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Abstract 
Climate change has increased extreme weather events over the planet. The most robust 
changes in East Africa (EA) are for daily temperature and precipitation, where high-impact 
extreme values have become more common. The overall magnitude, seasonal distribution of 
precipitation and its inter-annual variability have been altered.  East Africa experiences some 
of the most severe convective storms in the world. They can come without warning and are 
becoming more frequent. These changes present significant risks to the vulnerable developing 
EA nations. There is still limited knowledge regarding the past, present and future patterns of 
climate extremes in East Africa and understanding these characteristics of climate extremes at 
regional and local scales is critical in developments of early warning systems and adaptation 
strategies. Improvements in recent climate models have enhanced our ability to simulate 
climate variability and extremes, however there are still limitations in accurately simulating 
regional climate conditions.  This study focuses on the analysis of daily precipitation, 
minimum, and maximum temperature characteristics, seasonal climatologies and their 
extremes using observed in situ data. In addition, this study assesses the capability of the Co-
ordinated Regional Climate Downscaling Experiment (CORDEX) Rossby Centre Regional 
Climate Model - RCA4, Regional Climate Model (RCM), to simulate the observed climate of 
the EA region.  

This study demonstrates the evidence of extreme weather events as a result of climate change 
in EA, and explores expected future changes. The results show that the RCM can reasonably 
simulate the main features of weather patterns over the region and is able to realistically 
capture the observed climatological patterns with some slight bias. Extreme indices of 
temperature and precipitation are also reasonably well reproduced. However, RCA4 showed a 
poor simulation of temperatures, especially minimum temperature. Further results on 
extremes showed an increasing trend in intensity and frequency of extreme precipitation 
(RX90p; Annual total precipitation from days > 95th percentile and RX20 Count of days 
when precipitation ≥ 20 mm) and increasing warm extremes while cold extremes are 
decreasing.   

Potential future changes in temperature and precipitation extremes were evaluated based on 
downscaled RCA4 Global Circulation Models (GCMs). The simulated changes in these 
extremes are for years 2046–65 and 2081–2100 relative to 1981–2000 under the 
Intergovernmental Panel on Climate Change (IPCC) Representative Concentration Pathways 
(RCP) 4.5 and 8.5 emissions scenarios. Increases (decreases) in warm (cold) extremes and 
increases in the frequency of intense precipitation events were projected.  Also, long-term 
observed changes in precipitation extremes including correlations to climate indices/large 
scale oscillations. Emphasis was on characterization of the changes in the extremes as such, as 
well as on understanding how they relate to changes in synoptic systems and teleconnections. 
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1 Introduction 
There is strong evidence that enhanced greenhouse effect will result not only in changes in the 
mean weather conditions, but also in increase of the variability of climate (IPCC, 
2012&2013). These impacts of climate change in East Africa (EA) have materialized through 
changes in extreme events such as prolonged droughts, floods, heat waves and storms that is 
likely associated with regional climate change (Funk et al., 2012). Changes in temperature 
extremes—including heat waves— and increases in heavy precipitation have also occurred 
over this time, but vary by region. This influence of climate change on climate extremes 
ranging from floods to drought is however not well understood (IPCC, 2013), especially in 
regions like East Africa whose weather patterns are highly affected by internal variability, 
such as the El Niño Southern Oscillation (ENSO) and Indian Ocean Dipole (IOD). 
Understanding low frequency multi-decadal and centennial climate variability in the vastness 
and uniqueness of the complex African terrain and climate systems over eastern Africa has 
also been challenging (Omondi et al., 2012).   It is widely supposed in climate science that 
monthly and seasonal averages often smooth over a lot of important information that 
characterizes the behavior of extremes that are usually responsible for severe impacts. 
Therefore understanding indices derived from daily data may objectively extract information 
from daily weather observations that answers questions concerning extremes that are 
becoming frequent over the region. 

Whether an extreme event results in extreme impacts on humans and social systems depends 
on the degree of exposure and vulnerability to that extreme (IPCC, 2012), Africa is 
considered to have greater impacts than other world regions, because of its higher 
vulnerability and lower adaptive capacity, (Boko et al., 2007). A number of studies  (Schreck 
and Semazzi, 2004; Anyah and Qiu, 2011) show that the countries in East Africa share 
pronounced climatic trends and variability and are vulnerable to extreme climatic conditions. 
These impacts threaten past development gains and constrain future economic progress and 
therefore understanding the changing risks of climate extremes is of particular importance in 
this study. Detecting and analysing severity of climate extreme is however hampered by lack 
of high quality data in the region (Omondi et al., 2014). Another aspect includes lack of 
research attention both in general and in the case of extreme event attribution. EA is, in many 
ways in need of scientific knowledge to provide solutions and assist its socio-economic 
development in cases of extreme event attribution. However, investment in science, 
technology, and innovation (STI) is in most cases a low priority for decision and policy-
makers including scientific institutions in the region have relatively weak infrastructures. 
Further challenges lie in understanding the climate of the continent which is controlled by 
complex maritime and terrestrial interactions that produce a variety of climates across a range 
of regions, e.g. from the humid tropics to the hyper-arid Sahel and Sahara deserts. 

A changing climate leads to changes in the frequency, intensity, spatial extent, duration, and 
timing of weather and climate extremes  (Meehl et al., 2007) that can result in unprecedented 
extremes.  It is increasingly clear that many African countries are already experiencing erratic 
impacts of climate change (Anyah and Qiu, 2012). For example, drought in the Greater Horn 
of Africa (GHA)  (Lyon and DeWitt, 2012) and floods (Anya and Semazzi 2006), which have 
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had severe negative impacts on key socioeconomic sectors of most countries in the sub-
Saharan region. Failure of consecutive rainy seasons in East Africa presents a major climatic 
shock especially to the predominantly rain-fed agriculture depended nations. These impacts 
have led to an upsurge in interest both from the scientific communities, policy makers and 
users to the risk of increased extreme climatic events. There is also a growing interest for 
climate change information on regional to local scales and at high spatial resolution.  

RCMs are suitable tools for the assessment of climate variability and change particularly with 
respect to high magnitude and intensity extreme events over heterogeneous regions such as 
EA where sub-GCMs grid-scale variations in topography, vegetation, soils, and coastlines 
have a significant effect on the climate (Endris et al., 2013) —The climate across East Africa 
varies from arid to tropical monsoon conditions—. Recent studies have proved that RCMs are 
able to generate high resolution, multi-model ensembles of future climate projections over 
Africa by downscaling output from GCMs (Anyah and Qiu, 2011; Nikulin et al., 2012; Endris 
et al., 2013; Omondi et al., 2014) to scales more suited to end users and are useful for 
understanding local climate and future changes in regions that have complex topography. 
Although there has been a marked increase in the number of RCM simulations globally 
(Alley et al. 2007); very few RCM studies have been performed over the East African region 
(Indeje et al., 2000; Anyah et al., 2006; Anyah and Semazzi 2006, Endris et al., 2013) 
especially on extremes. 

This study will review extreme weather events focusing on providing the most comprehensive 
analysis of observed temperature and precipitation extremes in EA and present illustrative 
examples of temperature and precipitation extremes in order to explore future extremes. The 
analysis will examine the spatial and temporal correlation between the occurrences of high 
intensity extreme rainfall events with several climate indices. They include ENSO, IOD, 
Quasi-Biennial Oscillations (QBO), and Southern Oscillation Index (SOI). This study also 
aims at assessing the performance of one of the CORDEX RCM  — latest version of the 
Rossby Centre Regional Climate Model - RCA4 — in simulating daily weather characteristic 
and daily extreme weather (precipitation and temperature) over EA. Statistical data analysis 
of the model and meteorological reanalysis data will be used for the study. Past RCA4 model 
data and meteorological reanalyses will be used to assess the performance of this CORDEX 
RCM in simulating daily extreme weather (precipitation and temperature).  

EA like most National Meteorological and Hydrological Services (NMHSs) around the world 
are generally aware of climate change, but find it difficult to include this notion and the 
available scientific results in their services and products. To improve the information services 
on extremes under climate change conditions these NMHSs should be able to identify and 
describe changes in extremes (WMO 2009). This thesis will therefore contribute to add 
knowledge on extremes in EA. 

The study will be structured as follows; Chapter 2 will give a brief description of the study 
area and background on extreme weather events in EA will be highlighted. A presentation on 
datasets used and methodology will be analysed in Chapter 3. In Chapter 4 results will be 
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presented and discussed. Finally in Chapter 5 key results are summarized and conclusion 
presented. 
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2 Background 
This chapter will present the background for the study area and extreme weather events 
relevant for this thesis will also be presented. The study area and the general weather 
characteristic for the region will be introduced in Section 2.1. Section 2.2 describes climate 
extremes over EA whereas Section 2.3 presents analysis on changing precipitation and 
temperature extremes with a focus on EA. 

2.1 Study area and its climate characteristic 
East Africa, the area astride the equator lying within 10°S –15°N, 28°E –50°E, is represented 
by 7 countries for this study. They are, Burundi, Ethiopia, Kenya, Rwanda, South Sudan, 
Tanzania and Uganda.  The study area has further been divided into 2 zones: northern part of 
EA (zone 1 (4°N –13°N, 30°E –43°E) and the southern part of EA (zone 2 (7°S –4°N, 28°E –
24°E). The zones have been divided based on their climatic characteristics. Zone 1 has 6 
representative individual stations while zone 2 has 15 representative stations (Figure 1). Most 
of the countries within the region have been classified as least developed where most of her 
people survive on less than a dollar per day (UNDP, 2004). 

The climate over EA is typically equatorial with high temperatures year round with little 
seasonal variation, especially closer to the equator. The highest temperatures are experienced 
in the drier regions towards the north and east. Particularly high temperatures are found in 
Eritrea and Djibouti (not included in the study) where average summer temperatures exceed 
30°C while the lowest temperatures are found in the high altitude regions of Ethiopia, Kenya 
and Tanzania, located in on the edges of the East African Rift Valley. Rainfall on the other 
hand in the region is highest in the high altitude areas (mountainous) and lowest in the north 
of the region; it increases southwards. For example the coast and the high ground areas in the 
south of the region typically receive more than 1200 mm a year. The climate across the region 
may therefore be summarized as varying from arid condition in the East and more humid 
condition to the west. This may be grouped into geographical/climatic zones including; the 
Savannah Lands covering most of the arid and semi-arid lands (ASAL) which comprises of 
regions in central and south Sudan, as well as a north-south transect running through central 
Ethiopia, Kenya (northeast) and Tanzania, the Coastal Margin, the Rift Valley, the Highlands 
and the Lake Basin regions. Other climatic zones also present include tropical rain-forest 
conditions in the Lake Victoria region of southern Uganda. The main factors affecting the 
climates experienced in East Africa include altitude, the proximity of the water bodies (warm 
Indian Ocean and the Lake Victoria basin), the migration of the Inter-Tropical Convergence 
Zone (ITCZ) and the location of dominant atmospheric high and low pressure systems  
(Daron, J.D. 2014) especially the subtropical high pressure zones (Azores and Siberian to the 
north and St.Helena and Mascarene to the South of African continent). The dynamics of 
Congo basin also influence to some extend weather patterns over East Africa. 

East Africa is characterised by mainly 2 rainy seasons, long rain season from March to May 
(MAM) and short rain season from October to December (OND). The rainy season however 



 Precipitation	and	temperatures	extremes	in	East	Africa	in	past	and	future	climate	
	

	 	 17	 	

	

varies, for example the regions north of the equator receives the majority of its rain during the 
boreal summer months (June to August) while area south of the equator receives the majority 
of its rain during the austral summer months (December to February).  Regions closer to the 
equator typically have two rainy seasons with peaks in rainfall in or around April and 
November. These peaks are particularly pronounced in the more arid regions (Daron, J.D. 
2014). The rainfall seasons have strong patterns of variability and extremes, which are mainly 
dictated by the seasonal migration of the ITCZ. The ITCZ is found near the equator during 
late March and late September (the equinoxes), moving north during the northern hemisphere 
summer and moving south during the southern hemisphere summer, bringing rains to the 
regions as it migrates that largely responsible for the bimodal rainfall pattern experienced 
MAM and OND. Other studied, and important, aspects that characterises the timings and 
magnitude of EA rainfall are global sea surface temperatures (SSTs), especially over the 
equatorial Pacific, Indian Ocean basins, and the Atlantic Ocean to some extent. ENSO in the 
central pacific and IOD over the Indian Ocean have been associated with extreme flooding 
and droughts events over EA (e.g. Indeje., 2000; Mutemi 2003; Nyakwada 2009). When the 
El Niño phenomenon prevails, the southern parts (zone 2) of EA receives above normal 
rainfall that may lead to floods especially during OND rainy season of the year while over the 
northern part (zone 1) warm ENSO episodes are associated with below-average June–
September rainfall e.g. Ethiopian Highlands (Seleshi, Y. and Zanke, U., 2004). In contrast, if 
La Niña is prevailing, the southern parts of the sub region normally experience a drier-than-
normal period between November and March.  The regions complex climate is generally 
characterized with wide variations across the region and strong seasonality. Inter-annual, 
inter-seasonal and variability of rainfall is also as a result from complex interactions of forced 
and free atmospheric variations. These include several synoptic systems such as monsoons, 
trade winds, tropical cyclones, subtropical anticyclones, easterly/westerly wave perturbations 
and the extra-tropical weather systems that influence the rainfall distribution. Research has 
also shown that there exists teleconnections between rainfall variability over the EA and other 
global climate indices such as QBO as in Ogallo et al., 1994 and SOI as concluded by early 
studies by Ropelewski and Halpert 1987 and Ogallo 1988.   

