time-scale of less than a day to one week, and an extreme climate

event typically occurs within a time scale longer than a week and up to as long as a

season. For simplicity, both extreme weather events and extreme climate events can

be referred to as “climate extremes” (Seneviratne et al., 2012) .

In order to gauge how changes in climate extremes could influence society and

ecosystems, it is useful to conceptually address how such extremes could change

in a statistical sense. These statistical properties are captured by the probability dis-

tribution of a climate variable. For example, figure 1.4 presents a typical distribution
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of a climate variable, here temperature, that is normally distributed and shows how

the tails of the distribution might change in a warming world. Shaded areas indicate

the extremes, which are high/low value events which are represented by the tails of

the distribution. If there is a simple shift in the mean of the distribution (no change

in shape or skewness) in a future climate toward higher values, there will be a dis-

proportionate increase in extremes events on the upper end and a disproportionate

decrease at the lower end (figure 1.4a); if this occurs in reality, an increase in the

mean temperature will produce a large increase in the number of extreme hot days

and a large decrease in the number of extreme cold days (Meehl et al., 2000). How-

ever, a change in the mean does not imply any change in variability (IPCC, 2001). An

increase in variability, even without a change in the mean, would cause an increase

in the probability of both hot and cold extremes (figure 1.4b). According to Katz and

Brown (1992), a change in the variance of a distribution can have a greater effect

on the frequency of extremes events than a change in the mean. Increases in both

the mean and the variability are also possible (figure 1.4c) and this would dramat-

ically affect the probability of hot and cold extremes, with many more frequent hot

events and many fewer cold events (IPCC, 2001). According to the IPCC (2001), for

variables that are not well approximated by normal distributions, such as precipita-

tion, the situation is even more complicated, especially for dry climates. For example,

changes in the mean total precipitation can be accompanied by other changes like the

frequency of precipitation or the shape of the distribution including its variability. All

these changes can affect the various aspects of precipitation extremes including the

intensity of precipitation (amount per unit time).

Observed and projected changes in extreme events

The Special report on Managing the Risks of Extreme Events and Disasters to Ad-

vance Climate Change Adaptation (SREX) (IPCC, 2012), assesses changes in extreme

events from observations gathered since 1950 for many regions of the world. The
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Figure 1.4: Theoretical changes in the normal distribution of climate variable (a) change in
mean, (b) change in variance and (c) change in both mean and variance (source:
IPCC, 2001).

report suggests that is very likely that there has been an overall decrease in cold ex-

tremes and an overall increase in warm extremes, at the global scale. Also, there are

statistically significant trends in the number of heavy precipitation events in some

regions of the world. Evidence from climate models shows that at least some types of

extreme events will become more frequent and more severe in the future (e.g. Kharin

and Zwiers, 2000, 2005; Frei et al., 2006; Meehl et al., 2005; Tebaldi et al., 2006;

Alexander and Arblaster, 2009)

Because of the limited availability of observed daily data, which is desirable for

studying certain types of extreme events, few examples of work related to observed

changes in extremes across Africa are available in the literature. One notable study,

by New et al. (2006), analysed climatic extremes in southern and west Africa over the

period 1961-2000. The authors detected a decrease in regionally averaged annual

precipitation, accompanied by increases in average daily precipitation intensity, along

with the amount of precipitation falling on extreme precipitation days across south-

ern Africa. They defined extreme precipitation days as days with annual total precip-

itation above the 95th and 99th percentile of daily precipitation. Mason et al. (1999)
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found increases in the intensity of extreme precipitation events between 1931-1960

and 1961-1990 over approximately 70� of South Africa. Fauchereau et al. (2003)

also identified regions of South Africa which experienced more extreme precipitation

events in the later decades of the 20th Century. Groisman et al. (2005) empirically

assessed the observed changes of very heavy precipitation (upper 0.3� of daily pre-

cipitation events) during 1906-1997 over eastern parts of South Africa. The authors

found a statistically significant increases in the frequency of very heavy precipitation.

Kruger (2006) found an increase trends in the number of extreme rainfall days in the

Eastern Cape, southern Free State and parts of KwaZulu-Natal.

Despite the different definitions used for extreme precipitation in the literature cited

above, there is evidence that the characteristics of extreme precipitation over south-

ern Africa has changed over the last 50-100 years. It is also likely that the charac-

teristics of extreme precipitation will continue to change in intensity, frequency and

duration as a result of increases in green house gases.

Assessments of changes in precipitation and/or temperature extremes in southern

Africa due to increases in greenhouse gas concentrations have been investigated in a

number of studies using a variety of techniques which utilise GCM simulations (e.g.,

Mason and Joubert, 1997; Shongwe et al., 2009) as well as RCM simulations (e.g.,

Pinto, 2011; Engelbrecht et al., 2012). Mason and Joubert (1997) used the Common-

wealth Scientific and Industrial Research Organization (CSIRO9) GCM to investigate

possible changes in the frequency and intensity of extreme daily rainfall events over

southern Africa resulting from a doubling of atmospheric carbon dioxide concentra-

tions. They found an increase in the magnitude of extreme daily rainfall events with

return periods of 10 and 30 years over the entire subcontinent. Results were similar

for changes in the frequency and intensity of precipitation extreme events of five-

day duration even in areas where decreases in mean annual rainfall were simulated.

However, their findings are sensitive to the model representation of topographic fea-

tures in Southern Africa. Shongwe et al. (2009) used an ensemble of global climate

12



models to investigate consistently simulated changes in mean and extreme precipita-

tion for the period of 2046-2065 and 2081-2100 over southern Africa. The authors

found increases in the intensity of dry extremes over the western parts of southern

Africa during summer months (December-January-February). Pinto (2011) investi-

gated projected changes in extreme temperature and precipitation events for the pe-

riod of 2031-2049 based on high resolution (25 km) RCM simulations using PRECIS

(HadRM3P) over Mozambique. Extreme precipitation was defined as the amount

of precipitation above 95th and 99th percentile of daily precipitation. The study

found a simulated overall increase in the intensity and a change in the distribution of

daily precipitation extreme events over Mozambique. Engelbrecht et al. (2012) used

a variable resolution GCM, the Conformal-Cubic Atmospheric Model (CCAM), over

southern Africa at a resolution of about 60 km to simulate the frequency of occur-

rence of closed-lows and extreme rainfall events. The authors found that despite the

projected general decrease in closed-lows and associated extreme rainfall (defined

as events where more than 20 mm of rain falls within 24 hours over a grid box of

dimensions 0.5° X 0.5° in longitude and latitude), extreme rainfall events in general

are projected to increase over large parts of southern Africa by the end of century.

Climate modelling and extreme events

Some extreme events, by their very nature of being small in spatial scale and short

in duration, cannot be adequately represented in a coarse resolution GCM grid box,

which is sometimes of the order about 300 x 300 Km (Frei et al., 2006; Christensen

et al., 2007; Buonomo et al., 2007). Despite the concerns raised about their reso-

lution, studies of climate extremes have been carried out using GCMs (e.g. Kiktev

et al., 2003; Wehner, 2004; Kharin and Zwiers, 2005; Emori et al., 2005). These

GCM studies are often the starting point for most climate impacts analyses, however

they lack the regional detail that such studies often need. In view of the need for

regional detail, regionalization techniques have been developed to allow develop-

ment of regional scale climate change projections through downscaling GCM output.
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There are two main downscaling approaches, statistical and dynamic. The statistical

approach, also referred to as empirical downscaling, relates large scale circulation

features to a local variable of interest. Once the relationships are established, these

are used to estimate the values of the local variable from GCM projections (Hewitson

and Crane, 1996; Wilby et al., 2004).

The dynamical approach uses fine scale RCMs driven by GCMs (Giorgi, 1990). A

number of studies have shown that RCMs are valuable tools for studying changes to

extreme events (e.g. McGregor, 1997; Hudson and Jones, 2002; Jones et al., 2004).

Their advantage over the GCM is that they provide highly resolved spatial and tem-

poral information that enhances assessment of spatial and temporal changes to ex-

treme events. Several studies have used RCMs to examine the effect of increased

green house gases (GHG) on the characteristics of extreme events (e.g. Christensen

et al., 2007; Pinto, 2011). Durman et al. (2001) and Jones et al. (2004) found that

RCMs represent extremes events better than GCMs on the finer grid-scale and RCMs

reproduce more precipitation extremes at scales not accessible to GCMs (e.g. Frei

et al., 2003; Huntingford et al., 2003; Seneviratne et al., 2012) as well as cyclones

(Hudson and Jones, 2002). However, the accurate representation of frequency and

intensity of precipitation in RCMs remains a challenge. This is due to many complex

processes that contribute to the duration, onset and intensification of precipitation

events such as cloud microphysics, cumulus convection, planetary boundary layer

processes and local-scale circulations.

1.2.3 Model ensembles

It is important to note that the studies by for example Pinto (2011) and Engelbrecht

et al. (2012) were based on a single model and only used one emissions scenario

(SRES A2, Nakicenovic et al. (2000)). Regional climate model projections of changes

in temperature and precipitation differ considerably between models. This uncer-

tainty is primarily due to two sources; uncertainty in forcing from the boundary
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conditions(BCs),for example the driving GCM and uncertainty in the representation

of physical processes in a given regional model (Noguer et al., 1998; Jones et al.,

2004). Even if the BCs are the same, for example a reanalysis dataset like NCEP

(Kalnay et al., 1996), different regional models can produce different climates for

the same region (e.g. Nikulin 2011). Therefore, regionally specific future changes

produced by a single model should not be viewed in isolation and should not be used

in decision making structures. One way to overcome this is to consider several RCMs

so that the results are considered within a multi-model framework, where areas of

agreement/disagreement between models can be identified.

Various international projects have produced coordinated dynamical downscaling

experiments using multiple RCMs for assessing climate variability, climate change,

impacts and vulnerability for different regions across the globe. PRUDENCE and

ENSEMBLES from Europe (Christensen et al., 2007; Hewitt, 2005); NARCCAP from

North America (Mearns et al., 2009); CLARIS-LPB from South America (Menéndez

et al., 2010); ARCMIP from the Arctic region (Curry and Lynch, 2002); RMIP from

Asia (Fu et al., 2005).

Within the CORDEX, Africa has been the focus of a multi-model downscaling project

for the first time. CORDEX is a World Climate Research Programme (WCRP) spon-

sored program to organise an international coordinated framework to provide an

improved generation of regional climate change projections worldwide for input into

impact and adaptation studies (Giorgi et al., 2009). CORDEX provides numerous

RCM simulations of both present-day and future time periods covering most land ar-

eas in the world to a resolution of 50 km, with an initial focus on Africa (Giorgi et al.,

2009). The CORDEX multi-model dataset provides the unique opportunity of using

an ensemble of multiple dynamical and statistical downscaling models considering

multiple GCMs forced with different greenhouse gas concentration scenarios from

the Coupled Model Intercomparison Project Phase 5 (CMIP5) archive.
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1.3 Thesis structure

This thesis is composed of six chapters. This introductory chapter outlines the need

for this research and gives an overview of extremes events and southern Africa cli-

mate. Chapter two describes the model data and outlines the methodologies used.

