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Abstract

This research has been conducted in order to develop a short-range ensemble numeri-

cal weather prediction system over southern Africa using the Conformal-Cubic Atmo-

spheric Model (CCAM). An ensemble prediction system (EPS) combines several individ-

ual weather model setups into an average forecast system where each member contributes

to the final weather forecast. Four different EPSs were configured and rainfall forecasts

simulated for seven days ahead for the summer months of January and February, 2009

and 2010, for high (15 km) and low (50 km) resolution over the southern African domain.

Statistical analysis was performed on the forecasts so as to determine which EPS was

the most skilful at simulating rainfall. Measurements that were used to determine the

skill of the EPSs were: reliability diagrams, relative operating characteristics, the Brier

skill score and the root mean square error. The results show that the largest ensemble

is consistently the most skilful for all forecasts for both the high and the low resolution

cases. The higher resolution forecasts were also seen to be more skilful than the forecasts

made at the low resolution. These findings conclude that the largest ensemble at high

resolution is the best system to predict rainfall over southern Africa using the CCAM.
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Preface

The field of short-range numerical weather prediction in South Africa has generally

considered few integrations at a fairly coarse spatial resolution to be standard practice. In

order to continue to improve the quality of weather forecasts being produced nationally,

ensemble prediction systems run at higher resolution and of larger size than what is

considered normal must be developed. This thesis focuses on developing a large ensemble,

high resolution short-range forecast system that produces skilful precipitation forecasts

over the the southern African domain.

Precipitation is a significant weather phenomenon that affects the entire population,

especially the poverty-stricken and rural regions, and the largely agriculture-based econ-

omy of southern Africa. Since precipitation has such an impact on society, it is paramount

that precipitation forecasts be skilful in order to prevent possible adverse effects of pre-

cipitation events. Flooding and heavy rainfall have far-reaching consequences financially

and socially, with the potential for even loss of life. In order to improve the quality

of precipitation forecasts made for southern Africa, new short-range weather forecasting

techniques must be explored. This research aims to improve the quality of precipitation

forecasts by focusing on spatial resolution and ensemble size.

The hypotheses to be tested are:

1. Whether a larger ensemble prediction system is more skilful at predicting 7-day

precipitation over southern Africa than one with fewer members.

2. Whether a high resolution ensemble prediction system produces more successful 7-

day precipitation forecasts over southern Africa than a coarse resolution one.
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In order to test these hypotheses, the following steps must be taken:

1. Eight ensemble members must be generated.

2. Four ensemble prediction systems must be configured.

3. The four ensemble prediction systems must be run to simulate precipitation at fine

and coarse spatial resolution over southern Africa.

4. Verify the four ensemble prediction systems against observational precipitation data

deterministically and probabilistically

This dissertation contains five chapters. Chapter 1 describes the weather and climate

of southern Africa, an overview of numerical prediction and ensemble forecasting. This is

followed by a discussion of precipitation forecasting techniques and an analysis of weather

modelling in South Africa. The methodology of the research and details of the data is

discussed in Chapter 2, which also includes a description of the verification methods em-

ployed. Chapter 3 and Chapter 4 details the results of the deterministic and probabilistic

verification. The final results are discussed, and conclusions are drawn in Chapter 5, along

with recommendations for future research.
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Chapter 1

Introduction

1.1 Southern African Weather and Climate

Southern Africa is positioned in the sub-Saharan region of the African continent and

includes several different climatic regions ranging from semi-tropical in the north (Angola,

Malawi, Zambia, Mozambique and Madagascar); to semi-arid in South Africa, Botswana

and Zimbabwe; to arid in Namibia (Davis, 2010; Tyson & Preston-Whyte, 2000). South-

ern Africa receives most of its rainfall during summer from convective systems and mid-

latitude cyclones from the east, and these can bring heavy rainfall and large storm systems

(Cook et al., 2004). In contrast, the westerly side of southern Africa remains dry most of

the year with the exception of the southern Cape areas in South Africa which experience

winter rainfall from cold front systems (Harrison, 1984).

Namibia and the west coast of South Africa are desert and semi-desert regions, and

experience little rain throughout the year. These arid conditions are caused by the sub-

Tropical High Pressure Belt, or Subtropical Ridge, as well as the north-flowing, cold

upwelling in the Benguela current in the coastal Atlantic Ocean, both of which cause very

1
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low rainfall (Engelbrecht & Landman, 2011). The high pressure systems that dominate

the region cause sinking air which results in clear, sunny conditions and the anti-cyclonic

motion also causes hot, dry winds the flow from the arid inland toward the coast which

account for low levels of humidity which makes rainfall unlikely (Garstang et. al ., 1996).

Botswana also has a semi-arid climate which is caused by the presiding high pressure belt.

Although Botswana does not have a coastline and therefore the climate is not influenced

by the Benguela Current, the high pressure systems cause wide-spread dry and sunny

conditions with very little rainfall, and often drought (Bhalotra, 1987; Garstang et. al .,

1996).

The South African western and southern Cape coast is dominated by winter frontal

weather systems, resulting in dry summer months and wet winter months caused by

antarctic cold fronts moving eastward over the Atlantic Ocean (Schultz, 2005). This re-

gion experiences a more Mediterranean climate and has dry and hot, summers. This is

due to inland winds blowing from the semi-desert regions toward the coast, which causes

low humidity and hot, sunny conditions. The South-Atlantic high pressure system also

influences the Cape summer weather, causing strong, dry south-easterly winds to blow

over the western Cape (Davis, 2011).The eastern Cape coast receives rainfall all year

round, and lies between the Mediterranean climate of the west and south Cape, and the

sub-tropical climate of the Indian Ocean coast (Engelbrecht & Landman, 2011). During

summer the eastern Cape coastline experiences sub-tropical rainfall from the warm up-

welling in the south-west Indian Ocean Agulhus Current, which causes convective rainfall

over the region, and sometimes heavy rainfall and flooding. This area can also receive rain

during winter from frontal systems that sweep along the coastline, as well as extremely

cold conditions and snow inland.

The northern countries (Angola, Zambia, Malawi, Mozambique) receive rain through-

out the year, with especially heavy rain during the summer months. This climate is due

to tropical convective systems that develop over the equatorial tropical regions of central

Africa. The Inter-Tropical Convergence Zone (ITCZ) which is a band 5º around the equa-

2
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tor where the north-east and south-east trade winds converge and cause a low-pressure

zone and extreme convection. Southern Africa is most influenced by the ITCZ during

summer when it moves south of the equator (Davis, 2011). The deep convective activity

results in large storm systems that bring heavy rainfall to Angola, Zambia, Malawi, and

the northern parts of Mozambique, Botswana and Zimbabwe. The ITCZ contributes to the

annual flooding of the Okavango Delta in Botswana, but the presence of a high-pressure

system over Botswana pushes the ITCZ away which results in prevailing dry conditions

throughout Botswana and parts of Zimbabwe, often leading to drought (Batisani, 2011).

The climate of Madagascar is dominated by orographic rainfall caused by the mountain

ranges in the east, and tropical cyclones that develop in the Indian Ocean and move

westward. These tropical cyclones become mid-latitude cyclones when they enter the

mid-latitude regions. These cyclones are present mostly during the spring and summer

months, and can result in extremely heavy rainfall over Madagascar, also traveling as

far westward as the Mozambican coast. Mid-latitude cyclones can even move inland,

extending into north-eastern South Africa (Reason & Kiebel, 2004; Blamey & Reason,

2012). And example of this is the Cyclone Leon-Eline, that landed in Madagascar on the

17th of February 2000, crossed Madagascar to the Mozambican coast, traveled westward

into Mozambique and continued through South Africa and Zimbabwe along the Limpopo

River region (Reason & Kiebel, 2004; Vitard et. al ., 2003). Figure 1.1 shows the average

annual rainfall distribution over southern Africa. Areas of low annual rainfall are located

around the desert and semi-desert regions of Namibia, Botswana and South Africa; and

the heaviest annual rainfall concentrated near the tropical regions and over Madagascar.

3
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1.1.1 Southern African Summer Rainfall

This research focused on southern Africa during the months of January and February,

2009 and 2010, which are austral summer months. The southern African domain is shown

in Figure 1.1.2.

Figure 1.1.1: Southern African Annual Rainfall (UNEP, 2010)

South African summers have characteristic rainfall patterns. The Cape coastal and

interior regions remain dry and receive very little rain then – this is because most Cape

rain is due to Southern Ocean frontal systems which are not present during the summer

months, as they shift further south. The western interior remains arid, as it receives very

little rain throughout the year. The east coast of South Africa as well as the Lowveld

receive heavy rain and are very humid as a result of on-shore flow from warm Indian Ocean

systems. Summer rainfall along the eastern escarpment is characterised by orographic

rain, as warm air containing water vapour is forced upward and cooled due to the up-slope

flow brought about by ridging atmospheric circulation (Hastenrath et. al ., 1995; Tyson &
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Preston-Whyte, 2000). An example of orographic rain phenomena is the summer rainfall

over the mountainous eastern region of South Africa and Lesotho caused by up-slope flow

of moist air up the steep slopes of the Drakensberg. Unstable atmospheric conditions and

convective low-pressure cells are prevalent throughout the Highveld interior (Engelbrecht

et. al ., 2012). These mesoscale convective complexes cause short-lived, fast moving

thunderstorm systems (Blamey & Reason, 2011; Eckel & Mass, 2005).

Further north into Zimbabwe, northern Botswana, Malawi, Zambia and Angola, sum-

mer rainfall patterns are dominated by the Inter-Tropical Convergence Zone (ITCZ),

which moves south of the equator during this time. The ITCZ brings heavy tropical rain

to these countries, and can even extend down into South Africa due to deepening low

pressure troughs, bringing tropical rain to the Limpopo province. The ITCZ can also

form a Tropical Temperate Trough (TTT), where low pressure troughs that extend across

South Africa join the tail end of the ITCZ forming one long, deep trough from the tropics

down to the temperate climate of South Africa. TTTs are the most dominant source of

convective summer rainfall over southern Africa (Todd, 2004; Todd & Washington, 1999).

Figure 1.1.2: SADC Domain
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It has been well documented that the El Niño Southern Oscillation (ENSO) has a

strong influence on the Indian Ocean and southern African climate (Cook, 2001; Reason

et. al ., 2000; Landman & Beraki, 2012) . ENSO is a measure of sea surface temperature

(SST) anomalies in the tropical Pacific Ocean, as well as surface pressure increase over the

eastern Pacific and the Indian Ocean. A warming in SSTs in the western Pacific combined

with a rise in surface pressure, transporting rainfall toward the eastern Pacific indicates

an El Niño episode (NCEP, FAQ; Trenberth et. al ., 2007; IPCC Fourth Amendment,

2007). These conditions result in anomalously dry conditions for the eastern southern

African area during the summer season. Alternatively, La Niña is associated with cooling

of the SSTs in the western Pacific, with drier, cooler conditions extending into the tropical

eastern Pacific. This causes lower pressure over the Indian Ocean which results in wetter

than normal conditions over the east of southern Africa during the summer months.