Another very important aspect of East African climate is the frequent recurrences of floods 
and droughts that bring about major socio-economic impacts.   The 1998   ̶ 2000 drought, for 
example, was estimated to have economic costs of $2.8 billion from the loss of crops and 
livestock, forest fires, damage to fisheries, reduced hydro-power generation, reduced 
industrial production and reduced water supply in Kenya (Stockholm Environmental Institute, 
Project Report, 2009). The 2010–2011, drought period, has been proved to be the worst in 60 
years, with more than 12 million people in need of emergency relief (CRS Report, 2012).  
The most recent drought exacerbated by recent 2015/2016 El Niño has directly affected the 
region especially the northern parts of EA, leading to an increase in food insecurity and 
malnutrition. As of May 2016, close to 19.8 million people in the region were facing critical 
and emergency food insecurity levels (FSNWG Report, 2016). This continues to be 
detrimental to the vulnerable region that is often faced with dire food security problems. 
Rainfall is one of the most important climate resources in East Africa because most 
economies and livelihoods rely mainly on rain-fed agriculture, which is highly vulnerable to 



 Precipitation	and	temperatures	extremes	in	East	Africa	in	past	and	future	climate	
	

	 	 18	 	

	

possible changes in precipitation. Change in climate is therefore likely to have severe impact 
on development and food production of agro-based economies of these vulnerable 
communities. Assessments by IPCC, 2007 showed that climate change is real and the poor are 
the most vulnerable due to the already high-level of vulnerability and low coping capacity 

Like most regions in African, East Africa has short and/or fragmented climate records, 
inadequate for the calculation of robust trends. They available data is however still valuable in 
providing a baseline for future analysis, as well as monitoring interannual climate variability.  

2.2 Impacts of extreme weather events in East Africa  
East Africa experiences some of the most severe extreme weather events in the world, which 
results in a high number of human fatalities. Hydro-meteorological events account for most of 
the disasters in the region, and they impact on nearly every country. These events include: 
floods and flash floods, droughts, heatwaves, wildfires, tropical cyclones and hurricanes, 
severe storms and dust storms.   

Figure 2 shows that drought and combinations of drought and hydro-meteorological hazards 
are the main causes of mortality and economic losses in sub-Saharan Africa (Dilley et al., 
2005). In the period 1975–2002, disasters of hydro-meteorological origin constituted 59% of 
the total number of natural disasters that occurred in sub-Saharan Africa (UN/ISDR, 2004), 
with floods accounting for 27%, droughts for 21%, windstorms (particularly tropical 
cyclones) for 9%, and wildfires for 1%.  These events interestingly accounts for 90% of the 
total number of people affected (Mulugeta et al., 2007). 

                             

Figure 1: Location of the region used in the study in Africa together with stations used in the study 
(see Table 1 for full names, the values of latitude and longitude for each station) 
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Table 1. Stations list (see Figure 1 for their exact location). 

      No   Station Name Station code Lat Lon   Period  

1.  Lodwar  63612  3.1  35.6  29-02-1960 — 30-08-2015 
2.  Moyale  63619  3.5  39.0  01-01-1935 — 25-09-1945 
3.  Mander  63624  3.9  41.9  01-01-1957 — 21-07-2011 
4.  Addis Ababa 63450  9.0  38.8  01-01-1958 — 31-08-2015 
5.   Jimma  63402  7.7 36.8  01-01-1953 — 31-08-2015 
6.  Diredawa 63471  9.6  41.9  01-01-1953 — 31-08-2015 
7.  Gondar  63331  12.6  37.4  01-10-1953 — 30-08-2015 
8.  Gore  63403  8.2  35.5  01-01-1953 — 31-08-2015 
9.  Juba  62941  4.8  31.6  01-01-1957 — 21-08-2015 
10.  Eldoret Ap 63686  0.4 35.2  02-02-1973 — 26-08-2015 
11.  Kitale  63661  1.0  35.0  01-01-1973 — 31-08-2015 
12.  Mwanza 63756  -2.5  32.9  01-01-1950 — 31-08-2015 
13.  Kigali  64387  -2.0  30.1  18-08-1974 — 31-08-2015 
14.  Garissa  63723  -0.5 39.6  01-01-1957 — 31-05-2015 
15.  JKIA  63740  -1.3 36.9  02-01-1957 — 31-08-2015 
16.  Dagoretti 63741  -1.3 36.8  14-11-1985 — 21-08-2015 
17.  Malindi  63799  -3.2  40.1  11-01-1973 — 25-08-2015 
18.  Mombasa 63820  -4.0  39.6  01-01-1957 — 31-08-2015 
19.  Tabora  63832  -5.1  32.8  01-01-1952 — 31-08-2015 
20.  Dodoma 63862  -6.2  35.8  29-02-1960 — 31-08-2015 
21.  Dar es Saalam 63894  -6.9  39.2  02-01-1957 — 31-08-2015 

Floods are among the most devastating natural hazards in EA, whereas flash floods are among 
the greatest hazards arising from extreme daily rainfall and severe storms. EA Africa has seen 
an increasing number of flashflood events in the recent past (e.g. massive flooding occurred 
in Nairobi-Kenya on 1st April 201 after 96mm of rain fell in 6 Hours). These events have been 
seen to cause mass loss of life and property, and promote the spread of diseases such as 
malaria and cholera. Secondary effects of these floods and flashfloods to the region include 
massive landslides. 

The recent El-Nino phenomenon (2015/2016) has had strong impacts over EA with several 
stations reporting over 50 mm of precipitation in 24 hours during the OND season 2015. 
Some of the ENSO impacts were experienced during MAM 2016 rainfall season. This 
brought about widespread flooding and landslides in nearly every country in the region.  
While the primary cause of flooding is abnormally high rainfall, it should be noted that there 
are many human-induced contributory causes such as: land degradation; deforestation of 
catchment areas; increased population density along riverbanks; poor land use planning, 
zoning, and control of flood plain development; inadequate drainage, particularly in cities; 
and inadequate management of discharges from river reservoirs (Mulugeta et al., 2007). A 
recent U.N. study found that a contributing factor to these events in the city of Nairobi in 
Kenya is increased population and very poor drainage networks.  
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Figure 2: Extreme weather/Disaster hotspots in Africa Source: Dilley et al., (2005) 

 
The arid and semi-arid lands (ASAL) of EA are among the poorest and most vulnerable 
regions of the world and susceptible to drought.  The drought has equally been devastating in 
the GHA with more than 8 million people being on the brink of starvation in the region 
(Kenya, Djibouti, Ethiopia, Eritrea, and Somalia) (UNICEF UK report, 2006 
(www.unicef.org.uk/emergency)). Further studies by Lyon and DeWitt and 2012, Funk et al., 
2013 also proves the impacts of severe drought over EA. In Kenya’s ASALs, drought is the 
most pervasive hazard, encountered by households on a widespread level. More than 3 
million pastoralist households are regularly hit by increasingly severe droughts. The Global 
Facility for Disaster Recovery and Reduction (GFDRR) estimated that the financial cost of 
drought in Kenya between 2008 and 2011 was estimated at U$12.1bn. Recently While some 
countries in EA - such as Kenya, Tanzania, Rwanda and Uganda were at risk of floods during 
the recent El Niño weather conditions - other nations including Ethiopia, Sudan, Eritrea and 
Djibouti experienced drier conditions. The UN Office for the Coordination of Humanitarian 
Affairs (OCHA) reported that 8.2 million people in Ethiopia were already in need of 
emergency food aid as of November 2015 while 40,000 people in South Sudan were already 
starving with tens of thousands more on the brink of famine (UNICEF, Jan 2016).  Other 
extremes such as heatwaves and wildfires account for less that 1% of disasters over EA.  

Recently the region had seen an upsurge of rare extremes such as frost, which has been 
greatly attributed to climate change. Frequent frosts, which are a result of abrupt sharp 
temperature gradients that attain the threshold temperature values for frost formation poses a 
significant threat to the regions agricultural communities especially the tea and coffee farmers 
over the Kenya and the Ethiopian highlands region.  This has caused millions of dollars in 
damage to for example frost attack on tea farms in Kenya’s West Rift region in 2012 affected 
222 hectares across six tea estates leading to an estimated loss of Sh32 million, according to 
the Tea Board of Kenya. Understanding prevailing temperature conditions before these 
thresholds are attained would therefore be of great assistance in forecasting frost occurrence 
in advance and thereby issue warnings for farm management purposes. It would also assist in 
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understanding and forecast the actual conditions which precede formation of frequent 
occurrence of hailstones around the highland regions for example aberdare region in Kenya 
which generally coalesce to form ice sheets in the form of snowflakes causing massive 
destruction of property and even deaths. Little research has been done to understand such 
extremes.  

 
 

 
Figure 3: An aerial view of a flooded village in, Kenya, where at least 18,000 people were displaced 

by floods. Flooding hit the region in 2006/2007, associated with a positive IOD and ENSO event. 
 

 

Figure 4: Left Panel: 2009 Drought over northern Kenya (source: Thomas Mukoya/Reuters) Right 
Panel: 2016,Ethiopia drought (source: MWC news) 
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2.2.1 Defining extreme weather 

The occurrence of extreme weather inevitably leads to questions about whether the frequency 
or intensity of such events has changed. Common understanding of an extreme event is based 
on the assumption that a “normal” state exists which is generally derived from a temporal 
series of observed conditions. As many aspects of climate are well represented by monthly 
means, most indices derived from daily data generally focus on extremes. Figure 5 shows a 
stylized representation of extremes (Zhang X, et al., 2011).  

The term “extreme” has been used in a wide number of formulations and contexts in many 
scientific literatures on climate extremes. It refers to events that may in fact not be all that 
extreme, such as the occurrence of a daily maximum temperature that exceeds the 90th 
percentile of daily variability as estimated from a climatological base period, or it may refer to 
rare events that lie in the far tails of the distribution of the phenomenon of interest (Peterson, 
et al., 2012). A characteristic of extremes is that they are understood within a context and thus 
seasonal or annual means may be “extreme” just as an unusual short-term event, such as a 
daily precipitation amounts —highly emphasized in this study—, may be extremes. Figure 6 
shows how the frequency distribution of an observed climatic parameter over a period of time 
and for a given point or area would be expected to vary around a mean value. An extreme 
event would also therefore be defined by a deviation from the mean with a low frequency of 
occurrence (Dankers and Hiederer, 2008). Definition can also be based on the impact of 
extreme events on society or environment; these involve human life loss, economic loss, 
damages to property and many others (Easterling et al., 2000).  

 

Figure 5: Probability distributions of daily temperature and precipitation; the higher the black line, 
the more often weather with those characteristics occurs. The shaded areas denote extremes (Zhang 

X, et al., 2011). 



 Precipitation	and	temperatures	extremes	in	East	Africa	in	past	and	future	climate	
	

	 	 23	 	

	

 

Figure 6: Idealized frequency distribution for event and distribution shift (Dankers and Hiederer, 

2008) 

2.2.2 Defining changes of extremes 

A changing climate leads to changes in the frequency, intensity, spatial extent, duration, and 
timing of extreme weather and climate events, and can result in unprecedented extreme 
weather and climate events (IPCC, 2012). These changes have significant impacts and are 
among the most serious challenges to society in coping with a changing climate which can be 
linked to changes in the mean, variance, or shape of probability distributions, or all of these 
(Figure 7).  A typical climate variable is presented in figure 7 (in this case the temperature). 
Some climate extremes (e.g., droughts) may be the result of an accumulation of weather or 
climate events that are not extreme when considered independently  
If there is a shift of distribution —change in the mean value—, then there will be a shift of the 
entire distribution toward a warmer climate (Figure 7a). For example in this case of an 
increase in mean there will be an increase in warm days and decrease in number of cold days.  
Effects of an increase in temperature variability with no shift in the mean imply an increase 
extremes at both tails of the frequency distribution curve (Figure 7b). However, this change in 
variance will affect rather more the frequency of extremes than the magnitude (Meehl et al., 
2000). When both the mean and the standard deviation change at the same time (Figure 7c), 
the probability of extremes at both sides will be affected, resulting in this example a change in 
asymmetry toward the hotter part of the distribution and fewer cold events. Other variables 
like precipitation are not normally distributed and therefore are much more complicated, for 
example the change in the mean may cause a change in the variance. 

2.2.3 Extreme event characterization  

This study will present extreme weather based on the IPCC 2012 definition of  ‘extreme 
climate or weather event’ or ‘climate extreme’ as “the occurrence of a value of a weather or 
climate variable above (or below) a threshold value near the upper (or lower) ends of the 
range of observed values of the variable”. E.g. when the frequency of the event occurring is in  
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Figure 7: Schematic diagram showing the effect of changes in temperature distribution on extremes: 
(a) effects of a simple shift of the entire distribution toward a warmer climate; (b) effects of an 

increase in temperature variability with no shift in the mean; (c) effects of an altered shape of the 
distribution, in this example a change in asymmetry toward the hotter part of the distribution. [IPCC, 

2013] 
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the 10
th 

or 90
th 

percentile. From the above definition, it is evident that extremes can be 
defined quantitatively in two ways: i.e. 1) Related to their probability of occurrence and 2) 
Related to a specific (possibly impact-related) threshold. This study will also analyze 
extremes based on core set of descriptive weather and climate indices on extremes defined by 
Expert Team on Climate Change Detection and Indices (ETCCDI) (Alexander et al., 2006; 
Caesar et al., 2006, 2010). The descriptive ETCCDI indices refer to moderate extremes that 
typically occur several times every year. 

As in Dankers R & Hiederer R 2008  incidence of extreme weather event will be determined 
by processing the climate parameters (for this case precipitation and temperature over EA) as 
part of a statistical analysis concentrating on three main aspects (thresholds 
(minimum/maximum), frequency and magnitude). For all the three aspects a change analysis 
between spatially diverse regions or temporally variable periods can be applied  

NMHSs around the world have been tasked to deal with practical questions on extremes and 
provide information services for climate change adaptation strategies (WMO, 2007a). Many 
NMHSs already provide practical information services on weather extremes, such as 
frequency and intensity tables for the occurrence of extremes and maps of return periods of 
extremes (average waiting times between the occurrences of extremes of a fixed size). EA 
through the World Meteorological Organization’s (WMO) Severe Weather Forecast 
Demonstration Projects (SWFDP) engages in the real-time prediction of hydro-
meteorological hazards/extremes. The Regional Meteorological Centre (RSMC) for EA 
analyses forecast information and provide Guidance forecast every day for the next 5 days on 
potential daily extremes/hazards including: heavy precipitation, strong wind and high seas 
and swell. A sample extreme weather intensity table for EA is provided below for day 1’s 
severe weather forecast.  

In order to provide more information about the geographical location of the extreme weather 
event the following convention has been adopted when filling in the cells; X for the whole 
country, N for the northern part, S for the southern part, W for the western part, C for the 
Central part, E for the eastern part and LV for the Lake Victoria Basin regions.  The table is 
usually provided following a guidance forecast image for the region and discussions follow 
up. See http://41.215.70.190/rsmc/index.php for more details. 

Based on this, the study will also employ extreme precipitation amounts with absolute 
thresholds based on the definitions of “extreme” as used by SWFDP-EA. It should however 
be noted that these hold under natural conditions.  