The section on methods also includes theoretical explanations on the techniques of

extreme value modelling. Chapter three addresses the models ability to reproduce

important features of southern African climate, and their role as drivers of precipita-

tion and how these might change in the future. Chapter four expands on the assess-

ment of the previous chapter by investigate how well the models capture extreme

precipitation over the region followed by model projections of extreme precipitation

events in future climate simulations in Chapter five. Chapter six summarises the

findings, concludes the thesis and proposes future work in this area of study.
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2
Data and Methodology

This chapter provides a description of the models, data and methods used in the

study. It begins with a description of the two models followed by a brief description

of the observation data used. Finally, a description of the techniques used in the core

analyses is provided. The Self-Organizing maps (SOM) technique is used to identify

the synoptic regimes. The non-parametric and parametric methods are used to assess

downscaled moderate and rare extremes respectively against observed rainfall data.

2.1 Data

2.1.1 Model simulations

In this study, climate simulations for southern Africa region were made available

throughout the CORDEX project. The Rossby Center (SMHI) regional climate model

(RCA4) (Dieterich et al., 2013) and the Consortium for Small-scale Modelling (COSMO)

Regional Climate Model (COSMO-CLM) (Panitz et al., 2014) were used to downscale

four coupled atmosphere ocean general circulation models (AOGCMs) from the new

CMIP5 global climate projections (table 2.1).

All simulations were performed at a grid resolution of 0.44°x 0.44°, giving grid spaces

of approximately 50 km over the same Africa domain (Fig. 2.1).

The GCMs projections are forced by the Representative Concentration Pathways (RCPs)
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Table 2.1: The downscaled CMIP5 models by RCA4 and CCLM for RCP4.5 and RCP8.5 (for
detailed information, refer to http://cmip-pcmdi.llnl.gov/cmip5/availability.html).

GCM CMIP5 Expanded model name Institution Reference

CNRM-CM5 Centre National de
Recherches, Meteo-
rologiques Coupled,
Global Climate Model,
version 5

Centre National de
Recherches Meteo-
rologiques, Meteo-France,
France

Voldoire et al.
(2011)

EC-Earth EC-EARTH consortium
Hazeleger et al.
(2010)

HadGEM2-ES Hadley Centre Global En-
vironment Model, version
2-Earth System

Met Office Hadley Centre,
UK Collins et al.

(2011)

MPI-ESM-LR Max Planck Institute
Earth System Model, low
resolution

Max Planck Institute for
Meteorology, Germany Stevens et al.

(2013)

Figure 2.1: Topography of the CORDEX-Africa domain and location of the three sub-regions.
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(Moss et al., 2010). The RCPs are prescribed greenhouse-gas concentration pathways

throughout the 21st century, corresponding to different radiative forcing stabilisation

levels by the year 2100. Two RCPs are available, RCP4.5 and RCP8.5, which repre-

sent a mid and a high-level emission scenario respectively. RCP4.5 corresponds to a

radiative forcing after 2100 of approximately 4.5 W/m2 , equivalent to ≈650 ppm

CO2, which is larger than that in the SRES (Special Report on Emissions Scenarios)

B1 scenario (≈550 ppm) and lower than that in the SRES A1B scenario (≈720 ppm).

RCP8.5 corresponds to a rising radiative forcing pathway leading to 8.5 W/m2 in year

2100 equivalent to ≈1370 ppm CO2 (Moss et al., 2010). Common to all simulations

is the use of ERA-Interim (EI) reanalysis (Dee et al., 2011) as driving data for the

period of 1989-2008 to assess the structural bias of the RCMs (e.g. Nikulin et al.,

2012; Endris et al., 2013; Kalognomou et al., 2013). It should be noted that data

from an earlier version of the RCA model, RCA3 (Samuelsson et al., 2011), was used

in the CORDEX-related papers cited above. The RCA4 is in many respects the same

model, but has been re-coded and updated, mostly with respect to surface processes

and convective parameterizations.

Both models use mass flux convection schemes. CCLM uses the Tiedtke scheme

(Tiedtke, 1989) while RCA4 the Kain-Fritsch/Bechtold (KF/B) scheme (Bechtold

et al., 2001). The main difference in the schemes is that the Tiedtke scheme is

based on moisture convergence closure assumption while the KF/B scheme is based

on convective available potential energy (CAPE). In the Tiedtke scheme convection is

triggered if the parcel’s temperature exceeds the environment temperature by a fixed

temperature threshold of 0.5 K. In the KF/B scheme the onset of convection depends

on the large-scale vertical velocity. The Tiedtke and the KF/B scheme distinguish

penetrative and shallow convection. The Tiedtke scheme additionally considers mid-

level convection, convection starting above the planetary boundary layer (PBL). This

is not separately considered in the KF/B scheme since the trigger criterion is also

applied above the PBL.
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2.1.2 Observations

Daily precipitation gauge datasets are scarce over Africa. As a result, few examples of

work related to observed changes in extreme precipitation across Africa are available

in the literature (e.g. New et al., 2006; Aguilar et al., 2009). And these observed

dataset are insufficient for quantifying model biases as a consequence of limited spa-

tial and temporal coverage of stations. Gridded rainfall data based on gauge-satellite

products are an alternative for evaluating climate models (e.g Shongwe et al., 2009;

Sylla et al., 2013; Nikulin et al., 2012). However, discrepancies exist across differ-

ent datasets as a result of stations availability, extraction algorithms, merging and

interpolation techniques (Sylla et al., 2013; Nikulin et al., 2012; Kalognomou et al.,

2013). The ability of the downscaled simulations to reproduce extreme precipita-

tion observations for the present (or validation) period 1997-2005 is assessed using

Global Precipitation Climatology Project One-Degree Daily (GPCP 1DD Verion 1.2)

(Huffman et al., 2001) dataset. The GPCP 1DD (hereafter GPCP) is a satellite-derived

precipitation dataset that are bias corrected using of continental observational station

records. While the GPCP dataset provides complete spatial coverage across southern

Africa, some regions outside South Africa have sparse observational station records

and hence extremes in these regions may be less reliable compared to regions with

denser station network. This dataset is available from 1997 to 2005 at 1°latitude-

longitude resolution. In addition the Tropical Rainfall Measuring Mission (TRMM

3B42 version 7, Huffman et al. (2007)) 0.25° latitude-longitude resolution from

1998 to 2005 was used. The ERA-Interim (EI) precipitation is not used because it

is a model product that is not constrained by precipitation observations. In order to

allow for a comparison between gridded observation and model simulations for the

present period, the two dataset were remapped to the common grid (0.44°latitude-

longitude) of the models.
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2.2 Methods

2.2.1 Synoptic types

The basic aim of synoptic climatology is to relate local or regional climates to the

large scale atmospheric circulation (Yarnal, 1993). This require classifying atmo-

spheric circulation types and then relating a local variable (e.g. temperature, precip-

itation) to these circulation types. In order to gain confidence in the simulated his-

torical climate and projected changes in extremes events, the atmospheric circulation

at regional scale is analysed. This offers a valuable additional source of information

to assess the robustness and value of downscaled climate (Hewitson, 2010). The

non-linear classification method, the SOM, described in detail by Kohonen (2001) is

used to classify the regional atmospheric circulation. The SOM reduces a high dimen-

sional data set into a 2-dimensional matrix of reference vectors, or nodes (SOM map),

which summarises key aspects of the larger data set. The nodes are arranged with

similar types located adjacent to each other in the two-dimensional ordered array,

facilitating interpretation of the synoptic types and their relationship. In compari-

son with more traditional approaches to investigating multi-dimensional data (e.g.

cluster analysis and principal component analysis) the SOM approach is more robust

and less subjective, i.e, no assumptions regarding the resulting patterns are made by

the user. In addition, it offers a powerful means of visualising the continuum of data

space with distinct advantages in interpreting underlying physical processes (Hewit-

son and Crane, 2002).

A review of SOMs and the application to synoptic climatology have been described

in detail by Hewitson and Crane (2002). Other applications include extreme cli-

mate events, GCM evaluation, weather regime classification and season definition

and classification (Cazavos, 2000; Tennant and Hewitson, 2002; Brown et al., 2010;

Radic and Clarke, 2011; Lennard and Hegerl, 2014). Detailed description on the

SOM training algorithm can be found in Sang et al. (2008).
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The size of the SOM array has a strong influence on the range of synoptic situations

represented. The fewer the number of nodes in the SOM array the more general

each pattern must be, while with a greater number of nodes a wider range of sit-

uations can be represented. South African synoptic systems have been generalised

into eight primary circulation types (Tyson and Preston-White, 2000). For example,

Lennard and Hegerl (2014) and MacKellar et al. (2010) have used a 12-node SOM

size over southern Africa. On testing various sizes a 20-node SOM patterns (5 x 4)

was selected to span the range of synoptic conditions for all seasons. The size of the

SOM node was based on an optimal number of nodes where there are not too few

to result in generalisations, neither too many so as to make the analysis complex.

Daily sea level pressure (PSL) ERA-Interim reanalysis data (Dee et al., 2011) with

0.44° horizontal resolution is used to train the SOMs as it was shown to be a good

indicator of regional climate (Tyson et al., 1996b,a). The domain covers southern

Africa from 9°S to 44°S. This latitude range includes synoptic weather system of both

tropical and mid-latitude origins. The longitude range is from 6°E to 45°E and en-

compasses processes from the oceans around the sub-continent. The procedure to

train the SOM begins with a random initialisation of the SOM array, followed by a

two step training process with passes of 50000 iterations each. For the first training

process the learning rate 1 was set to 0.05 and the initial radius of training area set

to five which decreases linearly to one during training. On the contrary, the second

training process the initial radius was set to three, with a training rate of 0.025. The

second training process develops the finer aspects of the SOM array. Each day is

therefore mapped to a particular SOM node and is associated with the same day of

the downscaled GCMs for the present period (1976-2005) and future (2036-2065

and 2069-2098) simulations.

To better understand the the synoptic circulation over the region, moisture transport

is calculated from the u-, v-wind components (
−→
V ) and specific humidity (q) at 850
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hPa (equation 2.1).

Q = q ∗
−→
V (2.1)

Then all the days in the period that mapped to a particular SOM node are averaged

to construct a composite of moisture transport.

Extreme precipitation days

Extreme precipitation days are defined as days with at least 10� of grid points with

precipitation above the 95th percentile of daily rainfall distribution from 1997-2005.

Extreme precipitation days are extracted from GPCP gridded data set and mapped

to the SOMs to identify synoptic conditions associated with extreme precipitation.

The same procedure is applied in the downscaled GCMs for the present and future.

Three sub-regions are selected based on Global Precipitation Climatology Centre

(GPCC)(Rudolf et al., 2010) standardised annual precipitation cycles over Africa,

which are distinguished into nine classes using the k-means method (Kalognomou

et al., 2013). The location of the sub-regions and their topography is shown in Fig.

2.1. The sub-regions are the centre and northern Mozambique, Zimbabwe, Zam-

bia, northern Botswana and east parts of Angola (region 1), southern Mozambique,

central and east coast of South Africa (region 2) and the south-western Cape of

South Africa (region 3). Region 1 experience rainfall in summer that results from

mesoscale convective systems, tropical storms and tropical cyclones from Mozam-

bique Channel (MC) (Kalognomou et al., 2013). Region 2 is also a summer rainfall

that results from mesoscale convective systems, warm fronts, subtropical lows, mid-

to upper-tropospheric troughs, and cloud bands. Region 3 is a winter rainfall region

that receives the bulk of its annual rainfall from frontal systems (Kalognomou et al.,

2013).
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2.2.2 Assessment of extreme events

Extreme weather and climate events are normally studied using two approaches,

parametric and a non-parametric. In the non-parametric approach extreme pre-

cipitation indices are estimated from the empirical distribution of the daily data.