The ability to accurately predict rainfall events in the summer season over southern

Africa is important as well as strategic. In areas adjacent to the Indian Ocean and Mozam-

bican Channel there is strong onshore flow of warm, moist air that causes considerable

rainfall and floods over these regions. From a social aspect, these coastal regions are often

found to be impoverished (Mozambique, South Africa, Madagascar and even as far inland

as Zimbabwe), and do not have the resources or capacity to be able to manage destructive

rainfall events. In order to help government or other involved parties assist these com-

munities in enduring these potentially devastating phenomena, there need to be accurate

weather forecasts that can capture future flood and extreme episodes of precipitation.

Accurate summer rainfall forecasts are able to help impoverished regions avoid destruc-

tion of property, possible drowning deaths and community members being left homeless.

More knowledge regarding summer rainfall events can capacitate vulnerable areas to be-

come aware of and be able to put in place protective measures for future destructive

weather.

6

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



1.2 Numerical Weather Prediction

Numerical Weather Prediction (NWP) is a process where computational mathematical

models are used to simulate weather patterns, based on fundamental physical principles

of the atmosphere (The History of Numerical Weather Prediction, NOAA, 2012). Sets of

physical equations are used to represent ideal atmospheric behaviour. NWP models are

used to predict short-range future weather phenomena by having reliable initial conditions

to run the model, as well as an accurate representation of the atmosphere (Kalnay, 2003).

An accurate description of the state of the atmosphere is incredibly difficult to model

since the atmosphere is inherently chaotic, and constantly changing (Lorenz, 1963). As

stated in Kalnay, 2003: “No simple set of causal relationships can be found which relate

the state of the atmosphere at one instant of time to its state at another”. There are

numerous variables to take into consideration when describing the atmosphere, and since

this is the case there is a huge amount of information and extremely large data sets that

have to processed by these NWP models in order to predict future atmospheric states.

For this reason the analysis thereof requires super-computers due to their computational

power and capacity to manipulate such a vast quantity of data.

NWP was originally developed in order to resolve the fundamental atmospheric equa-

tions known to dictate weather phenomena; for example: the hydrodynamic and thermo-

dynamic equations. In 1940, Rossby published a paper analysing his barotropic vorticity

equation, which can be considered the first major development of a numerical weather

prediction system (Wiin-Nielsen, 1991). Soon after, in 1947, Charney pioneered a simple

quasi-geostrophic model that would become part of the basis of NWP. The National Cen-

ters for Environmental Prediction (NCEP) has, since 1955, been producing short-range

weather forecasts using NWPs (Kalnay, 2003; Wiin-Nielsen, 1991). NWPs function best

at high resolution, since an NWP model becomes more reliable with increased spatial
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resolution (Kalnay, 2003). Since then, other meteorological centers have been developing

sophisticated NWP models. For example: the Unified Model (UM) of the Met Office has

been developed to produce high-resolution NWP forecasts (Davies et. al ., 2005).

1.2.1 Ensemble Prediction Systems

Ensemble prediction systems (EPS) are considered to be an effective way to proba-

bilistically forecast a range of possible future states of the atmosphere, given its current

state; while also addressing the problems of uncertainties in the initial conditions, and

inaccuracies in the model approximations (Buizza, et. al ., 1999; Du, 2007; Tennant et.

al ., 2006). Monte Carlo analysis is used in ensemble forecasting because Monte Carlo

simulations are good at modelling phenomena with large uncertainty in the input (Leith,

1974). In the case of ensemble forecasting, Monte Carlo methods are particularly useful

because they are able to overcome the uncertainties in the initial conditions and produce

forecasts as well as the mean and variance thereof (Houtekamer & Derome, 1995).

EPS were introduced in order to allow forecasters to produce reliable forecasts with

lead times of greater than a few days. As opposed to deterministic forecasts which is a

process of predicting a single output, probabilistic predictions present a range of possible

future outcomes, all intialised by the different initial conditions (Du et. al ., 1997). There-

fore, probabilistic forecasts are more likely to capture specific events than deterministic

forecasts, since they are more accommodating of possible outcomes. This is especially

important when it comes to predicting rainfall.

Deterministic rainfall forecasts are reliable up to a 3-day lead time (World Meteorolog-

ical Organisation, 2012). Forecasts made for more than two days ahead in time will begin

to be influenced by the uncertainty inherent in the atmosphere, and this uncertainty is

not captured in deterministic forecasting. They can be presented in binary form (will it
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rain? – yes or no) or categorical form (how much will it rain? – 0-5 mm, 5-9mm, etc.).

From this it can be seen that even if the observed rainfall differs slightly from what is

forecast, the deterministic forecast will still have failed.

Probabilistic rainfall predictions, on the other hand, do not produce forecasts of exact

nature (i.e.: ‘how much will it rain’), but rather represent the likelihood of a rainfall event.

Even when forecasts are being made for more than two days ahead, probabilistic rainfall

forecasts can still be considered reliable. This is because probabilistic forecasts represent

the likelihood of a range of possible outcomes to occur, thus providing a forecast that

accommodates uncertainties in the initial conditions, and model errors.

The development of EPSs began to contribute significantly when the National Cen-

ters for Environmental Prediction (NCEP) and the European Center for Medium-Range

Weather Forecasts (ECMWF) began to incorporated previous research (Leith, 1974) by

moving away from producing only high-resolution deterministic forecasts to a combina-

tion of this and a new probabilistic ensemble prediction systems (Buizza & Palmer, 1997).

Since then, the Met Office Global and Regional Ensemble Prediction System (MOGREPS)

model and the National Center for Atmospheric Research (NCAR) model (to mention a

few) have been developed to produce successful short-range ensemble forecasts (Bowler

et. al ., 2008; Du et. al ., 1997).

The number of members that make up an EPS contributes greatly to the performance of

the system (Buizza & Palmer, 1997; Buizza, 2008; Brankovic & Palmer, 1997; Houtekamer

& Derome, 1994). Very small ensembles, or “Poor Man’s” ensembles, however, are found

to be an efficient way to improve the performance of short-range forecasts (Arribas, et al.,

2005; Bowler, et al ., 2008; Ebert, 2001). Probabilistically, an increase in ensemble size

provides a larger spread, a larger distribution of forecast outcomes that all contribute to

the final probabilistic EPS forecast. The average forecast of an EPS has been verified to

be more skilful than any one of the individual members (Buizza, 1997; Grimitt & Mass,

2002; Hamill & Collucci, 1997). A wider spread of forecasts makes it more likely that the
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final EPS forecast will include more extreme forecast values that will result in the model

being able to predict extreme weather. Computational capacity imposes a limit on the

number of members that can be combined in the EPS since calculating an endless number

of members is simply impractical (Kalnay, 2003).

Different ensemble members can be generated through perturbation methods, or by

lagged-average methods (Kalnay, 2003). Perturbation methods to increase ensemble size

is a relatively simple process. It involves adding small perturbations to the initial con-

ditions, that result in each member producing different forecast values within a range of

uncertainty (Ensemble Forecasting at NCEP, 1995). This method can be used to create

a large number of forecast members, all with slightly perturbed initial conditions which

will result in different forecasts. The lagged method of increasing ensemble size involves

initialising each member with more recent observations: so each member is initialised at

a different time (hence the name “lagged-average forecasting”) and then averaged to form

the EPS. However, adding weights to each member in a lagged forecast system does not

add skill to the system (Kalnay, 2003) and so the members are simply average to produce

the final EPS forecasts. Lagged-average forecasting is equally effective in multi-model and

single-model systems (Lawrence & Hansen, 2007). The perturbation breeding method can

produce a large number of ensemble members, whereas the lagged-average method can

only produce as many forecasts as there are updates in the initial conditions.
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Figure 1.2.1: Short-Range Forecast Plume where the black line is the ensemble mean (NOAA Storm
Prediction Center, 2010)

Figure 1.2.2: Medium- and Long-Range forecasts: ECMWF Ensemble Members Forecast Plume & Av-
erage EPS Forecast (Palmer & Hardaker, 2011)
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The individual members of an EPS produce different forecast projections. At the small

time-steps, the individual forecasts are very similar, but as the time-step increases the

forecasts begin to diverge. This is because of the differences in the initial conditions or the

model configuration. Plotting all the individual projections results in a plume forecast.

This plume represents the spread of the EPS by showing all the possible outcomes together

on one graph. Figure 1.2.1 is an illustration of a forecast plume for a short-range EPS

with 12 hour time-steps. Figure 1.2.2 shows two plume forecasts: the left diagram is of a

medium-range EPS and the right diagram is of a long-range EPS.

Short-range ensemble forecasting was developed after seeing encouraging results in

global EPSs (Grimitt & Mass, 2001; Hamill & Collucci, 1997). Since ensemble forecast-

ing is capable of overcoming forecast uncertainty, applying ensemble methods to short-

range forecasts can help overcome forecast uncertainty in a finer resolution, more detailed

domain (Buizza et. al ., 1998). Short-range EPSs require a higher resolution than the

medium-range; because the forecasts are only over a few days, their purpose is to cap-

ture more detailed weather systems, such as daily temperature and thunderstorm events

(Bowler et. al ., 2008). These systems are initialised with the boundary conditions on the

edges of the high-resolution domain.
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1.3 Forecasting Precipitation

Predicting quantitative precipitation is important and very useful, yet it is significantly

difficult to do so (Fritsch et. al ., 1998) and it is generally accepted that deterministic

precipitation forecasts have low skill (Olson et. al ., 1995). Measurable rainfall forecasts

are essential to produce, as they are of great interest to the public and serve a major

role in risk and disaster management since they are able to forecasts extreme rainfall and

floods. Probabilistic forecasts produced by EPSs do not measure rainfall quantitatively,

but rather probabilistically. Because EPSs are shown to surmount part of the problem

of forecast uncertainty, probabilistic rainfall forecasts are considered to be more skilful,

even though they do not provide numerical measurements of rainfall (Bright & Mullen,

2002). High resolution grids are required to predict rainfall systems in the short range

timescales; it has been shown that ensemble rainfall prediction skill increases with an

increase in horizontal resolution (Mass & Ovens, 2002).

Small-scale precipitation phenomena need to be predicted at high-resolution to produce

accurate simulations thereof (Kalnay, 2003). Convective-type precipitation occurs at a

short-range timescale limit and is predicted most effectively when the grid spacing has

been reduced to the 1-10 km range (Weisman et. al ., 1997; Mass & Ovens, 2002). The

same settings should be applied to orographic and topographic rainfall, with an added

increase in vertical resolution to accurately simulate the land surface and therefore the

rainfall events (Colle & Mass, 2000; Davis et. al ., 1999). Frontal rainfall, on the other

hand, can be modeled at a resolution of 50 km; although, a resolution of down to 5 km

can model the details of the phenomenon.
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1.4 Southern African Weather Modelling

Southern African weather and climate can impact the social and economic infrastruc-

ture of the region (Fauchereau et. al ., 2008; Friedrichs & Hense, 2008). The areas of

heavy summer rainfall are particularly susceptible to flooding and other rain damage.

