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1. Introduction 

Agriculture is the basis of Tanzanian economy, livelihoods, and natural resources. It 

produces about 24.1% of the National Gross Domestic Product (GDP) and 30% of the 

exports. It is the main source of food supply (about 95%) and provides employment for 

about 75% of the working population (URT 2013). Generally, food crop agriculture 

accounts for about 65% of the GDP contributed by the agricultural sector, of which maize 

alone accounts for over 20% of the agricultural GDP (URT 2013). However, agricultural 

sector growth in Tanzania is constrained by a number of factors, including low 

productivity of land, utilization of less production inputs, dependence on rainfed 

agriculture, underdeveloped irrigation potential, limited capital and access to financial 

services, inadequate agricultural technical support services, poor rural infrastructure, 

outbreaks of crop pests and diseases, soil erosion and environmental degradation (Rowhani 

et al. 2011; URT 2014).  

Generally, agriculture in Tanzania is mainly rainfed and is dominated by smallholder 

farmers (peasants) cultivating average farm sizes between 0.9 and 3.0 ha. In addition, only 

10.8 million out of 44 million hectares of suitable land for agricultural production are 

cultivated and mostly under subsistence agriculture (URT 2013). It was demonstrated that 

the yield response to irrigation is two to three times higher compared to yields from rainfed 

agriculture and that the observed variability of rainfall from season to season has 

significantly affected crop production (URT, 2014).  

The impact of climate change poses serious challenges to economic development and 

sustainable livelihoods to small holder farmers who rely on rainfed agriculture. The need to 

improve small holder rainfed crop production is therefore important. This can be achieved 

by understanding factors affecting crop yields that are related to breeding, management 

and climate. Understanding these factors and their relative contribution to historical yield 

increases/decreases is crucial to avoid crop loss and even ensure the increase of yields in 

the future.   

Generally, crop production is affected by changes in meteorological variables such as 

rising temperatures, change in precipitation amounts and regimes, and increased 

atmospheric carbon dioxide levels. These effects are positive in some regions and negative 

in others and vary over time (Parry et al. 2004). There are several ways in which climate 

change significantly impacts crop production and yields for rainfed agriculture. 

Temperature rise for example, may trigger drought stress to plants in areas suffering from 
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water stress (Mati 2000; Tao and Zhang 2011). This also may change growing length of 

the crop (from sowing to maturity) resulting in yield reduction. Furthermore, variability in 

rainfall between and within the seasons (Rowhani et al. 2011), changes in magnitude and 

the occurrence of extreme rainfall events (Moriondo et al. 2011) and prolonged dry spells 

and drought during growing season (Barron et al. 2003; Laux et al. 2010) may have great 

impacts in crop production and yields. However, imperfect agricultural management 

practices such as improper planting dates and low planting density can also hinder crop 

production and yields from reaching their full potential (Kihara et al. 2015 and Laux et al. 

2010). 

For quantitative impact assessments, General Circulation Models (GCMs) are the major 

sources of climate change data. They provide adequate simulations of the current 

atmospheric general circulation at the continental scale such as storm tracks, rain belts and 

most modes of interannual to inter-decadal variability such as the Indian Monsoon and el 

Niño-Southern oscillation (ENSO) (Flato et al. 2013; Randall et al. 2007). However, they 

still show significant errors at smaller scales required for regional and national 

assessments, i.e. there is a spatial and temporal scale mismatch between coarse resolution 

projections of GCM and fine resolution data requirements of impact models. Climate 

downscaling (i.e. empirical-statistical downscaling (Benestad et al. 2008; Maraun et al. 

2010) and/or dynamical downscaling (Di Luca et al. 2012; Jones et al. 2004; Leung et al. 

2003)) have been used as remedy to provide climate information at the scales needed for 

many climate impact studies.  

Although there is still a lot of uncertainty in downscaling which arises from the methods 

used see for example (Dibike et al. 2008) or in the quality of data used for model 

calibration, but still downscaling (especially empirical statistical downscaling) is preferable 

to using raw-GCM outputs, especially in areas with heterogeneous surfaces that are 

characterised with complex geographies (such as island, mountains, lakes/rivers) and 

where there are strong relationship to synoptic scale forcings (Wilby et al. 2004 ). 

Therefore, in order to capture climate issues relevant to impact studies, location based 

assessments are needed to strengthen the broad impact assessment. 

Crop growth models have been used as an extensive tool to determine the effect of various 

climate change scenarios on crop yields for individual countries e.g. (Mati 2000; Rowhani 

et al. 2011 and Thornton et al. 1995) and for geographical regions  e.g. (Jones and 

Thornton 2003 and Parry et al. 2004). The most commonly used models to analyse the 
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impact of climate change on vegetation or plants are broadly categorised as statistical 

(empirical) models and process based models (sometimes referred as mechanistic or 

dynamic models). For climate impact assessments the models are linked to climate 

information from station observations or from other sources e.g. climate models. 

Depending on the source, these data can be available on daily basis or on monthly/seasonal 

basis. Different studies have applied different techniques to input weather information to 

crop models depending on whether the model is dynamical (process-based) or statistical.  

Process-based crop models are formulated to use daily weather data as input, therefore 

several efforts are used to make sure that daily climate information from various sources 

are available as input for impact studies to crops. The following techniques have been 

employed  by various studies: i) Using daily time series data that come directly from the 

daily outputs of GCMs or high-resolution regional climate model (RCM) or from empirical 

statistical downscaling (ESD), examples can be seen in the studies of  Moriondo et al. 

(2010) and Tumbo et al. (2012).  ii) By applying a disaggregation technique (for example 

using a stochastic weather generator) to the lower-frequency data (e.g. monthly or 

seasonal) so as to produce realizations of daily weather as input to crop models. In this 

approach data are taken from the GCMs or RCMs/ESD models outputs and examples are 

the work of Jones and Thornton (2003) and Li et al. (2011). iii) By calculating the mean 

climate change between two climate periods (i.e. baseline and future) and add this 

difference to the observed daily data before the data is used in the crop model. This 

approach is done in the study of Tingem and Rivington (2008), and  iv) by sensitivity 

analysis considering various future climate outputs generated from multiple RCMs or 

GCMs. In this approach the range of change values extracted from multiple models is used 

to construct perturbations of plausible change of rainfall or temperature (e.g. ΔP =-10%, 0, 

10% and ΔT = 1°C, 2°C, 3°C) from the present day climate before the data is used to run 

crop model for analysis of future yields, see for example the work of Walker and Schulze 

(2008). 

For statistical crop models there are several approaches employed among others it 

includes:  i) Predicting yields as a statistical function of either observed climate predictor 

fields (re-analysis) or dynamic climate model output fields, trained on time series of 

observed crop yields or simulated yields using observed daily station data (Hansen and 

Indeje 2004)  and, ii) by predicting yields as a statistical function of the statistical 

properties of climatic variables such as mean precipitation, coefficient of variability of 

temperature and precipitation within a season  e.g. in Rowhani et al. (2011), or by using 
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parameters that are important to determine crops yields such as sum of growing degree 

days between 8 ◦C and 30 ◦C for the growing season as done in Lobell et al. (2011). 

1.1 Main objective 

The main objective of this study is to assess the impacts of climate change and variability 

on crop agriculture in Tanzania and to downscale the climate of Tanzania.  

1.2 Specific objectives 

i. To assess the impacts of climate change and variability on maize yields for 

southern part of Tanzania. 

ii. To establish downscaled values of rainfall and temperature for different locations in 

Tanzania by using empirical statistical downscaling (ESD). 

iii. To analyse projected future scenarios for rainfall and temperature as a result of 

local or global climate change. 

These objectives are addressed in three papers, which form part of this thesis. Two out of 

three of these papers have gone through the peer-review process and have been published, 

the third paper is in a manuscript format but submitted to Journal of Applied Meteorology 

and Climatology.  

Objective number 1 is addressed in paper I and objectives number 2 and 3 are addressed 

in papers II and III.  

The thesis is organised as follows: Section 1 provides a brief introduction about problem 

statement and the goal of the research. Section 2 provides background information on the 

climate of the study region (present and future), geographical features, and the underlying 

impacts of climate on crop yields. Section 3 presents an overview of downscaling, and 

provides theories behind statistical downscaling that are the basis for accomplishing 

objectives 2 and 3. It also provides an insight into model evaluation techniques and the 

multi-model ensemble approach that formed the basis of the results presented in papers II 

and III. Methods (tools) and data used are described in section 4, and the results are 

presented in section 5. Discussion of the results is presented in section 6 and finally, a 

summary and conclusion is provided in section 7. 
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Figure 1: A map of Tanzania showing synoptic stations used in the downscaling analysis (red 

triangles) and farm sites (green squares) used in climate change impact study. The pink region 

(including Njombe) indicates areas planting the studied maize cultivars. 