These indices characterise moderate and statistically robust extreme events with re-

occurrence times of a year or shorter (Klein Tank et al., 2009). The parametric

approach based on the extreme value theory (EVT) (see Gnedenko, 1943; Fisher and

Tippett, 1928; Gumbel, 1984) complements the descriptive indices in order to evalu-

ate the intensity and frequency of rare events that lie far in the tails of the probability

distribution of weather variables (e.g. events that occur once in 20 years).

Moderate extremes

The World Meteorological Organization (WMO) Commission for Climatology and the

Expert Team on Climate Change Detection and Indices (ETCCDI) developed a set of

27 indices based on daily temperature and precipitation. Of these, the six indices

that are based on daily precipitation are used to asses the performance of the RCMs

at simulating precipitation extremes across southern Africa for the 1997-2005 valida-

tion period and to demonstrate future projected changes in extreme events for mid

Century (2036-2065) and end of the Century (2069-2098). These indices have been

widely used in detection, attribution, and projection of changes in climate extremes

(e.g., Alexander and Arblaster, 2009; Min et al., 2011; Orlowsky and Seneviratne,

2011; Donat et al., 2013; Sillmann et al., 2013b). Detail of these indices are shown

in Table 2.2, and a full descriptive list of the indices can be found on the ETCCDI

website http://etdi.paifilimate.org/list_27_indies.shtml.
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Table 2.2: Definitions of the indices of precipitation extremes used in this study.

Label Index Name Index definition Units

R10mm Heavy precipitation
days

Number of days (per year/season) with precipitation
amount ≥ 10 mm. Let PRij be the daily precipitation
amount on day i in period j. Count the number of
days where PRij ≥ 10 mm

days

R20mm Very heavy precipi-
tation days

Number of days (per year/season) with precipitation
amount ≥ 20 mm. Let PRij be the daily precipitation
amount on day i in period j. Count the number of
days where PRij ≥ 20 mm

days

CDD Consecutive dry
days

Maximum (annual/seasonal) number of consecutive
dry days. Let PRij be the daily precipitation amount
on day i in period j. Count the largest number of
consecutive days where PRij < 1 mm

days

Rx5day Highest 5-day pre-
cipitation amount

Maximum (annual/seasonal) precipitation sums for
5-day interval. Let PRkj be the precipitation amount
for the 5 day interval ending k, period j. Then max-
imum 5 day values for periodj are: RX5dayj = max
(PRkj)

mm

SDII Simple daily inten-
sity index

Average precipitation from wet days. Let PRwj be
the daily precipitation amount on wet days, PR ≥ 1
mm in period j. If W represents number of wet days
in j, then: SDIIj = (

∑W

W=1
PRwj)/W

mm/day

R95pTOT Very wet days Annual/seasonal total precipitation from days with
PR ≥ 95th percentile of the distribution of daily
precipitation amounts at days with 1 mm or more
precipitation in the 1976-2005 baseline period. Let
PRwj be the daily precipitation amount on a wet day
w (PR ≥ 1 mm) in period i and let PRwn95 be the
95th percentile of precipitation on wet days in the
baseline period (1976-2005). If W represents the
number of wet days in the period, then: R95pj =
∑W

W=1
PRwj , where PRwj > PRwn95

mm

PRCPTOT Total wet-day pre-
cipitation

Annual/seasonal total precipitation from wet days.
Let PRij be the daily precipitation amount on dayi

in period j. If I represents the number of days in j,
then: PRCPTOTj =

∑I

i=1
PRij

mm

The simple daily intensity (SDII) and the total wet-day precipitation (PRCPTOT)

represent average precipitation conditions. These two indices are also useful to un-

derstand variations in extreme precipitation. The PRCPTOT index can be compared

with the number of wet days to investigate rainfall intensity changes - a fewer num-

ber of wet days with no change in PRCPTOT would infer more intense rainfall, which

should also be reflected on SDII. All indices are calculated for each of the downscaled

RCM simulations independently and the results averaged across the eight downscaled

members to provide a multimodel mean. While for a single given diagnostic, the mul-

25



timodel performance might be significantly better than a single model (Nikulin et al.,

2012), there remains a range of uncertainty with it. Therefore, model spread are pre-

sented for each index for three specific subregions with homogeneous rainfall annual

cycle patterns.

Rare extremes

The EVT approach have been used in hydrology (e.g., Katz et al., 2002), atmospheric

science (e.g., Palutikof et al., 1999; Buishand, 1989), finance and insurance (e.g.,

Embrechts et al., 1997) and many other fields of applications. In this study the

EVT approach follows that used in Zwiers and Kharin (1998) and Kharin and Zwiers

(2000). The diagnostics of primary focus is to estimate extreme events in terms of

T -year return values. The T -year return value is defined as the threshold that is

expected to be exceeded on average, once every T year, where T is the return period

or waiting time. These thresholds are estimated by the block maximum technique

(Coles, 2001), where a generalised extreme value (GEV) distribution is fitted to a

sample of annual/seasonal maxima at every grid point. The GEV distribution is the

asymptotic distribution that describes the behaviour of block maxima and as the

form:

F (x) =































exp
[

−
(

1 + κ
(

x−ξ

α

))−
1

κ

]

, κ < 0, x > ξ + α/κ,

exp
[

− exp
(

−x−ξ

α

)]

, κ = 0,

exp
[

−
(

1 + κ
(

x−ξ

α

))−
1

κ

]

, κ > 0, x > ξ + α/κ.

(2.2)

where, ξ, α and κ are location, scale and shape. The GEV distribution (Eq. 2.2)

encompasses the classical “three types” of extreme value distributions defined by κ,

which determines the nature of tail behaviour of the maximum distribution. The

flexibility of the GEV to describe all “three types” of tail behaviour makes it a uni-

versal tool for modelling block maxima (Naveau et al., 2005). The justification for

the GEV distribution arises from an asymptotic argument. As the sample size in-
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creases, the distribution of the sample maximum, say X, will asymptotically follow

the classical “three types”, either Fréchet distribution (κ>0), Weibull distribution

(κ<0), or Gumbell distribution (κ=0) (Naveau et al., 2005). Each of the “three

types”of distributions has distinct forms of behaviour in the tails (see Fig. 2.2). The

Weibull distribution is bounded above, meaning that there is a finite value which the

maximum cannot exceed. The Gumbel distribution yields a light tail, meaning that

although the maximum can take on infinitely high values, the probability of obtain-

ing such levels becomes small exponentially. The Fréchet distribution with a heavy

tail, decays polynomially, so that higher values of the maximum are obtained with

greater probability, that would be the case with a lighter tail (Gilleland and Katz,

2006).

L-moment method

−5 0 5 10

0.
0

0.
1

0.
2

0.
3

0.
4

Domain of the GEV

G
(x

)

Gumbel (k=0)
Weibull (k<0)
Frechet (K>0)

Figure 2.2: Density of the GEV distribution function for three choices of the shape parameter k

Various methods are used to estimate the parameters of the GEV distribution. The

maximum likelihood estimators (Coles, 2001) are asymptotically optimal but they

are not necessarily the best for finite sample sizes (Zwiers and Kharin, 1998; Kharin

et al., 2005; Hosking et al., 1985), and thus less advisable choice in this study because

the available samples are very short (16 annual extremes). The GEV distribution
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parameters are estimated by the method of L-moments (LMOM) (Hosking, 1990).

L-moments are linear functions of the expectations of order statistics and they can

be viewed as an alternative system of describing the shapes of probability distribu-

tions. The main advantages of using the method of LMOM are that the parameter

estimates are more reliable (i.e. smaller mean-squared error of estimation) and are

more robust for short samples, and are usually computationally more tractable than

the conventional moments and maximum likelihood (Hosking, 1990).

The first three L moments of a random variable X are defined in terms of its distribu-

tion function F(x)(Hosking, 1990) as follows:

λ1 = EX =

∫

1

0

x(F )dF,

λ2 =
1

2
E(X2:2 −X1:2) =

∫

1

0

x(F )(2F − 1)dF, (2.3)

λ3 =
1

3
E(X3:3 − 2X2:3 +X1:2) =

∫

1

0

x(F )(6F 2 + 6F + 1)dF.

where E denotes expectation and X1:r, X2:r, ..., Xr:r are the order statistics obtained

by sorting the sample of size r in ascending order. The L moments λ1, λ2, and λ3 are

in some ways analogous to the conventional central moments and may be regarded

as measures of location, scale and skewness of the distribution.

For the GEV distribution, the first three L-moments in terms of its location (ξ), scale

(α) and shape (κ) parameters are given by:

λ1 = ξ +
α

κ
[1− Γ(1 + κ)]

λ2 = (1− 2−κ)
α

κ
Γ(1 + κ) (2.4)

λ3 = λ2[2
(1− 3−κ)

(1− 2−κ)
− 3]

where Γ() represents the gamma function:
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Γ(x) =

∫

∞

0

tx−1e−tdt,x ≥ 0 (2.5)

The unbiased estimators of λ1, λ2 and λ3 are:

λ̂1 =
∑

i

Xi/n

λ̂2 =
1

2

∑

i>j

(Xi:n −Xj:n)/C
n
2

(2.6)

λ̂3 =
1

3

∑

i>j>k

(Xi:n − 2Xj:n +Xk:n)/C
n
3

where Cn
k = n!/[k!(n− k!].

To estimate the GEV distribution parameters, one needs to substitute the L-moments

in Eq. 2.4 with the unbiased estimators of L-moments using Eq. 2.6. The resulting

method of L-moments estimators are given by:

κ̂ = 7.8590z + 2.9595z2

α̂ =
λ̂2κ̂

(1− 2−κ̂)Γ(1 + κ̂)
(2.7)

ξ̂ = λ̂1 +
α̂

κ̂
[Γ(1 + κ̂)− 1]

where z = (2/(3 + λ̂3/λ̂2))− (ln 2/ ln 3).

Feasibility of the L-moment estimators

Dupuis and Tsao (1998) pointed out that the method of L-moments may yield non-

feasible estimates in the sense of the estimated distribution may not contain all of the

data from which distribution parameters are estimated. The percentage of nonfeasi-

biliy is small when κ ≤ 0.1, but is considerably larger when κ is larger. The LMOM
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estimates are not feasible when the following auxiliary constraints are violated

Xn:n ≤ ξ̂ +
α̂

κ̂
if κ̂ > 0 (2.8)

X1:n ≥ ξ̂ +
α̂

κ̂
if κ̂ < 0

where X1:n and Xn:n are the smallest and the largest values in a sample of size n,

respectively. Dupuis and Tsao (1998) proposed a hybrid estimator which always

satisfies Eq. 2.8 by replacing nonzero κ̂ by κ̃ when the estimate is nonfeasible

κ̃ =















α̂/(Xn:n − ξ̂ if κ̂ > 0

α̂/(X1:n − ξ̂ if κ̂ < 0

(2.9)

The method of LMOM and hybrid estimators are comparable in terms of bias and

root mean square error (rmse) but the hybrid has the extra advantage that it is al-

ways feasible (Dupuis and Tsao, 1998).

The 20-year return values are estimated by fitting the GEV distribution to a sample

of annual maxima and then invert the GEV cumulative distribution function 2.2:

XT =















ξ̂ − α̂{1− [−ln(1− 1/T )]−κ̂}/κ̂, κ̂ 6= 0,

ξ̂ − α̂ln[−ln(1− 1/T )], κ̂ = 0.