§ No risk  — <5mm 
§ Low risk — 5mm-20mm 
§ Medium risk — 20 - 50mm 
§ High risk  — >=50mm 
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Table 2: Sample guidance severe weather forecast Intenisty table for East Africa (RSMC, Nairobi) 

 

 
2.3 Analyzing changes in extremes 

2.3.1 Trends in extremes  

The change in a variable over a given period of time is often described with the slope of a 
linear trend. Statistical methods are used to estimate the trend, together with some measure of 
uncertainty (WMO, 2009). The term “trend” has been interpreted in number of contexts in 
many scientific literatures. The recent IPCC assessment reports defines the word ”trend” as a 
generally progressive change in the level of a variable. In this sense, “trend” refers to change 
on longer time scales than the dominant time scales of variability in a time series. However, 
the climate system contains variability at all time scales, and thus differentiating trend from 
low-frequency variability can be a challenge. The United Nations Framework Convention on 
Climate Change (UNFCCC) on the other hand defines trend as the portion of climate change 
that is directly or indirectly attributable to human activities, and variability to the portion of 
climate change at the same time scale that is attributable to natural causes. In this definition, 
trends can only be analysed in conjunction with formal detection/attribution of anthropogenic 
influences on climate. A pragmatic approach is therefore to calculate trends of extremes for 
any specified period regardless of cause. Trends are the simplest component of climate 
change and provide information on the first-order changes over the time domain considered 
(WMO, 2009). This is the approach that will be considered in the study. The probability of 
detecting a trend in any time series depends on the trend magnitude, the record length, and the 
statistical properties of the variable of interest, in particular the variance. 

It is important to focus on the less frequent but more severe weather and climate events that 
influence exposure and vulnerability to climate to better understand the impacts of historical 
climate variability and future climate change. A report by Climate Development Knowledge 
Network (CDKN 2012) summarizes the findings of (IPCC, 2012) for Africa. Table 3 and 4 
provides a summary of this information (see Box 3.1 in Chapter 3 of IPCC, 2012 for more 
information).   
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Table 3: Observed Trends in temperature and precipitation Extreme Events including dryness in 
regions of Africa since 1950, with the period 1961- 1990 used as a baseline CDKN (2012)

 

 
Table 4: projected changes in temperature and precipitation extremes, including dryness, in Africa. The 

projections are for the period 2071-2100 (compared with 1961-1990) or 2080-2100 (compared with 1980-2000) 
and are based on GCM and RCM outputs run under the A2/A1B emissions scenario CDKN (2012) 
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2.3.2 Observed changes 
Data availability is critical when examining changes in extremes of given climate variables 
(Nicholls, 1995) which has been a challenging factor over EA (Omondi et al., 2014) due to 
lack of high quality data in the region. Furthermore many EA countries do not freely 
distribute their higher temporal resolution data even where there is sufficient data. Despite 
this there are several studies examining changes in extreme temperature and precipitation over 
EA as presented in the subsequent sections. 

2.3.3 Changes in temperature  

Temperature is associated with several types of extremes, for example, heat waves and cold 
spells, and related impacts, for example, on human health, the physical environment, 
ecosystems, and energy consumption. In the region, rare extremes such as frequent frosts 
events, have been experienced in the recent past, which are a result of abrupt, sharp 
temperature gradients that attain the threshold temperature values for frost formation. These 
temperature extremes often occur on weather time scales that require daily or higher time 
scale resolution data to accurately assess possible changes.  

Trends in temperature extremes can sometimes be different for the most extreme temperatures 
(e.g. annual maximum (minimum) daily maximum (minimum) temperature) than for less 
extreme events [e.g. cold (warm) days (nights); Alexander et al., (2006)]. This is mainly due 
to the fact that ‘moderate extremes’ such as warm/cold days/nights are generally computed 
for each day with respect to the long-term statistics for that day, thus, for example, an increase 
in warm days for annual analyses does not necessarily imply warming for the very warmest 
days of the year. 
Regional and global analyses of temperature extremes on land generally show changes 
consistent with a warming climate at the global scale whereas only a few regions show 
changes in temperature extremes consistent with cooling. Based on the available evidence the 
IPCC 2012 report (IPCC, 2012) concluded that it is very likely that there has been an overall 
decrease in the number of cold days and nights and very likely that there has been an overall 
increase in the number of warm days and nights in most regions, that is, for land areas with 
data. Most of Africa however was insufficiently well sampled to allow an overall likelihood 
statement to be made at the continental scale because of Lack of evidence due to lack of 
literature and spatially non-uniform trends and data availability, although most of the regions 
on the continent for which data are available exhibited warming in temperature extremes (see 
Table 5 below). Regional studies over EA by Anyah and Qiu, 2012 and Omondi et al., 2014 
found that temperature trends indicate significant warming in temperature extremes over the 
region. Results showed increasing/decreasing trends in warm/cold extremes, with frequencies 
of warm days and nights increasing strongly, and a large increase in the number of nights per 
year exceeding the 90th percentile threshold from 1961–1990. Trends for the temperature 
indices for some selected countries in EA in comparison to global and other regional indices 
are shown in Table 5. Kenya and Ethiopia were used to represent the region, as there data 
coverage was relatively good. Recent study by  
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Table 5. Regional trends in temperature indices based on the time period 1955–2003. A trend 
significant at the 5% level is marked with bold font (from Omondi et al., 2014). 

 
Daron, J.D. 2014 confirms that temperatures across the region have increased by 1.5 to 2°C 
on average over the past 50 years with the greatest increase found in central regions of EA, 
particularly in South Sudan where increases in the March to August period exceeding 3°C.  

With the availability of high-resolution regional climate models there has been interest 
towards assessing the future developments in temperature and temperature extremes. Under 
various scenarios of climate change Future projections of temperature change shows a general 
significant increases across the region with local variations (see Table 4).  

The largest increase in temperature is projected for central and northern regions. Projected 
increases in average annual temperatures range from no change to 4°C by 2050, though model 
projections are subject to substantial uncertainties. Relatively high/low increases are more 
likely under a higher/lower greenhouse gas emissions scenario (Daron, J.D. 2014). 

2.3.4 Changes in precipitation 

As with global mean precipitation, climate model projections indicate that extreme 
precipitation will also increase. It is widely expected that global warming will lead to 
increased evaporation hence a higher intensity of water cycling. A warmer atmosphere is able 
to hold more water vapor and has a higher energy potential, implying that the intensity and 
frequency of extreme rainfall events will increase (Meehl et al., 2007). This increase in 
precipitation extremes may be greater than changes in the mean but does not rule out the 
possibility that periods of little precipitation in between get longer as well (Meehl et al., 
2007). Studies of extreme precipitation in EA have however been challenged by lack of data 
to substantiate these trends (Table 3). Generally rainfall trends over the past 50 years are less 
evident in EA than for temperature, and there are large variations in the frequency and 
magnitude of changes across the region.  Several modelling studies provide contrasting 
evidence in EA. Time series plots of Shongwe et al., 2011 over the region during the 20th and 
21st centuries and in each rainy season provided substantial evidence in support of an 
increasing trend. However results by Funk et al., 2013 and Omondi et al., 2014 were rather 
clear that over the region as a whole the precipitation trends were mixed.  In some locations, 
and for some seasons, an increase in rainfall is observed while a decrease in rainfall is 
observed elsewhere. In general, trends are weak (Daron, J.D. 2014).  
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3 Data and methodology  

3.1 Observed station data and quality control 
As previously noted the study focuses on the East African region that consists of the countries 
of the GHA (Burundi, Ethiopia, Kenya, Rwanda, South Sudan, Tanzania and Uganda (Figure 
1)). For this study, data was obtained from the National Oceanic and Atmospheric 
Administration (NOAA) Global Historical Climatology Network-Daily (GHCN-D) archive 
http://www.ncdc.noaa.gov/cdo-web/ for the period ranging from 01/01/1951–31/08/2015. 
Daily observed station data for maximum and minimum temperatures together with 
precipitation for a total of 21 stations from the 7 countries were employed in the analysis 
(Figure 1 (location of the station and Table 1(list of the station)).  

All of the GHCN-D data (metadata and data) are usually processed through an extensive and 
thorough series of quality control procedures to ensure erroneous values such as errors in 
manual keying; negative daily precipitation amounts have been removed and/or identified. 
The quality control for GHCN-D mainly consist of two parts:  

(1) Simple datum checks (e.g. correct format, impossible values, out of range values, etc.).   
(2) Statistical analysis of sets of observations to locate and identify potential outliers and/or 
erroneous data. (National Climatic Data Center (NCDC)-Data Documentation (2004). 
 
However some significant discrepancies (Outliers in daily EA precipitation data) were found 
in precipitation data sets. The later part of the data showed high variability with significant 
high values (>400mm) of precipitation per day noted. These are values outside the daily EA 
precipitation range even in extreme cases.  To ascertain the accuracy/validity or otherwise of 
this values, NOAA ‘s NCDC was contacted through ncdc.orders@noaa.gov. NOAA verified 
these values to be erroneous. For example a significant precipitation value of 351.5mm on 
2/13/2010 for Jomo Kenyatta International Airport (JKIA) station in Kenya was actually 
confirmed to be erroneous. There was a significant error in decoding the synoptic observation 
received on that day therefore, providing solid evidence to support rejecting this value. With 
this information at hand, a list of stations with values suspected to be erroneous based on local 
understanding of EA precipitation patterns were forwarded to NOAA-GHCN for them to be 
looked at and corrected if the suspicion was confirmed. However I was informed that such 
investigative research on data usually takes significant amount of time for conclusive report, 
which was not an option for the purpose of this study.  

Generally statistical tests were not applied to precipitation data analyzed but any obvious 
outliers, identified by careful examination of graphs and values were checked manually. This 
is in line with the fact that “statistical tests, local knowledge, an investigation of station 
histories or comparison with neighboring stations can all be applied to determine whether an 
outlying precipitation value is erroneous” Alexander.,et al. (2006).  It is particularly important 
to identify multiday precipitation accumulations that can appear erroneously in records of 
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daily precipitation (Viney and Bates, 2004). Since a report regarding ‘suspected’ erroneous 
values could not be acquired in time for this study, the ‘suspicious’ data (rainfall value with 
greater than 200 mm/day) were validated, set to missing value or corrected on the basis of 
subjective inspection of partial time series for the adjacent days at the same period with other 
years and by spatial comparison with those available from close neighboring stations. This 
was based on local knowledge of EA precipitation.  To be included in the analysis, time series 
need to be sampled for at least 30 years with less than 20% of missing/rejected values. The 
reference period of 1971 – 2000 was chosen to maximize the number of stations with 
available data for calculation of the percentile-based indices.  

In the case of temperature, the data time series had no significant statistical outliers and 
therefore no statistical test were applied as GHCN-Daily data undergo extensive and thorough 
series of quality control procedures. However despite the fact that most stations had 
temperature data available from as early as 1950’s there was more than 20% missing data for 
most stations in those earlier years. To be included in the analysis just like the precipitation 
data, time series need to have a homogeneous period of at least 30 years, ending no earlier 
than 1995 and contain fewer than 20% of missing/ rejected values. The reference period of 
1975 – 1994 was therefore chosen to maximize the number of stations with data available for 
calculation of the percentile-based indices and temperature extreme analysis.  

Of the 7 countries included in the study, Burundi and Uganda had no representative data time 
series, South Sudan and Rwanda had 1 representative station each available.  Kenya, Ethiopia 
and Tanzania had better representation of data time series falling within the 1971 – 2000 
period (Table 1).  

Generally, East Africa lacks high-quality observation data- sets at suitable temporal and 
spatial scales. Even in areas where sufficient data are available challenge still exists, as many 
EA countries do not freely distribute their higher temporal resolution data.  It is important to 
note that data from the KMS-Kenya was availed for this study, however since my study was 
focusing on EA and many EA countries do not freely distribute their higher temporal 
resolution data even where there is sufficient data, GHCN-D data was the best option. 

3.2 RCM data  

The study employs RCA4 one of CORDEX RCMs to analyze the distribution of extremes of 
precipitation and temperature over EA with an aim of assessing whether these RCM can 
provide realistic representation of the past and present climate extremes as observed by 
available in situ data. However the study intended to use various RCMs from different 
downscaling groups such as the 10 CORDEX RCMs used in Nikulin et al., 2012 and Endris 
et al., 2013 to study daily weather extremes as the study desired to understand the different 
downscaled results. Unfortunately these different RMCs (except RCA4) could not be made 
available due to challenges in accessing CORDEX-Africa data from the respective data 
centers so subsequently alternative RCMs were not available for inclusion in the analysis. 
This presented a major shortcoming for my intended study. The study therefore focused on 
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simulated daily precipitation and temperature data from RCA4. CORDEX; Giorgi et al. 2009, 
an initiative of the World Climate Research Programme (WCRP) aims at regional climate 
modelling evaluation and improvement, and provides a standardized framework in which 
projections made with different Coupled GCM participating in the Coupled Model 
Intercomparison Project—Phase 5 (CMIP5; Taylor et al., 2012) are dynamically downscaled 
by RCMs over selected continent-scale domains. This study focused on simulations over 
CORDEX- AFRICA domain (AFR-44: 0.44 degree (50 km) resolution). The downscaling of 
the GCM simulations for this study was performed with the latest version of the RCA4 for the 
whole African domain.  The study however focuses the EA region (10°S –15°N, 28°E –50°E 
(Figure 1) zone 1 and zone 2). The RCM included downscaled ERA-Interim Reanalysis 
(1980-2010) and 8 GCMs over EA, sampling both RCP4.5 and RCP8.5 climate change 
scenarios and running in transient mode for the period 1951-2100 (historical 1951-2005 and 
scenario 2006-2100). The data was obtained from IGAD Climate Prediction and Application 
Centre (ICPAC) - Data repository (http://197.254.113.174:8081/repository).  
The analyses presented in this study are based on daily data of maximum (Tmax) and 
minimum (Tmin) temperature and total daily precipitation. Table 6 shows the list of 
downscaled CMIP5 GCMs used. Model	data	limitations		

The data used in this analysis entailed one RCM produced at the Rossby Centre by dynamical 
downscaling of a subset of GCMs from the CMIP5 project.  However bias correction was not 
applied to the RCM as this was beyond the scope of this thesis. It is commonly known that 
GCMs suffer from some form of bias, which when downscaled or used as boundary 
conditions for RCMs may have negative impact on the simulations. Biases that may be 
acceptable at global scales are usually problematic for these downscaling applications to 
regional and extreme weather climate scales (Done et al. 2013, Bruyere C. L., (2014)). 
Bruyere C. L., 2014 presents different bias correction methods for high impact whether that 
would have been applied in this study. However data challenges (including late access to data 
used in my study) made it not possible to assess additional dynamical drivers to analyze 
biases in the RCM despite the desire to do so. Extrapolation of model biases from current to 
future time periods won’t therefore be included for the analysis of future extremes 

Table 6:  List of RCA4 downscaled GCMs used. 
Institute Model GCM Name  
ECMWF (UK) RCA4 Reanalysis/ERAINT 
CCCma (Canada) RCA4 CCCma-CanESM2 
MPI-M (Germany) RCA4 MPI-M-MPI-ESM-LR  
NCC (Norway) RCA4 NCC-NorESM1-M 
ICHEC (Europe)  RCA4 ICHEC-EC-EARTH 
MIROC (Japan) RCA4 MIROC-MIROC5 
MOHC (UK) RCA4 MOHC-HadGEM2-ES 
NOAA-GFDL (USA) RCA4 NOAA-GFDL-GFDL-ESM2M 
CNRM-CERFACS (France)  RCA4 CNRM-CERFACS-CNRM-CM5 
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A report by Colin Jones, 2014 published in http://www.smhi.se/en/research/ implied that bias 
evident in ERAINT is substantially reduced by RCA4 downscaling in terms of precipitation 
over Africa as compared with temperature, which on average, shows a large-scale cold bias 
that is also reflected in the ensemble mean. RCA4 was also found not to be so sensitive to the 
driving GCMs and simulates similar precipitation climatology when driven by different 
GCMs.  