2. Background 

2.1 Profile of Tanzania 

Tanzania (Figure 1) is located in Eastern Africa between latitudes 1º and 12ºS and 

longitudes 29 º and 41 ºE, it is bordered by Burundi, Rwanda and the Democratic Republic 

of Congo to the West, Kenya and Uganda to the North, and Zambia, Malawi and 

Mozambique to the South. The eastern border lies adjacent to the Indian Ocean and has a 

coastline of 1,300 km. The country’s total area is 945,087 km2 of which 61,000 km2 are 

inland water bodies. The country’s physical features are characterized by plains along the 

coast, a central plateau, and highlands in the north and south. Thus, the altitudes range 

from sea level to the highest point of 5.9 km, the peak of Kilimanjaro. 

2.2 Climate of Tanzania  

Tanzania has a tropical climate and is divided into four main climatic zones: the hot humid 

coastal plain, the semi-arid zone of the central plateau, the high-moist lake regions and the 

temperate highland areas. The hottest period spans from November to February with 
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temperature range (25–31°C), whereas the coldest period is often between May and August 

(15–20°C). In the highlands, temperatures range between 10 and 20°C during cold and hot 

seasons respectively. The country’s average annual precipitation is 1,042mm, but different 

altitude within the country play a big role in determining spatial rainfall distribution. For 

example annual rainfall ranges from 550 to 3690mm in south western highlands, 1200 – 

1600mm in Lake Victoria zone, 600–800mm in eastern part and more than 500mm in 

central part (Chang’a et al. 2010; Lema and Majule 2009; Magehema et al. 2014).  

Tanzania’s precipitation is governed by two rainfall regimes, bimodal (exhibiting two 

rainfall maxima in March–May (MAM) termed as long rains and in October–December 

(OND) termed as short rains) and unimodal (exhibiting one rainfall maxima in the 

November–April (NDJFMA)). A bimodal rainfall regime is observed over northern parts 

of the country and a unimodal rainfall regime is more typical to the southern, central and 

western parts of the country. However, the other remaining months, June to September and 

January to February (for bimodal areas) are relatively dry.  

2.3 Causes of variability in seasonal rainfall over Tanzania (East Africa) 

East Africa as a whole exhibits high spatial seasonal rainfall variability ranging from 

unimodal, bimodal and trimodal (mainly Kenya and Uganda) rainfall distributions (Indeje 

et al. 2000). The seasonal rainfall patterns are controlled by the northwards and southwards 

migration of the Inter Tropical Convergence Zone (ITCZ) (see Figure 2). This is the region 

of strong precipitation where near-surface convergence (northeast trades and southeast 

trades) brings in moisture from surrounding regions, allowing the rainfall to be formed. 

The seasonality of the ITCZ shows that heavy rains are confined around the equator during 

April and October, and located in the northern hemisphere during July and over southern 

hemisphere during January.  

Among the three identified rainfall regimes only the bimodal (i.e. MAM and OND 

seasons) is extensively studied and documented as compared to others. The long rain 

season (MAM) produces heavier and long duration rain and exhibits lower interannual but 

large spatial variability (Camberlin and Philippon 2002), the characteristics that are 

attributed to the local factors dominating the large scale factors. In contrast, rainfall events 

during the short rain season (OND) are less intense, short lived and experience stronger 

intraseasonal and inter annual variability but spatial homogeneity, the characteristic which 

is associated with a link to large-scale phenomena such as el Niño-Southern oscillation 

(ENSO) (Ogallo 1988).  
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Figure 2: Climatologies of precipitation and convergence of near-surface winds for a domain 

centered on tropical Africa. Contours and shading are the April, July, October and January 

average precipitation for the period 1979–2004 and winds are at 850 hPa pressure level. Red 

circles indicate the East African region.  The figure is reprinted and modified from Giannini et al. 

(2008), © 2008 with permission from Springer. 

 

Other factors that influence precipitation over this region are large-scale atmospheric 

patterns and synoptic-scale weather disturbances which include the monsoons, African jet 

streams, persistent mesoscale circulations, tropical cyclones, subtropical cyclones and 

anticyclones, easterly/westerly wave perturbations, extratropical weather systems and 

continental low-level troughs (Kabanda and Jury 1999; Mutai and Ward 2000; Ogallo 

1989; Mpeta and Jury, 2001; Mapande and Reason 2005 (a) and (b)). Moreover, the 
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presence of varying topography, the influence of the great lakes, variation in vegetation 

type and land ocean contrasts results in high spatial and temporal variation in 

precipitation over the region see for example studies of Anyah et al. (2006); Moore et al. 

(2012); Oettli and Camberlin (2005) and Ogallo (1989).  

Since spatial and temporal (intra-seasonal and inter-annual) variability in East Africa is 

very prominent, several studies have identified the correlation between variation of 

seasonal rainfall and some circulation/indices of variability such as ENSO (Camberlin 

and Okoola 2003; Kijazi and Reason 2005; Obasi 2005; Ogallo 1988; Schreck and 

Semazzi 2004), zonal circulation in the equatorial Indian Ocean (Black et al. 2002; 

Camberlin and Okoola 2003; Kabanda and Jury 1999; Marchant et al. 2007; Saji et al. 

1999), Madden–Julian oscillation (MJO) (Mpeta and Jury 2001; Mutai and Ward 2000) 

and quasi-biennial oscillation in the lower equatorial stratospheric zonal wind (QBO) 

(Indeje and Semazzi 2000; Kabanda and Jury 1999; Ng'ongolo and Smyshlyaev 2010). Of 

all of these, ENSO alone was found to account for almost 50% of the East African rainfall 

variance (Ogallo 1988), with the rest explaining the remaining variance.  

2.4 Climate change over Tanzania and East Africa 

In East Africa, most studies on climate change signals/trends and projections have been 

provided over the entire region, with very few studies focusing on individual countries 

such as Tanzania. Therefore discussion in this section is built on various works done at 

regional-scale as well as at the country level.  

2.4.1 Observed climate trends and signs of climate change 

Climate analysis of individual stations in the greater horn of Africa by Omondi et al. 

(2014) (Figure 3) showed that for 1980–2010 there is a decreasing trend in total 

precipitation for wet days (rainfall >1mm) in western Ethiopia, southern Sudan and 

equatorial sector around Lake Victoria. For Tanzania in particular, Mwanza, Bukoba and 

Dar es Salaam stations have shown a decreasing trend while Dodoma and Mbeya had an 

increasing trend. The precipitation due to very wet days (i.e. greater than long-term 95th 

percentile (R95p)) has also increased in the southern part of the region (mainly Tanzania). 

However, a decrease in R95p is depicted in the other parts of the region such as the 

equatorial and the northern parts of the region. 
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Figure 3: Regionally averaged Precipitation 

total (PRCPTOT) trends. Open (solid) small 

circles for each station indicate positive 

(negative) trends and large (small) circles (over 

regions) indicate significant (insignificant)  

trends. The figure is reprinted and modified 

from Omondi et al. (2014), © 2014 with 

permission from John Wiley and Sons. 

 

 

 

For the entire region, the frequency of warm days and warm nights has increased, and the 

frequency of cold days and cold nights has decreased (Omondi et al. 2014). In addition 

there is a significant increase in the annual maximum of both daily maximum and 

minimum temperatures. A similar trend of increased annual temperature was also 

depicted by (Lema and Majule 2009) over Manyoni district in Singida region (Tanzania).  

Across the region the trends are variable since they reflect the influence of the local 

climate and sampling effects. For example, while positive rainfall trends have been 

observed in Dodoma as per study of Omondi et al. (2014), Lema and Majule (2009) 

found a negative trend on observed rainfall in Singida region. However, Dodoma and 

Singida regions are all situated in central part of Tanzania.  

In his study over the mountain Kilimanjaro Hemp (2009) analyzed long term rainfall data 

for three stations (Moshi, Kilema mission and Kibosho mission), located on the southern 

slope of mount Kilimanjaro, to investigate if there is any link between observed changes 

in the vegetation cover and ecosystem of mount Kilimanjaro to the observed trends in 

climate. The analysis showed that, annual rainfall of these stations have decreased by 

34%, 27% and 39% for the periods 1902–2004, 1911–2004 and 1922–2004 respectively. 

Temperature analysis in the Amboseli basin in southern Kenya (few kilometers away 

from northern base of Mount Kilimanjaro) by Altmann et al. (2002) showed that daily 

temperatures have increased dramatically throughout the period 1976–2000, with 

maximum temperatures increasing at higher rate than minimum temperatures. According 
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to the study of  (Hemp 2009), mount Kilimanjaro has lost nearly a one third of its forest 

cover due to mainly climate change induced fires and to a less extent on deforestation on 

mountain foot hills. The aftermaths are the observed natural sharp discontinuity in the 

composition and structure of the mountain vegetation cover. This may also have 

hydrological consequences of the loss of the mountain glaciers. 