(2.10)

Goodness-of-fit test

It is important to test the goodness-of-fit (GOF) of the fitted distribution to examine

whether the sampled annual maxima are realisations of a random process with the

GEV distribution. The standard Kolmogorov-Smirnov (KS) GOF is applied, and is

defined as the maximum absolute difference between two cumulative distribution
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functions

D = max
x∈R

|F (x)−G(x)| (2.11)

where F (x) is the fitted distribution function and G(x) the empirical distribution

function estimated from the sample.

Since the GEV distribution parameters are estimated from the data, the critical values

taken from statistical tables should not be employed (von Storch and Zwiers, 1999).

In this case, more appropriate estimates of the critical values are determined by

parametric bootstrap procedure (e.g., Kharin and Zwiers, 2000). In this procedure

1000 samples of the same size as observed or modelled series of seasonal/annual

maxima are generated from the fitted GEV, and the values of D are derived for each

generated sample. The 90% quantile of the distribution of D is then used as the

critical value of the test at the significance level α=0.10. The null hypothesis that

the seasonal/annual extremes are drawn from the distribution F (x) is rejected when

D exceeds the critical value.

2.2.3 Value added by RCMs

The added value (AV) concept (Di Luca et al., 2012, 2013) is used to test whether

the RCMs show improvements over the coarse-resolution models used as large-scale

forcing. It is defined as a measure of the difference between the large scale forcing or

boundary condition (BC) and the downscaled RCM squared errors and was computed

as:

AV =
(XBC −XOBS)

2 − (XRCM −XOBS)
2

Max((XBC −XOBS)2, (XRCM −XOBS)2)
(2.12)

where, XBC , XOBS and XRCM represents the index calculated from the BC (ERA-

Interim or GCM), observation (GPCP), and RCMs, respectively. The normalization is

introduced so that -1 ≤ AV ≤ 1 (e.g. Dosio et al., 2015). It is worth mentioning that

for this analysis, only GPCP is used in the spatial distribution of the added value. A
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positive value of AV provides a measure of the added value afforded by dynamical

downscaling with an RCM. Various studies have assessed the added value issue using

a scale decomposition method (Bresson and Laprise, 2011; Di Luca et al., 2012; Feser,

2006). Di Luca et al. (2012) separated the AV in two types. The first type is related

with climate variability in scales that are not explicitly resolved by GCMs. The second

type is related with spatial scales common to both the RCMs and GCMs that results

from the upscaling of fine scales into large scales. The added value considered in this

thesis is of the type one and for this the GCMs were regridded to common spatial

resolution of RCMs using a billinear interpolation method.

The centered pattern correlation coefficient (PCC) is also calculated, and it indicates

how well the spatial pattern is captured. Both GPCP and TRMM are used to account

for uncertainties in the observed daily precipitation products.
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3
Dominant synoptic systems

In the following section, the simulated historical and projected atmospheric circu-

lation are investigated. It is essential to have a good understanding of how RCMs

perform over southern Africa before considering how they simulate atmospheric cir-

culation changes in the future. Of particular importance is the extent to which at-

mospheric circulation responds to changes in radiative forcing. In order to assess

this response, mean sea-level pressure (MSLP) and wind fields at the 850 hPa level

are used. The downscaled data is compared with ERA-Interim reanalysis to asses the

ability of the models to simulate synoptic circulation over the region. Future changes

on these synoptic circulations is also presented.

3.1 Synoptic systems in 20th century simulations

In order to explore the circulation patterns responsible for rainfall in Southern Africa

a SOM was applied to the ERA-Interim (EI) data from the period 1989-2005, as

described in the Section 2.2. The 20 SOM patterns of MSLP for the full 1989-2005

period of the EI reanalysis is shown in Fig. 3.1. The shaded region is MSLP and the

arrows indicate the moisture transport over the region.
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Figure 3.1: The 5x4 SOM built using 1989-2005 period of the ERA-Interim reanalysis SLP. The
reds indicate high pressure and the blues lower pressure. Vectors represent moisture
transport [units: g kg-1 m s-1] composite associated with each node.

The archetypal modes of MSLP and moisture transport are used to describe the char-

acteristics circulations over southern Africa. Similar synoptic circulation patterns are

clustered together across the node space while more distinct types are further apart as

a consequence of the SOM mapping algorithm (Hewitson and Crane, 2002). Features

of the low level circulation can be seen through the MSLP patterns - these include

the South Atlantic and Indian anticyclone, mid latitude westerlies and the northeast

monsoon. The circulation types displaying tropical troughs are in the lower portion

of the SOM and types with broad regions of high pressure are near the top.

In the two bottom rows of the SOM array, nodes represent strong anticyclones ridging

in over the east or west coast with a dominant South Atlantic High Pressure (SAHP),
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and tropical troughs extending down from the equator.These nodes represent circu-

lation patterns typical of austral summer (DJF) over the region. The mid-latitude

cyclones in theses nodes are displaced southwards compared with nodes 1,2,6, and

7. The moisture is transported into southern Africa from the southwest Indian Ocean

(IO) and from the southeast tropical Atlantic Ocean (AO) (Reason et al., 2006)

through the Angola low (Cook et al., 2004; Tyson and Preston-White, 2000). The

westerly moisture from the AO converges with a warm moist air from the IO in the

heat low located over the interior of southern Africa which result in ideal conditions

for strong vertical uplift and the formation of cloud bands. These features are com-

monly referred to as tropical-temperate troughs(TTTs) and contribute significantly

to summer rainfall over southern Africa (Harangozo and Harrison, 1983) including

heavy rainfall events (Hart et al., 2010). Over southern Africa, a TTT is formed

when a easterly low or wave at surface combines with a westerly wave leading to the

formation of northwest-southeast oriented cloud bands which extend over both con-

tinental southern Africa and adjacent southwest IO (Todd and Washington, 1999).

Circulations represented by node 12 and 17 suggest a linkage between the mid-

latitudes and subtropical low-pressure systems and represent conditions favourable

for the formation of TTT. The high-pressure system located in the south-west of the

domain, results in a poleward displacement of frontal systems and dry summers over

south-western part of the Western Cape Province of South Africa.

Typical austral winter (JJA) circulation patterns for the region are located at the top

rows of the SOM map. These nodes are associated with ridging highs from the AO,

strong high pressure over the IO and the strong westerly wave with associated cold

frontal systems. These cold fronts are the primary rain-bearing system along the

southern coast and the south-western part of the Western Cape Province of South

Africa (Tyson and Preston-White, 2000). The moisture flux in this region is westerly,

in contrast to the easterly flux experienced across the bulk of the subcontinent.

During austral autumn (MAM) and austral spring (SON) transitions periods, synoptic

situations typical of either winter or summer can occur.
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Having derived characteristic circulation patterns, the average climatological fre-

quency of daily events on each SOM node for the whole period (shown as a percent

of the total days) is determined for all ensemble members (Fig. 3.2). Each bar rep-

resents the node frequency of occurrence of each individual ensemble member. For

the trained data EI reanalysis, the frequency of occurrence of each synoptic node is

in the expected frequency of 5� or 1/20 (i.e. the node frequency that would occur if

each node occurred equally), indicating that the synoptic patterns attained by SOM

are an even distribution across the whole training data.
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Figure 3.2: Frequency (�) of occurrence that map to each SOM node shown in fig. 3.1
for the period 1989-2005 (ERA-Interim and RCM(ERA-Interim)) and 1976-2005
(RCM(GCM)).

In evaluating the two RCMs (downscaled EI for the period 1989-2005, grey bars),

most node mapping frequencies are similar to that of the EI reanalysis with the ex-

ception of node 5, which is over simulated by both models, and nodes 6,11 and 16

which are under-simulated.

When considering the downscaled GCM results for example in node 16, which show

higher mapping frequencies than EI data and RCMs forced by EI, this would imply

that the downscaled GCMs simulate this type of circulation too frequently.
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The nodal loadings for austral summer (DJF), winter (JJA), autumn (MAM) and

spring (SON) are presented in fig. 3.3. These show the frequency (as a percentage)

that each node was mapped to in each respective season over the 17-year period.
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Figure 3.3: Frequency (�) of occurrence that map to each SOM node shown in fig. 3.1 on a
seasonal basis (a) DJF, (b) MAM, (c) JJA and (d) SON.

39



Nodes in the bottom row of the SOM (node 11 to 14 and node 16 to 19) are mapped

more frequently by models during DJF (Fig. 3.3(a)) and the nodes at the top row

and right hand side (node 1 to 6 and node 10 and 15) appear more frequently during

JJA (Fig. 3.3(c)). During transitions periods synoptic circulation of both winter or

summer are evident, however with lower frequency (Fig. 3.3(b) and 3.3(d)). The

bias in the EI downscaled results in node 5 is attributable to an over simulation of

winter-time circulations dominated by high-pressure synoptics which may be a func-

tion of the southern most extent of the CORDEX-Africa domain. Here the minimum

latitude of the domain is 45° S and likely retard the ability of the regional models to

develop mid-latitude troughs that move northward through this latitude (e.g. Kalog-

nomou et al., 2013). The lower frequency bias in nodes 11 and 16 seem to be present

throughout DJF, MAM and SON. The majority of the downscaled GCMs overestimate

the frequency of nodes 16, 17, 18 and 19 and underestimate nodes 12,13 and 14.

During SON and MAM the inter-model variability of the downscaled GCMs is smaller

compared with JJA and DJF.

3.1.1 Link between precipitation and circulation patterns

In order to identify the precipitation patterns associated with different circulation

nodes, each day of the observed period was mapped to the closest SOM node to

construct a composite of rainfall for each SOM node (e.g., Hope et al., 2006). The

daily mapping was performed for the period 1997-2005 and the corresponding rain-

fall composited from GPCP dataset. The precipitation anomalies from this composite

mapping are shown in Fig. 3.4. Brown shading indicates regions of less rainfall

compared to the 1997-2005 mean while green shading indicates more. Nodes 11-14

and 16-18 in the SOM map are clearly responsible for most of the wet conditions for

the bulk of the sub-continent, and most of this rainfall occurs during summer. High-

est rainfall occurs over northern Mozambique and is attributable to the tropical low
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Figure 3.4: GPCP precipitation anomalies associated with each circulation type in the 5x4 SOM.
Negative values indicates conditions drier than the 1979-2005 mean and positive
values wetter than the mean.

formed at the MC that advects moisture into the region as demonstrated in nodes 17

and 18. The winter rainfall is largely associated with nodes 1-3 and would represent

frontal rainfall.

3.1.2 Synoptic condition associated with extreme precipitation

days

It is also possible to describe the driving synoptics of extreme precipitation days by

mapping only these days to the trained SOM. The days with extreme precipitation

are extracted from the observed data set (GPCP) and from the downscaled GCMs

(Section 2.2). The seasonal frequency of extreme precipitation days from GPCP data
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set is shown in Fig. 3.5.
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Figure 3.5: Seasonal frequency of extreme precipitation days as observed (GPCP) from 1997-
2005.

The highest number of extreme precipitation occurs in summer over region 1 and 2

(see fig. 2.1 for the location of the regions), a season when most precipitation and

extreme events typically occur (e.g Tyson and Preston-White, 2000). In region 3 the

highest number of extreme precipitation days occurred in JJA and MAM. The com-

posite of extreme precipitation days during this period associated with each synoptic

circulation pattern is shown in Fig. 3.6.
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Figure 3.6: GPCP precipitation composites of days with extreme precipitation associated with
each type in the 5x4 SOM.