The southern parts of South Africa can experience extreme winter rainfall, which also

affects living conditions and quality of life as well as small-scale (e.g.: independent busi-

nesses) and large-scale (e.g.: insurance companies and food export companies) economic

development. Rain-fed crop production is highly sensitive to fluctuations in seasonal rain-

fall, and therefore any anomalous rainfall events can be detrimental to crop production

and food resources. In order to prevent or mitigate the effects of weather damage, accurate

and reliable weather forecasts need to be produced in order to supply decision-makers,

farmers and other affected parties with these forecasts regularly.

Accurate weather models are critical in forecasting short-range weather. The ability

to predict the weather with skill also depends on the computational capacity available to

run the NWP models. The more computational power available, the more detailed NWP

models can be run. And the more detailed the models, the more detailed the forecasts.

South African atmospheric modelling began in the 1960’s, with the development of

the first South African numerical weather model (Triegaardt, 1965). This model became

operational in the 1970’s but was very limited due to the lack of computational power

(Riphagen & Burger, 1986). In the 1980’s, a new model was developed that was far more

advanced and was found through verification to be equivalent to other international nu-

merical weather models at the time (Riphagen, 1985; Riphagen & Burger, 1986). In the

1990’s there was major development in the field of numerical weather prediction inter-

nationally, in particular the National Centers for Environmental Prediction’s Eta model,

which was adopted by the South African meteorologists to produce weather forecasts
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(Riphagen et. al., 1996). Recently there has been a surge in South African weather

modelling, with institutions such as the South African Weather Service (SAWS), the Uni-

versity of Pretoria (UP), the University of Cape Town (UCT) and the Council of Scientific

and Industrial Research (CSIR) implementing international models and pursuing model

development research (Engelbrecht et. al ., 2007; Rautenbach, 2003; Singleton & Reason,

2006; Landman et. al., 2005).

Several short-range weather models have been, and are, used to forecast southern

African weather. The Conformal-Cubic Atmospheric Model (CCAM) is used at the Coun-

cil of Scientific and Industrial Research (CSIR) to produce short-range forecasts , seasonal

forecasts, and climate change projections (Engelbrecht et. al., 2011; Engelbrecht et.al.,

2012; Potgieter, 2009). The Limited Area Model (LAM) developed by the United King-

dom Meteorology Office (UKMO) is run at 20 km resolution over South Africa at the

South African Weather Service and produced short-range weather forecasts (Dyson, 2004;

Idowu, 2008). The National Centers for Environmental Prediction (NCEP) Regional Eta

model is used at the South African Weather Service (Riphagen, 2002; de Coning, 2011;

Dyson, 2000; Schultze, 2007). The SYNERGIE model developed by Meteo France Inter-

national is used in the La Reunion Forecast Office to forecast tropical cyclones over the

southern Indian Ocean (Caroff, 2002).

Recently studies have been done on a multi-model approach to forecasting rainfall over

South Africa. One such study was done using the Unified Model (UM) and the CCAM,

and shows that the multi-model ensemble outscores each individual model (S. Landman

et. al., 2012). In other studies, multi-model forecasting techniques have been applied to

seasonal rainfall forecasting, where the skill of a multi-model approach is analysed in the

case of mid-summer rainfall (Landman & Beraki, 2012).
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1.5 Objectives of Research

The objectives of this research were to develop a probabilistic short-range, single-model

ensemble prediction system (EPS) for southern Africa. This was achieved by constructing

four different ensemble prediction systems using the CCAM that were then verified against

observational data. These four ensemble systems differed in size, and the simulations were

executed at both a low and a high spatial resolution over southern Africa. The results of

this verification were compared in order to determine which ensemble system performed

the best. This research determined whether a larger or smaller ensemble, at low or high

resolution, was the most successful at predicting rainfall over southern Africa.

The results of this study will determine the most accurate EPS that will then be im-

plemented at the Council of Scientific and Industrial Research (CSIR). Since probabilistic

forecasts are more able to overcome inherent model errors, they almost always produce

more reliable forecasts than deterministic prediction systems that do not take model errors

into account (assuming that there are innate errors in the model). Currently at the CSIR

the CCAM is being used as a deterministic model. The probabilistic system developed in

this study will use multiple members for weather forecasts made up to seven days ahead.

This will enhance numerical weather prediction research with an optimised model to pro-

duce more skilful short-range weather forecasts, which will benefit both future research

and society.
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Chapter 2

Data and Methodology

2.1 Introduction

Forecast verification is an essential part of numerical weather prediction. Without

confirming or monitoring weather forecasts, no assumptions can be made as to whether the

forecasting system or weather model are producing valuable forecasts. Verification of the

forecasts is performed in order to monitor how well the forecasts are performing and how

accurate they are; to improve upon the forecasts by altering the model to better simulate

the observations; and to inspect and compare different forecast models to conclude which

produces forecasts of higher quality, and how to improve the forecast systems.

This research focused on daily rainfall during January and February 2009 and 2010.

The CCAM was used to produce rainfall forecasts at low (50 km) and high (15 km) res-

olution, at four initialisation times, with two cumulus parameterisation schemes. Four

different ensembles were configured using these 8 possible members, and rainfall forecasts

were produced at both resolutions. Verification statistics was performed to analyse the

skill and accuracy of these ensembles in relation to the observational rainfall data. The
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verification methods that were used were: the root mean square error, Brier score, rela-

tive operating characteristic and reliability diagrams. The high resolution ensembles were

individually assessed and then compared to each other in order to establish which ensem-

ble configuration was the most skilful overall; the same was done for the low resolution

forecasts. The high and low resolution ensemble pairs were also compared to each other

so as to establish whether the high or low resolution forecasts were more skilful. It was

finally concluded which ensemble prediction system is the most skilful system.

Figure 2.1.1: CCAM model superimposed over the entire globe at horizontal resolution of 200 km (En-
gelbrecht et. al., 2011)
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2.2 Conformal-Cubic Atmospheric Model

The Conformal-Cubic Atmospheric Model (CCAM) was devised by Rancic et. al.,1996,

and has since been developed at the Commonwealth Scientific and Industrial Research

Organisation (CSIRO) (McGregor, 2005). It is a variable-resolution cube projected onto

the globe at a resolution of 200 km. Because the CCAM is described as a cube, it is

orthogonal and isotropic (McGregor & Dix, 2001; McGregor et. al., 2008). Orthogonality

results in the grid lines being perpendicular, therefore allowing vectors (e.g.: wind) to

be decomposed into their orthogonal parts. Since CCAM is isotropic, the coordinates

are non-polar (Euclidean), and hence the three dimensions can be treated equally. This

is particularly useful for atmospheric modelling since isotropic coordinates are good at

modelling gravitational fields (Collins & Hawkins, 1973; University of Winnipeg, 2010).

The CCAM is configured such that it is a variable resolution model, and therefore can

function both as a global climate model (GCM) and be downscaled to a regional climate

model (RCM). The variability ensures that the boundary conditions from the GCM into

the RCM are continuous, thus preserving the integrity of the atmospheric characteristics

over the boundaries (McGregor et. al., 2008). Because the CCAM can be used as a

GCM and a RCM, the CCAM can model global low resolution as well as extremely

high spatial resolution over a small area (Engelbrecht et. al., 2011). In addition to this

range of functions, the CCAM can also produce predictions from short-range weather to

multi-decadal climate change projections (Engelbrecht et. al., 2011).
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2.2.1 Changing the Resolution

The CCAM uses a dynamical spectral downscaling technique in order to scale from low

to medium to high resolution, and stretch the grid to focus on a specific domain (strech-

grid mode). This technique is known at the Schmidt Transformation (McGregor, 2008),

proposed by Schmidt in his 1977 paper “Variable Fine Mesh in a Spectral Global Model”

(Fox-Rabinovitz et. al., 2006). The Schmidt transformation is a conformal process of both

stretching and rotation (Hardiker, 1997). The stretching transformation is an iteration

process of the linear equations that dictate the GCM, in order to transform to a higher

resolution. The rotation transformation is to move the area of high resolution to be over

the domain of interest.

Figure 2.2.1: Illustration of the cube projected onto the globe at 200 km resolution (McGregor, 2006)

In the case of the CCAM, the global low resolution of 200 km has a Schmidt factor of

1, as seen in Figure 2.2.1 and Figure 2.2.2. The medium regional resolution of 60 km has

a Schmidt factor of 2.5, as seen in Figure 2.2.3. Extremely high resolutions of 8 km and

1 km have Schmidt factors of 3.3 and 100 respectively (Engelbrecht et. al., 2011).
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Figure 2.2.2: CCAM scaled from 200 km to 60 km resolution (Engelbrecht et. al., 2011)

2.2.2 Forecasting Rainfall with CCAM

Studies have been done regarding CCAM’s ability to forecast precipitation over south-

ern Africa. One such study was of CCAM’s ability to predict cut-off lows, and the rainfall

produced by them; with a focus on extreme rainfall events (> 20 mm in 24h) (Engel-

brecht et. al., 2012). The CCAM was downscaled to a resolution of 60 km over southern

Africa, and used to model the frequency of seasonal cut-off low occurrences. The results

from this analysis were that the CCAM performed fairly well, especially over the coastal

regions, but has a bias to overestimate the frequency of these events. (Engelbrecht et.

al., 2012). This indicates that seasonally, the CCAM can be used to recognise extreme

rainfall events, with most accuracy over the coastal regions. The biased results over the

rest of southern Africa should be taken into consideration when making forecasts for the

region.
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In previous studies of precipitation over southern Africa the CCAM was able to produce

satisfactory predictions of annual rainfall, as well as intra-annual and realistic daily rainfall

patterns (Engelbrecht et. al., 2005; Potgieter, 2007). These forecasts were all made on

a climate change time scale. In the 2011 study, climate and seasonal time scales were

verified to be reliable, but high resolution predictions were largely unverifiable due to the

lack of observational data. in the SADC domain, the most accurate forecasts were were

recorded over Zambia and Zimbabwe. (Engelbrecht et. al., 2011).

Several verification analyses of the CCAM have been conducted over the rest of the

globe. These include analyses of the CCAM’s ability to predict monsoons over Indonesia

(McGregor & Nguyen, 2010); verification of CCAM simulating atmospheric circulation

and climate change projections over Australia (Thatcher & McGregor, 2009); a study of

CCAM’s ability to predict the Asian monsoon as well as a climate change simulation over

Fiji (McGregor et. al., 2010); all of which show significant skill in the model.