 

Figure 4: The relative difference (RD) in mosquito abundances (a and b) and temperature  

(c and d) for two sites, Kericho (a and c) and Kabale (b and d). The figure is reprinted  

from (Pascual et al. 2006), ©2006 by National Academy of Sciences, USA. 

 

Reported increase in malaria incidence in the highlands of East Africa (including 

Tanzania) in the last decades of the 20th century have been linked to the observed 

warming trend over these areas (Pascual et al. 2006) (Figure 4) and also to the climate 

variability (Zhou et al. 2004). The highland regions of Africa are an important area of 

focus because transmission of malaria is limited by low temperatures (Garnham 1945). 

However, according to the study of (Hay et al. 2002) climate has not changed 

significantly during the period of reported malaria resurgence, and they did not find a 

significant link of malaria to meteorological parameters. Furthermore, Zhou et al. (2004) 
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concluded that, assessing the impact of climate change on malaria transmission should 

not consider only annual mean temperature changes, but also the extent of temperature 

and rainfall interannual variability.  

2.4.2 Climate change projections 

The signals of climate change across the world and their impacts on various sectors 

motivated further analysis of the future climate. These analyses have been taken as the 

basis for climate adaptation and mitigation by various stakeholders.   

There are several studies that have attempted to provide the climate projections for 

Africa/East Africa/ Tanzania. These projections are generated from different data sets 

(e.g.CMIP5, CORDEX, etc.), resolution (e.g. high versus low), methods (e.g. statistical 

versus dynamical) and different time periods.  

Air temperature for the whole of Africa in all seasons is projected to increase 

(Christensen et al. 2007; Christensen et al. 2013; Giannini et al. 2008; Tumbo et al. 2010), 

the largest warming is expected in desert regions while smaller warming is expected in 

equatorial and coastal areas (East Africa and including Tanzania) (Christensen et al. 

2007; Giannini et al. 2008; Waha et al. 2013). Annual warm and cold extremes are also 

projected to increase in many parts of Africa including East Africa (Kharin et al. 2013; 

Omondi et al. 2014) for the 21st century. Increased cold extremes over East Africa under 

the representative concentration pathway (RCP) 8.5 are in the same range as increased 

warm extremes (Kharin et al. 2013).  

Although projected changes in precipitation remained uncertain, several global and 

regional climate models project an increase in rainfall over many parts of Equatorial East 

Africa (Figure 5) particularly during the rain seasons (i.e. MAM, DJF and SON/OND) 

(Christensen et al. 2013; Conway et al. 2007; Cook and Vizy 2012; Giannini et al. 2008; 

Moore et al. 2012; Shongwe et al. 2010; Tumbo et al. 2010). Annual mean precipitation is 

projected to increase in the northern parts of Tanzania (and other parts of East Africa) and 

decrease in the southern parts (Akurut et al. 2014; Kharin et al. 2013). The intensity of 

precipitation extremes are also projected to increase (Akurut et al. 2014; Kharin et al. 

2013) whereas the return period of these extreme are projected to decrease (Kharin et al. 

2013). To some extent, these projections agree with the previous study by Senior et al. 

(2002) that the frequency and intensity of floods and droughts are projected to increase in 

most parts of Eastern Africa. In Tanzania, the length of wet season is projected to 

decrease while the precipitation amount is projected to increase. In contrary, precipitation 
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amount is projected to decrease and the length of the wet season to increase in other parts 

of East African region (Waha et al. 2013).  

 
Figure 5: Maps of precipitation changes for Africa in 2080–2099 with respect to 1986–2005 in 

December to March in the SRES A1B scenario with 24 CMIP3 models (left), and in the RCP4.5 

scenario with 39 CMIP5 models (middle). The right figure is the precipitation change in 2075–

2099 with respect to 1979–2003 in the SRES A1B scenario with the 12-member 60-km mesh 

Meteorological Research Institute (MRI)-AGCM3.2. Precipitation changes are normalized by the 

global annual mean surface air temperature changes in each scenario. Light hatching denotes 

where more than 66% of models (or members) have the same sign with the ensemble mean 

changes, while dense hatching denotes where more than 90% of models (or members) have the 

same sign with the ensemble mean changes. Adopted from (Christensen et al. 2013). 

 

The prominent picture regarding rainfall projections is that, there is no agreement in the 

projected magnitude of change and sometimes in the sign of change among these studies. 

The main source of disagreement between studies comes from the type of data used and 

the methods employed, although study location can also contribute. For example, using a 

regional climate model Weather Research and Forecasting (WRF), Cook and Vizy (2012) 

found that, in the mid twenty-first-century (2041–2060) the long rain season (MAM) on 

average will be shortened by 69 days over eastern Africa, while the short rain season 

(OND) will be extended by 49 days. In contrary, over the same time period, the study of 

Tumbo et al. (2010) over Same district in Tanzania (East Africa) found that MAM and 

OND seasonal rains length will increase by 8 and 40 days respectively. The latter study 
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used a self-organizing maps (SOMs) technique, based on empirical statistical 

downscaling (ESD).  

When zooming in to specific regions, the projections vary across study area: examples 

can be drawn from the work of Cook and Vizy (2012); Omondi et al. (2014); Shongwe et 

al. (2010) and from paper II in this thesis. The study of Shongwe et al. (2010) for 

example, projected increase of seasonal mean precipitation (i.e. OND/MAM and 

NDJFMA) on different areas of Eastern Africa. However, the magnitudes of change for 

the multi-model mean projections differed across regions.  

2.5 Impacts of climate related factors to maize yields (observed and projected) 

Drought is a major source of grain yield instability in maize (Zea mays L.) grown in the 

lowland tropics if it coincides with flowering (Bolaños and Edmeades 1993). Significant 

yield losses in maize from drought are expected to increase with global climate change as 

temperatures rise and rainfall distribution changes in key traditional production areas 

(Campos et al. 2004).  

Lobell et al. (2011) found greater negative impacts on maize yields over maize growing 

areas in Africa when maximum temperature is increased compared to increased minimum 

temperature. The impacts of increased maximum temperature on maize yields was also 

identified by the experiments done by Badu-Apraku et al. (1982), but this occurred only 

when maximum temperature is considered to be higher than that required for optimal 

maize growth, e.g. over 30 ̊C. However, when maximum temperature is maintained below 

this threshold, the adverse impacts of higher night temperatures (minimum temperature) 

may also be experienced.  

Using observed climate data (precipitation and temperature) and yields records for maize, 

sorghum and rice over Tanzania, Rowhani et al. (2011) found a significant relationship 

between seasonal mean precipitation and maize, sorghum and rice production. Thus, an 

increase in precipitation resulted to the increase in these cereal crops yields and vice 

versa. In addition, temperature rise and variability in precipitation within the growing 

season also showed a negative impact to yields.  

The nature of rainfall distribution during the crop growth cycle and timing of dry spells to 

growth stages makes dry spell analyses more relevant to farm management (Barron et al. 

2003). In the study of Barron et al. (2003), the occurrence of dry spells during flowering 

and grain filling stages had severe effects on crop growth and loss on final yields 
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compared to when it occurred during development stages. The highest yield reduction 

was obtained when dry spells occurred in the flowering stage and in the grain filling 

stage. From this study the  adverse impacts of dry spells on yields was found to be higher 

when analysed on the basis of crop development stages than when analysed on a seasonal 

basis only. This finding is supported by the field study done by Çakir (2004) whose 

findings showed that, yields of maize exposed to water stress at one or more growth stage 

were significantly lower than the fully irrigated maize, and that moisture stress introduced 

in one or in two sensitive stages of maize growth (i.e. tasselling and/or ear formation) 

resulted in significant grain yield reduction.  Çakir (2004) also found a close dependence 

of yields on precipitation amounts and distribution during the crop growth cycle for 

various irrigation treatments in the three years of experiments.   

The occurrence of heat stress during different stages of the crop growth cycle may cause a 

severe loss in maize yields. The most significant factors that it imposes to loss include the 

shortening of different growth phases of a plant, reduced light interception (as a result of 

reduced leaf area) and altering the processes associated with carbon assimilation (i.e. 

transpiration, photosynthesis and respiration) (Badu-Apraku et al. 1982; Moore et al. 

2012). For example, in their experiments Badu-Apraku et al. (1982) found that at the 

highest temperature regime of 35/25 ̊C (maximum/minimum) the stored assimilates from 

other parts of plants mostly contributed to the building of final dry matter and hence grain 

yields while under lower temperature regimes the newly produced photosynthates took 

the greater part in building final grain dry matter.  

Generally, responses of cereal crops to drought and heat stresses largely depend on the 

species and genotype (Lobell et al. 2011; Tao and Zhang 2010), the length and severity of 

water loss (Barron et al. 2003), the crops age and stage of development (Badu-Apraku et 

al. 1982; Barron et al. 2003; Lobell et al. 2011) and on the crops organ and cell type e.g. 