3.3 Analyses and methodology 

3.3.1 Descriptive indices of extremes  

To gain a uniform perspective on observed changes in temperature and precipitation extreme 
in EA, a total of 27 indices, based upon recommendations of the ETCCDI were calculated 
using Python programming language for this study. These indices were chosen primarily for 
assessment of the different aspects of a changing global climate with respect to 
maximum/minimum temperatures and precipitation extremes, including changes in 
frequency, intensity and duration. Many of the indices use locally defined thresholds, making 
it easier to compare results over a wide region. In addition to the core sets of 27 indices, 
additional absolute extremes indices have been defined that are more specific for adaptation 
needs of EA. The indices are primarily based on regional level thresholds calculated over a 
base period, such as the cold nights TN10p (the number of days with daily minimum 
temperature below the 10th percentile of daily minimum temperatures) and warm days TX90p 
(the number of days with daily maximum temperature above the 90th percentile of daily 
maximum temperatures) which are relevant for comparing changes in heating and cooling 
demands. These indices allow straightforward monitoring of trends in the frequency or 
intensity of events, which, while not particularly extreme, would nevertheless be stressful. 
However, some precipitation indices are based on values of absolute extremes, such as the 
highest five-day precipitation amount in a year (RX5day). They also provide metrics that can 
be used to assess the ability of regional climate models to simulate moderate extremes. 
Projected changes in these indices are indicative of future climate change in extremes. Most 
of the indices used are essentially anomalies from the same base period. It should however be 
noted that some precipitation indices could potentially be dominated by those stations with 
the greatest precipitation, as those stations may see precipitation vary from year to year by 
more than the total annual precipitation at stations with the least total precipitation (Aguilar et 
al., 2009). Table 7 lists the indices presented in this study while detailed descriptions of the 
indices and the exact formulae for calculating them are available on the ETCCDI web page 
(http://etccdi.pacificclimate.org/list_27_indices.shtml).  It should also be noted that for this 
study the indices with an asterisk (*) in Table 7 were modified to meet the extreme and 
adaptation needs of the region. For example instead of RX10 and RX20 to define very heavy 
and very heavy precipitation respectively, the absolute thresholds set by WMO’s SWFDP to 
define heavy precipitation over EA was used (see Section 2.2.3).  RX3day was used in place 
of RX1day and R95p was replaced with R90p to define very wet days when annual total 
precipitation from days is greater than the 90th percentile. Statistical analysis of daily-
observed station data set was performed using Python programming language. 
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Table 7: The Extreme Temperature and Precipitation Indices Recommended by the ETCCDI (Some 
User Defined Indices are Not Shown) 

 ID  Indicator name  Indicator Description     Units 

TXx  Max Tmax   Monthly maximum value of daily max (TX) temperature ◦C  

TNx   Max Tmin   Monthly maximum value of daily min (TN) temperature ◦C  
TXn   Min Tmax   Monthly minimum value of daily max temperature  ◦C  

TNn   Min Tmin  Monthly minimum value of daily min temperature ◦C  
TN10p   Cool nights   Count of days where TN < 10th percentile   % 
TX10p   Cool days   Count of days where TX < 10th percentile  % 
TN90p  Warm nights   Count of days where TN > 90th percentile  % 
TX90p   Warm days   Count of days where TX > 10th percentile  % 

DTR   Diurnal temp range  Mean difference between TX and TN    ◦C  
GSL    Growing season length  Annual count of days between first span of at least six days   days 

where TG (daily mean temperature)>5◦C and first span in  

second half of the year of at least six days where TG<5◦C  

FD   Frost days   Count of days where TN < 0 ◦ C    days 
SU  Summer days   Count of days where TX < 25 ◦ C   days 

TR   Tropical night   Count of days where TN > 20 ◦C    days 
ID   Icing days  Count of days where TX < 0 ◦C     days
  
WSDI   Warm spell duration indicator  Count of days in a span of at least six days where  days 

TX > 90th percentile 
CSDI  Cold spell duration indicator  Count of days in a span of at least six days where  days 

TN > 10th percentile  
RX1day*  Max 1-d precipitation   Highest precipitation amount in 1-d period   mm 
RX5day  Max 5-d precipitation   Highest precipitation amount in 5-d period   mm 
SDII   Simple daily intensity index Mean precipitation amount on a wet day   mm 
R10*   Heavy precip days  Count of days when precipitation ≥ 10 mm days   days 
R20*   Very heavy precip days Count of days when precipitation ≥ 20 mm days   days 
CDD*   Consecutive dry days  Maximum length of dry spell (precipitation < 1 mm)  days 
CWD   Consecutive wet days  Maximum length of wet spell (Precipitation ≥ 1 mm)  days 
R95p*   Very wet days   Annual total precipitation from days > 95th percentile  mm 
R99p   Extremely wet days  Annual total precipitation from days > 99th percentile   mm 
PRCPTOT   Annual total wet-day  precipAnnual total precipitation from days ≥ 1 mm  mm  
*Full definitions are available from http://etccdi.pacificclimate.org/list_27_indices.shtml 

3.3.2 Trends in climate indices of extremes 

Simple trend estimates for the standardized indices provide some insight into changes in 
extremes due to non-stationarity (WMO, 2009). The indices allow as described in 3.1 above 
allow for straightforward monitoring of trends in the frequency or intensity of events, which, 
while not particularly extreme, would nevertheless be stressful. The trends in the climate 
indices therefore provide relevant information for comparison, for instance trends in R95p is 
relevant for comparing changes in the changes in demands on better drainage and sewerage 
systems at different locations especially in urban setting of EA that are frequently flooded. As 
described in the WMO guidelines on Analysis of extremes, Conceptual analysis of trends will 
consists of the following steps:  
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(a) Identifying the extreme case, for instance, very wet days in the daily precipitation series 
using a site-specific threshold calculated as the 95th percentile at wet days in the 1961–90 
period;  
(b) Determine the percentage of total precipitation in each year that is due to these very wet 
days;  
(c) Calculate the trend in the time series of these yearly percentages.  

3.3.3 Area averaging  

Two different regions divided based on their climatic characteristic (zone 1 and zone 2 
(Figure1 1)) were analyzed for both precipitation and temperature datasets. Regional averages 
of each zones time series were calculated starting with the accumulated mean of all the 
available observed station precipitation and temperature data in the area. The results were 
used for indices calculation, which were essentially anomalies values of the regional averages 
from a given base period. The regional averages were not computed for those years with 
fewer than three time series available, which creates a few gaps in the regionally averaged 
time series.  

The indices are calculated using anomalies from the same base period and therefore easily 
averaged together by the zones. This is because the precipitation indices could potentially be 
dominated by those stations with the greatest precipitation, as precipitation over EA vary 
from season to season and also by location (regions north of the equator receives the majority 
of its rain in the months of June to August while area south of the equator receives the 
majority of its rain during the months of December to February. To determine whether this 
was the case in these two regions, precipitation data averages were calculated by first getting 
the accumulated mean then calculating the seasonality of EA precipitation which was 
obtained using Day of Year (DOY) mean approach over the data period (climatology). 
Seasonal climatology of the two zones was found. Results herein were then used to calculate 
deviation (anomaly) from the daily mean hence deseasonalized anomaly.  

Indices and trends for each zone average were then calculated by adapting the ETCCDI 
definitions. To avoid biased estimates indices were not calculated for series with excessive 
missing values.  

3.3.4 Indicators of change in temperature extreme  

Temperature varies between locations, seasons, throughout the day and over years constantly. 
Accordingly, temperature conditions are represented as values observed at a specific place 
and time, as a statistical summary value over space or time or as a combination of both. 
Extreme temperature events indicators were generally derived from the parameters specifying 
temperature conditions by analyzing the statistical distribution of the parameter over repeated 
observations based on the ETCCDI indices.  
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Indicators of change in temperature are mainly based on deviations from mean values or from 
frequently occurring conditions. In this study the indicators used to characterize the changes 
in temperature will be based on the ETCCDI definitions. The Changes in the occurrence of 
extreme events will also defined following the ETCCDI definitions.  These changes are 
calculated based on the daily series of Tmin and Tmax. Indicators for extreme temperature 
events computed are:  

• Percentile based indices which include occurrence of cold nights (TN10p), 
occurrence of warm nights (TN90p), occurrence of cold days (TX10p), occurrence of 
warm days (TX90p),  

• Absolute temperature indices that represent maximum or minimum values within a 
period of time. They include maximum daily maximum temperature (TXx), maximum 
daily minimum temperature (TNx), minimum daily maximum temperature (TXn), 
minimum daily minimum temperature (TNn). 

3.3.5 Indicators of change in precipitation extremes  

To assess the changes in precipitation patterns and extremes, a number of indicators were 
calculated, based on the ETCCDI definitions (Table 7). Some of these indicators are based on 
fixed thresholds while others are percentile based and derived from the frequency distribution. 
As noted earlier some of the indicators were also modified accordingly to meet the extreme 
and adaptation needs of the region 

For this study the following indicators were used to define extreme precipitation  

• Percentile based indices. 
• Absolute Precipitation indices e.g. R10, R20 
• Cumulative statistical values e.g. RX1day. RX5day  

 

3.3.6.1 Percentile based indices 

Extremes precipitation based on percentile were modified for this analysis e.g. R90p was 
described as very wet day (flood threshold) days when the annual total precipitation was 
greater than the 90th percentile while R10p defined dry days (drought threshold) annual total 
precipitation was less than the 10th percentile.  R95 was used as a basis for extremely wet 
days. 

3.3.6.2 Absolute threshold  

The thresholds used here were based on the definitions as used by World Meteorological 
Organization (WMO) Severe Weather Forecasting Demonstration Project for Eastern Africa 
(SWFDP- EA), that provides guidance forecast for the region whose main aim is to issue 
warnings of severe weather at a good lead-time for disaster risk reduction. This is done at the 
Regional Specialized Meteorological center (RSMC) in Nairobi, Kenya in conjunction with 
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the Region Forecasting Support Centre (RFSC) in Dar es Salaam, Tanzania. SWFDP-EA is 
responsible for 7 countries namely Burundi, Ethiopia, Kenya, Rwanda, Tanzania, South 
Sudan and Uganda. These are same countries included in the study It should however be 
noted that these thresholds will hold under natural conditions and alterations by way of 
settlement patterns or land use changes by man and any changes may make some locations 
extremely risky with amounts less than the thresholds indicated e.g. a build up area is likely to 
be at risk of flash floods even with low amounts of rainfall due to the fact that the surface is 
concrete and concentrates all the rainy waters, etc. Also these thresholds vary from one season 
to the next. The thresholds used were as describe in Section 2.2.3. 

 

3.3.6.3 Cumulative statistical values  

This is based on rolling/moving sum. Here we are interested in the sum of mean precip for 
current day plus the next 2 days, if the sum is greater than 100mm, then this could be a signal 
for potential medium to high risk for flood, If the sum is greater than 50mm but less than 100 
this could be termed as low flood risk but rolling sum of less than 50mm is at no risk of 
flooding. The study focused on values greater than 50mm that would have significant 
impacts. 

3.3.6 Model analysis 

Several criterions were adopted to assess the ability of RCA4 one of CORDEX RCMs to 
simulate EA precipitation patterns and temperature. First the ability of the RCM to reproduce 
the mean daily precipitation and temperature climatology was assessed. Comparison was 
made between the observed and simulated daily mean precipitation climatology over each 
region to examine the ability of RCA4 to capture the spatial and temporal distribution of these 
weather patterns.  The annual cycle of rainfall and temperature, area averaged for each region, 
was computed for both observed and simulated data to determine how well the RCM capture 
rainfall seasonality in the respective regions. Emphasis is placed on determining the extremes, 
trend and the variance explained by each model. The second criterion assesses the ability of 
the RCM to capture the influence of the large-scale climate circulation patterns—
teleconnection—on regional weather. The other criterion analyses future changes in the 
temperature and daily precipitation extremes for the past and future based on the 8 CMIP5 
GCM simulations performed with the latest version of the RCA4 (Table 6). These extremes 
are expressed in terms of 20-year return values of annual extremes. The simulated changes in 
extremes are for years 2046–65 and 2081–2100 relative to 1981–2000 under the IPCC 
RCP4.5 and RCP8.5 emissions scenarios.  