Over region 1, the dominant summer month nodes (16-19) are associated with ex-

treme precipitation and of these most of these extreme precipitation days map to

nodes 16 and 17 (Fig. 3.7(a) - GPCP). Spatially, extreme precipitation mapping to

these nodes is in the north east of the domain over Mozambique, Zimbabwe and

Zambia where the extreme precipitation is associated primarily with westward mois-

ture transport into the region from the MC.
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Table 3.1 shows the number of extreme precipitation days for each ensemble member

and observations for the three regions.

Table 3.1: Total number of extreme precipitation days for each region for the period of 1997-
2005

Region 1 Region 2 Region 3
GPCP 128 47 59

CCLM(ERA-INT) 17 15 35
RCA4(ERA-INT) 53 56 44

CCLM(CNRM-CM5) 52 16 41
RCA4(CNRM-CM5) 82 54 83
CCLM(EC-EARTH) 16 19 76
RCA4(EC-EARTH) 70 60 94

CCLM(MPI-ESM-LR) 17 22 78
RCA4(MPI-ESM-LR) 79 73 80

CCLM(HadGEM2-ES) 20 16 47
RCA4(HadGEM2-ES) 56 72 51

The RCMs do not capture the frequent mapping of extreme precipitation to nodes 16

and 17 in both the EI and GCM downscaling. This suggests that the regional climate

models may have deficiencies in developing and advecting in the moisture necessary

for such events, problems with the boundary layer and convective parameterization

schemes are perhaps not able to simulate tropical cyclones, which are a primary

cause of extreme precipitation in the region. It is likely a combination of these fac-

tors. However, it should be remembered that GCM simulations are not synchronous

with the observed climate. Each GCM is initialised with atmospheric, sea and ice

states in 1950 and left to develop its own climate - it is this non-real world climate

that the RCM downscales. Despite this it would be expected that over the 9-year pe-

riod the salient circulations responsible for extreme precipitation in the region would

be captured. The poor EI result suggest even if the GCMs captured these drivers the

downscaling would not be able to produce the expected extreme precipitation.

Spatially, extreme precipitation over region 2 lies largely in the bottom and bottom
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second row of the SOM array and also node 8 and 9. This is apparent in the frequency

mapping of extreme precipitation in this region, however nodes 16-19 also recorded

equivalent mappings (Fig. 3.7(b)). Being a summer rainfall region these results are

expected. Although the downscaled mappings in this region appear better than in

region 1 when compared to GPCP, as was noted earlier the RCA4 model produced

too many extreme precipitation events and the CCLM too few giving overall lower

number of extreme precipitations days when averaged. The RCA4 overestimates the

frequency of extreme precipitation days when compared with CCLM. This is due to

the model cores as well as differences in physical parameterizations.

Region 3 includes the winter rainfall region of South Africa and spatially extreme

precipitation is associated with mid-latitudes cyclones. Extreme precipitation days in

this region map most frequently to nodes 1 and 6 (Fig. 3.7(c)) and these synoptic

systems would take the form of deep mid-latitude cyclones and cut-off lows. How-

ever, extreme precipitation days are not only influenced from synoptic circulation

typical from JJA but also from other seasons (e.g. Lennard et al., 2013) as evident

especially nodes 13,14 and 19. This is because the northern part of this region lies in

a region that is also influenced by summer rainfall regimes.

3.2 Future changes in synoptic systems

The change in synoptic circulation is defined as the difference between the simu-

lated climate under future and current forcings. The difference in the number of

days matching each synoptic type in the SOM map are shown in Fig. 3.8 at seasonal

timescale for the middle (2035-2065) and late (2069-2098) 21st Century relative to

1976-2005 for the two reference concentration pathways (RCP4.5 and RCP8.5). The

stationary hypothesis over climate dynamics is assumed, that is, the historical synop-

tic types remains valid throughout the 21st Century and rainfall results from the same

synoptics. Boxes indicate the interquartile model spread (25th and 75th quantiles)
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with the horizontal line indicating the ensemble median and the whiskers showing

the extreme range of the ensemble members. The extreme range of the ensemble

members indicate the spread of the indicated change from the different models. The

magnitude of change of the frequency of the synoptic types of the ensemble median

is higher for RCP8.5 for most of the nodes compared with RCP4.5 for the same pe-

riod. Decreases are projected for the frequency of occurrence of nodes in the bottom

portions of the map (wet nodes) across the seasons. This suggests a decrease in cir-

culation patterns that favour the occurrence of precipitation over most of southern

Africa.The increasing frequency of occurrence of nodes in the top of the map (dry

nodes) implies an increase in circulation patterns that are associated with reduced

precipitation events. In general, these changes represent a projected increased occur-

rence of the oceanic high-pressure systems, a more dominant high-pressure circula-

tion poleward of the continent and a decreased occurrence of patterns of continental

lows and mid-latitude lows. Seasonally, the spread of the change is larger for DJF

and JJA than the shoulder seasons (SON and MAM).

Comparisons of circulation patterns associated with extreme precipitation days from

the downscaled GCMs for the mid and late 21st Century with the past where done

and the results are shown in Fig. 3.9. Nodes 16 and 17, associated with higher occur-

rence of extreme precipitation days during DJF in region 1 are projected to decrease.

However, projected increases in the occurrence of nodes 13,14,18 and 19 suggest

an increase in the frequency of occurrence of extreme precipitation days over region

1 and 2. The circulation patterns associated with extreme precipitation days over

region 1 are in general projected to increase. Days with extreme precipitation that

map node 11,12,16 and 17 are projected to increase. However, these nodes are pro-

jected to decrease (Fig. 3.8(a)). This means that when this type of circulation occurs

in the future, they are more likely to favour extreme precipitation days. For region

2, extreme precipitation days are projected to increase in association with nodes 18

and 19. For region 3, most of the nodes associated with extreme precipitation are
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Figure 3.9: Projected changes in the frequency of occurrence of extreme precipitation days that
map to each SOM node shown in fig. 3.1 for (a) region 1, (b) region 2 and (d)
region 3, over the periods 2036-2065 and 2069-2098 relative to 1976-2005 under
RCP4.5 and RCP8.5.
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projected to decrease with the exception of node 1. This suggests less extreme pre-

cipitation days for this region.

3.3 Summary

The models capture the features of low level circulation reasonable well over south-

ern Africa in the historical period as well as a general rainfall states. Extreme pre-

cipitation days are more frequent during DJF and MAM over region 1 and 2 while in

region 3 extreme precipitation days are more frequent during MAM and JJA. Region

3 does include the all year rainfall region of South Africa so is not purely a win-

ter rainfall region and extreme rainfall in summer for this region is not unexpected.

The downscaling does not capture the frequency mapping characteristics of extreme

rainfall in region 1 and generally the CCLM model produces fewer extreme rainfall

synoptic states than the RCA model for all regions. The regional climate model’ s

poor representation of extreme rainfall might be a combination of factors such as

grid resolution (at 0.44 degrees convective activity is not adequately resolved), pa-

rameterizations of microphysics, boundary layer processes and convection and the

model core. The synoptic states that reduce precipitation are projected to increase,

while synoptic states that enhance precipitation are projected to decrease over time.

These results will be used as a basis to identify connections between rainfall and

atmospheric circulation over southern Africa in the following chapters.
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4
Model-simulated historical climate extremes

The assessment of the ability of RCMs to simulate extreme precipitation events in the

present climate is presented in this chapter. The simulations are evaluated against

two gridded observation datasets. Spatial analysis of both simulated and observed

extremes events are plotted and correlations calculated between the simulations and

observation. The added value generated by the RCM with respect to the stand-alone

GCM simulation is also assessed. The synoptic circulation features assessed in the

previous chapter are used here as means to give a dynamical reason for model bias.

4.1 Moderate extremes

Within CORDEX, an ensemble of RCM downscaling over Africa, forced by EI reanal-

ysis has been completed at grid resolutions of 0.44 degrees (about 50 km). The in-

dividual models representations of the historical spatio-temporal patterns of African

rainfall have been evaluated by Nikulin et al. (2012); Endris et al. (2013); Kalog-

nomou et al. (2013); Kim et al. (2013) and, Panitz et al. (2014). These authors

confirm the ability of the RCMs to capture the broad precipitation characteristics,

however biases remain and are found to be specific to individual models, regions and

seasons. Furthermore, these authors did not explicitly evaluated model representa-

tion of extreme precipitation nor projections thereof. The spatial distribution of total

annual wet-day precipitation (PRCPTOT) from the GPCP and TRMM “observed” data

and the CCLM and RCA4 driven by (1) EI reanalysis data and (2) boundary condi-
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tions from the four GCMs as well the multi-model ensemble mean is shown in Fig.

4.1.

Figure 4.1: Total annual wet day precipitation (PRCPTOT) for the period 1997-2006 for (a)
GPCP, (b) TRMM (1998-2005) , CCLM forced by (c) ERA-Int. and different GCMs
(e-h), RCA forced by (d) ERA-Int. and different GCMs (i-l) and (m) multi-model
ensemble mean of CCLM and RCA4 forced by GCMs. Stippling indicates grid points
where there is added value by the dynamical downscaling. Squares in (a) indicate
the locations of the evaluation regions as defined in Kalognomou et al (2013). The
top left number is the PCC with GPCP and the bottom left with TRMM

The multi-model ensemble mean is the average of the CCLM and RCA4 driven by

the GCMs. The stippling in Fig. 4.1-4.4 represents areas where there is added value

(AV) in the indices from the RCMs compared to the indices from EI and GCMs for the

reference period. The top left number represent the centred pattern correlation co-
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efficient (PCC) between model simulations and GPCP data and the bottom left with

TRMM.

In both observed data sets GPCP and TRMM, PRCPTOT maxima are located over the

complex terrain of eastern part of South Africa, Mozambique and the northern parts

domain along the ITCZ. Differences can be found across the observation datasets

with regard to the magnitude and spatial extent of PRCPTOT. GPCP shows higher

PRCPTOT over northern Angola and northern Mozambique. The PCC exceeding 0.9

is found between GPCP and TRMM indicating a good level agreement in PRCPTOT

patterns. Comparing both observed datasets with RCMs, it is found that the main

features of the climatological pattern of PRCPTOT is reasonably captured. In partic-

ular the west-east gradient in precipitation totals over South Africa and the band of

relatively low precipitation that stretches from Namibia in the west over Botswana

to Zimbabwe. Differences exist, however, between the observations and the model

simulations and among the individual model simulations. The CCLM underestimates

the actual magnitude of PRCPTOT both in EI and individual GCM downscaled runs,

especially over the east part of the domain. This underestimation of PRCPTOT might

be caused by the misplacement of the monsoon rainbelt by the driving GCMs and

an underestimation of associated rainfall intensity (Panitz et al., 2014; Dosio et al.,

2015). A common tendency to overestimate PRCPTOT over the Lesotho highlands

and Drakensberg areas is found in all simulations. The overestimation in precipi-

tation over mountains are largely due to the finer resolution of the RCMs causing

enhanced topographical forcing and dynamical uplift, and this is known to be prob-

lematic for RCMs (e.g. Engelbrecht et al., 2009; Kalognomou et al., 2013). The RCA4

forced by individual GCMs generally overestimate PRCPTOT over most of southern

Africa, and the effect of topography is more evident in this model. Over the north-

west region rainfall is overestimated in all ensemble members and is likely influenced

by the overestimation of the frequency of occurrence of the circulation patterns rep-

resented by nodes 16, 17 and 18 as seen in Fig. 3.2. These nodes show the presence

of the Angola low, a semi- permanent feature of tropical southern Africa circulation
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during summer (Reason et al., 2006). The Angola low facilitates moisture trans-

port that bring most of the summer rainfall across subtropical southern Africa (Hart

et al., 2010; Reason et al., 2006). For the pattern correlation of PRCPTOT, averaging

across all GCM downscaled ensemble members gives better correlation with observa-

tions than any individual model as a result of the cancellation of spatial errors from

the individual model simulations. This limited sample suggests that the use of multi-

model ensembles using different RCMs driven by different GCMs might provide an

optimal approach to the provision of climate change scenarios over Southern Africa.