(Dupuis and Dumas 1990). Since drought and high temperatures are considered to be key 

stress factors that impact the crop yields, the interactions between plant structure, function 

and the environment need to be investigated at various phases of plant development 

(Barnabás et al. 2008).  

Although changes in climate affect crop yields, variation in regional soil type, initial 

climatic conditions, the crop’s growth condition, and economic conditions makes the 

impact of climate change on maize yields substantially distinct across different regions 

(Li et al. 2011; Waha et al. 2013). These factors and their impacts on maize yields have 
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been investigated in several studies: For example, the study of Barron et al. (2003) over 

semi-arid areas of East Africa showed that, the growth and yields of maize planted in 

sandy soil was affected more by dry spells compared to that of maize grown in clay soil. 

In their study over the United States of America and China, Li et al. (2011) found that 

climate change will not universally cause negative impacts in maize yields. Their findings 

showed that, an increase in both temperature and precipitation had larger negative 

impacts on maize yields in the Midwestern United States of America (MUSA) as 

compared to Middle China, which showed a significant yield increase. The negative 

impacts on yields in MUSA were attributed to the fact that the annual precipitation 

amounts at the reference level (which was year 2000) were already high. Further increase 

in precipitation in the near future would bring about waterlogging problems to the land 

hence causing damages to maize yields. In contrast the increase in temperature with a 

decrease in precipitation had larger negative impacts on maize yields in Middle China as 

compared to that of MUSA. This was because the growing season of maize in China is 

during Boreal summer; hence higher temperatures may quickly increase soil water 

evaporation rates.  

In the study of Waha et al. (2013), future warming is expected to increase maize yields in 

the mountainous regions of eastern and southern Africa and parts of western Africa, while 

reducing yields in most areas of sub-Saharan Africa (Figure 6).  

 

 

Figure 6: Changes in rainfed maize yield for period 2081-2090 with respect to baseline period 

(1991-2000), due to (from left to right) increasing annual mean temperature (Ct), shortened wet 

season (Cl), reduced wet season precipitation (Cp), and the combined effect from all three (Cplt). 

White areas in sub-Saharan Africa are excluded because the maize area is smaller than 0.1% of 

the grid cell area. Reprinted from Waha et al. (2013), © 2013 with permission from Elsevier. 
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The effect of reduced precipitation in the future was also found to cause significant loss 

of maize yields for Southern Africa, parts of eastern Africa, the Sahel and southern parts 

of Mozambique and Zambia compared to other parts of the region.   

Differences in regional maize yields due to climate change were also identified by 

Thornton et al. (2009) and Lobell et al. (2011). According to Lobell et al. (2011), a 1°C 

rise in temperature will cause a gain in maize yields in areas with current growing 

average temperature below 23°C, whereas a decline in yields is expected in area whose 

current growing temperature is above this value. This is especially true for locations 

where temperatures frequently exceed 30°C. The severity of yields loss identified 

depended on the farming management used. That is, the optimal farming management 

(i.e. rain-fed conditions using agronomic treatments to minimize nutrients, water, diseases 

and other stresses) had minimal yield losses when compared to drought condition 

management (i.e. maize were planted and irrigated in a rain free period until plants were 

established, irrigation was cut off to induce moisture stress during flowering and grain 

filling).In the drought condition case, even the coolest sites showed yield losses with a 

1°C rise in temperature, although these were most severe for the hottest sites (see Figure 

7).  

 
Figure 7: Estimates of maize yield changes for 1 ̊ C warming from the present growing-season 

average temperature for maize-growing areas (with at least 1% of maize). The estimates are for 

the rainfed (optimal) management (left) and drought management (right). Reprinted by 

permission from Macmillan Publishers Ltd: NATURE CLIMATE CHANGE (Lobell et al. 2011) 

© (2011). 
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3. Crop models 

Several approaches have been used to study the impacts of climate change and variability 

on crop productions and yields, these may be categorised as statistical (empirical) models 

and process based models (sometimes referred as mechanistic or dynamic models). 

Statistical models predict plant growth and yields using statistical relationships based on 

climate and other variables. Examples of such models included econometric model (Li et 

al. 2011) that relates yields to climatic, economic, and technological variables. Other 

types include linear mixed models (Rowhani et al. 2011), and linear fixed-effect models 

(Lobell et al. 2011); these models provide the relationship between yields and 

temperature and precipitation variables. Process-based models simulate plant 

physiological processes that integrate the effect of soil, crop phenotype, weather and 

management options. Examples of process based models include: Decision Support 

System for Agrotechnology Transfer (DSSAT)(Jones et al. 2003); Cropping Systems 

Simulation Model (CROPSYST) (Stöckle et al. 2003); The Agricultural Production 

System sIMulator (APSIM) (Keating et al. 2003); and WOrld FOod STudies (WOFOST) 

(van Diepen et al. 1989). These models require different input parameters such as 

weather/climate data, soil data, management and experimental observed data.  

Although all process-based models are identical in theoretical formulations and input 

data, in this thesis we only used DSSAT for the impact study done in paper I, because it 

is extensively used in different regions and there is availability of regular trainings on the 

model use.  

3.1. The Decision Support System for Agrotechnology Transfer Cropping System 

Model (DSSAT-CSM) v 4.5 

The DSSAT-CSM v 4.5 model is a software package that integrates the effects of soil, 

crop phenotype, weather and management options and allows users to ask "what if" 

questions and simulate results by conducting experiments. It has been in use for more 

than 15 years by researchers in over 100 countries (Jones et al. 2003). In particular 

DSSAT has been used for studies in different parts of the world, examples are Malawi 

(Thornton et al. 1995), China (Tao and Zhang 2011), South Africa (Walker and Schulze 

2006), Tanzania (Mourice et al. 2014) and in Latin America (Jones and Thornton 2003). 

DSSAT has also been used for research on different crop types, including maize (Walker 

and Schulze 2006), wheat (Al-Bakri et al. 2011), and rice (Subash and Mohan 2011). The 

model simulates plant growth e.g. phenology, daily growth and partitioning, plant 

nitrogen and carbon demands and senescence of plant materials. In addition, the model 
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simulates yields of a crop growing on a uniform area of land under prescribed or 

simulated management as well as the changes in soil water, carbon, and nitrogen that take 

place under the cropping system over time.  

3.1.1. Model formulation and minimum requirements 

The DSSAT model has one soil module, a crop template module which can simulate 

different crops by defining species input files, an interface to add individual crop models 

if they have the same design and interface, a weather module, a module for dealing with 

competition for light and water among the soil, plants, and atmosphere (soil-plant-

atmosphere module), a module to determine when field operations are performed 

(management module) and a pest module. The pest module simulates the effects of 

specified pest and diseases on growth and yield. The DSSAT-CSM contains models of 16 

crops and it simulates mono-crop production systems considering weather, genetics, soil 

water, soil carbon and nitrogen, and management in single or multiple seasons and in crop 

rotations at any location where minimum inputs are provided.   

The minimum data set for model operation includes; daily weather during the growing 

season (maximum and minimum air temperature, rainfall and global solar radiation), soil 

characteristics at the start of the growing cycle (e.g. classification, pH, organic carbon, 

drainage coefficients etc.) and other initial field conditions such as previous crop, root 

and nodule amounts. Other phenological information and management practices needed 

in the calculations include cultivar type, planting date, depth and method, fertilizer 

application, and irrigation scheme.  

3.2. Strengths and limitations of using process-based crop models  

Although process based models are widely used in different parts of the world and across 

many fields of study, they have strengths as well as limitations in addressing crop 

development and yields.  

The main strength of these models are:  

i) They fully incorporate plant-growth theory and the whole distribution of weather 

outcomes over the growing season (Schlenker and Roberts 2009). 

ii)  They are tools for research, education and outreach and they combine soil, plant, 

and climate systems together, which facilitates the understanding of the role of the 

different variables and their interaction in crop growth and yields (Al-Bakri et al. 

2011).  

The weaknesses of these models are:  
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i) Process-based models that are calibrated for individual sites are assumed to be 

completely accurate to simulate crop responses over that particular site. Hence 

they are limited in their ability to simulate future yield responses when the range 

of future temperatures exceeds those for which the models were calibrated or 

when cropping areas shifts (Lobell and Field 2007). 

ii) They are very complex in nature hence it is difficult to measure uncertainties 

involved in these models. 

iii)There is uncertainty about the structure of the physiological process, thus, the 

accuracy of the model is limited by assumptions made by simplifying the growth 

process and ignoring some of the growth determining factors.  

iv) The timestep of one day does not allow a correct simulation of processes having a 

smaller time resolution, such as water infiltration in to the soil, runoff, respiration 

and transpiration processes in the plants.  

v) Most models do not include growth and yield-limiting factors (such as pests) 

under field conditions other than light, temperature, water, nitrogen, phosphorous 

and potassium.  

vi) The scarcity of reliable data on weather, soil and management limits the use of 

models as predictive tool in evaluation and for planning and therefore models 

have ended up providing only ‘best-guess’ estimates (Jones et al. 2003; Schlenker 

and Roberts 2009; van Diepen et al. 1989).  