3.3.7 Model data validation 

To validate RCA4 model, ERA Interim reanalysis dataset was used to check the downscaling 
capabilities of RCA4 over EA region. A comparison of the RCA4 ERA-Interim Reanalysis 
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datasets with the station observations was made. The model day to day to interannual 
variability, mean climatology and seasonal cycle were validated against the available 
observational station datasets.  It should be noted that the available observed station data were 
assumed to represent the weather scenario of the whole region. While this assumption may be 
okay for zone 2 which had a good representation of station data, this may have some 
challenges for zone 1 with fewer representative station data (see Figure 1) for fair validation 
of the model. The need to use model data was therefore necessitated by the fact that as in 
Nikulin et al., 2012 observations over most African nations poses great uncertainty in their 
surface climate observations and therefore use of RCA4 provided lots of information to fill 
the observation gaps in EA data especially precipitation data for Zone 1.  

Daily-observed temperature and precipitation extreme indices were assessed against the 
RCA4 model data. This was done to validate the model capabilities to simulate daily extremes 
hence ascertain whether the model can to some degree of accuracy be used to predict future 
extremes under the different emission scenarios  
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4 Results and discussions 

4.1 Temperature; Historical patterns 
Results of the analysis of the temperature data are presented below in separate sections for 
variations in temperature and occurrence of extreme events, with special emphasis on the 
modelled rate of incidence of these extremes in the scenario period. The daily maximum and 
minimum temperatures from simulation and observations are presented in this section  

4.1.1 Temperature characteristics based on observations 

A first impression of the characteristics of the temperature data over EA was drawn from 
plotting the temporal and spatial distribution of the accumulated mean maximum 
temperatures (Tmax) and minimum temperatures (Tmin) for each zone averaged over the 
period 1973 to 2015 from station observed data and RCA4 ERA-interim reanalysis model 
simulations. The result is graphically presented in Figure 8.  The graph shows diurnal Tmax 
and Tmin for zone 1 and 2 with their uncertainity values calculated as Standard Error of the 
Mean (SEM). 

Standard Error of the Mean (SEM) =  

Over in zone 1 the mean Tmax vary from around 19 °C to just over 38 °C while Tmin varies 
from 14°C to 31°C. In zone 2 Tmax vary from around 20 °C to just over 38 °C while Tmin 
varies from 15 °C to 31°C for the case of station data. For RCA4 model data Tmax ranged 
from 24°C to 38°C while Tmin ranged from 13°C to 25°C over zone 1. The differences in the 
mean and variation of daily temperatures between station and model data were quite notable 
as the model failed to reproduce the temporal distribution of temperatures maxima and 
minima values (Figure 8) especially for Tmin. As in the plotted time series the model fails to 
capture the high peak Tmin events.  This difference could probably be a consequence of the 
low density of observing stations data in this region and to the interpolation procedures used 
to obtain grid box values for the model data. This may also be explained by the fact that in 
RCA4 shows a large-scale cold bias in Africa’s temperature data as confirmed in the report by 
Colin Jones 2014 in (http://www.smhi.se/en/research/). Generally the model reproduces the 
temporal variation of Tmax and Tmin in both sub regions but do exhibit some biases. The 
results also do not show significant increase or decrease in mean daily temperature for the 
period observed for both station and model data and the explanation is from the fact that the 
most common indicator for expressing a long-term temperature change is based on the mean 
annual temperature. 

For further analysis those years with significant gaps in their daily datasets were exempted 
from the analysis. As clearly seen in Figure 8, zone 1 had extended period of missing data 
from 2000. The variations of mean daily temperatures are presented in Figure 8.  
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Figure 8: Time series of mean daily Tmax (red) and Tmin (blue) in East Africa and temporal 
comparison between station observed datasets and RCA4 ERA-Interim Reanalysis datasets (black) 

over (top) Zone 1 and (bottom) Zone 2 

Probability density functions (PDFs) of daily Tmax and Tmin from observations and RCA4 
model over the two selected sub-regions was analysed to gives an overall illustration of how 
the model reproduce the intensity distribution of events. The total number of rainy events 
normalizes the frequency values on the y-axis. The distribution results confirms the findings 
from the analysis of mean daily characteristics of temperature that RCA4 does not reproduce 
the lower tail end events found in observed station data for Tmax while overestimates the 
higher tail ends. For Tmin the model fails completely to capture the higher tail ends of events 
(Figure 9). Generally RCA4 does not produce the most extreme events found in the observed 
station data and shows significant shift in the mean frequencies of occurrences.  
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Figure 9: Probability density functions (PDFs) of daily Tmax (left panel) and Tmin (right panel) over 
(top) Zone 1 and (bottom) Zone 2 as depicted from station observed (blue) and RCA4 ERA-Interim 

Reanalysis data (red).  (Note difference in X-axis scale) 

Temperatures over the sub regions also show distinct seasonal variation. The mean seasonal 
temperatures are analyzed below to examine the model behavior on temperature simulation 
during the year. In both sub-regions, estimates from RCA4 exhibit very similar seasonal 
evolution of the temperatures (Tmax and Tmin) pattern as in the station data sets, although 
significant differences can be noticed. For example Tmin somewhat underscores the 
magnitude of temperature throughout the whole year for both zones while Tmax is 
overestimated in zone 1 but in zone 2 there is a very slight difference. The large-scale cold 
bias expected in RCA4 Africa’s temperature data explains the large difference of Tmin in 
both zones. Generally the warmest days over both zones as expected were found to be during 
the boreal spring with mean daily maximum temperatures exceeding 32 °C. The coldest days 
of the year are observed during boreal summer with mean daily minimum temperatures 
varying from just below 17 °C to about 18 °C. Come Autumn the temperatures rise slightly 
but not to the magnitude of spring values. Temperature indicates that model performance is 
better in summer for Tmax over both sub-regions. The development of the 30-day moving  
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Figure 10: Mean annual cycle of temperature Tmax and Tmin over (left panel) zone 1 and (right 
panel) zone 2. A comparison between stations observed (Tmax) red, (Tmin) blue and RCA4 ERA-

Interim Reanalysis data (Tmax) magenta, (Tmin) cyan. 

average indicates lowest Tmin mean temperature is between the months of June and July 
while the highest Tmax value are recorded in the month of February. The variation of mean 
daily maximum and minimum temperatures day by day of the year, from observations along 
with model values are presented in Figure 10. 

4.1.2 Temperature extreme indices  

The adjusted, daily time series of Tmax, Tmin were examined to see if there have been any 
statistically significant temporal trends over the period 1973-2015.  When averaged over the 
region (zone 1 and zone 2) almost all of the temperature indices show significant changes 
over the analysis period.  

4.1.2.1 Absolute and percentile-based temperature indices  

Although the definitions of the percentile- based temperature indices are calculated in percent, 
the summary statistic to determine the trend based on defined statistical extreme threshold 
were converted into day count for ease of understanding. This was defined by intensity the 
frequency plots.  The indices identified following the ETCCDI definitions, for instance, the 
numbers of cold and warm nights were calculated as (see Appendix): 

10. TN10p, cold nights: count of days where TN < 10th percentile Let TNij be the daily 
minimum temperature on day i in period j and let TNin10 be the calendar day 10th percentile 
of daily minimum temperature calculated for a five-day window centred on each calendar day 
in the base period n (1973-2002). Count the number of days where TNij < TNin10.  

12. TN90p, warm nights: count of days where TN > 90th percentile Let TNij be the daily 
minimum temperature on day i in period j and let TNin90 be the calendar day 90th percentile 
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of daily minimum temperature calculated for a five-day window centred on each calendar day 
in the base period n (1973-2002). Count the number of days where TNij > TNin90. The 
period’s j was represented by one year in length. Figure 11 represents the calendar day 10th 
and 90th percentiles for Tmax and Tmin with both station data and RCA4. Using the above 
criteria, percentile thresholds of averaged daily temperatures from observations and model 
were computed based on their anomaly values. Once again it was inherent that performance in 
minimum temperature was relatively poor over the region and the underestimation of 
minimum temperatures by the model is further prove indicating models cold bias over EA. 
Since errors in the simulation of minimum temperatures were not analyzed for this study 
further analysis on extremes excludes the model data for Tmin. However subsequent analysis 
will include the maximum temperatures, which is better simulated over both sub regions as 
compared to minimum temperatures.  The results of maximum temperatures essentially reveal 
from the analysis of extreme indices that over both sub-regions RCA4 does produce the most 
extreme events found in observed station data but shows larger frequencies towards more 
warm days (TX90p) events and less cold days (TX10p) in zone 1. Over zone 2 the extreme 
tail ends are well represented. The poor simulation of temperatures especially minimum 
temperature over the region could be due to model deficiencies in representation of 
topography and surface physics over EA.  

Previous studies suggest that high resolution RCMs require a dense observation network for 
their evaluation. This has been a challenge for the EA region, which had inadequate station 
data to represent spatial heterogeneity. 

Here, the changes in extreme weather events associated with warm days (TX90p), cold days 
(TX10p), warm nights (TN90p) and cold nights (TN10p) over the 2 zones in EA are 
presented. Determination of whether there have been changes in mean daily extreme 
temperature intensity and frequency averaged per annum over the period was enabled by the 
above percentile criteria. The averaged changes in extreme temperatures and the number of 
extreme temperatures for each year from observations and model are computed and presented 
in Figure 12 and 13 respectively. To examine how the model reproduced the trends in the 
observed station data in warm to cold days and warm to cold nights in the region, a time 
series analysis was made of spatial mean TX90p, TX10p, TN90p and TN10p over zone 1 and 
2, which are an indication of whether there are observed changes. From this Figure it is 
evident that there are deviations between observations and model values both in zone 1 and 
zone 2. A simple linear trend analysis is performed to indicate decadal variation to examine 
the trends in extremes. The results in zone 1 show a small increasing trend in warm extremes 
in terms of intensity (i.e. magnitude) while there is no clear trend in the cold days extremes, 
however there is a notable decreasing trend in the cold night temperatures from 1973-2000.  
On the other hand in zone 2, there is generally no clear trend in terms of increase or decrease 
of day and night temperatures. The result as in Figure 13 does include model results for 
minimum temperature extremes. And as already noted, the model overestimated the warm 
days (TX90p) in maximum temperature, an indication of a warm bias especially over zone 1. 
The model also did not have a clear trend in terms of whether warm and cold extremes 
magnitude will change.   
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Figure 11: Histogram showing the percentage of the total distribution for the normalized anomalies of 
RCA4 ERA-Interim Reanalysis data (black) and observed station data Tmax (red, left panel), Tmin 
(blue, right panel) over (top) Zone 1 and (bottom) Zone 2; The vertical lines shows the mean, 90th 

percentile and 10th percentile for station data and model data. (Note difference in X-axis scale) 

While the intensities of extreme temperatures did not give a clear trend, analysis of their 
frequency showed that warm extremes are increasing while cold extremes decreasing, thus 
clearly indicating significant warming (Figure 14). Zone 2 was mainly used for comparison 
purposes since its data coverage was relatively good. However it can still be noted in zone 1 a 
clear increasing trend in warm days from 1974-1990. The same pattern is also realized in zone 
2 in the TX90p and TN90p index, that is, frequency of days and nights warmer than the 90th 
percentile respectively are increasing. The frequency of days and nights colder than the 10th 
percentile on the other hand is decreasing. In general, over the entire region, the frequency of 
warm days and warm nights has increased, and the frequency of cold days and cold nights has 
decreased. This agrees with the results from other studies that have analysed these trends 
globally and locally (Alexander et al., 2006, Trenberth et al., 2007, Caesar et al., 2010, 
Omondi et al., 2014). It should however be noted that trends in these extremes over the study 
region exhibited smaller magnitudes that other parts of the world. 
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Figure 12:  Time series for (left panel) warm days, (right panel) cold days intensity and a comparison 
between station observed (red) and RCA4 ERA-Interim Reanalysis data (black); broken line indicates 

decadal variations over (top) zone 1 and (bottom) zone 2. 

 

Figure 13:  Time series for (left panel) warm nights, (right panel) cold nights intensity; broken line 
indicates decadal variations (Indication of trend) over (top) zone 1 and (bottom) zone 2. 
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Figure 14: Indices for warm extremes TX90p & TN90p and cold extremes TX10p, TN10p over (top) 
zone 1 and (bottom) zone 2 showing the resulting time series frequency for the index .The broken lines 

indicate decadal scale variations. (Indication of trend) 

Values of absolute temperature extremes indices, such as TXx, TXn, TNx and TNn for 
minimum daily minimum temperature and minimum daily maximum temperature Figure 15 
were also analysed in this study.  However further analysis to exhibit their trends were not 
analysed as larger errors are likely because of the sensitivity of these particular indices to 
spatial coverage (Alexander et al., 2005). Therefore these indices defined for the entire EA 
could potentially be sensitive to the large variability in these indices across the region. The 
percentile indices, which are more robust across large regions because they account for the 
influence of local climate effects, were therefore relied upon as the base for conclusion of 
likelihood of increasing (decreasing) warm extremes (cold extremes) over East Africa. 

Figure 15:  Values of absolute temperature extremes indices (left panel) Zone 1, (right panel) zone 2 
based on observed station data. 
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4.1.2.2 GCM simulations of temperature extremes  

Changes of cold and warm daily temperature extremes for each model are estimated for the 
historical period (1951–2005) simulated by the 8 downscaled GCM. Regional (zone 1 and 
zone 2) average for the period is given with respect to the 20-yr values of 1981–2000 warm 
and cold extremes. Results herein are limited to regionally averaged statistics simulated by 
individual models, together with the multimodel ensemble mean. They are represented by 
colored curves, one curve for each ensemble member and their ensemble mean.  Each 
ensemble member is plotted separately to ascertain the uncertainty that arises due to the 
interannual variability of annual extremes in the historical period, as compared to model-to-
model differences. Like in the observed and reanalysis result (Section 4.1.2), analysis of 
simulated RCA4 (GCMs) employed similar percentile-based temperature indices to analyze 
extremes (warm days (TX90p), cold days (TX10p), warm nights (TN90p) and cold nights 
(TN10p)).  