However, in order to sample the uncertainty associated with future projections of

climate, a large number of multi-model GCM/RCM downscaled ensembles are re-

quired. Giorgi and Coppola (2010) noted that at least four to five models is needed

to obtain a robust regional precipitation change estimates.

The large scale pattern of the maximum number of consecutive dry days (CDD),

which in many areas represents the length of the dry season is shown in Fig.4.2. The

magnitude of CDD is higher in TRMM dataset over South Africa and Mozambique

when compared with GPCP. However, the PCC (0.9) shows a good level of agree-

ment between both datasets. The pattern of CDD is reasonably well represented in

the simulations when compared to both observed datasets. However, the number

of CDD is overestimated over the central areas of the domain in both RCMs forced

by EI. This is likely because the EI captures synoptic states associated with dry days

(e.g. high pressure systems) and consequently the precipitation field reflects ob-

served CDD, whereas the RCMs are overly responsive to high pressure forcing during

the autumn and spring season. During these two seasons the RCMs forced by EI over-

estimate the frequency of occurrence of circulation patterns typical of high pressure

(nodes 3,4,5,10 and 15) (Fig. 3.3(b) and 3.3(d)). A comparison of model ensembles

with observation data shows that both CCLM and RCA are closer to the TRMM data.

The spatial distribution of heavy precipitation days (R10mm) (Fig. 4.3) is simi-

lar to the spatial pattern of PRCPTOT, and R10mm events are generally underes-

timated/overestimated as described for PRCPTOT. Both GPCP and TRMM indicate a
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Figure 4.2: Same as Figure 4.1 but for maximum number of consecutive dry days (CDD).

good level of agreement with PCC exceeding 0.9. The ensemble mean again shows a

better correlation pattern compared with individual models.
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Figure 4.3: Same as Figure 4.1 but for heavy precipitation days (R10mm).

The pattern of precipitation on very wet days (R95pTOT) is also similar to that of

PRCPTOT, showing a decrease from east to the very dry region in the west (Fig. 4.4).

Both observed datasets have a good level of agreement (PCC=0.92) however, the

ensemble mean is closer to the TRMM data (PCC=0.82) than GPCP (PCC=0.78).

The spatial distribution of the maximum 5-day precipitation (Rx5day) (Fig. 4.5) and

precipitation intensity (SDII) (Fig 4.6) are generally better represented in RCA4 than

in CCLM. Both indices are overestimated over the northern parts of the domain. This

is likely due to overestimation of the frequency of circulation patterns that brings

moisture to the region (nodes 16, 17 and 18).

For a more detailed regional analysis of the difference between observations and

model simulations are investigated over the three sub-regions shown in Fig. 4.1a.

Again the subtropical region 1 experience rainfall in summer that results from mesoscale
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Figure 4.4: Same as Figure 4.1 but for annual total precipitation greater than or equal to the
daily 95th percentile (R95pTOT).

convective systems, tropical storms and tropical cyclones from MC. Region 2, is also a

summer rainfall due to mesoscale convective systems, warm fronts, subtropical lows,

mid- to upper-tropospheric troughs, and cloud bands. Region 3 is a winter rainfall

region that receives the bulk of its annual rainfall from the passage of cold fronts.

The interquartile model spread of extreme precipitation indices in each region is

shown in Fig. 4.7. The ensemble mean (RCM(EnsMean)) is also shown in this

figure. The magnitude of extreme precipitation indices decrease from region 1 to

region 3 miming the west-east gradient of the total annual precipitation over the re-

gion. In many aspects the RCM(EnsMean) is comparable with the ensemble median.

Both observed gridded products, GPCP and TRMM represent each indices with vary-

ing magnitudes.For most indices, the difference between TRMM and GPCP is not as

large as the intermodel spread. For R95pTOT and Rx5day both GPCP and TRMM
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Figure 4.5: Same as Figure 4.1 but for maximum 5 day precipitation (Rx5day).

are similar and are generally overestimated by the models except for RCA4(ERAINT)

and CCLM(ERAINT) over region 3. For PRCPTOT both GPCP and TRMM are in close

agreement. The difference between GPCP and TRMM found in CDD might be due

to the dry precipitation bias on the TRMM dataset in the entire north part of south-

ern Africa during the wet season compared to GPCP (e.g. Nikulin et al., 2012). And

the difference in other wet extremes will in part due to differences in spatial resolu-

tion (GPCP 0.5 degrees and TRMM 0.25 degrees), since precipitation rates tend to

increase when observed or modelled at higher resolution.
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Figure 4.6: Same as Figure 4.1 but for single daily precipitation intensity (SDII).

4.2 Added value of RCMs compared to driving global

data

This section aims to show the added value generated by the RCM with respect to the

stand-alone GCM simulation. The climatology of moderate extremes events from the

RCMs are compared to the driving GCMs and ERA-Interim for the period of 1997-

2007. The added value is shown as stippling in Fig. 4.1-4.4. Feser et al. (2011) have

shown that AV depends upon a variety of factors such as the season and time scale,

the variable and the climate statistics of interest, the region of analysis and the kind
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Figure 4.7: Box-and-whisker plots for precipitation indices calculated from CCLM and RCA4
forced by GCMs for the period 1998-2006. GPCP, TRMM, CCLM(ERAINT),
RCA4(ERAINT) and RCMs(EnsMean) are indicated in different shapes. The boxes
indicate the interquartile model spread (range between the 25th and 75th quan-
tiles), the black solid marks within the boxes show the multimodel median and the
whiskers indicate the full intermodel range

of application. For variables that are spatially quite homogenous such as air pressure

the overall added value is small. The added value of RCMs is mainly expected in

the simulation of topography-influenced phenomena with relatively small spatial or

short temporal character such as precipitation (Feser et al., 2011). Although RCMs

are capable of adding value to the forcing global climate models, there is a limit

to what can be corrected by the downscaling of imperfect driving conditions. For

instance, Dosio et al. (2015) showed that CCLM not always improves on the GCM

seasonal average precipitation climatology, but found that the number of consecutive

wet days (i.e., daily precipitation > 1 mm) and dry days, and the number of intense

precipitation events (i.e., number of rainy days when precipitation exceeds the 95th

percentile) are better reproduced by CCLM. Gao et al. (2012) found that RCM down-
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scaling leads to better large-scale monsoon precipitation patterns for East Asia than

in the global models used for boundary conditions.

For PRCPTOT (fig. 4.1) the downscaling by RCA4 and CCLM adds value to the

GCMs for most parts of southern Africa with the exception of the eastern region of

the domain. For this particular region, GCMs produce reasonable precipitation pat-

tern amounts as a result of overestimation of frequency of wet days (e.g. Sun et al.,

2006). As can be seen in Fig. 4.8, the RCM downscaled simulations improves the

GCMs frequency of wet days.

Figure 4.8: Same as Figure 4.1 but for annual precipitation frequency.

This supports the idea that RCM are able to resolve processes and feedbacks that
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operate at a sub-grid scale GCM resolution (e.g. Giorgi, 1990; Di Luca et al., 2012).

Although the individual RCMs offer some improvements in PRCPTOT compared to

the driving GCMs, the best performances are captured in the RCM ensemble mean.

The added value in CDD is mostly seen in the downscaled GCMs over large parts of

South Africa, Namibia, Botswana, southern Zambia and central parts of Mozambique

(Fig. 4.2). The added value in R10mm (fig. 4.3) is similar to that found in CDD.

Added value in R95pTOT is found over South Africa, Namibia, Zimbabwe and north

Mozambique in the multi model ensemble mean (fig. 4.4). In contrary to previous

indices, Rx5day shows added value only over Mozambique in the multi model ensem-

ble mean. The added value in the downscaled GCMs multi model ensemble mean

for SDII is found over Mozambique, South Africa and Zimbabwe. The downscaling

of GCMs over these areas will be much more useful for users aiming at performing

impact studies. However, as pointed out by Barsugli et al. (2013) there are other ele-

ments (e.g. credibility, salience, and legitimacy) in addition to explicitly documented

added value that come into the choosing between global or regional models.

4.3 Rare extremes

Spatial patterns of the estimated 20-year return value for GPCP, TRMM, both RCMs

driven by the ERA interim and ensemble mean of both RCMs driven by GCMs is

shown in Fig. 4.9.
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Figure 4.9: 20-year return values of annual maximum daily precipitation (P20) for the period
1997-2006 for (a) GPCP, (b) TRMM (1998-2005), CCLM forced by (c) ERA-Int. and
different GCMs (e-h), RCA forced by (d) ERA-Int. and different GCMs (i-l) and (m)
multi-model ensemble mean of CCLM and RCA4 forced by GCMs.

The PCC of 0 indicate a poor level of agreement between GPCP and TRMM datasets.

The magnitude of 20-year return value is generally higher in the TRMM than in GPCP.

The spatial pattern from the downscaled models show a complex structure defined

by local topographical conditions. The Kolmogorov-Smirnov goodness-of-fit test has

been applied to verify the accuracy of the GEV fits. At the 5� significance level, no

grid box GEV distributions are rejected. This indicates that the GEV distribution is

a reasonable approximation for the distribution of annual precipitation maxima at
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each grid box. The individual RCMs driven by GCMs reproduce the 20 year return

values with varying magnitude. However, they show a coherent spatial distribution

of precipitation extreme and there is minimal spread between the members of the en-

semble driven by the same RCM indicating that rare extremes are mostly controlled

by model physics. The RCMs consistently simulate maximum 20-year return values

to the east of southern Africa, whereas minima occur to the very dry region to the

west. CCLM simulates maximum 20-year return values over the north of the conti-

nent which is not seen in neither the GPCP and TRMM data nor RCA4. The RCA4

forced runs are in better agreement with the observed 20-year return value estimated

from the GPCP and TRMM data compared to the CCLM runs. The pattern correlation

is lower compared with the pattern correlation of moderate extremes suggesting that

the spatial distribution of rare extremes is not well captured by these models.

4.4 Summary

The ability of the RCMs to simulate the past extreme rainfall climate and to add value

to the GCM output has been assessed. It was found that both RCMs are able to im-

prove several aspects of the present climate simulated by the GCMs used as boundary

conditions. This shows the added value of dynamical downscaling. This added value

of RCMs is sourced in the topographical detail that cannot be resolved by GCMs, such

as coasts or complex terrain (Arritt and Rummukainen, 2011) and better representa-

tion of mesoscale circulations. This supports the idea that downscaling of GCMs may

improve the quality of the model at regional scales. Validation of the downscaled

GCM and reanalysis ERA-Interim realisations under present conditions shows that

the RCMs simulate the climatology of extreme precipitation over southern Africa rea-

sonably well. However there are some differences in the simulations with respect to

the observations that might be attributed to RCM internal variability and observation
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uncertainty. For the pattern correlation, averaging across models gives better cor-

relation with observations than any individual model for most of the indices, which

is consistent with the argument that spatial errors are being reduced by averaging

multiple models (e.g. Nikulin et al., 2012; Kalognomou et al., 2013; Panitz et al.,

2014). Both models (RCA4 and CCLM) are not able to capture rare extremes when

compared to GPCP and TRMM gridded data possibly due to models internal noise.
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5
Projected changes in climate extremes

In this chapter, the downscaled projected changes of precipitation climate extremes

for 21st Century are presented for the multi-model ensemble mean. Time interval of

30 years, 1976-2005, 2036-2065 and end of 21st Century (2069-2098) were chosen

and the time means for these periods were compared. Spatial maps of the ensem-

ble time average at annual and seasonal timescales and box-and-whisker plots that

summarise regional and features of the projected changes of moderate extremes are

presented.