 

4. Climate downscaling and its implementation 

This section discusses the method used to downscale temperature and rainfall in papers 

II and III of this thesis. It provides a theoretical understanding about all pre-processing 

and downscaling procedures.   

4.1 Rationale to downscaling 

Atmosphere-Ocean General Circulation Models (AOGCMs) are the primary tool for 

capturing the behaviour of the global climate system. They are used to investigate the 

processes responsible for maintaining and developing the climate system (e.g. general 

circulation) and its natural and forced variability (Christensen et al. 2007; Di Luca et al. 

2012). Due to the large number and complexity of processes represented within 

AOGCMs, the long simulations needed for climate studies, and the need of ensemble 

simulations to provide robust statistical estimates, they are very computationally 
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demanding, even for today’s fastest super-computers. For this reason, they have remained 

relatively coarse resolution, with grid-boxes around 50 to 400 km2 in size. As a result, 

several significant meso-scale phenomena important to local climate are not resolved in 

AOGCMs, such phenomena are: mountain and valley circulations, heterogeneities in land 

surfaces, intense precipitation associated with weather fronts, squall lines and convective 

complexes.  

Although some AOGCMs provide adequate simulations of the current atmospheric 

general circulation at the continental scale such as storm tracks, rain belts and most 

modes of interannual to inter-decadal variability such as the Indian Monsoon, ENSO, they 

still show significant errors at smaller scales required for regional and national 

assessments. Significant errors in representing important large-scale features for example 

tropical precipitation (e.g. the Inter-Tropical Convergence Zone (ITCZ)), and large scale 

climate variability e.g. ENSO and the Madden-Julian Oscillation are still discernible 

(Flato et al. 2013; Randall et al. 2007). Many such errors occur because small-scale 

processes cannot be represented explicitly in models. 

There are two areas of research filling the gap between global climate modeling and 

regional-to-local-scale applications which provide climate information at the scales 

needed for many climate impact studies. These are empirical-statistical (Benestad et al. 

2008; Maraun et al. 2010) and dynamical downscaling (Di Luca et al. 2012; Jones et al. 

2004; Leung et al. 2003). While the former utilize statistical relationships between large-

scale circulation and regional climate, the later utilize limited area models or regional 

climate models (RCMs) to derive regional climate information.  

RCMs are essentially similar to the GCMs in the formulation of both the grid-scale 

dynamics and the sub grid-scale physics (cloud and precipitation formation, radiative 

transfer, etc), differing mainly in horizontal resolution and time-step (Murphy 2000). 

Moreover, RCMs are rarely coupled like GCMs. RCMs are driven at their boundaries by 

a continuous time series of large-scale fields (e.g., wind, temperature, water vapour and 

surface pressure at each level) and distributions of sea surface temperature and sea-ice. 

These fields are provided either by analyses of observations, or from archived previous 

integrations of the coupled or atmospheric GCMs (Jones et al. 2004; Murphy 2000). The 

ability of RCMs to simulate the regional climate depends strongly on the realism of the 

large-scale circulation that is provided by the lateral boundary conditions (Christensen et 

al. 2007). However, RCMs can be used to supplement spatial information in downscaling 
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which cannot be achieved by statistical downscaling due to the scarcity of long-term and 

evenly distributed observations and they can explicitly treat many of the physical 

processes controlling the regional climate (Hellstrom et al. 2001).  

The main disadvantages of RCMs are:  

i) They are computationally intensive as the GCMs, this makes their application to 

impact studies to be limited for multi-decades and multi-model simulations.  

ii) They inherit the large-scale errors of their driving model.  

iii) They require large amounts of boundary data previously archived from relevant 

GCM experiments (Fowler et al. 2007; Jones et al. 2004). 

iv) They require bias correction prior to their application.  

Empirical-Statistical downscaling (ESD) methods utilize statistical relationships between 

large-scale circulation and regional climate to derive regional climate information (Leung 

et al. 2003). In the simplest form, the main concept is to establish the mapping between a 

large-scale variable (predictor)  and the local scale variable (predictand) . 

i.e.                                                  (1) 

This function is typically established through training and validating the models using 

point observations and gridded reanalysis data (Fowler et al. 2007). The derived statistical 

relationships are then applied to the large-scale climate variables from GCM projections 

to estimate the corresponding future local characteristics (Pielke and Wilby 2012). 

Practical considerations for developing an ESD scheme involve the selection of 

appropriate predictor variables, predictor spatial representation, domain size and location, 

types of transfer functions and definition of temporal scales such as season (Leung et al. 

2003; Maraun et al. 2010).   

The utility of ESD depends upon four assumptions (Benestad 2001; Busuioc et al. 2001; 

Jones et al. 2004; Maraun et al. 2010; Wilby and Wigley 2000):  

i) Availability of high quality large-scale and local data for an adequately 

long period to establish robust relationships in the current climate. 

ii) The link between predictand and predictor has to be strong in order to 

explain satisfactorily the local climate variability. 

iii) The predictor variable should be well simulated by the GCM. 

iv) Relationships, which are derived from recent climate, relevant in a future 

climate (stationarity).  
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Empirical statistical downscaling method can be categorized as being linear methods (e.g. 

regression and canonical correlation), neural networks, analog method, weather pattern-

based approaches or stochastic weather generators (Wilby and Wigley 1997; Zorita and 

von Storch 1999). 

Using ESD has the following advantages (Fowler et al. 2007; Jones et al. 2004; Wilby et 

al. 2004):  

i) They are computationally very inexpensive hence they can be easily 

applied to outputs from different GCM experiments.  

ii) They can provide information at point locations (i.e. site specific) from 

GCM scale output which can be useful for many impact studies.  

iii) They can be used to derive variables that are not available from RCMs.  

iv) They are able to directly incorporate observations in to method. 

v) They provide diagnostics and insights e.g. a picture of how large and small 

scales are related.  

vi) They can be used to assess the models  

vii) They can be easily applied to output from different GCM experiments. 

The main drawbacks of ESD methods are:  

i) Strong predictor variables for the current climate that carry climate change 

signals do not always exist.  

ii)  Their basic assumptions, such as stationarity, cannot be verified.  

iii)  Long time-series of relevant data are required to form the relationships  

iv)  They do not incorporate land-surface forcings (the regional climates are 

entirely generated by the free atmosphere variables although they are also 

influenced by land use practices) (Fowler et al. 2007; Jones et al. 2004; 

Leung et al. 2003; Wilby et al. 2004 ; Willems et al. 2012). 

Additionally, there is an alternative to ESD for scenario generation for impact studies. 

This is the simplest method of applying GCM/RCM-scale projections in the form of 

change factors (CFs) or ‘delta-change’ method (Anandhi et al. 2011; Diaz-Nieto and 

Wilby 2005).  

In this method, downscaling is done in the following steps; first, baseline climatology is 

established for the site or region of interest. Depending on the application this might be a 

representative long-term average such as 1961–1990, or an actual meteorological record 
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such as daily or monthly maximum temperatures. Secondly, the mean values of simulated 

baseline and future climates (say 2041-2070) by GCM or Regional Climate Model 

(RCM) in the grid box closest to the target site are estimated.  Thirdly, the additive and 

multiplicative change factors are calculated by subtracting the mean GCM baseline 

climate from the mean GCM future climate and by dividing the mean GCM future 

climate by the mean GCM baseline climate respectively. Lastly, the resultant additive or 

multiplicative change factor of a respective climate parameter suggested by the 

GCM/RCM is simply added or multiplied to each day/month in the baseline time series 

respectively. 

The main advantages of using CFs approach are (Diaz-Nieto and Wilby 2005; Fowler et 

al. 2007; Wilby et al. 2004 ): 

i) It is computationally straightforward and easy to apply  

ii) The direct scaling of the scenario is in line with changes suggested by the GCM or 

RCM   outputs. 

iii) It can be quickly applied to several GCMs to produce a range of climate scenarios  

There are several problems with using CFs method (Diaz-Nieto and Wilby 2005; Fowler 

et al. 2007; Wilby et al. 2004 ).  

i) The scaled factor and baseline values differ only in terms of their respective 

means, maxima and minima; all other properties of the data, such as the range and 

variability remain unchanged.  

ii) The procedure assumes that the spatial pattern of the present climate remains 

unchanged in the future.  

iii) It is not possible to make projections of changes in daily precipitation occurrence 

with the CFs method; the temporal structure remains constant because the 

multiplication of observed precipitation by GCM precipitation changes does not 

affect the number of rain days. This means that the temporal sequencing of wet 

and dry days is unchanged, and so the method may not be appropriate in 

circumstances where changes in spell lengths are important to the impact 

assessment.  

iv) The method can be applied only when equivalent observational and GCM data 

exist 

v) Because CFs is calculated for specific timeslices, the method cannot be used to 

explore transient changes in the local climate scenario.  
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vi) When using the CF approach, the choice of RCM/GCM grid box is typically 

restricted to the immediate vicinity of the targeted impacts. 

vii) CFs is for broad-brush high-level assessment and identification of vulnerable 

regions, hence cannot be used to explore detailed impacts arising from small 

changes in the temporal sequencing and persistence of daily events. 

viii) The method assumes that GCMs more accurately simulate relative change 

than absolute values. 