2.2.3 Forecast Resolution

The CCAM can run at both low 50 km resolution and high 15 km resolution. High and

low resolution rainfall simulations were made with the intention of creating ensembles at

both resolutions, performing verification statistics at both resolutions and then comparing

the skill of the high resolution ensembles to the low resolution ensembles. It is generally

assumed that high resolution forecasts are more accurate than low resolution forecasts,

since the higher the resolution, the closer to reality the model is. But there is a possibility

that forecasting at high resolution could amplify inaccuracies within the model, such as

topographical errors, small anomalies or data errors. Comparing the verification statistics

and skill scores of the high resolution ensembles to the low resolution ones will allow

conclusions to be drawn as to which is a more skilful system.
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2.3 Research Data

Before the research can begin, the data used to initialise the model and making the

forecast must exist. In this research, the data used to initialize the CCAM is from

the National Oceanic and Atmospheric Administration (NOAA) Global Forecast System

(GFS) database. The GFS is a NWP model that assimilates global weather data via

satellite and produces global forecasts four times daily.

Observational data at the same resolution as the model output must also be collected.

Since we are researching rainfall, the daily rainfall observations are needed. The model

was run at resolutions of 50 km and 15 km over southern Africa. The observation data

used for this research is from the Tropical Rainfall Measuring Mission (TRMM) data

archive (http://www.trmm.gsfc.nasa.gov/). TRMM is an initiative run by NASA to mon-

itor tropical rainfall, and is a part of the Global Precipitation Analysis which produces

real-time three-hourly global precipitation data from analysed TRMM data. Verification

studies have been performed on the TRMM data. TRMM rainfall estimates were vali-

dated against rainfall gauge stations over West Africa and it was seen that the TRMM

data overestimates rainfall at medium-range time scales (Nicholson et. al., 2003). This

overestimation, however, does not affect this study as the focus was on short-range time

scales only. A validation of TRMM data over Bolivia found that the estimated daily

rainfall data was unbiased (Gómez, 2007).
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2.4 Creating the Ensembles

Firstly, the model domain must be chosen: in this case being the SADC region. The

CCAM is a variable resolution model, and the specific domain can be focused in on with

the conformal cubic grid through spectral nudging techniques. (Thatcher & McGregor,

2009). The digital filter is applied at a length scale of 4000 km in order to force the

large-scale synoptic features (Thatcher & McGregor, 2011). Model dynamics simulate the

small-scale events, such as thunderstorm systems. For this study, the model wasspectrally

nudged from the Schmidt Factor 1 resolution of 200 km, to a resolution of 50 km which

wasconsidered in this study to be coarse resolution; and further nudged to a high resolution

of 15 km. In this strech-grid mode, the CCAM can function as a limited area model over

southern Africa.

The initial data is assimilated and issued four times a day, at 00h00, 06h00, 12h00

and 18h00 GMT, and so the CCAM can be initialised four times a day, producing four

forecasts a day. The model has two different cumulus convection parameterisation schemes

which can be used to initialise the model. There is a cloud microphysics scheme that has

been developed by Rotstayn (1997), and a cumulus convection scheme that has been

created by McGregor (2003). These schemes describe the complicated and detailed cloud

microphysics and dynamical processes (Engelbrecht et. al., 2007; Thatcher, 2010). The

ensembles were constructed using these time-lagged members – what is known as the

‘lagged average forecasting’ technique. Time-lagged ensemble forecasting has been used

successfully for short- and medium-ranged forecasting (Hoffman & Kalnay, 1983; Lu,

2007). Lagged average forecasting is used instead of the perturbation technique, where

small perturbations are made to a the real initial conditions, also know as ’breeding’

(Lewis, 2005), to create a large set of perturbed initial conditions that are then used to

initialise the model (Buizza, 2008; Lawrence & Hansen, 2006). This method is successful

in creating very large ensembles as there are an infinite number of ways to perturb the
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original conditions (Kalnay, 2003). The lagged average forecast method is used in this

research because multiple sets of real initial data are available, which makes time-lagged

forecasting possible. However, this does place a limit on the number of ensemble members

that can be created.

Configured thusly, the CCAM can be run a maximum of eight times a day: four times

for each cumulus parameterisation scheme. This means there is a maximum of eight

different ensemble members. Usually ensemble members obtained through lagged average

forecasting are all given equal weight, since estimating the relative weights according to

how recent the initial conditions are has proven very difficult (Kalnay, 2003). Therefore,

the members in all of these ensemble systems are to be given equal weighting.

Four ensembles are going to be analysed in this dissertation, and they are to be con-

structed as follows:

1. Ensemble 1: The two most recent members – 18h00 from both parameterisation

schemes

2. Ensemble 2: The four most recent members – 12h00 and 18h00 from both param-

eterisation schemes.

3. Ensemble 3: The six most recent members – 06h00, 12h00 and 18h00 from both

parameterisation schemes.

4. Ensemble 4: All eight members - 00h00, 06h00, 12h00 and 18h00 from both

parametrisation schemes.

These four different configurations were chosen in order to see the effect of ensemble

size on ensemble skill, and also to see whether including older members in an ensemble

affects the ensemble skill. It is possible that the more members an ensemble includes, the

more skilful the system becomes, since it is more likely to capture outlying events. It is

also possible that ensembles which include older members (initialised at times 00h00 and
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06h00) could be less skilful than ensembles made up of only recent members, because the

older members may amplify inaccuracies that have been minimised in the more recent

members. (It is generally accepted that forecasts with longer lead-times are usually less

accurate than forecasts made with shorter lead-times. i.e.: a forecast for four days ahead

that is made at 00h00 is expected to be less accurate than one made at 18h00).

For example: comparing Ensemble 1 to Ensemble 3 will show how the skill of an eight-

member ensemble compares to that of a four-member ensemble; and also how the skill of

an ensemble that includes older members (initialisation times 00h00 and 06h00) differs to

that of an ensemble made up of only recent members (12h00 and 18h00).

2.5 Forecast Verification

The verification of the four ensembles were evaluated by studying four skill measure-

ments. Multiple assessments must be calculated, since no one single measurement can

completely describe the attributes of the forecast (Casati et. al., 2008; Stanski et. al.,

1989). The four methods that were used are: the root mean square error, Brier skill score,

relative operating characteristics, and reliability diagrams. These verification measures

can be split in to two categories: deterministic, and probabilistic verification measures.

The root mean square error is a deterministic verification score, whereas the Brier skill

score, the relative operating characteristics and the reliability diagrams are probabilistic

verification methods. The results of these assessments will determine the quality of the

forecasts made by each ensemble system.

26

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



Several terms relevant to forecast verification must be defined:

1. Accuracy: A measurement of the average difference in individual forecast-observation

pairs.

2. Reliability: Assessment of how well the forecast probabilities correspond with the

observed frequencies.

3. Resolution: Summarises the ability of the model to differentiate between the con-

ditional probabilities of the observations and the climatological average.

4. Skill: The average accuracy of the forecasts compared to the average accuracy of a

reference forecast (e.g.: climatology, persistence, etc.).

5. Uncertainty: The degree of variability in the observations.

2.5.1 The Root Mean Square Error (RMSE)

The RMSE is a measure of accuracy, and is represented by the average magnitude of

error in the forecast (Kalnay, 2003). This is calculated by taking the difference between the

forecast and observed values, squared; these values for each point are then summed and

averaged to produce the Mean Square Error. The square root of this is taken to produce

the RMSE. The RMSE values are plotted against the time intervals of the forecast.

RMSE =

√∑n
i=1(ŷi − yi)2

n
(2.5.1)

Equation (2.5.1): Formula of the Root Mean Square Error, where ŷi is a vector of predictions and yi

is a vector of observations.
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The RMSE values are plotted against the time intervals of the forecast. The more

accurate the forecast, the closer to zero the RMSE values should be. The closer the

forecast is to the observations, the smaller the RMSE. As the time steps increase the

RMSE increases in value (Figure 2.5.1), since the further away the time step is from

the forecast initialisation, the less skilful the forecast will be. Uncertainty inherent in

the model (and in the weather) make forecasting future time-steps progressively more

difficult. This makes the RMSE of each prediction system increase with time.

Spatial representation of the RMSE is useful in order to see the spatial distribution of

error over the forecast domain. Figure 2.5.2 is an example of a spatial distribution map

of RMSE for mean surface temperature.

Figure 2.5.1: Graph illustrating the RMSE calculated and plotted for two ensemble systems (Centre for
Australian Weather and Climate Research, 2011)

28

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



Figure 2.5.2: RMSE Spatial Distribution (Smith et. al., 2007)

2.5.2 The Brier Score (BS)

The Brier Score (BS) is calculated by averaging the square differences between forecast

probability pi and observation oi pairs (Brier, 1950). The observation value is measured

as either 1 if the event occurred or 0 if the event did not occur. (Stanski et. al., 1989).

Therefore, the BS is negatively-oriented and a perfect forecast has BS = 0. When evalu-

ating the skill of an ensemble, the smaller the value of BS, the more accurate the forecast

(Ferro, 2006). As seen in Figure 2.5.3, the value of the BS increases with an increase in

time-step. This is because the further the forecast in from the initialisation time, the more

difficult it is to simulate the atmosphere and produce forecasts close to the observations.
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BS =
1

n

∑
(pi − oi)

2 (2.5.2)

Equation (2.5.2): Where k indicates the indexing of the n forecast-observation pairs, pi is the forecast

probability and oi is the observed value.

Figure 2.5.3: Two examples of Brier Scores calculated for 5 different ensembles. (Buizza & Palmer, 2008)

The BS can be decomposed into three terms describing reliability, resolution and un-

certainty:

BS =
1

n

I∑
i=1

Ni (pi − oi)
2 − 1

n

I∑
i=1

Ni (oi − oi)
2
+ o (1− o) (2.5.3)

Reliability Term Resolution Term Uncertainty Term

Equation (2.5.3): Decomposition of the Brier Score, where I indicates the number of forecast cate-

gories, and N the number of times said forecast category is used in the collection of forecasts.
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2.5.2.1 Reliability term: 1
n

∑I
i=1 Ni (pi − oi)

2

The reliability term is the weighted average of the difference between the forecast

probabilities (pi) and the observed frequencies (oi). This term measures the calibration

of the system: how accurately the system forecasts probabilities. The more reliable a

system is, the closer the reliability term is to zero.

2.5.2.2 Resolution term: 1
n

∑I
i=1 Ni (oi − oi)

2

The resolution term is the average square difference between the observed frequencies

(oi) in each category, and the mean observed frequency (oi) of the entire sample (N).

This term measures how well the system is able to tell the different categories apart,

irrespective of the forecast probabilities. (Atger, 1999). This signifies the sharpness of

the system: when the resolution is a maximum, the system will forecast either 100% or

0%, which is a deterministic forecast. When the resolution is a minimum, the probabilities

are all equal and the system becomes a climatological forecast. If the categories have very

different relative frequencies then the resolution term will be large and the system resolves

well.

2.5.2.3 Uncertainty term: o (1− o)

The uncertainty term is clearly independent of the forecast system and measures the

variance of the observations, using only the observed frequencies (o).
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2.5.2.4 The Brier Skill Score (BSS)

The BSS is calculated by comparing the BS of the forecast to the BS of a reference

forecast (e.g.: persistence or climatology); and therefore BSS is a measure of the skill of

the forecast with reference to the accuracy of the forecast determined by the BS. The BSS

is the conventional way of measuring the forecast skill (Wilks, 2006, Buizza & Palmer,

1997). In this dissertation persistence is used as the reference forecast.