The downscaled GCMs predicted spatial and temporal variation of mean annual extremes for 
the historical period, which show good agreement with the observations. The results, Figure 
16 and 17 showing time series analysis of area averaged annual frequency by each individual 
model and their ensemble mean of TN90p and TN10p confirms the observed (Figure 14) 
statistical significant increase in the numbers of warm extremes and a statistically significant 
reduction in the numbers of cold extremes in both sub-regions of EA. Results of TX90p and 
TX10p (Figure not shown) depicted similar trend, that’s the frequency of warm days, is 
increasing while cold days are decreasing over EA. Generally the models indicated that 
changes in the numbers of warm (cold) days and night are a clearly indication of significant 
warming.  Result of magnitudes/intensity of these extremes (Figure not shown) did not show 
any significant changes however an increasing bias.  
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Figure 16: TN90p (warm nights) averaged annual Tmin as simulated by 8 RCA4 GCMs and their 
ensemble mean (top) zone 1 and (bottom) zone 2 

 

Figure 17: TN10p (cold nights) averaged annual Tmin as simulated by 8 RCA4 GCMs and their 
ensemble mean (top) zone 1 and (bottom) zone 2 
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4.1.3 Future temperature projections  

Projections of extreme temperatures as simulated by 8 RCA4 downscaled GCMs and their 
multimodel ensemble mean is documented in this section showing several extreme 
temperature indices. Changes in warm and cold temperature extremes in years 2046–65 (near-
term) and 2081–2100 (long-term) are determined relative to the 1981–2000 for RCP4.5 and 
RCP8.5 warming scenarios. 

The temperature extremes analyses for the two RCPs show similar warming trends until the 
end of the century. RCP85 shows greater warming towards the end of the century as a result 
of increasing GHG emissions as compared to RCP45.  The average minimum temperature 
(Tmin) is projected to increase by ~2°C and ~3°C for RCP45 and RCP85, respectively while 
that of maximum temperature (Tmax) projected to increase by~1.5°C and~2°C for RCP4.5 
and RCP8.5, respectively for East Africa.  

Regarding projections of these extreme temperatures, the two RCPs noted that warm episode 
are projected to increase while cold episodes were projected to decrease significantly in both 
sub-regions (zone 1 and zone 2) of EA, in the future warmer climate.  Generally hot days and 
warm nights were projected to become more frequent and cold days and cold nights projected 
to become much less frequent.  Similar findings have been reported in a number of previous 
studies (Alexander et al., 2006, Trenberth et al., 2007, Kharin et al., 2007). Figures18 and 19 
shows projected annual changes in the frequency of warm and cold extremes for 2046–65 and 
2081–2100 with respect to 1981-2000, based on the ensemble average of 8 GCMs 
contributing to the CMIP5. The changes are expressed in units of average number of days 
with their standard deviations. Over the long-term, the temperature extremes for both Tmax 
and Tmin projections diverge considerably due to differences in emission pathways between 
the two RCPs. These results confirm CDKN (2012) summary of the findings by IPCC 2012 
on projected changes to temperature extremes in EA		
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Figure  18: Projected annual changes for daily Tmax for 2046–65 and 2081-2100 with respect to 

1981-2000 over East Africa, based on multimodel mean of 8 RCA4 downscaled GCMs. (left panel) 
changes in number of warm days (right panel) changes in number of cold days computed for the 

annual time scale and  (top) RCP45 (bottom) RCP85. 

 

 
Figure 19: Projected annual changes for daily Tmin for 2046–65 and 2081-2100 with respect to 1981-
2000 over East Africa, based on multimodel mean of 8 RCA4 downscaled GCMs. (left panel) changes 
in number of warm nights (right panel) changes in number of coldnights computed for the annual time 

scale and  (top) RCP45 (bottom) RCP85. 
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4.2 Precipitation: Historical patterns 
The analysis of the precipitation data was done at a similar spatial grid like that of 
temperature but at different temporal scale. The observed station datasets were used to 
drive/validate the RCA4 model to simulate extreme precipitation events over the region. This 
section addresses the changes in the indicators of precipitation and precipitation variability 
over EA. First, changes in daily and seasonal precipitation and precipitation variability will be 
discussed. Changes in extreme precipitation events and the duration of dry spells are analysed 
afterwards.  

4.2.1 Precipitation characteristics based on observations 

Figure 20 shows the time series daily mean precipitation over EA’s zone 1&2 as observed 
together with their uncertainties given by the standard error mean. The temporal distribution 
of precipitation shows the variability of precipitation, which can be described at various 
scales. The analysis focused on day- to-day and inter-annual variability. As in Figure 20, the 
mean daily number of wet days (SDII defined as daily precipitation amount on wet days, 
when (RR ≥ 1mm)) in the observed and model data set are shown. While the number of wet 
days may be decreasing over much of the region, the average daily precipitation intensity is 
generally increasing. For example in many parts of EA – northern Kenya and parts of 
Tanzania –Count of days when precipitation ≥ 1 mm days are become less frequent, but there 
are more occurrences of intense rainfall. In some of these areas this higher intensity 
compensates for the decrease in the number of rain days, resulting in little change in the 
monthly, seasonal and hence annual rainfall amount. An example is a station in Northeastern 
Kenya  (Figure not shown) where in December 2014; out of the total 109.8mm received, 
88mm was received on one day 1st of December, the remaining 2.4mm, 18.3mm and 1.1mm 
were received on the 3rd, 7th and 8th December respectively. The remainder of the days in 
December 2014 received no rainfall and the total 109.8mm surpassed the monthly long term 
mean (LTM). Both the extreme precipitation frequency and intensity are on the rise, which 
explains the strong increase of the annual precipitation amount in this region and the need to 
study daily extremes. 

There is a sharp rise in the total daily precipitation around 2000 – 2015 especially over zone 
2. This is however not clearly evident in zone 1 as there were major data gaps in the daily 
observed station data from 1999 -2005.  This rise could be attributed to global warming which 
leads to more evaporation and a higher intensity of water cycling implying an increase in 
precipitation intensity. Changes in the daily precipitation variability can be seen from the time 
series plot below. It is rather very clear over both regions that while RCA4 reproduces quite 
well the temporal variability, the model underestimates the high intensity precipitation 
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Figure 20: Time series of mean daily precipitation Intensity in East Africa and temporal comparison 
between station observed (blue) and RCA4 ERA-Interim Reanalysis data (red) over (top) zone 1 and 

(bottom) zone 2 

To further assess the overall pattern of the EA rainfall the overall performance of RCA4 
model in reproducing precipitation intensity distribution of events, an analysis of the 
probability density functions (PDFs) of daily precipitation from observed station dataset and 
the model over the two sub- region (zone 1 and zone 2) was performed. A histogram was 
constructed based on the frequency distribution (Figure 21). The general results indicate that 
most observed daily rainfall data are in the moderate ranges and although there are cases of 
extreme precipitation occurring they are rare.  

The distribution results also confirms the findings from the analysis of mean precipitation 
characteristics in both zones that RCA4 does not reproduce the extreme precipitation tail end 
events found in observed station data and shows larger frequencies of low to moderate 
precipitation ranges. While the highest amount of mean daily-observed rainfall for zone 2 is 
96.0mm, the highest amount in model’s analysis is only 14.4mm. The cause of these 
differences can be due to the fact that the model data is the average of a larger geographical 
extent hence a large grid point events, which may not capture localized condensation-
convergence feedbacks that may be captured and represented by the observed data sets. 
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Figure 21: Probability density functions (PDFs) of daily precipitation events in a Zone 1 (left panel) 
and Zone 2 (right panel) depicted from observed station data and RCA4 ERA-Interim Reanalysis, 

(Note difference in X-axis scale) 

Or may be from a fact that most of the climate models are known to overestimate convective 
rainfall and underestimate large-scale rainfall during the wet seasons, but generally 
underestimate both convective and large-scale rainfall in the dry and transition seasons (Yin, 
Lei, et al., 2013) 

Like temperature, the analysis of daily EA precipitation depicts the distinct seasonal variation 
with zone 1 having a unimodal precipitation characteristic implying 1 peak rainy season in the 
year during the months of June to September (JJAS) while zone 2 has bimodal characteristics 
with 2 peaks during MAM and OND. Simulated and observed station annual cycles of 
precipitation over zone 1 and zone 2 are presented in Figure 22. In both sub-regions, the 
CORDEX RCA4 ERA-Interim Reanalysis exhibits that it replicate reasonably well the 
observed broad scale precipitation pattern, specifically the precipitation climatology pattern 
although slight differences can be noticed. For example over zone 1 the model captures the 
wet peaks but the amounts are underestimated over throughout the year. Over at zone 2 the 
model unarguably captures the peak during MAM while underestimating the intensity; during 
OND the model captures peaks earlier than the peak from the observed station data. This 
resonates with Endris et al., 2013 study that most CORDEX RCMs models poorly reproduce 
the OND rainfall peak. 
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Figure 22: Mean annual cycle of rainfall over (top) Zone 1 and (bottom) Zone 2 from observed station 
data and RCA4 ERA-Interim Reanalysis data. 

Overall, the model shows a realistic representation of East Africa mean precipitation patterns, 
although dry biases appear throughout the domain. Despite the notable shortcoming RCA4 in 
underestimation of rainfall intensities this demonstrates the added value of the high-resolution 
RCMs. 

4.2.2 Extreme precipitation indices  

The observed daily precipitation extreme indices were assessed against the RCA4 model data. 
The mean daily extreme indices (described in Section 3.3.6 above) are mainly analyzed for 
the whole period. 

4.2.2.1 Percentile-based indices 

Figure 23 shows extreme precipitation events distribution as defined based on statistical 
values of daily anomalies and percentile. The extreme thresholds follows recommendations of 
the ETCCDI but slightly modified for this study. The black curve represents observed station 
values while the red curve represents the model data sets. Values greater than anomalies 
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values of 6.2mm and 6.1mm for zone 1 and 2 respectively for R90p range were described as 
very wet day —flood threshold amounts—while those less than -3.5mm and -2.6mm for zone 
1 and 2 respectively for R10p were described as very dry days and possibly drought threshold 
figures with the observed station data. Anomalies values in R90p in model data sets were 
1.5mm and R10p -2.2mm for zone 1. For zone 2 the values ranged from 0.1mm for R90p and 
-3.3 for R10p. Results shows as seen with other indices that RCA4 model reproduces the 
observed general pattern for percentile based extreme; however the model underestimates the 
magnitudes and does not capture tail ends of these extremes. The model piles the distribution 
within the mean ranges. In zone 1 there is a great difference in the mean value of occurrences. 
This could be due to deficiencies of RCMs in representing convection including the diurnal 
cycles and also precipitation represented mostly by daily timescales doesn’t capture hourly 
extremes (Kendon et al., 2008).  Some evidence also shows that current models underestimate 
recent observed trends in heavy rain as seen in RCA4 representation of extremes in the 
region. A comparison between observed and simulated extreme precipitation suggests 
therefore the observed intensification of heavy precipitation events over EA is due possibly to 
human-induced increase in greenhouse gases.  

Results from this percentile distribution enabled determination of whether there is an increase 
of the extreme precipitation intensity (i.e. precipitation during wet days only (R90p) and dry 
extreme (R10p), Figure 24) and frequency (i.e. the integer count of days with precipitation 
higher R90p; Figure 25) in days averaged per annum over the period and obtained from 
observation and model datasets. The precipitation intensity time series is provided with their 
uncertainity values and decadal scale variations. The wet precipitation extremes (R90p) tend 
to increase more than the average dry precipitation extreme (R10p). The development of the 
moving average seems to indicate a significant increasing trend recent years from 1990 than 
seen in the dry extreme for zone 2. 

  

Figure 23: Histogram showing the percentage of the total distribution for the normalized anomalies of 
RCA4 ERA-Interim Reanalysis data (red line) and Observed station data (black line); Blue and yellow 

vertical lines shows the mean, 90th percentile and 10th percentile for station data and model data 
respectively. 
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This is as depicted by station observed datasets. The model does not give a clear trend in both 
sub regions and significantly underestimates magnitude of both R10p and R90p.  

 

 

Figure 24: R90p (left panel) and R10p (right panel) Extreme precipitation Intensity. The broken lines 
(green for station data and black RCA4 ERA-Interim Reanalysis data) show the decadal trend over 

(top) zone 1 and (bottom) zone 2. (Note difference in scales) 

The R90p
 
denotes the highest 10% of the daily rainfall amounts while R10p denotes the 

lowest 10 % of the daily precipitation amounts. To avoid biased estimates, station level trends 
were not calculated for series with excessive missing values as in the case of zone 1. 
Generally the upper end of the precipitation intensity (extreme rainfall) appears to be 
increasing with no clear trend for the dry extremes especially over zone 2. As the intensity 
increases so is the frequency of extreme high rainfall totals (R90p) while dry extremes are 
seen to be on a decreasing trend (Figure 25). The results herein are is in agreement with 
IPCC, 2012 report that frequency of heavy precipitation or the proportion of total rainfall 
from heavy rainfalls will increase in the 21st century over many areas of the globe 
particularly the tropical regions.  
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Figure 25: R90p and R10p Extreme precipitation frequency. The line is an indication of decadal trend 
over (top) zone 1 and (bottom) zone 2 for station data (red) R10p, (blue) R90p and RCA4 ERA-Interim 

Reanalysis (black) R10p, (green) R90p. 