Although it is easier to implement delta-change approach for impact studies, the method 

does not provide any information about the data quality, whereas ESD indicates whether 

the covariance between the predictand and predictor is high or low. Furthermore, ESD 

provides diagnostics about teleconnection pattern and a measure for how much of the 

local change and variability depend on the large-scale conditions and how much is due to 

local factors. ESD furthermore maps the large-scale effect onto the data space of the local 

predictand, whereas delta-change assumes the change to follow that of the large scales 

(grid box dimension) which may give an incorrect estimate in places which are strongly 

affected by local geographical features.  

4.2 Implementation of regression based ESD models 

Regression models are statistical process for estimating the relationships among variables. 

They are based on the least square solution aiming at minimising root mean square error 

(RMSE), and are normally presented in the following general form: 

                                           (2) 

Where:  

 Y= the variable that we are trying to predict (dependent variable) 

 X= the variable that we are using to predict Y (independent variable) 

 α= the intercept, usually equals to the long-term average of the dependent variable 

 β= the slope 

 ε= the error term or regression residual. 

α and β are also known as regression coefficients. 

There are two types of regression, univariate and multiple linear regressions. A univariate 

linear regression uses one independent variable to explain or predict the outcome, while 

the multiple linear regression uses two or more independent variables to predict the 
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outcome. The latter is used to understand how the typical value of the dependent variable 

changes when any one of the independent variables is varied while the other independent 

variables are held fixed.  

In a multiple regression ESD application, each predictand time-series (e.g. station 

temperature observation) is related with different predictor patterns (e.g. large scale sea 

level pressure). In almost all applications of ESD, the stochastic formulation in (2) is not 

used but the deterministic version (i.e. ). However, in many cases 

collinearity in the predictors may be a problem for regression. A remedy to this problem 

is to apply empirical orthogonal function (EOF) analysis to the data so that only principal 

components (PCs) are used in the model calibration, as PCs are mutually orthogonal (i.e. 

are uncorrelated) (Benestad et al. 2015).  

4.2.1 Selection of predictors and pre-processing 

Generally it is challenging to select potential predictors for downscaling, as explained in 

paper II and also on other studies. In paper II and III, predictor variables  for 

downscaling rainfall and temperature were selected by referring previous work done in  

Africa and other parts of the world. Several predictor variables such as  large scale 

temperature at 2 m above the surface (t2m), precipitation (prec), specific humidity at 2 m 

above the surface (sh2m), horizontal wind at 10 m above the surface (V10m and U10m) 

and sea level pressure (slp) were considered in the initial pool of predictor selection. But 

only few that showed a strong link to the local temperature and precipitation were 

considered for downscaling. However, these predictors need to be processed before they 

are used as input in ESD. The common method used for pre-processing data for ESD is to 

perform empirical orthogonal function analysis (Benestad 2001). 

3.2.2 Empirical Orthogonal Functions (EOF)  

In meteorological or climatological studies, it is very common that gridded time series 

data from observations or from numerical simulations are used. These gridded data fields 

can be thought as a series of maps, one for each time step. We can consider each map as a 

vector in a special vector space, the data space. The space covers all possible shapes of 

the field, the majority of which will never be realized, i.e. different measurements are 

correlated over locations r at times t.  The mathematical dimension (degree of freedom 

(df)) of the vector space is equivalent to the number of observation points , (for gridded 
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data  ;  observation points along the longitude line,  for each latitude 

line and  is the latitude lines). If different measurements in a field are correlated in 

space (i.e. over the locations r, at time t) then the actual df of the data for each time is less 

than . Thus, the data we are using may occur in a subspace of a much smaller 

dimension. The problem is to identify if there exists a typically recurring pattern within a 

data field.  

EOFs (Lorenz 1956) are convenient mathematical constructions that can be used to 

identify a small set of basis maps. They are special product of a more general Principal 

Component Analysis (PCA) e.g. (Horel 1981; Jolliffe et al. 2003; O'Lenic and Livezey 

1988), but tailored for geophysical needs (Benestad et al. 2008). The approach is ideal for 

estimating dominant patterns of variability in a single field versus time. When an EOF 

analysis is performed on a dataset three types of results are obtained, the principal 

components (PCs), the eigenvectors/EOFs and eigenvalues (the amount of variance 

explained by each EOF) see Figure 8. 

In meteorology, EOFs refers to the independent spatial patterns (modes) of variability and 

are associated with the corresponding principal components (PC) that describe their time 

varying amplitudes. The PCs are a set of weights that are used to determine how much 

each mode contributes at a given time (Benestad et al. 2007). In most principal 

component analyses literatures, the EOFs are called Principal Components (PC) (e.g in 

Jolliffe et al. 2003).  

The fundamental idea of EOF analysis is to reduce the dimensionality of a data set 

consisting of large number interrelated variables, while retaining as much as possible of 

the variations present in the original data set. Conceptually, it is a splitting up of one map 

in to several others (i.e. basis maps) (see Figure 9). Given a set of basis maps and 

assigning each a different weight, then it is possible to express all other maps with a much 

smaller set of basis maps. The EOFs can be obtained through singular value 

decomposition (SVD) of the data matrix or via eigen-analysis of the of the covariance 

matrix.  
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Figure 8: A plot showing the result of an EOF analysis based on MERRA surface temperature at 2 

m. Top left is the spatial map of the first mode of variability for DJF season (EOF no. 1), the 

explained variance by leading 20 EOFs is shown on the top right and the principal component of 

the first leading EOF which accounts for almost 43% of the total variability is shown on the 

bottom

 

Some properties of EOFs are:  

i) The EOFs are orthogonal. 

ii)  The principal components are orthogonal.  

iii)  EOFs can be used to reduce the size of data into relatively few temporarily 

uncorrelated spatial maps.  

iv) From EOFs it is possible to extract the maximal variance from data set (the 

leading EOFs describe the most important modes which represent the most 

variability).  

v)  It is easy to be implemented in different applications e.g. in ESD (i.e. they 

have a low computational cost because of the reduced size of the data set).  
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Figure 9: Example showing how one map (DJF temperature field) can be expressed as a 

superposition of other maps/structures (EOF1, EOF2, EOF3). The analysis is based on MERRA 

surface temperature at 2 m. The patterns also describe the morphology of the EOFs (limitation of 

orthogonality constraints of the EOFs as described in the text). That is, if the first mode is of one 

sign throughout the domain, the second will generally be bipolar and third may either be bipolar 

or more complex.  

 

EOFs also have some limitations in their usefulness in certain situations, for example:  

i) The spatial orthogonality of EOFs is strong; this causes undesirable 

constraints between the two respective EOFs. That means, apart from the 

first modes, the remaining modes often are forced to take the geometric 

relationships to the first mode (see for example figure 9). For example, if 

the first mode is of one sign throughout the domain, the second will 
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generally be bipolar and third may either be bipolar or more complex 

(Horel 1981; Navarra and Simoncini 2010; Richman 1986).  

ii) The EOFs depends on the region/domain used in the analysis (Horel 1981; 

Richman 1986). For example, if an EOF is to be considered as the mode of 

variation, then it should remain stable when the whole sphere is the 

domain or if only one continent or hemisphere is considered.  

Despite these shortcomings, EOF analysis may be adequate for many meteorological 

applications, especially where data reduction is required, for example where the PCs will 

be used for regression without individually interpreting each mode (Richman 1986). 

Although in some cases EOFs can be readily interpreted, this is not always true (Jolliffe 

2002). The problem normally rises when one wishes to interpret the higher order of EOFs 

(Horel 1981; Richman 1986). Therefore care should be taken when interpreting EOFs, 

and one might consider transforming them before attempting any interpretation, see for 

example (Horel 1981; Indeje et al. 2000; O'Lenic and Livezey 1988; Ogallo 1989).  

It should be noted that the extent to which the EOFs represent modes of variation depends 

largely on the extent to which the same modes can be found under different conditions 

(Richman 1986). However, outstanding modes of variability such as ENSO or the North 

Atlantic Oscillations (NAO) can easily be spotted in the EOFs, even without 

transformation, see for example (Yang et al. 2014). In this study, the first EOF of the East 

African long rains (MAM) pre-processed sea surface temperatures (SSTs) data showed a 

La Niña-like spatial pattern, see Figure 10. In this map, the cold SSTs were depicted in 

the eastern Pacific and warm SSTs in the western Pacific. In addition its corresponding 

PC was closely correlated with the MAM rain anomaly. Indicating that the decadal 

variability of the East African long rains has an association with decadal SSTs variations 

over Pacific.    