BSS = 1− BSforecast

BSreference
(2.5.4)

Equation (2.5.4) shows the BSS in terms of the reference and forecast BS.

Since a perfect BS = 0, perfect BSS is equal to 1, with no skill having a BS equal to or

less than 0. Figure 2.5.4 illustrates how the skill of the forecast decreases with an increase

in time-step. The BSS can also be represented spatially in order to determine the spatial

distribution of skill. Figure 2.5.5 shows a spatial distribution of Surface Temperature.

Figure 2.5.4: Brier skill score (Buizza & Palmer, 1998)
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Figure 2.5.5: Spatial Representation of the Brier skill score (Japan Meteorological Agency (JMA), 2012)

2.5.3 The Relative Operating Characteristics (ROC)

The relative operating characteristics (ROC) is a measure of how well a forecast system

is able to distinguish between an events and non-events. The ROC diagram illustrates the

false alarm rate (FAR) versus the hit rate (HR) within a range of probability thresholds.

The ROC is usually used to determine whether a forecast system can successfully dis-

criminate between events and non-events at a certain threshold (e.g.: 5 mm of rainfall).

The skill of a forecast when using the ROC is calculated using Table 2.1, the contingency

table.
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Table 2.5.1: Contingency Table

Table 2.1 is a contingency table that contains the attributes of the forecasts based

on a “yes” or “no” count. When a forecast and observation pair exceeds the desired

threshold the count will be “yes”, and if the threshold is not exceeded, the count will be

“no” (Wilks, 2006; Jolliffe & Stephenson, 2003). Each forecast-observation pair is checked

and depending on the “yes”/”no” decision, is deemed a “Hit”, a “False Alarm”, a “Miss” or

a “Correct Negative”. A “Hit” occurs when the event was forecast and observed. A “False

Alarm”s when the even was forecast but was not observed. A “Miss” is what is recorded

when the even was not forecast, but was observed. A “Correct Negative” happens when

an event was neither forecast nor observed. The ROC score is calculated using the False

Alarm Rate and the Hit Rate, which are determined from the four attributes.

The False Alarm Rate (FAR) is defined as the ratio of the false alarms to the total

non-occurrences:

FAR =
False Alarms

False Alarms+ Correct Negatives
(2.5.5)

The Hit Rate (HR) is defined as the ratio of the hits to the total occurrences:

HR =
Hits

Hits+Misses
(2.5.6)
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The FAR as defined in Equation 2.5.5 is plotted against the HR as in Equation 2.5.6 to

produce a graph with a curve from (0, 0) to (1, 1). The area under this curve is calculated

using the trapezium method, where an area of 0.5 or less is a forecast with no skill and an

area equal to 1 is perfect skill. If the area under the curve is found to be greater than 0.5,

the forecast wasconsidered skilful. The closer the area is to being equal to 1, the more

skilful the forecast is concluded to be. The diagonal line from (0, 0) to (1, 1) is the line

of no skill.

Forecast systems that exhibit good discrimination have ROC curves that approach the

upper-left corner of the diagram closely (point (0,1)), which is a perfect forecast with

area of 1. Forecast systems have very little skill if the curve falls below the (0,0) to (1,1)

diagonal line – the lower threshold for a useful forecast is the diagonal, and these curves

have an area of <0.5. In Figure 2.5.6 it can be seen that Example 1 exhibits a greater

ability to discriminate than Example 2 because the Example 1 curve has a an area closer

to 1 than the Example 2 curve. (Wilks, 2006)

Figure 2.5.6: A ROC diagram for two different ensemble systems. (Wilks, 2006)
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2.5.4 Reliability Diagram

A Reliability diagram illustrates how well-calibrated a forecast system is. The diagram

is a plot of conditional event relative frequencies (Equation 2.5.5):

p (o1 | yi) (2.5.7)

A perfect or well-calibrated forecast has a function which lies along the 1:1 diagonal

of the diagram. The central diagram in Figure 2.5.7 is an example of a well-calibrated

forecast. In this case, the conditional event relative frequency is almost equal to the

forecast probability (Equation 2.5.6):

p (o1 | yi) ≈ yi (2.5.8)
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Figure 2.5.7: Examples of reliability diagrams, showing calibration functions p (o | y) as function of
forecast y. (Wilks, 2006)

From a reliability diagram, model biases and the quality of the resolution can be

determined:

A forecast is said to be unconditionally biased if the function lies entirely to the left, or

to the right of the 1:1 diagonal line. If the function is entirely to the right of the diagonal
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(top diagram of Figure 2.5.7), the forecasts are considered to be constantly too large when

compared to the conditional event relative frequencies, and hence the average forecast is

greater than the average observation – this signifies overforecasting. If the function is

entirely to the left of the diagonal (bottom diagram of Figure 2.5.7), the forecasts are

considered to be constantly too small when compared to the conditional event relative

frequencies, and hence the average forecast is smaller than the average observation – this

signifies underforecasting.

A forecast is said to be conditionally biased when the slope of the function is either

shallower or steeper than the 1:1 diagonal line. In these cases, the magnitudes of the

forecast biases depend on the forecasts themselves. A function that has a slope shallower

than the diagonal (right diagram of Figure 2.5.7) indicates an overconfident forecast. This

implies poor resolution, since the conditional event relative frequencies are all near the

climatological probability (they depend only weakly on the forecasts). A function that has

a slope steeper than the 1:1 diagonal (left diagram of Figure 2.5.7) is an underconfident

forecast. This implies good resolution, since the average square differences are large and

therefore the system is able to distinguish different outcomes clearly.

Reliability diagrams are accompanied by frequency diagrams (also known as sharp-

ness diagrams) that show the probability distribution of the forecasts. These are in the

form of histograms and made by distinguishing different forecast probability bins, then

calculating the sample size in each bin. Predictions that have probabilities further from

the climatalogical average are considered to exhibit ’sharpness’ and the forecast system

has ’sharpness’ (ECMWF, 2012). The climatological average is positioned at the middle

of the x-axis of the sharpness diagram, and a forecast system with sharpness will have

predictions that cluser around the extremes of the x-axis. In Figure 2.5.8 the sharpness

diagram for the ensemble is seen shown on the reliability diagram, and the forecast is

considered to exhibit sharpness.
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Figure 2.5.8: Reliability diagram accompanied by corresponding frequency diagram (Atger, 1999)

2.6 Synopsis

This chapter has provided the necessary background needed to proceed to the verifi-

cation results, and a discussion thereof. The next chapters will be a detailed exploration

of the results of the deterministic and probabilistic skill measurements described above.
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Chapter 3

Deterministic Verification

3.1 Introduction

Deterministic verification is a quantitative, non-statistical approach to verifying weather

forecasts. This type of verification compares the actual values of the observed and fore-

cast variable, resulting in accuracy scores that are measured in terms of the value and

unit of the variable being verified, not the probability of occurrence. This allows for easy

interpretation of the analysis (Bowler, 2006; Fawcett, 2008). Deterministic verification

can analyse the error, correlation or bias of a set of forecasts and is the basis of the root

mean square error. The root mean square error is the verification score that was studied

and discussed in this chapter.
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3.2 Root Mean Square Error

This chapter focuses on the analysis of the Root Mean Square Error (RMSE) verifica-

tion of short-range rainfall forecasts made for the time period of January and February,

2009 and 2010. This verification consists of two parts: The average ensemble RMSE in

graph form, and spatial distribution maps of RMSE. From Equation 3.2.1 that describes

the RMSE, a perfect forecast will have an RMSE of 0, showing zero error in the forecast.

RMSE =

√∑n
i=1(ŷi − yi)2

n
(3.2.1)

Weather forecast error increases with increasing lead-time (Kalnay, 2003), a notion that

is also shown in the verification of the ensemble mean hindcasts of January 2009 (Figures

3.3.1 and 3.3.2). However, the forecast error initially increases at a higher rate for the low

resolution case as opposed to the high resolution case. Notwithstanding the smaller errors

associated with forecasts for the first few days, forecast errors made towards the longest

lead-time forecasts (i.e., forecast errors for days 5 to 7) are about equally large for both

resolutions, thus suggesting that the high-resolution forecasts are mainly advantageous

for forecasts up to about day 4. This is consistent with research where it is concluded that

forecast error becomes so large at long lead-times that it essentially renders the forecast

as inaccurate (Lu et. al., 2007; Bowler et. al., 2008; Grimit, 2004).
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3.3 January 2009

The two graphs in Figure 3.3.1 show that the errors for the four ensembles are very

similar in both the high resolution and low resolution cases. Figure 3.3.2 shows the spatial

distribution of RMSE values for forecasts made for day 1, for each of the 4 ensembles,

for the high-resolution case. The maps of this figure show similar values and spatial

distribution of error, suggesting that the forecast errors are not much influenced by the

size of the ensemble. This notion is further demonstrated in Figure 3.3.3 that shows the

error difference between the largest ensemble forecasts and the forecasts from progressively

larger ensembles. However, although the differences are small, the largest error differences

are obtained between the largest and smallest ensembles, which implies that there may

be advantages for short-range weather predictions to use the largest possible ensemble.

From Figures 3.3.1 and 3.3.2 the conclusion can be drawn that the high-resolution

forecasts show the smallest errors, especially for forecasts up to day 4, but that the size of

the ensemble had a much less dramatic influence on forecast performance (Figure 3.3.3).

A maximum of only 8 members were considered here, based on initialization time and the

selection of cloud parametrisation scheme. For the latter, two cloud schemes (Rotstayn,

1997; McGregor, 2003) were used, but it was found that the selection of different micro-

physical schemes to increase the ensemble size may only have a negligible influence on

forecast performance (Liu & Moncrieff, 2007). Hence if this is the case, the ensemble size

used here is effectively only 4, and the use of the full ensemble has already alluded to the

advantages that can be obtained by improving on the ensemble size.

Future modelling work at this time-scale should therefore devise new schemes or use

existing approaches to significantly improve on the size of the ensemble for weather fore-

casting purposes (Buizza, 2010).
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Figure 3.3.1: RMSE graph for January 2009. Above: Low Resolution, Below: High Resolution.

]
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Figure 3.3.2: Spatial distribution of Error at High Resolution
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Figure 3.3.3: Difference in Error between Ensemble 4 and Ensemble 1, 2, 3 at High Resolution
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3.4 February 2009

As in January 2009, the errors for the four ensembles in February 2009 for both reso-

lutions are very similar to each other: this can be seen in Figure 3.4.1 that shows lower

error values for the high resolution forecasts than the low resolution forecasts. All four

ensembles at low resolution have almost identical errors, but the high resolution forecasts

show a noticeably larger in error in Ensemble 1 compared to Ensemble 2, 3, and 4.