4.2.2.2 Absolute Precipitation indices 

Figure 26 shows the patterns of extreme precipitation events based on absolute indices as 
defined by WMO-SWFDP in East Africa (Section 2.2.3). Also here strong increases can be 
seen across the region of heavy precipitation. RX20 index defined as very heavy precipitation 
(Count of days when precipitation ≥ 20 mm days) following the ETCCDI definitions is 
represented here by medium-high risk events. It should however be noted that high risk as 
defined by WMO-SWFDP in East Africa is given by count of days when daily precipitation is 
≥ 50 mm. Figure 26 shows the mean precipitation intensity (i.e. precipitation during wet days 
only) and their risk thresholds for the sub regions using station data only. Results show that 
medium-high risk precipitation extremes are more pronounced in the recent years than the 
average precipitation intensity preciously in both zones. 
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Figure 26: Extreme precipitation based on absolute thresholds of observed station data over (top) 
zone 1 and (bottom) zone 2 

The statistical summary of the analysis of extreme precipitation based on absolute thresholds 
for observed station data clearly shows that the heavy precipitation both in terms of low risk 
and medium-high risk (RX20) per annum are becoming more common in the recent years 
after 2000 (Figure 27).  As with the percentile-based indices results herein confirms that while 
the average extreme precipitation intensity is generally increasing, their frequencies are also 
on an increasing trend in the region, especially in the zone 2. The frequency in number of 
days has been normalized per annum. As a consequence, the risk of dry extremes shows a 
slight decreasing trend in these areas as well.  As a result of this as in Figure 28, the duration 
between consecutive extreme precipitations events are seen to be on a declining trend in the 
recent years, confirming increasing frequency of heavy precipitation. The duration plot shows 
the number of days until the next extreme/heavy precipitation event. The model dataset 
reproduce the observed general temporal pattern but underestimates the magnitude of the 
indices and does not give a clear trend as one resulting from observed station data.  
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Figure 27: Time series of low risk (left panel) and medium-high risk (right panel) extreme 

precipitation intensity, a comparison from observed station data (blue) and RCA4 ERA-Interim 
Reanalysis data (green). The broken lines show the decadal trend over (top) zone 1 and (bottom) zone 

2. (Note the difference in scales) 
 

 

 

 



 Precipitation	and	temperatures	extremes	in	East	Africa	in	past	and	future	climate	
	

	 	 60	 	

	

 

 

Figure 28:Average duration (return period) of extreme precipitation low risk events (left panel) and 
medium-high risk (right panel) events over (top) zone 1 and (bottom) zone 2 based on observed station 

data 

4.2.2.3 Cumulative statistical values  

Changes in longer periods of extreme precipitation events are illustrated in Figure 29 by the 
daily maximum 3-day rainfall sum (RX3d) and 5-day rainfall sum (RX5d), i.e., the maximum 
amount of precipitation falling in 3 and 5 consecutive days respectively. For RX3d, if the sum 
of precipitation is greater than 100mm, then this could be a signal for potential medium-high 
risk for flooding and low risk if greater than 50mm but less than 100mm. The same thresholds 
were used for RX5d. The explanation for this is that, while the 1-day extreme precipitation 
amounts characterize short-term, convective rainfall events, the 3-day and 5-day sum is more 
related to synoptic weather systems (Frei et al., 2006).  Further analysis on this is based on 
those thresholds that are deemed extreme and hence potential total sum of events to bring 
about floods. The result on the frequency of these events is shown in Figure 30. Also here a 
strong increase in frequency of extreme precipitation can be seen across the region especially 
in recent years over zone 2 indicating increasing risk of heavy precipitation totals. It should 
however be noted that the conclusion here is based on results for zone 2 as zone 1 had 
significant data gaps. 
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Figure 29:  Changes in longer timescale Extreme Precipitation event represented by (left panel) RX3d 
and (right panel) RX5d based on observed station data over (top) zone 1 and (bottom) zone 2. 

4.2.2.4 Dry and wet spells  

Figure 31 shows the patterns of CWD (maximum number of consecutive days with rainfall 
intensity ≥1 mm/day and CDD (maximum number of consecutive days with rainfall intensity 
<1 mm/day) averaged over the study period using daily precipitation data from zone 2. Zone 
1 output has not been presented here due to significant data gaps, thus zone 2 is used to 
represent the region. First, the analysis of return period i.e. the number of days between the 
last dry days was compared with that of wet days. The annual average of these days was then 
determined to ascertain the changes in annual maximum number of consecutive dry and wet 
days. Results showed that while the annual average return period for dry days were generally 
increasing, the return period of wet days were decreasing in many parts of the region, 
especially zone 2 for both station and model data. As a consequence, the risk of wet spells i.e. 
CWD were increasing while CDD was on a declining trend as seen by the decadal moving 
average in the region. This is illustrated in Figure 31 by duration between last events of CDD 
and (or) averaged per annum over the period 1953-2015 for the observed station data and 
1981-2010 for model data. The largest increases are seen from 2000 for the mean duration 
since previous CDD.   
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Figure 30: RX3d (left panel) and RX5d (right panel) flood risk precipitation frequency over (top) zone 
1 and (bottom) zone 2. 

 

Figure 31: Mean annual return period of consecutive dry days  (CDD) and consecutive wet days 
(CWD) for observed station data (blue) CDD, (red) CWD and RCA4 ERA-Interim Reanalysis data 

(green) CDD, (black) CWD. The broken lines indicate the decadal running mean over zone 2. 
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4.2.2.4 GCM simulations of precipitation extremes  

The daily extremes fields for the historical period simulated by the 8 downscaled GCMs 
(Table 6) is presented in this section.  The spatial distribution of the mean annual precipitation 
as simulated by the GCMs in the historical runs together with the downscaled ERA-Interim 
Reanalysis is shown in figure 32. The simulation seems realistic and shows a clear influence 
of the orography.  The historical estimates show that most of the region receives at least 1 
mm/day precipitation. The largest rainfall amounts occurring over Ethiopian highlands and 
Kenya’s Central Highlands including parts of lake Victoria basin region, high rainfall totals 
are also seen over the Congo basin region. 

The precipitation extreme changes were defined based on precipitation events exceeding a 
specified threshold (RX10 and R95p (see Table 7)).  The two measures are generally very 
similar for changes in precipitation extremes presented below.  Like the reanalysis the GCMs 
underestimates the high intensity precipitation events as compared with observations. While 
some stations in the region record up to 100mm of precipitation per day, the multimodel 
ensemble mean for both zones had its highest amount at 13mm/day.  It is therefore very likely 
that, there will be under-prediction of future daily extremes by the models in the region. This 
further proves weak precipitation extremes over EA in RCA4’s downscaled GCMs is perhaps 
due to deficiencies of RCMs in representing convection including the diurnal cycles and also 
precipitation represented mostly by daily timescales (Kendon et al., 2008). Kharin et al., 2005 
also showed that the dependence of the magnitude of precipitation extremes on the spatial 
resolution in different models is generally weak especially over the tropics. This is somewhat 
interesting as in several modelling studies; models tend to project higher precipitation 
amounts in East Africa (Tebaldi et al., 2005, Tumbo et al., 2010, Shongwe et al., 2011, 
Otieno and Anyah 2013)  

Several curves in Figure 33, one for each ensemble member and their multimodel ensemble 
mean represent the different GCMs. It is evident that the differences in averaged extreme 
(intensity and frequency) between individual models are small.  While in zone 1 there was no 
clear trend in the RX10 extremes zone 2 showed an increasing annual trend upto 1993 and 
thereafter a decreasing trend with respect to the reference period of 1981–2000(Figure 33).  
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mm/day 

Figure 32: ERA-Interim Reanalysis annual mean precipitation for 1980-2010 and differences 
compared to the individual RCA4 simulations. 

 
Figure 33: RX10 averaged annual precipitation extremes intensity as simulated by 8 RCA4 GCMs and 

their ensemble mean (top) zone 1 and (bottom) zone 2 
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4.2.3 Future precipitation projections  
The projected changes in extreme precipitation over EA relative to the historical (reference) 
period (1981–2000) vary between the two RCPs.  Although there were no clear trends of 
increases in the number of heavy precipitation events in the historical period, results show 
that it is expected that heavy precipitation events, i.e. the frequency of heavy precipitation or 
proportion of total precipitation from heavy precipitation, would increase. Analysis of these 
future precipitation changes was also defined based on precipitation events exceeding RX10 
and R95p (see Table 7) thresholds. The average projections show larger heavy precipitation 
frequencies increases in zone 2 (~1% and ~2 % in the near term for RCP45 and RCP85 and 
~1% and ~3% in the long term for RCP45 and RCP85, respectively Figure 35).  

Despite the significant increase in percentage of days with precipitation above the R95p and 
R10 indices of daily wet day precipitation, the projected changes in intensities (mm/day) by 
the RCA4 downscaled GCMs for the near term and long term for both RCP45 and RCP85 did 
not show significant variations based on the GCMs ensemble average (Figures 34). This 
could be due to the fact that the downscaled GCMs failed to capture daily extremes tail ends 
as compared to observations. Generally the models project an increasing trend in the 
frequency of extreme precipitation under the 2 RCPs over EA with no clear trend in 
precipitation intensity. Figure 36 shows the time series RX10 projected annual precipitation 
extremes intensity. 

Future projections of precipitation in EA however have been proved to be uncertain/varying 
considerably and model projections provide contrasting evidence with regards to future 
impacts in the region Daron, J.D. (2014). Therefore, while results herein projects a likelihood 
of increasing trend in heavy precipitation frequency, these projections are subject to 
substantial uncertainties and further studies will provide sufficient evidence to support this. 

  
Figure 34: Projected annual changes for daily precipitation for 2046–65 and 2081-2100 with respect 
to 1981-2000 over East Africa, based on multimodel mean of 8 RCA4 downscaled GCMs for changes 
in mean daily precipitation intensity higher than 10 mm (left panel) RCP45 and (right panel) RCP85. 
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Figure 35: Projected annual changes for daily precipitation for 2046–65 and 2081-2100 with respect 
to 1981-2000 over East Africa, based on multimodel mean of 8 RCA4 downscaled GCMs. (left panel) 
RCP45 and (right panel) RCP85 for  (top) percentage of days with precipitation higher than 10 mm 

(bottom) percentage of days with precipitation higher than 95th percentile. 

 

Figure 36: RX10 projected Averaged annual precipitation extremes intensity precipitation for 2046–
65 and 2081-2100 with respect to 1981-2000 over East Africa as simulated by 8 RCA4 GCMs and 

their ensemble mean (top) zone 1 and (bottom) zone 2 
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4.3 Teleconnection  
The interannual variability of precipitation in EA results from complex interactions of forced 
and free atmospheric variations. These include interactions between several large-scale 
climate indices including ENSO, IOD, SOI and QBO. Relative to the long rains season 
MAM, the short rains season (OND) in zone 2 have been proved to have substantial 
association with these climate indices while June to September (JJAS) for zone 1; and they 
have been linked to extreme precipitation. The extent to which these indices influence the 
seasonal precipitation totals over EA has been widely studied (Ropelewski and Halpert 1987, 
Ogallo 1988, Ogallo et al., 1994, Goddard and Graham 1999,Indeje et al. 2000; Mutemi 
2003, Seleshi and Zanke 2004, Nyakwada 2009 among others) 

The teleconnection associated with East African precipitation and climate indices will 
therefore be presented in this section. The ability of EA RCA4 ERA-Interim reanalysis 
simulations in capturing teleconnection signals was assessed to show to which extent the 
model captures these teleconnections. Correlation between the occurrences of high intensity 
extreme precipitation events with the climate indices was determined. Each index analysis 
was performed separately to examine how well they are able to translate the teleconnection 
signal on observed high intensity rainfall.   
 
In order to have better understanding of both the seasonal mean patterns and the intra-
seasonal variability in the rainfall correlations with the various climate indices, both the mean 
seasonal and monthly anomaly patterns were analysed.  To quantify the statistical relation 
between the climate indices and RCA4 model, correlation analysis was carried out using the 
indices and JJAS mean rainfall anomalies for zone 1 and OND mean rainfall anomalies for 
zone 2. Similar periods were equally used for the climate indices including observed station 
dataset for comparison. 

For positive phases of ENSO (El Niño) and IOD, rainfall anomalies tend to be positive 
(although some weak negative values are present) during OND over zone 2, suggesting an 
increase in precipitation while during negative phases of ENSO and IOD, most rainfall 
anomalies are negative.  On the other hand, the negative phases of ENSO (La Niña) and IOD 
events imply positive precipitation anomalies increase of rainfall over zone1 during JJAS.   

The statistical correlation method captures the phase relation —time series Figure 37—
between RCA4 ERA-interim reanalysis, observed station data and ENSO and SOI over zone 
1 during JJAS season and ENSO and IOD for zone 2 during OND season. The model is able 
to correctly capture the observed El Niño peak (e.g. 1982 and 1997) and also realistically 
simulate La Niña peaks (1983 and 1998). It also arises that the model closest to the 
observations scores evenly in reproducing the different phases for all indices represented in 
each zone. However for better understanding of the nature of IOD and ENSO influences on 
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short rains (OND) over zone 1 and ENSO and SOI influence during JJAS season, it is 
important to check the amplitude variation particularly during the extreme years. 

Different sets of linear regression statistics (correlation coefficient (rvalue), slope, and p 
value) are shown, for the correlation between the model and large-scale climate indices Figure 
38. The results of the scatterplots of linearly detrended JJAS precipitation anomalies show 
response of zone 1 RCA4 ERA-interim reanalysis precipitation to the JJAS ENSO, IOD, SOI 
and QBO. The analysis also shows correlations between the station observed precipitation and 
precipitation during the extreme years to reveal the situation as it is in comparison with model 
output. Model results showed a negative precipitation correlation over zone 1 with ENSO, 
IOD and QBO while a positive correlation was evident with the SOI index, which was in 
agreement with observation. This indicates that during El Niño events rainfall is suppressed 
over zone 1 during JJAS. The regression statistics summary (shown in the scatter plots) 
should be noted. 

 

 

Figure 37: Standardized time series plot showing the relationship between rainfall (observed station 
data and RCA4 ERA-Interim Reanalysis with ENSO and SOI over (top) zone 1 during JJAS season 

and ENSO and IOD for (bottom) zone 2 during OND season. 
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Figure 38: Scatterplot of JJAS (left panel) RCA4 ERA-Interim Reanalysis, (middle panel) station 

observed precipitation anomalies and (right panel) anomalies during the extreme precipitation years 
averaged over zone 1 against the JJAS averages of Climate indices (ENSO, IOD, QBO and SOI). 

Linear regression statistics (correlation coefficient, slope, and p value) are shown 
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Results showed higher correlation magnitudes of these indices with station observed data 
during extreme years than the general observed data sets, an indication of relative influence of 
the indices on the rainfall extremes over the region. While the correlation coefficient of 
ENSO and RCA4 model events indicated a relatively strong linear relationship (r-value = 
0.73) the p-value (3.30) was way greater than the significance level of 0.05, therefore we can 
say this gives an inconclusive evidence about the significance of the association between the 
variables. Of the 4 indices used ENSO and SOI gave better correlation results and both 
simulated and observed results showed negative (positive) rainfall anomalies for ENSO (SOI) 
during JJAS over zone 1.  As a result RCA4 can simulate the negative rainfall anomaly and 
their extremes quite well, which is also a mirror image of La Nina impacts. This finding is in 
agreement with previous study by Endris et al., 2013 on the ability of CORDEX RCMs in 
capturing teleconnection signals over EA. Other climate indices like SOI, which gave better 
correlation than ENSO should be used as predictors over zone 1. This results affirms earlier 
conclusions by Farmer (1988) and Hutchinson (1992) that rainfall prediction schemes based 
solely on ENSO do show much skill in eastern Africa and they independently identified that a 
portion of interannual variability were predictable from the SOI index alone. 