4.2.3 EOF and variance explained 

In EOF analysis, the EOFs are ordered by decreasing amounts of variance, from Figure 8 

(top right) we can see that the majority of modes correspond to very small eigenvalues, 

and thus contribute little in terms of the total variance. Thus, EOF number one describes 

the largest amount of variance of all of the data points, EOF number 2 explains the 

maximum amount of variance of the data (under orthogonality constraint) excluding that 

explained by EOF number one and so on. The cumulative variance expressed by the first 

20 in this case modes shows that, the first 20 modes contribute about 99% of the variance 
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(and) and the rest of the variance must be attributed to the remaining modes. It looks like 

the first mode is distinct to the rest as indicated by large error bar. The eigenvalues give 

information about which modes contain noise (i.e. the modes with least fraction of 

variance) and which modes contain the signal (i.e. the mode with highest fractional 

variance also known as the leading modes). However there is not always a clear break 

between modes corresponding to signal and the modes corresponding to noise (O'Lenic 

and Livezey 1988). Therefore, as suggested by the study of O'Lenic and Livezey (1988), 

finding the right number of modes (EOFs) to retain depends on the data being analysed 

and the goals of the study. 

 
Figure 10: The first EOF spatial pattern for SST data in MAM season. The EOF depicted a la 

Niña-like pattern, this mode is associated with reduction of rainfall in some areas in Eastern 

Africa. Reprinted from Yang et al. (2014) © American Meteorological Society.  Used with 

permission. 

 

4.2.4 Common EOFs strategy 

There are different forms of EOFs analyses, examples are rotated EOFs (Horel 1981; 

O'Lenic and Livezey 1988; Ogallo 1989), complex EOFs, extended/coupled/mixed fields 

EOFs (Benestad et al. 2002; Bretherton et al. 1992) and common EOFs (Barnett 1999; 

Benestad 2001). In this section we will only discuss the common EOFs as implemented in 

the downscaling work of paper II and III. 

In the common EOF strategy, one data set is appended to another (e.g. Reanalysis merged 

with the GCM output) and normal EOF analysis is applied to the combined data set (see 

step I in Figure 11). But the two dataset must be stored on the same grid and should 

represent the same quantity (Benestad 2001; Benestad et al. 2008). It is a useful technique 
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for extracting common spatial patterns in two or more data sets. This method ensures a 

good correspondence between the GCM and observed spatial structures (Re-analysis). 

Common EOFs are a remedy to the errors that may arise due to the differences between 

observed and simulated spatial climate anomaly patterns (Benestad 2001). 

4.2.5 Common EOF in ESD 

Downscaling in ESD is developed in the following steps: anomalies of the predictors (e.g. 

large scale precipitation from the Re-analyses and GCMs data set) and the predictand 

(e.g. station observed temperature or rainfall) are calculated with respect to their long-

term mean monthly/seasonal values. For predictors, anomalies are calculated from each 

grid-point. At this point, the station observations and reanalysis data (at each grid point) 

are linearly de-trended. Trends in the observations may cause biases in the regression 

weights, also trends in the reanalysis may not correspond to trends in predictand (station 

observations) (Benestad et al. 2007). Two data-sets are then combined along the time axis 

(concatenated) to form a single dataset (step I in Figure 11), see for example (Barnett 

1999; Benestad 2001). A bilinear spatial interpolation is used to convert the GCM spatial 

grid to the reanalysis grid. Singular value decomposition (SVD) is performed to the 

combined data set to provide eigenvectors (EOFs), eigenvalues and principle components 

(PCs). Moreover, geographical weighting is applied to the data set before the SVD. An 

SVD is equivalent to EOF analysis (Lorenz 1956), except that the former is applied 

directly to the data matrix while the latter is applied to the covariance matrix. 

The eigenvectors (EOFs) produced from the SVD analysis represent patterns of 

variability that the reanalysis and GCMs data share in common. The EOF analysis applied 

to the combined data set is referred to as common EOF analysis (Barnett 1999; Benestad 

2001) and its use ensures that the same large-scale spatial climatic patterns that are 

associated with the observed local climate anomalies are used to infer local climate 

changes related to the changes in the regional climate (Benestad 2001).  
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Figure 11: Schematic illustration of the computation of common EOF (step I) and the actual 

downscaling (step II). The letter U in step I denotes the eigenvectors generated from the singular 

value decomposition (SVD) analysis, and y  in step II denotes the predictands (station 

observations) and x  are the predictors taken from the common EOF PCs (V) obtained from step 

I. Downscaling in step II uses output (V) from step I (V is equivalent to x (predictor) in step II). 

First, the PCs corresponding to the observations (i.e observed part of the common EOF products) 

and the station data are used for model calibration, and then the corresponding PCs from the 

GCM outputs are used for predictions. This figure is reprinted and modified from Benestad 

(2001), © 2001 with permission from John Wiley and Sons.  

 

After data pre-processing is completed the multiple linear regression analysis between the 

predictand (i.e. station observation) and the principal components (PCs) of the leading 

EOFs of the combined data set is performed. A regression model is calibrated by the PCs 

forming part of the observation (Re-analysis) and the downscaled scenarios are developed 

by the PCs forming part of the GCMs simulations (step II in Figure 11). Stepwise 

screening process based on the Akaike Information Criterion (AIC) (Akaike 1974) is used 
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to determine whether each pattern of variability should be included in the model or not. 

During stepwise screening, a model that minimizes loss of information in simulating the 

current climate (i.e. with minimum AIC value) is retained for downscaling process. The 

downscaled results are often in the form of a time series and therefore can be subject to 

further analysis such as trend analysis, testing for significance difference between two 

time intervals e.g. past and future.  

4.2.6 Domain selection 

Previous works on downscaling found that the choice of predictor domain may influence 

the results of ESD analysis (Benestad 2002; Huth 2001): these conclusions are supported 

by paper II and III. Therefore we need to set a domain which provides the maximum 

downscaling model skill. But this is always challenging, as there is no a rule of thumb for 

selection and the optimal predictor domain may also vary with the calendar month and by 

region (Benestad 2002; Wilby et al. 2004 ). Generally, the location of the predictand 

should be within the domain and the domain should include dominant processes affecting 

the regional climate (Wilby et al. 2004 ). Spatial correlation maps (Stidd 1954; Wilby and 

Wigley 2000) are the best tool to assess the link between large scale patterns and the 

station climate. They can help in determining the features captured by major modes of 

variability in a particular area without being influenced by distant observation points.    

When statistical models are built from the EOFs, it implies that selecting different 

geographical domain means that a different subset of observation points is selected. For 

selected domain we obtain patterns that try to maximize the variance over the new region, 

but the optimization of the variance explained (for the whole field) is done globally over 

all observation points (Navarra and Simoncini 2010). It is possible that eliminating some 

observation points may influence the overall optimization and hence generate different 

patterns.  

4.3 ESD models evaluation 

When statistical downscaling is used to obtain regional climate change scenarios, the 

uncertainty in the projection may originate from the uncertainty in the GCMs used, the 

skill of the statistical models, the emission scenarios applied to the GCMs, shorter period 

of dataset used in the calibration of downscaling models, type of predictor used in the 

downscaling, and on the downscaling method applied e.g. (Benestad et al. 2007; Chen et 

al. 2006; Dibike et al. 2008; Huth 2004).    
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There are different ways in which ESD models can be evaluated, Yang et al. (2013) for 

example used three metrics to evaluate the models, which are the Gerrity skill score 

(GSS), root mean square error (RMSE), and the mean absolute percent error (MPE). GSS 

is a skill score for a categorical deterministic forecast and its values ranges from -1 to 1. 

The larger the score, the better the downscaling scheme performs. If the score is lower 

than zero, then the model skill is poor. RMSE and MPE are used to identify the 

differences between predicted values by the model to observed values. The smaller the 

RMSE and MPE, the better the downscaling scheme performs. MPE usually expresses 

accuracy as a percentage. Furthermore, Benestad et al. (2007) used 2R scores from 

regression analysis as measure of skill in prediction models. The 2R  statistic indicates 

how much variance the ESD model can account for. Its values ranges from 0-1 and the 

scores are often expressed as a percentage, i.e. if 2R is 1 this can also be expressed as 

100% which means that the model has provided a perfect reconstruction. However, when 

the value of 2R is 0 it means that the ESD model is not able to produce any of the signal 

in the predictand. 

Moreover, getting a high skill score in the calibration does not necessarily imply that the 

prediction skill of the model is good. The higher skill might be the result of an over-fit to 

the calibrated model. It is good practice to assess the prediction skill of the model before 

it is used for further analysis to overcome this. A cross-validation is the best technique to 

achieve this, whereby a model is evaluated using independent data, i.e. data not used in 

developing the model. Wilby et al. (2004 ) proposed the following approach to validation: 

i) The use of split-records method, i.e one portion of the data is set for model calibration 

and the remainder for testing (validation), ii) the use of cross-validation techniques, and 

iii) sub-seting a data set (e.g. odd vs even years) when trends are suspected. The split-

records method is appropriate when long observation records are available (i.e. >30 year) 

while cross-validation techniques are appropriate when there are shorter data records. 