The spatial distribution of RMSE values for the high-resolution forecasts on day 1

shown in Figure 3.4.2 illustrates the similarities between the distributions, implying that

the size of the ensemble does not significantly improve the forecast error.

Figure 3.4.3 of the spatial error differences between Ensemble 4 and the smaller en-

sembles also substantiates the conclusion that, in most cases, the ensemble size has little

effect on the forecast error. As an exception, it can be seen in Figure 3.4.3 that the

largest difference in error is between Ensemble 4 and Ensemble 1, which suggests that

the forecasts do still improve, albeit marginally, with an increase in ensemble size in this

case.
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Figure 3.4.1: RMSE graph for February 2009. Above: Low Resolution, Below: High Resolution.

47

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



Figure 3.4.2: Spatial distribution of Error at High Resolution
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Figure 3.4.3: Difference in Error between Ensemble 4 and Ensemble 1, 2, 3 at High Resolution
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3.5 January 2010

In the low resolution forecasts shown in Figure 3.5.1, the errors for all four ensembles

are very close except for the forecast of Day 1, where the largest ensemble performs the

best. For the high resolution forecasts (Fig. 3.5.1) the four ensembles perform very

similarly, with Ensemble 3 and 4 slightly outperforming Ensemble 1 and 2. The errors

for the high resolution forecasts are far less than those for the low resolution forecasts,

indicating that there is a great improvement in accuracy with an increase in resolution.

This implies that a continuing increase of the spatial resolution will render results with

even smaller error.

The spatial distribution of error for forecasts made at high resolution for Day 1 shows

almost identical error for all four ensembles as can be seen in Figure 3.5.2. The largest

difference in error is between Ensemble 4 and Ensemble 2, where Ensemble 2 has smaller

error than Ensemble 4. This result once again motivates the idea that the reduced effective

ensemble size due to minimal difference in the two cumulus parametrisation schemes

results in two very small ensembles being compared, and so there is very little difference

in error.

The error difference graphs in Figure 3.5.3 show that there is not much consequence

to increasing the ensemble size from 2 members to 8 members when forecasting at high

resolutions. It is possible that a greater ensemble size is needed in order to see a large

reduction in error; although the error values for these diminuative ensembles can be seen

to be small (as illustrated in Figure 3.5.3).
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Figure 3.5.1: RMSE Graph for January 2010. Above: Low Resolution, Below: High Resolution.
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Figure 3.5.2: Spatial distribution of Error at High Resolution
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Figure 3.5.3: Difference in Error between Ensemble 4 and Ensemble 1, 2, 3 at High Resolution
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3.6 February 2010

The four ensembles have near identical errors, seen in Figure 3.6.1. The RMSE values

for the forecasts performed at low resolution are greater than those at high resolution

proving that there is a decrease in error at higher spatial resolution, except at longer

lead-times (6 and 7 days).

Figure 3.6.2 shows maps of the spatial distribution of RMSE values for the high-

resolution forecasts on day 1 for all four ensembles. The four maps have nearly identical

features which implies that for small ensembles, a small increase in size of the ensemble

does not make a significant difference in the spatial error of the forecast.

Figure 3.6.3 illustrates the spatial error differences between Ensemble 4 and Ensemble

1, 2 and 3 and these maps also conclude that a relatively small increase in ensemble size

does not make much of an improvement to the forecasts. However, the largest difference

in error is seen between the largest and smallest ensembles (Ensemble 4 and Ensemble

1), and this suggests that even though an increase in the size of small ensembles does not

make a large difference in forecast accuracy, the largest ensemble produces forecasts with

the least amount of error.
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Figure 3.6.1: RMSE Graph for February 2010. Above: Low Resolution, Below: High Resolution.
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Figure 3.6.2: Spatial distribution of Error at High Resolution
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Figure 3.6.3: Difference in Error between Ensemble 4 and Ensemble 1, 2, 3 at High Resolution
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3.7 Synopsis

This chapter documented the Root Mean Square Error results for the ensembles 1, 2,

3, and 4 at both high and low resolution, for January and February 2009 and January

and February 2010. The figures showing the graphically represented average RMSE for

the ensembles (Figures 3.3.1 and 3.3.2, 3.4.1 and 3.4.2, 3.5.1 and 3.5.2, 3.6.1 and 3.6.2)

show that the high resolution forecast consistently has lower error than the low resolution

forecasts. Up to the three-day lead time the high resolution forecasts have error of less

than 1 mm for all ensembles which is a very small margin of error, indicating good

accuracy. The graphs of the RMSE curves show that the low resolution forecasts have a

constant increase in error for forecasts made for after day 1, showing an immediate drop-

off in accuracy for all four ensembles with an increase in lead-time. The high resolution

forecasts made up to day 4 have little error, followed by a sharp increase in error from

day 4 to day 7 indicating a drop-off in accuracy for forecasts made by all four ensembles

after a four-day lead time.

The figures of the spatial representations of the RMSE of the high resolution forecasts

(Figures 3.3.3, 3.4.3, 3.5.3, 3.6.3) show that there is very little difference in error between

the four ensembles. The area of largest error is in the North-Eastern region of the southern

African domain and the area of least error is the Western coastal region of South Africa,

Namibia and South-West Angola. These errors can be contributed to the fact that the

Northern regions have summer rainfall heavily influenced by activity from the tropics and

the Indian Ocean, which can be highly variable convective systems. Very high resolution

models would be needed in order to minimise error over these regions. The West coast

of South Africa, Namibia and South Angola have very little error because these regions

experience extremely little summer rainfall. Therefore the error measured would only be

for anomalous rainfall events that are unlikely to happen. This can be seen more clearly
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in the RMSE Difference maps (Figures 3.3.4, 3.4.4, 3.5.4, 3.6.4) that show the difference

in error between the high resolution forecasts made by Ensemble 4 and 1, Ensemble 4 and

2, and Ensemble 4 and 3. It is seen that in all four cases, the error difference between the

ensembles decreases as the size of the ensemble increases.

The results in this chapter demonstrate the increase in accuracy of the forecasts when

made at a high resolution as opposed to low resolution. As the spatial resolution is

increased, so the error in the forecasts decrease. This result is consistently seen throughout

this chapter.

A significant outcome that should be noted is that the cloud parameterisation schemes

do not have a great effect on the configuration of the model. Since the ensemble sizes are

already so small (Ensemble 1 has two members, Ensemble 4 has eight members), and the

two different cloud schemes do not produce two significantly different ensemble members,

the effective size of the ensembles is half the actual size. The effective size of Ensemble 1

is one member, and Ensemble 4 is four members. Since the ensembles in this study are so

small, an increase in ensemble size by a few members has little effect in the error found

in the forecasts produced.

The figures of spatial distribution support this conclusion since the difference in error

between the smallest and largest ensemble is slight. However, it can also be seen that there

is a small improvement from the smallest to the largest ensemble and therefore a much

larger ensemble would most likely result in a great increase in accuracy and reduction of

error in the forecasts.
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Chapter 4

Probabilistic Verification

4.1 Introduction

Probabilistic verification of weather forecasts is a statistical approach at assessing either

the value of a forecast, or the ability of a model to accurately forecast the weather (Wilks,

2006). Ensemble forecasting provides a basis for probabilistic forecasting (Kalnay, 2003).

Probabilistic forecasting results in a range of possible outcomes which then need to be

verified statistically in order to accurately assess the quality of the forecast, and the ability

of the model to produce valuable forecasts. These probabilistic verification methods are

used to determine various attributes of an ensemble forecasting systems, including the

skill, reliability, resolution and ability to discriminate. By analysing the likelihood of a

forecast event (e.g.: rainfall above a certain threshold) compared with the observations,

statistical methods can be implemented to determine how successful a model is.

This chapter describes the results of probabilistic verification performed on the fore-

casts made by Ensemble 1, 2, 3 and 4, at high and low resolution for January and February,

2009 and 2010. The verifications are: the Brier skill score, The relative operating char-
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acteristics, and the reliability. These will assess the skill, discrimination and reliability

of the forecasts made by each ensemble at low and high resolution and determine which

ensemble and which resolution produce the most accurate rainfall forecasts.

4.2 Brier Skill Score

The Brier skill score is a measurement of the accuracy of the model forecast relative

to that of a reference forecast, in this case chosen as the persistence forecast. This

skill indicates how much better the forecasts made by the model are in comparison to

the method of persistence, and is therefore also an indication of how useful the model

forecasts are. A perfect BSS is equal to 1, with no skill equal to 0. Short-range weather

prediction models have a natural decrease in skill with an increase in lead-time. This is

expected since forecasts made for long-lead times are more affected by the chaotic nature

of the atmosphere and the uncertainties in the model than short lead-times because the

model cannot perfectly predict future changes in atmospheric conditions.

For this study, the BSS has been calculated for all four ensemble systems, at high

and low spatial resolution, for the months of January and February, 2009 and 2010. The

results are presented here graphically, showing the measure of skill for each case. For each

of the two spatial resolutions, the BSS curves of the four ensembles are superimposed onto

the graphs in order to easily interpret the effect of ensemble size on forecast skill.

It can be seen from Figures 4.2.1 - 4.2.4 that for all four months, and at both resolutions,

all four ensembles demonstrate similar skill. The figures also illustrate the drop-off in

skill as the lead-time increases which is expected due to the difficulty in predicting an

inherently chaotic atmosphere. It can be seen that day 1 has the highest skill, and day 7
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has the lowest skill (except for Fig. 4.2.3.b)), with an anomalous drop in skill at day 3 in

Fig. 4.2.1, Fig. 4.2.2.b) and Fig. 4.2.3. This could be due to model errors which affect

prediction skill at day 3, or observation errors.

Figure 4.2.1 of January 2009 shows that the drop-off in skill is much the same for the

four ensembles in both (a) and (b). When comparing the low resolution forecasts to the

high resolution, the shape of the curves are once again much the same indicating that

there is little improvement in the skill of the forecast system with an increase in horizontal

resolution or an increase in ensemble size.

In Figure 4.2.2 (a), Ensemble 4 has a slow drop-off in skill, whereas the smallest

ensemble, Ensemble 1, has a dramatic drop in skill after day 4. In Figure 4.2.2 (b)

Ensemble 4 starts with a much higher skill and remains consistently more skilful than the

other three ensemble systems for all seven days.

For January 2010, Figure 4.2.3 (a) shows identical skill for all ensembles until day 3,

subsequently from day 3 to day 7 Ensemble 4 displays the most skill. The skill curves

in Figure 4.2.3 (b) indicate that Ensemble 4 has a marginally higher skill than the other

three ensembles for the 7 day lead time.

The final figure, Figure 4.2.4, shows the skill during February 2010. The four ensembles

in (a) have a gradual drop-off in skill with lead-time. Ensemble 1 has the most dramatic

reduction in skill with time compared to the other three ensembles. In (b) all four ensemble

systems have near-identical skill curves.