Results on the influence of these indices over zone 2-precipitation anomaly were done using 
the OND seasonal averages as shown in Figure 39.  As in zone 1 the RCA4 ERA-interim 
reanalysis model data and extreme precipitation correlated closely with the indices and were 
in agreement with observed rainfall values. Results showed a positive precipitation 
correlation of RCA4 ERA-interim reanalysis with ENSO, IOD and QBO which was 
agreement with observation, an indication that most parts of zone 2 receive normal to above 
normal rainfall during the ‘short rains’ season of OND of the ENSO and IOD years. As in the 
regression statistic summary, QBO had extremely low correlation coefficient values with high 
the p-values, greater than the significance level of 0.05, evidence of poor relationship between 
the zone 2 precipitation during OND and the QBO. Despite the postulated links between the 
QBO in the lower stratosphere and tropical rainfall over EA (Ogallo et al., 1994; Indeje and 
Semazzi 2000) results herein shows that there is poor relations between QBO index and EA 
zone 2 model precipitation including extremes and therefore QBO cannot be relied as a good 
predictor for OND seasonal rainfall. This however does not negate the fact that QBO may be 
a good indicator with better correlation coefficients during other seasons like MAM and JJAS 
over zone 2. Generally result shows that the rainfall anomalies with ENSO including IOD 
events for OND over zone 2 show that RCA4 can correctly simulate this rainfall anomaly and 
that these 2 indices give better results for zone 2 including their connection with extreme 
events of OND season. These results are in agreement with postulates by (Indeje 1995, Ashok 
and Yamagata 2001 and Behera et al., 2005) that associated the positive rainfall anomalies 
over the southern part of EA zone 2 during the short rains (OND) with ENSO and IOD  
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Figure 39: Scatterplot of OND (left panel) RCA4 ERA-Interim Reanalysis, (middle panel) station 

observed precipitation anomalies and (right panel) anomalies during the extreme precipitation years 
averaged over zone 1 against the OND averages of Climate indices (ENSO, IOD, QBO and SOI). 

Linear regression statistics (correlation coefficient, slope, and p value) are shown 
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In general, the analysis of RCA4 model teleconnection with precipitation reveals that the 
influence of the large-scale signals over EA is well captured. Results show that ENSO and 
SOI have a strong association for rainfall over zone 1 while ENSO and IOD have stronger 
influence over zone 2 including their connection with extreme events. The effect of QBO on 
both sub-regions is weak.  
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5  Summary and Conclusion 
 

This study presents an evaluation of extreme weather events as a result of climate change in 
EA by focusing on the analysis of daily precipitation and minimum and maximum 
temperatures. The performance of RCA4, one of CORDEX RCMs, for its ability to capture 
and characterize precipitation and temperature patterns over East Africa was evaluated, as 
well as the ability of the model to capture and to reproduce distribution of extremes of 
precipitation and temperature. Emphasis was also placed on the ability of the model to 
reproduce the response to large-scale global signals (teleconnections). The study also presents 
an analysis of the ability of RCA4 downscaled GCMs to simulate these extremes and assess 
future climate projections for two emission scenarios RCP (4.5 and 8.5). Between these 2 
scenarios, RCP4.5 envisions a slower growth of anthropogenic greenhouse forcing while 
RCP8.5 projects the fastest growing forcing. The projection of these extremes was evaluated 
in terms of 20-yr values of annual extremes for three time periods, 1981–2000, 2046–65, and 
2081–2100. The 1981–2000 period served as the reference period for future changes.  

The results showed that RCA4 can reasonably simulate the main features of weather patterns 
over the region and is able to realistically capture the observed mean annual cycle of rainfall 
and temperature over both sub regions of EA but with small bias in capturing the correct peak 
of the dominant bimodal and unimodal rainfall regimes in zone 1 and 2 respectively. The 
model also underscored the magnitude of Tmin throughout the whole year for both zones 
while Tmax was slightly overestimated. Extreme indices of temperature and precipitation 
were also reasonably well reproduced. Generally RCA4 had poor simulation of temperatures 
especially minimum temperature over the region as compared with precipitation. The model 
also failed to reproduce the extreme precipitation tail end events found in observed station 
data therefore underscoring the magnitude of high peak extreme precipitation. 

Further results of evaluation of 8 RCA4 downscaled GCMs in simulating extreme features in 
precipitation and temperature (Tmax and Tmin) over EA showed that these extremes could be 
reproduced reasonably well however with similar biases found in RCA4 ERA-Interim 
Reanalysis output. Based on historical performance of the downscaled GCMs over EA, the 
result showed that they could provide plausible future projections over the region. However 
model outputs ought to be corrected before they can be used as practical planning tools in the 
future. Generally, RCA4’s 8 downscaled CMIP5 GCM captures EA precipitation and 
temperature patterns associated extremes in agreement with the observations, however they 
underestimated intensity of precipitation in the two sub-regions. The results of the analysis 
extreme precipitation and temperature events are summarized as follows.  

• RCA4 plausibly simulate increasing warm temperature extremes (warm days and 
nights) while simulating an overall decrease in cold temperature extremes (cold days 
and nights) over EA based on the historical period, in agreement with observations. 
There was however higher confidence in the warming trends over zone 2 than zone 1. 
This was due to insufficient daily temperature extremes data in zone 1, especially in 
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the decades since 1990.  
• The RCA4 model and its downscaled GCMs agree that there has been a statistically 

significant increase in the frequency of extreme precipitation events in EA. Analysis 
of extreme precipitation based on absolute threshold as defined by WMO-SWFDP in 
East Africa also confirmed an increasing trend in intensity and frequency of extreme 
precipitation. However, a consistent trend toward heavier precipitation events was 
seen in zone 2, where good data coverage was available. 

• Regarding future projections of extremes for two emission scenarios RCP (4.5 and 
8.5), hot days and warm nights are expected to become more frequent, while cold days 
and cold nights were expected to become much less frequent. The average Tmin is 
projected to increase by ~2°C and ~3°C for RCP45 and RCP85, respectively while 
that of Tmax projected to increase by ~1.5°C and ~2°C for RCP4.5 and RCP8.5. The 
temperature extremes for both Tmax and Tmin projections diverge considerably due 
to differences in emission pathways between the two RCPs. Precipitation projection 
showed that frequency of heavy precipitation or proportion of total precipitation from 
heavy precipitation would increase. However no clear trend was seen in terms of the 
precipitation intensity. 

The analysis of observed data and model results revealed that the influence of the large-scale 
signals (teleconnections) over EA is well captured. The evaluation focused on seasonal 
correlation patterns (JJAS for zone 1 and OND for zone 2) and found that the models capture 
the regions rainfall anomaly associated with ENSO, IOD, SOI and QBO in agreement with 
the observations, but at different scales for each zone. Both the model and observed results 
showed that ENSO and SOI have a strong association for rainfall over zone 1 while ENSO 
and IOD have stronger influence over zone 2, including their connection with extreme events. 
The effect of QBO was generally on both sub-regions weak.  

For future work, the timing of the occurrence of these extreme weather events should be 
assessed. This would enable the identification of any possible trends in extremes and an 
analysis of whether they are occurring earlier or later in the season. The number of CORDEX 
RCMs could be extended from the one used in this study to assess how they can realistically 
simulate extreme weather over EA and this would probably give better results. Bias correction 
could also be applied to the RCMs for the downscaling applications to regional and extreme 
weather so as to avoid any extrapolation of model biases from current to future time periods. 
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6 Appendix:  
ETCCDI indices  

The definitions for a core set of 27 descriptive indices of extremes defined by the Joint 
CCl/CLIVAR/JCOMM Expert Team on Climate Change Detection and Indices (ETCCDI, 
see http://etccdi.pacificclimate.org/list_27_indices.shtml) are provided below.  

Temperature indices:  
1. FD, frost days: count of days where TN (daily minimum temperature) < 0°C Let TNij be 
the daily minimum temperature on day i in period j. Count the number of days where TNij < 
0°C.  

2. SU, summer days: count of days where TX (daily maximum temperature) > 25°C Let 
TXij be the daily maximum temperature on day i in period j. Count the number of days where 
TXij > 25°C.  

3. ID, icing days: count of days where TX < 0°C Let TXij be the daily maximum temperature 
on day i in period j. Count the number of days where TXij < 0°C.  

4. TR, tropical nights: count of days where TN > 20°C Let TNij be the daily minimum 
temperature on day i in period j. Count the number of days where TNij > 20°C.  

5. GSL, growing season length: annual count of days between first span of at least six days 
where TG (daily mean temperature) > 5°C and first span in second half of the year of at least 
six days where TG < 5°C. Let TGij be the daily mean temperature on day i in period j. Count 
the annual (1 Jan to 31 Dec in Northern Hemisphere, 1 July to 30 June in Southern 
Hemisphere) number of days between the first occurrence of at least six consecutive days 
where TGij > 5°C and the first occurrence after 1 July (1 Jan in Southern Hemisphere) of at 
least six consecutive days where TGij < 5°C.  

6. TXx: monthly maximum value of daily maximum temperature: Let TXik be the daily 
maximum temperature on day i in month k. The maximum daily maximum temperature is 
then TXx = max (TXik).  

7. TNx: monthly maximum value of daily minimum temperature: Let TNik be the daily 
minium temperature on day i in month k. The maximum daily minimum temperature is then 
TNx = max (TNik).  

8. TXn: monthly minimum value of daily maximum temperature: Let TXik be the daily 
maximum temperature on day i in month k. The minimum daily maximum temperature is then 
TXn = min (TXik).  

9. TNn: monthly minimum value of daily minimum temperature: Let TNik be the daily 
minimum temperature on day i in month k. The minimum daily minimum temperature is then 
TNn = min (TNik).  
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10. TN10p, cold nights: count of days where TN < 10th percentile Let TNij be the daily 
minimum temperature on day i in period j and let TNin10 be the calendar day 10th percentile 
of daily minimum temperature calculated for a five-day window centred on each calendar day 
in the base period n (1961-1990). Count the number of days where TNij < TNin10.  

11. TX10p, cold day-times: count of days where TX < 10th percentile Let TXij be the daily 
maximum temperature on day i in period j and let TXin10 be the calendar day 10th percentile 
of daily maximum temperature calculated for a five-day window centred on each calendar day 
in the base period n (1961-1990). Count the number of days where TXij < TXin10.  

12. TN90p, warm nights: count of days where TN > 90th percentile Let TNij be the daily 
minimum temperature on day i in period j and let TNin90 be the calendar day 90th percentile 
of daily minimum temperature calculated for a five-day window centred on each calendar day 
in the base period n (1961-1990). Count the number of days where TNij > TNin90.  

13. TX90p, warm day-times: count of days where TX > 90th percentile Let TXij be the 
daily maximum temperature on day i in period j and let TXin90 be the calendar day 90th 
percentile of daily maximum temperature calculated for a five-day window centred on each 
calendar day in the base period n (1961-1990). Count the number of days where TXij > 
TXin90.  

14. WSDI, warm spell duration index: count of days in a span of at least six days where TX 
> 90th percentile Let TXij be the daily maximum temperature on day i in period j and let 
TXin90 be the calendar day 90th percentile of daily maximum temperature calculated for a 
five-day window centred on each calendar day in the base period n (1961-1990). Count the 
number of days where, in intervals of at least six consecutive days TXij > TXin90.  

15. CSDI, cold spell duration index: count of days in a span of at least six days where TN > 
10th percentile Let TNij be the daily minimum temperature on day i in period j and let 
TNin10 be the calendar day 10th percentile of daily minimum temperature calculated for a 
five-day window centred on each calendar day in the base period n (1961-1990). Count the 
number of days where, in intervals of at least six consecutive days TNij < TNin10.  

16. DTR, diurnal temperature range: mean difference between TX and TN (°C) Let TXij 
and TNij be the daily maximum and minium temperature on day i in period j. If I represents 
the total number of days in j then the mean diurnal temperature range in period j DTRj = sum 
(TXij - TNij) / I.  

Precipitation indices:  
17. RX1day, maximum one-day precipitation: highest precipitation amount in one-day 
period Let RRij be the daily precipitation amount on day i in period j. The maximum one-day 
value for period j is RX1dayj = max (RRij).  

18. RX5day, maximum five-day precipitation: highest precipitation amount in five-day 
period Let RRkj be the precipitation amount for the five-day interval k in period j, where k is 
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defined by the last day. The maximum five-day values for period j are RX5dayj = max 
(RRkj).  

19. SDII, simple daily intensity index: mean precipitation amount on a wet day Let RRij be 
the daily precipitation amount on wet day w (RR ≥ 1 mm) in period j. If W represents the 
number of wet days in j then the simple precipitation intensity index SDIIj = sum (RRwj) / W.  

20. R10mm, heavy precipitation days: count of days where RR (daily precipitation amount) 
≥ 10 mm Let RRij be the daily precipitation amount on day i in period j. Count the number of 
days where RRij ≥ 10 mm.  

21. R20mm, very heavy precipitation days: count of days where RR ≥ 20 mm Let RRij be 
the daily precipitation amount on day i in period j. Count the number of days where RRij ≥ 20 
mm.  

22. Rnnmm: count of days where RR ≥ user-defined threshold in mm Let RRij be the daily 
precipitation amount on day i in period j. Count the number of days where RRij ≥ nn mm.  

23. CDD, consecutive dry days: maximum length of dry spell (RR < 1 mm) Let RRij be the 
daily precipitation amount on day i in period j. Count the largest number of consecutive days 
where RRij < 1 mm.  

24. CWD, consecutive wet days: maximum length of wet spell (RR ≥ 1 mm) Let RRij be the 
daily precipitation amount on day i in period j. Count the largest number of consecutive days 
where RRij ≥ 1 mm.  

25. R95pTOT: precipitation due to very wet days (> 95th percentile) Let RRwj be the daily 
precipitation amount on a wet day w (RR ≥ 1 mm) in period j and let RRwn95 be the 95th 
percentile of precipitation on wet days in the base period n (1961-1990). Then R95pTOTj = 
sum (RRwj), where RRwj > RRwn95.  

26. R99pTOT: precipitation due to extremely wet days (> 99th percentile) Let RRwj be the 
daily precipitation amount on a wet day w (RR ≥ 1 mm) in period j and let RRwn99 be the 
99th percentile of precipitation on wet days in the base period n (1961-1990). Then 
R99pTOTj = sum (RRwj), where RRwj > RRwn99.  

27. PRCPTOT: total precipitation in wet days (> 1 mm) Let RRwj be the daily precipitation 
amount on a wet day w (RR ≥ 1 mm) in period j. Then PRCPTOTj = sum (RRwj).  
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