5.1 Changes in moderate extremes

The multi-model ensemble mean of projected changes in PRCPTOT under RCP4.5

and RCP8.5 at annual and seasonal timescales for middle and end of 21st Century

are shown in Fig. 5.1.
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(a)

(b)

Figure 5.1: The multi-model mean of temporally averaged changes in total wet-day precipita-
tion (PRCPTOT) by 2036-2065 (a) and 2069-2098 (b) under RCP4.5 and RCP8.5,
relative to the reference period 1976-2005 for the entire year (ANN) and four sea-
sons (SON, DJF, MAM,JJA). Stippling indicates grid points where changes are not
significant at the 5� significance level.

Changes that are not significant at the 5 � significance level are indicated by stip-

pling. The significance of the changes was tested with a Student-t test. There are

significant decreases in projected annual PRCPTOT over most of South Africa, south-

ern Botswana and Zimbabwe under the RCP4.5 scenario. Under RCP8.5 the pro-

jected magnitude of the decrease is greater, especially by the end of 21st Century,

and it covers a wider spatial area that also includes Namibia, Angola and Mozam-

bique. There is projected statistically significant decreases (15-25 �) in PRCPTOT

during SON over Zambia, Zimbabwe, Botswana, southern Mozambique and south-

west province of South Africa. Using a statistical downscaling of seven GCMs forced

using the SRES A2 emissions scenario, Tadross et al. (2009) also found a projected
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reduction in SON and increases in MAM precipitation in mid 21st Century (2046-

2065) over southern Africa north of 20° S, suggesting a shift of the rainy season

to later dates. During MAM, PRCPTOT is projected to decrease over most of South

Africa with higher changes occurring over the western province. By the end of 21st

Century, PRCPTOT is projected to decrease over the winter rainfall region during

JJA. During DJF the projected changes in PRCPTOT are not statistically significant

over most of the subcontinent. The increases in PRCPTOT during DJF over north-

east of the domain may be linked to an increase in frequency of southeasterly trade

winds that increase moisture supply into the region and enhancing precipitation.

This is shown by the increases in frequency of nodes 14,18,19 (Fig. 3.8). At annual

time scale, the maximum number of consecutive dry days (CDD) are projected to

increase over the entire subcontinent with longer dry spells projected over Namibia,

Botswana, northern Zimbabwe and southern Zambia (Fig. 5.2).

(a)

(b)

Figure 5.2: Same as figure 5.1 but for consecutive dry days (CDD)
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Comparing seasonal changes, SON is the season with higher changes in CDD fol-

lowing MAM and JJA. Drier conditions during SON are associated with increases in

frequency of occurrence of high pressure circulation pattern (Fig. 3.8d). Increases in

CDD over southern Africa were also found by Giorgi et al. (2014) for the period of

2071-2100 under RCP4.5 compared to 1976-2005. Reductions in PRCPTOT together

with increases in CDD have implications for seasonal precipitation onset in southern

Africa (e.g. Tadross et al., 2005) and is likely to have negative impacts in agricul-

ture, particularly in the areas of traditional rain-fed agriculture and water resources.

The pattern of change of SDII for both mid and late 21st Century are similar (Fig.

5.3). The model projections shows increases in SDII with significant changes over

Mozambique, Zimbabwe, Botswana, Zambia at annual timescales and during DJF for

RCP8.5.

(a)

(b)

Figure 5.3: Same as figure 5.1 but for single daily precipitation intensity (SDII).

In order to understand the relationship between dry days and precipitation, the con-

69



tribution of dry days to annual total precipitation changes is investigated and shown

in Fig. 5.4.

Figure 5.4: Multi-model ensemble mean percentage contribution of changes in dry days to
changes in total annual precipitation.

This is done by assuming that an addition dry day in a given month in the future

decreases the total annual precipitation by an amount equal to the average precipi-

tating day in the same month in the historical period (Pierce et al., 2013). As in Pierce

et al. (2013), the day’s month is used because changes precipitating days during win-

ter months have less effect on the annual average than loss of a January precipitating

day. The effects of changes in precipitation intensity are then calculated as the actual

change in precipitation minus the change that is due to dry day frequency. For ex-

ample in RCP8.5 for the time slice 2069-2098 over the northern parts of Zimbabwe,

90� of the rainfall change (decrease) is primarily due to an increase in the number

of dry days. Over the broader southern African region increases in dry-day frequency

account for more than half of the change in total-annual precipitation by the end of

21st Century. By the mid 21st Century the projected increases in PRCPTOT under
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RCP8.5 over most of Mozambique is caused by decreases in dry days. Since SDII is

projected to increase, decreases in PRCPTOT are caused primarily by increases in dry

day frequency.

The changes in PRCPTOT and increases in CDD are consistent with increasing fre-

quency of high pressure systems and decreases in the frequency of cold fronts (cf.,

section 3.2).

The pattern of change of maximum consecutive 5-day precipitation total (Rx5day),

which represent extreme aspect of precipitation distribution, is similar for both peri-

ods (Fig. 5.5). However the magnitude of change is higher for the RCP8.5.

(a)

(b)

Figure 5.5: Same as figure 5.1 but for maximum 5-day precipitation (Rx5day).

The highest project increases is found in the centre of the domain and north of

Mozambique at annual timescales and during DJF. In general during SON, MAM and

JJA Rx5day is projected to decrease. These changes are associated with increases in

frequency of circulation types characterised by node 18 (cf. Section 3.2).
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(a)

(b)

Figure 5.6: Same as figure 5.1 but for heavy precipitation days (R10mm)

In general, heavy precipitation days (R10mm) is projected to decrease in most of

southern Africa (Fig. 5.6). At seasonal timescales, the projections shows no change

for most of the region. Similar pattern of change in Rx5day are found in very wet

days (R95pTOT), indicating increase over the northern region of the domain but

decrease in the south western parts of South Africa (Fig. 5.7).

5.2 Changes in rare events

Figure 5.8 shows the ensemble mean of the projected changes in rare extreme pre-

cipitation (here defined as 20-year return values) for the late 21st Century for both

RCP4.5 and RCP8.5.
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(a)

(b)

Figure 5.7: Same as figure 5.1 but for contribution of very wet days to the total wet-day precip-
itation (R95pTOT).

Figure 5.8: Projected multimodel mean changes 20-yr return values over the time period 2036-
2065 (a and b) and 2069-2098 (c and d) as differences relative to the reference
period (1976-2005) for RCP4.5 (a and c) and RCP8.5 (b and d). 73



A general increase in the magnitude of the 1-in-20 year extreme precipitation event

is projected over the central and eastern parts of southern Africa and a decrease

over western parts of South Africa and central and southern Namibia. This pattern

of change in extreme precipitation is projected consistently across both scenarios

although the magnitude of increases are generally higher under RCP8.5 in areas

where the change is positive. The projected increases in return values imply more

frequent recurrence and less time between currently defined extreme events.

Model agreement

Regional summaries of the projected changes by mid and end of 21st Century for the

three sub-regions (cf. fig. 4.1) on annual basis are shown in Fig. 5.9 for moderate

extremes and in Fig.5.10 for rare extremes. These figures show the model agreement

on the sign of the change, and is assessed on the basis of the interquartile model

spread (boxes) which correspond to an agreement on sign amongst at least 75� of

models (Sillmann et al., 2013b).
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Figure 5.9: Projected changes in annual precipitation indices over the time period 2036-2065
and 2069-2098 as differences relative to the reference period (1976-2005) for
RCP4.5 and RCP8.5
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Figure 5.10: Projected changes in annual 20-yr return values over the time period 2036-2065
and 2069-2098 as differences relative to the reference period (1976-2005) for
RCP4.5 and RCP8.5

The percentage of median changes of all indices are almost the same for regions 1 and

2. These two regions have similar climate conditions. There is a general agreement

on the sign of change of all indices independent of the region considered for mid

and end of 21st Century. Increases in CDD are projected in all regions followed

by decreases in PRCPTOT and R10mm. Increases in R95pTOT, Rx5day and SDII

are projected over region 1 and 2. Higher amount of change in PRCPTOT is found in

region 3 together with decreases in R95pTOT, Rx5day and no change in median SDII.

These changes are consistent with changes in physical mechanisms responsible for

precipitation over south western South Africa. These include decrease in frequency

of cold fronts (cf., section 3.2). The interquartile model spread is generally smaller

in RCP4.5 compared to RCP8.5 probably due to different climate sensitivity in the

models and feedback mechanisms. For rare extremes, the majority of the ensemble

members models are in agreement on the sign of the change over region 1 and 2
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implying more intense precipitation associated with 20 year return values. For region

3, all the models agree on the decrease of 20 year return values only by the end of

the 21st Century under higher radiative forcing.

5.3 Summary

Projections of an ensemble of CORDEX RCMs, four downscaled GCMs by two RCMs

(RCA4 and CCLM), has been presented for the mid and end of the 21st Century.

In general the results suggests increases in wet extremes, such as R95pTOT and

Rx5day in tropical and sub-tropical regions of southern Africa and decreases in these

indices in the extra-tropical region. These changes are coherent with the changes in

projected frequency of synoptic circulation associated to extreme precipitation. Dry

extremes are also projected to increase in all three regions. In addition the magnitude

20-year return period precipitation events are projected to increase over most regions

of southern Africa. The magnitude of the projected change are higher for the period

2069-2098 compared with 2036-2065 relative to 1976-2005. Comparing changes

for both radiative forcing (RCP4.5 and RCP8.5), it was found that the magnitude of

changes are higher for RCP8.5 compared with RCP4.5. The models agree on the sign

of the change, increases in wet extremes and decreases in dry extremes.
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6
Conclusions

A sharp rise in natural disasters such as catastrophic floods and droughts in southern

Africa highlight the urgent need to look at the patterns of change in climate extremes

at the regional level. The aim of this dissertation was to investigate the spatial and

temporal characteristics of extreme climate events in CORDEX RCMs simulations of

the present and future climate over southern Africa.

The following hypotheses were addressed to fulfil the aim of the thesis:

• The CORDEX RCMs can reasonably simulate extreme precipitation events in

the present climate;

• The downscaling adds value to the global climate model output;

• The frequency and magnitude of extreme precipitation in the future, as pro-

jected by the CORDEX models, increases compared to base period simulation

for the same locations;

• Large scale synoptic circulation environments can be associated with extreme

rainfall and projected changes in extreme rainfall characteristics are attributable

to changes in the frequency of occurrence of these synoptic drivers.

This chapter presents an overview and discussion of the key findings in view of the

thesis hypotheses, followed by a discussion of problems and caveats, as well as rec-
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ommendations for future work.

The analysis has been performed using data from two RCMs (COSMO-CLM and

RCA4) that downscaled four GCMs, namely the MPI-ESM-LR, HadGEM2-ES, CNRM-

CM5, and EC-EARTH. Thus, an eight-member ensemble of downscaled climate pro-

jections over the study region of southern Africa has been used. These were the

ensemble members available at the time of the analysis. The study provides an initial

step towards the delivery of downscaled climate information, however, the results

need to be considered within the context of and uncertainty and caveats associated

with dynamical downscaling.