This analysis of the BSS shows how altering ensemble size and spatial resolution affects

the skill of the model systems. The ensemble size can be concluded to have little effect

on the skill of the forecast, with the largest EPS having slightly improved skill over the

others in some cases. In order to further increase the skill of the EPS, more ensemble

members need to be introduced to contribute to the system. The high spatial resolution
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forecasts display better skill than the low resolution forecasts in some cases, but they are

generally seen to be similarly skilful. The interpretation thereof is that the resolution of

the model must be increased further in order to increase the skill of the forecasts.
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Figure 4.2.1: Brier skill score curves for January 2009: a) Low Resolution and b) High Resolution
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Figure 4.2.2: Brier skill score curves for February 2009: a) Low Resolution and b) High Resolution
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Figure 4.2.3: Brier skill score curves for January 2010: a) Low Resolution and b) High Resolution
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Figure 4.2.4: Brier skill score curves for February 2010: a) Low Resolution and b) High Resolution
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4.3 Relative Operating Characteristics

As discussed in Chapter 2 (Methodology), the relative operating characteristics (ROC)

verification score measures the ability of a forecast system to discriminate between events

(“yes”) and non-events (“no”), usually at a certain threshold (e.g.: 5 mm of rainfall). The

skill of a forecast when using the ROC is calculated using Table 2.1, the contingency

table. In this chapter the ROC is used to measure the ability of the EPSs to discriminate

two thresholds:

1. Discrimination of 1 mm rainfall.

2. Discrimination of 5 mm rainfall.

The first threshold of 1 mm was chosen since in this study, any recorded precipitation

of less than 1 mm was considered to be no rainfall. Therefore a threshold of 1 mm assesses

how well the EPSs discriminate between rainfall and no rainfall. The second threshold

of 5 mm was chosen as the threshold of heavier rainfall. This limit assesses the ability of

the EPSs to discriminate between light and more heavy rainfall events.
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4.3.1 Discrimination of 1 mm of rainfall

This section discusses the ability of the EPSs to discriminate precipitation events:

rainfall or no rainfall. The area under the ROC curves were calculated using the trapezium

method and the results compiled in Table 4.1. From Table 4.1 it is clear that the high

resolution forecasts far out-performed the low resolution forecasts in every case. For all

EPSs, Table 4.1 documents an increase in area with an increase in ensemble size: Ensemble

4 has the largest area under the ROC curve in all cases.

Table 4.3.1: Areas under the ROC curves for the 1 mm rainfall discrimination
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Figures 4.3.1 - 4.3.4 show the ROC graphs of each EPS for each month, with the high

and low resolution forecasts superimposed. Figure 4.3.1 - 4.3.4, (a) - (d), all show a large

difference between the high and low resolution systems. The high resolution curves are

more rounded and approaching the top left corner, whereas the low resolution curves are

close to the diagonal line of no skill. The conclusion that can be drawn from this is

that an increase in spatial resolution will most likely result in an increase in ROC score,

irrespective of ensemble size.

In Figure 4.3.1 it can be seen that the high resolution curves in (a) - (c) do not

change noticeably with an increase in ensemble size, and neither do the low resolution

curves. Moving to Figure 4.3.1 (d), the high and low resolution curves both show a slight

improvement from the previous graphs.

In Figure 4.3.2 the graphs from (a) - (d) illustrate a steady improvement in skill for

the high resolution curves with an increase in ensemble size, specifically there is a jump in

skill between the (a) and (b) high resolution curve. In all four graphs the low resolution

curves to not change noticeably. There is a marked difference in skill between the high

and low resolution curves in all four graphs, with the high resolution curves largely more

skilful than the low resolution.

Figure 4.3.3 (a) - (d) show a gradual increase in skill for the low resolution curves. The

high resolution curves improve more pronouncedly with an increasing ensemble size from

graphs (a) to (d). In all four graphs there is a vast difference in skill between the high

and low resolution curves, with the high resolution forecasts having much better skill.

The last figure, Figure 4.3.4 (a) - (d), both the high and low resolution curves improve

gradually with an increase in EPS size.
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Figure 4.3.1: 1 mm Threshold ROC Diagrams for January 2010: a) Ensemble 1 at High (Pink) and
Low (Blue) Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low
Resolution. d) Ensemble 4 at High and Low Resolution.
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Figure 4.3.2: 1 mm Threshold ROC Diagrams for February 2009: a) Ensemble 1 at High (Pink) and
Low (Blue) Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low
Resolution. d) Ensemble 4 at High and Low Resolution.
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Figure 4.3.3: 1 mm Threshold ROC Diagrams for January 2010: a) Ensemble 1 at High (Pink) and
Low (Blue) Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low
Resolution. d) Ensemble 4 at High and Low Resolution.
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Figure 4.3.4: 1 mm Threshold ROC Diagrams for February 2010: a) Ensemble 1 at High (Pink) and
Low (Blue) Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low
Resolution. d) Ensemble 4 at High and Low Resolution.
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4.3.2 Discrimination of 5 mm of rainfall

This section analyses how well the EPSs perform in discriminating precipitation events:

rainfall above 5 mm or rainfall below 5 mm. The area under the ROC curves were

calculated using the trapezium method and the results compiled in Table 4.2.

Table 4.3.2: Areas under the ROC curves for the 5 mm rainfall discrimination

It is clearly recorded in Table 4.2 that there is a large discrepancy between the high and

low resolution forecasts, and the high resolution forecasts out-perform the low resolution

forecasts in every case. Also evident in Table 4.2 is a trend of increase in ROC area from

ensemble 1 to ensemble 4. The highest values for area are seen either for ensemble 2
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or ensemble 4, but the results are extremely close. The increase in area with ensemble

size is clearer in the low resolution ensemble systems. The change is not large, but even

this small growth of the area indicates that an increase in ensemble size results in an

improvement in the discrimination ability of the ensemble systems.

Figures 4.3.5 - 4.3.8 show the ROC graphs of each EPS at high and low resolution,

for each month. All figures, Figure 4.3.5 - 4.3.8, (a) - (d), illustrate a significantly large

difference between the high and low resolution systems, where the high resolution curves

capture far more area than the low resolution. This difference in area indicates that there

is a considerable increase in skill with an increase in ensemble size.

In Figure 4.3.5, the low resolution curves remain steady for graphs (a) - (c) and sud-

denly there is a big increase in area in graph (d). This demonstrates the increase in

skill with an increase in ensemble size, for the low resolution EPSs. All four of the high

resolution forecasts (a) - (d) have similar areas suggesting that the increase in ensemble

size has no effect on the skill. However the area under the high resolution curves is much

greater than the low resolution, showing improvement with increase in spatial resolution.

In Figure 4.3.6 the graphs from (a) - (d) show no skill for the low resolution forecasts,

since their curves lie exactly on, or just above, the diagonal. The high resolution curves

all ((a) - (d)) have almost consistent area, showing that there is little improvement in

forecast skill with an increase in spatial resolution.

Figure 4.3.7 (a) - (d) illustrates excellent skill for the high resolution forecasts. The

areas below the curves are more than 0.8 but remain consistent for all four EPSs. There is

therefore no improvement in skill with increase in ensemble size. There is, however, a vast

difference in skill between the high and low resolution systems, with the low resolution

forecasts being close to the line of no skill. There is thusly a large improvement in skill

with spatial resolution.

The last figure, Figure 4.3.8 (a) - (d) has the high resolution forecasts performing
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consistently for the first three ensemble systems, and then exhibiting a noticeable im-

provement in skill with ensemble size in graph (d), where the highest skill corresponds

with the largest ensemble. The low resolution curves are little above the line of no skill,

suggesting little or no improvement with an increase of ensemble size. The high resolution

curves out-perform the low resolution curves in all four cases.
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Figure 4.3.5: 5 mm Threshold ROC Diagrams for January 2009: a) Ensemble 1 at High (Pink) and
Low (Blue) Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low
Resolution. d) Ensemble 4 at High and Low Resolution.
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Figure 4.3.6: 5 mm Threshold ROC Diagrams for February 2009: a) Ensemble 1 at High (Pink) and
Low (Blue) Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low
Resolution. d) Ensemble 4 at High and Low Resolution.
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Figure 4.3.7: 5 mm Threshold ROC Diagrams for January 2010: a) Ensemble 1 at High (Pink) and
Low (Blue) Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low
Resolution. d) Ensemble 4 at High and Low Resolution.
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Figure 4.3.8: 5 mm Threshold ROC Diagrams for February 2010: a) Ensemble 1 at High (Pink) and
Low (Blue) Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low
Resolution. d) Ensemble 4 at High and Low Resolution.
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4.4 Reliability

The reliability diagram is an indication of the correspondence between the Forecast

Probability and the Observed Relative Frequency of the ensemble system. Perfect relia-

bility is represented as the diagonal line from (0, 0) to (1, 1) with a gradient of 1. This

analysis explores the reliability of each of the four ensemble systems, for each month, for

low and high resolution. The individual reliability points are averaged into a straight

line: the closer the gradient of this straight line is to 1 (perfect reliability), the better the

reliability. The gradients of each reliability line are compiled into Table 4.4 below.

Table 4.4.1: Gradient of the Reliability Diagrams
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The four diagrams, Figures 4.4.1, 4.4.3, 4.4.5, 4.4.7, (a) - (d), and Table 4.4 show

that for most cases the high resolution forecasts have a gradient closer to the line of

perfect reliability than the low resolution forecasts. The months of February 2009 and

2010 display a huge improvement from the low to the high resolution forecasts. This

indicates that, generally, there is an improvement of reliability with an increase in spatial

resolution. There is also a general trend of improvement of reliability with an increase

in ensemble size: in almost every case for both the low and high resolution systems the

gradients of the reliability lines approach 1 as the ensembles become bigger. In all of the

sharpness diagrams, Figures 4.4.2, 4.4.4, 4.4.6, 4.4.8, (a) - (b), none of the EPSs express

good sharpness. The High resolution systems slightly out-perform those at low resolution

since their values are closest to 1, but the ensemble size seems to have no impact on

sharpness.

Figure 4.4.1 shows a steady trend from (a) - (d) of the high resolution reliability lines

to approach the diagonal of perfect reliability, suggesting that an increase in ensemble

size has a slight impact on reliability. The low resolution forecasts remain mostly steady

in gradient, consistently close to the diagonal showing good reliability but no discernible

improvement with a larger ensemble. The high resolution forecasts show consistently

slight underconfidence (good resolution), and the low resolution forecasts show consis-

tently slight overconfidence (poor resolution).

Figure 4.4.2 (a) - (b) is a bar graph of the sharpness of the graphs in Figure 4.4.1. The

sharpness of the low resolution forecasts has peaks at the low forecast probability bins

which indicates sharpness, but the rest of the bins are mostly constant in height indicating

a lack of sharpness. The high resolution system does not display good sharpness although

there is a peak in the second low forecast probability bin.

In Figure 4.4.3 (a) - (d) the low resolution forecasts display very little or no reliability.