The first set of present-day CORDEX simulations using ERA-Interim reanalysis and

GCMs at the boundaries has been analysed in detail by Nikulin et al. (2012); Endris

et al. (2013); Kalognomou et al. (2013); Kim et al. (2013); Hernández-Díaz et al.

(2013); Panitz et al. (2014); Gbobaniyi et al. (2013). These authors focused mostly

on precipitation climatology and confirm the ability of the RCMs to capture the broad

precipitation characteristics. However, biases remain and are found to be specific to

individual models, regions and seasons. It was also found that the multi-model en-

semble (MME) mean generally outperforms any individual simulation and that the

RCMs significantly improve the precipitation climate, often improving the perfor-

mance of GCMs (e.g. Dosio et al., 2015; Laprise et al., 2013)). In fact, most of the

previous studies have focused on mean precipitation climatology, examining in par-

ticular the ability of RCMs to improve the representation of the African climatology

and variability. And none of the studies analysed the changes in the characteristics

of extreme precipitation events using multiple RCMs.

The performance of individual models and their ensemble mean is analysed here for

moderate and rare extremes. Validation of the downscaled GCM and reanalysis ERA-

Interim realisations under present conditions shows that the downscaled climatology

of extreme precipitation over southern Africa is generally consistent with observa-
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tions. Maxima are well represented over complex terrains, although the models tend

to overestimate extreme precipitation over high elevation areas. However, the rela-

tive performance of an individual model depends on the choice of the observed data

set and the metric used for evaluation. For example, for the downscaled MME mean,

the CDD is in higher agreement with the TRMM data while the annual PRCPTOT

with GPCP data. And the downscaled MME single daily intensity index (SDII) and

precipitation frequency is closer to both datasets. The MME outperforms most of the

individual RCM ensemble members as a result of error cancellation between the dif-

ferent models, a phenomena found in many other studies (e.g Nikulin et al., 2011;

Sillmann et al., 2013a).

As precipitation is controlled by synoptic circulation features, it is important that

models adequately represent these controlling features over southern Africa. In chap-

ter 3 of this study, a self-organising map (SOM) was used to construct a set of SLP

patterns, or synoptic circulation types, and the corresponding observed and model

rainfall patterns were examined. The rainfall for each synoptic regime was also de-

composed into frequency to determine whether the models captured the distribution

of rainfall associated with each regime. The SOM was able to identify characteristic

circulation states that influence South African weather such as tropical lows, Atlantic

and Indian Ocean High pressure systems and frontal systems as well as the seasonal

characteristics of these. The individual models simulated the characteristics of circu-

lation states over southern Africa reasonably well, although with varying magnitudes.

Individual synoptic circulations facilitate a variety of precipitation responses due to

the shift in intensities and locations of the dominant synoptic patterns throughout

the seasons. Patterns representing a deeper continental low or mid-latitude cyclone

are associated with more precipitation and extreme precipitation than other patterns.

In general, SOMs offer a means to identify changes in driving synoptic environment

of the surface rainfall response through an assessment of changes in the frequency

of occurrence of synoptic circulation patterns. Since the atmospheric circulation is
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relatively well simulated compared to, for example rainfall, the bias in precipitation

are likely due to the representation of local subgrid-scale parameterized processes,

such as convection and/or the representation of coastlines.

In terms of assessing the value added by the downscaling, the ability of RCMs to

improve on the agreement of GCM data with observations was investigated. It was

found that the downscaling of GCMs with the RCMs reduces biases in certain re-

gions (Di Luca et al., 2012), in areas of strong topographical forcing (Arritt and

Rummukainen, 2011; Elguindi and Grundstein, 2013) and with respect to convec-

tive precipitation (Rauscher et al., 2010). Kawazoe and Gutowski Jr (2013) com-

pared six different RCMs and one GCM to two observational data sets and concluded

that precipitation extremes were more representative in RCMs than in the GCMs.

Seneviratne et al. (2012) also found that regional models run at higher resolution

enables better simulation of extremes. The results of this thesis are in agreement

with these authors, however, it was found that RCMs also deviate from the imposed

driving boundary conditions. As suggested by Alexandru et al. (2007) and Liang

et al. (2008) this seems to be mainly due to the regional climate model physical for-

mulation and biases in the simulation. The added value in downscaling also depends

on the index being considered. PRCPTOT and precipitation frequency, for example,

both show improvements for most southern African regions, however, the Rx5day

index shows no clear improvement on the GCM results. The fact that RCMs simulate

precipitation frequency better than GCMs have been found in others studies (e.g. Sun

et al., 2006). In general, this highlights the need to dynamically downscale global

climate model output in order to provide future regional and/or local climate change

information required for suitable impact studies that are related to extreme rainfall

over southern Africa.

In chapter 5, future projections under two different climate change scenarios were

examined. These suggest that changes in the characteristics of precipitation over
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the southern Africa region can be expected by the middle (2036-2068) of and end

(2069-2098) end of the 21st Century. At seasonal scales, the projected changes in

the PRCPTOT index decrease during SON, followed by MAM, DJF and JJA. Statisti-

cally significant decreases in PRCPTOT over regions of southern Africa are projected

for the future with greater changes at the end of the century. The models agree

on the sign of the change at annual scales, although the magnitudes differ some-

what. Higher changes are expected over the mid-latitudes (region 3) followed by

sub-tropical (regions 2) and tropical regions (region 1). The frequency of occurrence

of cold fronts are projected to decrease in winter with the southern displacement of

frontal rain bands by a strengthened descending limb of the Hadley circulation (En-

gelbrecht et al., 2009), resulting in decreases in precipitation over the winter rainfall

region of South Africa. Eastern southern Africa is projected to become wetter in

summer by mid century as the circulation changes favour the occurrence of precip-

itation, followed by a decrease in PRCPTOT by the end of 21st Century. Decreases

in PRCPTOT during SON suggest a shift of the rainy season to later dates. This is in

agreement with the trend toward a later onset that has been found over South Africa

and Zimbabwe during the period 1979-2001 (Tadross et al., 2005) which is projected

to continue into the future (e.g. Shongwe et al., 2009).

At seasonal scales, the projected change in the magnitude of CDD index shows the

largest signal increase during SON, followed by MAM, JJA and DJF. This increasing

dryness is expected to occur by the middle then intensify in the latter half of the

century. The models show agreement on the sign of the change for all three regions

with higher changes under the RCP8.5 radiative forcing. The dryness during SON is

associated with increases in frequency of occurrence of synoptic circulation typical of

winter, a result supported by the findings of Lennard and Hegerl (2014).

Both Rx5day and R95pTOT are project to increase during summer over Mozam-

bique, south-east Angola, Zambia, northeast Namibia and Botswana. These regions,

with the exception of Mozambique, coincides with the region of convergence of the

Indian Ocean’ s southeast trade winds and the recurved South Atlantic air, or the
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Congo Air Boundary (CAB). This system brings widespread precipitation to the re-

gion, which becomes heavy when it is associated with the ITCZ. These increases are

accompanied by increases in SDII. Increases in CDD are accompanied by increases

in R95pTOT, suggesting an increase in dry spell duration, but that precipitation may

be more extreme when it occurs. In addition the magnitude of 20-year return period

precipitation events are projected to increase over most regions of southern Africa.

These changes are strengthened by a consistent inter-model agreement on the sign

of the change.

The projected changes in the synoptic drivers of the above results suggests that an in-

crease in the frequency of occurrence of the continental surface low pressure trough

during summer months, which is likely associated with increased surface warming,

leads to an increase in atmospheric moisture content and convection potential over

the summer rainfall region of the sub-continent. This explain the projected increase

in extreme precipitation indices over these regions. Furthermore, an increase in the

frequency of the occurrence of the Indian Ocean High during summer was also found,

which facilitates an increase in air flow onto the continent from the east. As the In-

dian Ocean is the primary moisture source for the subcontinent Todd et al. (2004);

Reason (2001); Washington and Preston (2006), this is of key relevance for the mois-

ture transport into the region, especially as air can hold more moisture as the world

warms, according to the Clausius-Clapeyron relationship. The increase in moisture

content may result in an increase in rain per rainday rather than in the number of

rain days Fowler and Hennessy (1995).

The spatial distribution of changes in extreme precipitation events are largely in line

with previous studies based on coarser-resolved models (e.g Shongwe et al., 2009;

Sillmann et al., 2013b; Fischer et al., 2013). These results imply that there would be

a trend towards drier conditions over regions that is already dry and wetter condi-

tions over wet regions over southern Africa and is consistent with past trends found

by Donat et al. (2013).

The changes in extreme precipitation events is higher under the RCP8.5 radiative
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forcing than under RCP4.5, implying that a reduction in emissions could mitigate

some of the costs of climate change in the future. The increases in SDII, Rx5day,

R95pTOT in the centre of the sub continent, in the boundary between Angola, Zam-

bia, Namibia and Botswana are ascribed to increases in atmospheric moisture into the

region. These increases will most likely result in higher surface runoff and potential

floods in the Zambezi River Basin, especially in Mozambique. From a dynamic cir-

culation perspective, the changes in extreme precipitation presented here are phys-

ically consistent with changes in circulation patterns. It should be noted that the

projected changes that are not classified as statistically significant may still be sensi-

tive to changes in radiative forcing given that (1) determining statistical significance

is dependent on choice of analysis methods (e.g. McSweeney and Jones, 2012) and

(2) it is not clear that changes in precipitation that are not significant will have no

detectable impact, because of different levels of sensitivity of each sector or system

(e.g. McSweeney and Jones, 2012).

In summary, the regional climate models are able to simulate moderate extreme

events that are in agreement with observations. The RCMs add value to the GCM

data, which justifies the additional computational expense of RCM downscaling to

generate relevant climate information for regional application. However, rare events

are not well captured by RCMs when compared with observed data possibly due to

models internal noise. Downscaled projections suggest an increase in the frequency

and intensity of extreme rainfall events in the future with greater magnitudes of

change under RCP8.5. Future changes in precipitation characteristics are physically

consistent with changes in the frequency of occurrence of circulation patterns asso-

ciated with extreme rainfall that were presented in chapter 3.
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6.1 Caveats and Further work

As with any model evaluation study, there are a few caveats and assumptions and

these should be taken into consideration when interpreting the results. The first of

these is the uncertainty in both observational data sets used in validating the models,

especially as only eight years were available and this is unfortunately one of the lim-

itations of the study. The fact that only two RCMs were used to downscale the GCMs

is the second limitation. As Giorgi and Coppola (2010) noted, at least four to five

models should be used to obtain a robust regional precipitation change estimates.

The use of more RCMs will allow a more complete sampling of the uncertainty space

introduced by the downscaling. Also, the use of statistical downscaling would be

beneficial to determine the credibility of both downscaling methods (Daron et al.,

2014; Barsugli et al., 2013) and lead to a better understanding of the uncertainty

contributed by each downscaling method. Furthermore, future changes in precipita-

tion extremes need to be assessed in relation to soil moisture and vegetation (e.g.,

Eltahir, 1998; Seneviratne et al., 2006) for a comprehensive understanding of the

future changes simulated over southern Africa. While the effect of the circulation

patterns and model physics on precipitation over southern Africa has been identified,

more quantitative methods may yield more certain results. There is therefore much

scope to investigate further factors that contribute to current and projected changes

of precipitation and extreme precipitation over southern Africa.
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