There is a trend of improvement in reliability with an increase in ensemble size, as can

be seen from graph (a) to graph (d). However, the biggest improvement occurs with
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an increase in resolution. The high resolution forecasts far out-score the low resolution

forecasts, and also show a trend of improvement in reliability with ensemble size. These

results suggest that there is a positive correlation between reliability and ensemble size,

and a higher spatial resolution results in a much better reliability of the forecasts. The

high resolution forecasts show consistent underconfidence (good resolution), and the low

resolution forecasts show consistently very large overconfidence (poor resolution).

Figure 4.4.4 illustrates the sharpness of the systems for February 2009. Both the high

and low resolution graphs show a peak at the first forecast probability bins and another

peak near the last bins. This shows a general trend of sharpness, but the height of the

bars in the central bins still results in these systems having low sharpness.

Figure 4.4.5 shows the low resolution forecasts approaching the diagonal line steadily

from graph (a) to (d), with an increase in ensemble size. The high resolution graphs are

closest to the diagonal in graph (a) and graph (d) which shows that an increase in ensemble

size has no effect on the reliability. The low resolution actually out-performs the high

resolution ensemble in graph (d). The high resolution forecasts show consistently slight

underconfidence (good resolution), and the low resolution forecasts show consistently

slight overconfidence (poor resolution).

The sharpness diagrams in Figure 4.4.6 are quite flat in both (a) and (b) indicating

little or no sharpness. The high resolution graph (b) has higher peaks than the low

resolution forecasts (b), which shows that it has better sharpness.

Figure 4.4.7 (a) - (d) show little or no reliability for the low resolution forecast systems.

The gradients for these lines improve with ensemble size (from (a) to (d)), but they are

still far from the line of perfect reliability. The high resolution forecasts have lines with

gradients close to the diagonal, which indicate good reliability. There is also a slight

improvement of reliability as the size of the ensembles increase, showing that ensemble size

does positively affect the reliability. The high resolution forecasts show consistently slight

84

 
 
 

 

©©  UUnniivveerrssiittyy  ooff  PPrreettoorriiaa  

 



underconfidence (good resolution), and the low resolution forecasts show consistently very

large overconfidence (poor resolution).

The sharpness diagrams in Figure 4.4.8 illustrates low sharpness for both (a) and (b)

- the low and high resolution systems.
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Figure 4.4.1: Reliability Diagrams for January 2009: a) Ensemble 1 at High (Pink) and Low (Blue)
Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low Resolution. d)
Ensemble 4 at High and Low Resolution.
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Figure 4.4.2: Sharpness Diagram for January 2009: a) Ensembles 1, 2, 3, and 4 at Low Resolution. b)
Ensembles 1, 2, 3, and 4 at High Resolution.
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Figure 4.4.3: Reliability Diagrams for February 2009: a) Ensemble 1 at High (Pink) and Low (Blue)
Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low Resolution. d)
Ensemble 4 at High and Low Resolution.
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Figure 4.4.4: Sharpness Diagram for February 2009: a) Ensembles 1, 2, 3, and 4 at Low Resolution. b)
Ensembles 1, 2, 3, and 4 at High Resolution.
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Figure 4.4.5: Reliability Diagrams for January 2010: a) Ensemble 1 at High (Pink) and Low (Blue)
Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low Resolution. d)
Ensemble 4 at High and Low Resolution.
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Figure 4.4.6: Sharpness Diagram for January 2010: a) Ensembles 1, 2, 3, and 4 at Low Resolution. b)
Ensembles 1, 2, 3, and 4 at High Resolution.
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Figure 4.4.7: Reliability Diagrams for February 2010: a) Ensemble 1 at High (Pink) and Low (Blue)
Resolution. b) Ensemble 2 at High and Low Resolution. c) Ensemble 3 at High and Low Resolution. d)
Ensemble 4 at High and Low Resolution.
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Figure 4.4.8: Sharpness Diagram for February 2010: a) Ensembles 1, 2, 3, and 4 at Low Resolution. b)
Ensembles 1, 2, 3, and 4 at High Resolution.
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4.5 Synopsis

The largest ensemble system (Ensemble 4) run at the high spatial resolution outscores

in discrimination and reliability, and is more skilful than all the other systems. Although

the skill scores for each month are similar for all eight EPSs, the largest ensembles at each

resolution display greater skill than the others; and Ensemble 4 at high resolution is the

most skilful in all but one case. The ROC diagrams show that all of the EPSs at high

resolution far outscore those at the low resolution, and that the Ensemble 4 run at high

resolution performs the best of all systems when discriminating both 1 mm and 5 mm of

rainfall. Finally, the reliability was generally the best for the high resolution Ensemble 4

system, although the sharpness of all the EPSs was seen to be low.

This chapter demonstrates the increase in skill, reliability and discrimination with an

increase in ensemble size, and particularly spatial resolution. Although in some cases the

improvement in the these scores was slight, the general trend of improvement with an

increase in these two attributes is clear.
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Chapter 5

Conclusions

Short-range weather forecasting has evolved from single deterministic models to large

ensemble systems producing probabilistic forecasts. The advantage of such large ensem-

ble prediction systems is that they can produce a range of possible forecast outcomes

from the initial conditions; and this helps compensate for errors that arise due to uncer-

tainty in the initial conditions and the physics of the model. Deterministic forecasting is

limiting in that it cannot reliably forecast at lead-times of more than one or two days.

Alternatively, probabilistic ensemble forecasting systems can predict the weather further

than two days ahead. In fact, in this dissertation skilfulness to seven days ahead were

demonstrated. Therefore, it is more beneficial for weather forecasting to implement a

probabilistic ensemble system than to have a single deterministic system.

In this study a probabilistic, short-range, single-model ensemble prediction system

(EPS) has been developed and verified over southern Africa. This was achieved by config-

uring the CCAM such that four EPSs could be constructed and then evaluated in order to

determine the most successful EPS. The CCAM has two different cumulus parametrisation

schemes, and initial conditions are updated 6-hourly (four times per day). Therefore, the

CCAM could be run eight times a day: four times a day for each cumulus parametrisation

scheme. This resulted in eight possible ensemble members, and four different combina-
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tions of these members made up the four EPSs that were studied. The EPSs ranged

in size from smallest to largest with Ensemble 1, 2, 3, and 4 being two, four, six and

eight members in size respectively. One hypothesis that was to be tested was whether

an increase in ensemble size has an effect on the performance of the EPSs. In addition

to this, another hypothesis that was to be tested was whether a change in the spatial

resolution would have any effect on the performance of the EPSs. This was accomplished

by performing the forecast simulation of each of the four EPSs at two different spatial

resolutions: a low (50 km) and high (15 km) resolution. Ultimately, it was determined

which ensemble prediction system produced the most successful forecasts.

The results of the hypotheses were arrived at by verifying all the EPSs with the corre-

sponding observations. Then firstly comparing the performance of each ensemble to the

other at the same resolution in order to assess the effect of size on performance. Secondly,

comparing the performance of each ensemble to its equivalent at the different resolution so

as to determine whether a change in spatial resolution had any effect on the performance

of the EPSs. Finally, to conclude which EPS performed the best in all or most cases.

Deterministic and probabilistic verification scores were used to analyse the success

of each EPS for the months of January and February, 2009 and 2010. The deterministic

verification score that was used was the root mean square error (RMSE). The probabilistic

verification scores that were used were the Brier skill score (BSS) and the relative operating

characteristic (ROC). These scores assessed the accuracy, skill and discrimination of each

EPS. Reliability diagrams were also used as a graphical representation of reliability of

each EPS.

For the first hypothesis, the RMSE results show a very similar error curve for all four

EPSs. However, the difference in error spatial maps display areas of error difference that

illustrate the error decreasing with an increase in ensemble size. The skill of all four EPSs

are very similar, however, the BSS curves show an improvement, albeit small, in skill with

an increase in ensemble size. It can therefore be concluded that in order for an EPS to
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begin demonstrating an improvement in skill, the EPS needs to be of a size much larger

than the eight members considered here. The ROC graphs for the 1 mm discrimination of

rainfall show the area under the curve increasing slightly as the ensemble size increases,

establishing that the largest ensemble has a greater ability to discriminate 1 mm of rainfall.

The ROC graphs for discriminating 5 mm of rainfall display a small increase in area with

an increase in ensemble size, suggesting that a further increase in ensemble size would

increase the ability of the model to discriminate 5 mm of rainfall. The reliability of the

EPSs was tested with reliability diagrams, and these showed that in most cases there

was a trend of increasing reliability with an increase in EPS size. Notwithstanding the

small difference in skill, the general conclusion that can be drawn from the testing of this

hypothesis is that the largest EPS performed best in all verification scores.

The effect of spatial resolution on the performance of the EPSs was tested for the second

hypothesis. The RMSE graphs show that the errors in the high resolution forecasts are

less than in the low resolution forecasts. This result is particularly pronounced up to the

four-day lead time, where the high resolution EPSs have error far smaller than the EPSs

at low resolution. The ROC curves for 1 mm exhibit a considerable improvement from the

low and high resolution forecasts, with the high resolution forecasts showing an excellent

ability to discriminate 1 mm of rainfall. The 5 mm threshold ROC curves show this

same result, with the high resolution EPSs far out-performing the low resolution EPSs.

The reliability diagrams display a general trend of increase in reliability with increase in

spatial resolution, especially in the months of February 2009 and 2010, when the high

resolution EPSs have substantially better reliability than the low resolution EPSs. The

final result from this hypothesis is that the EPSs at high resolution outscored the low

resolution EPSs in every case.

The two hypotheses above provide the results that the largest sized EPS performs the

best when being assessed with the four chosen verification scores, and that the EPSs per-

form best at high resolution. It can therefore be concluded that the most successful EPS

was found to be the largest ensemble: Ensemble 4, configured at a high spatial resolution.
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In almost all cases, the largest ensemble at the highest resolution was found to outscore

all the others, and increasing the horizontal resolution provided greater improvement of

the forecasts than increasing the size of the ensemble prediction system.

The results from this work provide a great practical improvement in short-range nu-

merical weather prediction. Implementing large ensemble and high resolution EPSs will

result in a reduction in error, an increase in the ability to discriminate rainfall thresholds,

and an increase in reliability. In order to improve these scores even further, future research

should concentrate on creating a very large ensemble using perturbation techniques, and

increasing the spatial resolution to a very fine grid. Other verification scores could also be

studied, such as bias, in order see where the EPS could be further improved. A way to try

to improve the configuration of the CCAM in the future would be to introduce different

cumulus parametrisation schemes into the model and test whether they are more skilful at

resolving small-scale cloud systems. A different way to proceed would be to include this

EPS into a multi-model ensemble and contribute to a larger system of weather models.

This dissertation has contributed to the development of numerical weather prediction

systems in southern Africa, since the conclusions drawn on the size of the forecast ensem-

ble, and on the horizontal resolution required for improved weather prediction quality,

have paved the way in which future numerical weather prediction systems will be de-

veloped in the region. Before, a small number of integrations at fairly coarse resolution

were accepted as the standard, but now for numerical weather predictions to be improved

in South Africa, new initialisation strategies and best practices to increase the model’s

resolution should become a more prominent focus for future development in the field.
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