However, according to (Wilby et al. 2004 ) success of the ESD models under present 

climate conditions do not necessarily imply that the model is valid under future climate 

conditions. This is because transfer functions may become invalid or the weights attached 

to different predictors may change. 

4.4 Confidence in using climate models (GCMs/RCMs) in future climate projections  

In many studies confidence in climate models ability to project future climate has been 

based on the model ability to simulate the present and past climate and on its agreement 
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with ensemble members or multi-models in simulating present/future climate (Cook and 

Vizy 2012; Joubert and Hewitson 1997; Lambert and Boer 2001; Shongwe et al. 2010). 

As an example Shongwe et al. (2010) found that the GCMs were not able to reproduce 

the observed east African long rain season (MAM) when compared to short rain season 

(OND), hence their confidence in providing projected future rainfall over this region were 

placed more in OND season as compared to MAM. The study of Endris et al. (2013) also 

assessed the ability of several RCMs from Coordinated Regional Climate Downscaling 

Experiment (CORDEX) data set in simulating the characteristics of rainfall patterns over 

eastern Africa. Their findings showed that the ensemble mean had better agreement with 

observation than individual models. They concluded that the ensemble mean can be used 

for the assessment of future climate projections over this region. In their study on decadal 

variability of the East African precipitation during the season of March–May (long rains) 

and by using models outputs (historical experiments) from the Coupled Model Inter-

comparison Project Phase 5 (CMIP5), Yang et al. (2014) found that GCMs had 

systematic errors in simulating the East African precipitation climatology. The ensemble 

mean underestimated the long rains while overestimating the short rains, it also predicted 

the long rains peak during May instead of April as seen in the observations. The ensemble 

mean also did not capture the time series of the East African long rains anomaly, i.e. they 

showed only a weak wetting trend after 1950. The spread in individual model simulations 

was also found to be quiet large. From all these discrepancies they suggested that caution 

must be taken when projecting East African rainfall from the CMIP5 GCMs.  

Some studies (e.g. Elshamy et al. 2009) have attempted to apply bias correction to the 

GCMs so that their simulations match that of the observed climate so that they can use 

them with confidence in future prediction or impact studies. This, however, is not a 

solution to obtain a reliable future climate, because we are still constrained with an 

uncertain future in respect to emission scenarios and evolution of natural variability. Bias 

correction for example assumes that present bias will be the same as the future. And apart 

from the course resolutions, GCMs also generate their own natural variability of Sea 

surface temperatures and climate which is not expected to be synchronous with natural 

variability in nature (Taylor et al. 2012; Yang et al. 2014). However, it is still unclear by 

how much we should increase the confidence in future projections, either based on 

improvements in simulating present-day conditions, or on using a larger number of 

GCMs (Knutti et al. 2009). 
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4.5 The multi-model ensemble and its application in climate change studies 

When translated into impact studies, downscaled scenarios based on a single GCM or 

emission scenario can be misleading, giving an impression of increased resolution being 

equal to increased confidence in projections (Wilby et al. 2004 ). Several studies e.g. 

(Akurut et al. 2014; Taye et al. 2011; Taylor et al. 2012; Wilby et al. 2004 ) suggest that 

impact studies on various fields such as agriculture and hydrology must be based on 

downscaled results that have been generated from different downscaling methods and 

driven by the outputs from multiple GCMs. This will represent uncertainties associated 

with different emission scenarios, model structures, parameterization schemes and 

climate sensitivity.  

Disagreements between GCMs projections of precipitation are common in comparison to 

other parameters such as temperature, e.g. (Elshamy et al. 2009; Taye et al. 2011). While 

some GCMs project increasing precipitation, some project increasingly dry scenarios. For 

this reason, most studies have decided to present the results as ensemble means e.g. 

(Akurut et al. 2014; Elshamy et al. 2009; Endris et al. 2013; Yang et al. 2014), some have 

used weighted means eg. (Shongwe et al. 2010; Tebaldi et al. 2005) and some have 

ignored models that showed unusual behaviour (termed as “outliers”) in further analysis 

(Taye et al. 2011). According to (Yang et al. 2014) the use of ensemble mean cancels out 

most of the internal variability, whether generated by internal atmospheric or coupled 

atmosphere—ocean variability.  

Meanwhile, there is still a debate about the best way to combine simulations from several 

climate models. Tebaldi et al. (2011), for example, proposed three ways to consider 

presenting results using multi-model ensembles that separate a lack of signal in 

projections from a lack of information due to model disagreement. They proposed three 

levels of multi-model agreement as: i) the majority of GCMs agree that future changes 

will be statistically significant and that changes are of the same sign; ii) the majority of 

GCMs show significant change but in opposite directions; and iii) most of the GCMs 

show no significant change. They also emphasised that testing for GCMs agreement is 

only meaningful if they are producing significant changes. However, the study of Weigel 

et al. (2010) suggested that combining GCMs projections using equal weighting may be 

the safer and more transparent way than other approaches, such as by applying individual 

GCM weights according to some measure of performance. This is supported by a number 

of studies such as (Endris et al. 2013; Lambert and Boer 2001; Yang et al. 2014), that 
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show the ensemble mean obtained from equally averaging an ensemble of models 

provides the best comparison to the observed mean climate. However, averaging GCMs 

output may further lead to a loss of signal (Knutti et al. 2009), especially in precipitation 

projection where in most cases changes are of opposite signs or maxima. Thus large 

wetting or drying may occur in some areas even if the multi-model average has lost that 

signal. 

5. Data and Methods 

This section describes the datasets used in the analysis of the three papers that form part 

of this thesis. It also provides a brief overview of the analysis tools used in all of the 

papers. However, specific details of the methods and how data was pre-processed and 

presented to address the objectives of this thesis are described in individual papers.  

5.1 Data for climate impact studies (crop model) 

Four sites (villages) namely, Kichiwa, Welela, Ibumila and Matiganjola were selected for 

impact studies, they are all situated in Njombe region in the southern highlands of 

Tanzania. Historical climate data for daily rainfall, solar radiation and maximum (Tmax) 

and minimum (Tmin) temperature used in the analysis were from Iringa, Songea and 

Mbeya meteorological stations operated by Tanzania Meteorological Agency (TMA), see 

Figure 1. In addition, daily weather observations for one growing season from April 2013 

to August 2014 were obtained from an Automatic Weather Station (AWS) installed in the 

vicinity of the farm fields at location 9.04°S, 34.85°E, and 1806.7 m above sea level. The 

latter was used for crop model calibration.  

Soil data to a depth of 0–40 cm collected in the 2011-growing season was used for two 

villages (Welela and Matiganjola), and for the remaining villages (Ibumila and Kichiwa) 

we used soil information collected in the 2010-growing season. Supplemental soil 

information up to a depth of 93 cm was obtained from the Africa Soil information system 

(AfSIS) database version 1.0 (Leenaars 2012).  

On farm management, records such as maize yields and fertilizer application were 

obtained from on-farm trials conducted in the growing season 2013/2014. Maize varieties 

used in the study were farmers choice which are UH6303 (Kichiwa and Welela villages), 

H628 (Ibumila village) and PAN691 (Matiganjola village). Other crop growth data for 

DSSAT calibration such as days to physiological maturity and days to flowering were 

obtained from the Tanzania Official Seed Certification Agency (TOSCA) crop variety 
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experimental data lists (URT, 2008) and from the list of maize varieties from Kenya Seed 

Company LTD, available at http://www.kenyaseed.com.  

5.2 Data for climate downscaling  

5.2.1 Station climate data 

Predictand data used for the ESD (paper II and III) model development are daily rainfall 

observation records for several stations in Tanzania (Figure 1) obtained from Tanzania 

Meteorological Agency (TMA). The time period available for this dataset differs from 

station to station with some stations go back to 1940’s and few to 1960’s. However for 

the work done in this thesis we used data from 1979 to 2012 which matches the MERRA, 

NCEP-DOE and ERA Interim data period. Only station data that had fewer than 10% of 

missing data were used for analysis. In addition, we also adapted the idea of (Manton et 

al. 2001) that we only use station data with less than 20% of the missing daily data for 

each year. This enabled us to identify existing gaps in observed data, especially for 

maximum and minimum temperatures. 

Within this period, 99.9% of the daily rainfall data are available for analysis while on 

average about 98% of daily temperature data were available for analysis. Because many 

gaps are present in the temperature data we also assessed the missing data for each year. 

Results showed that most stations included in this study had less than 20% missing data 

per year. Exceptions are Kigoma and Mwanza (maximum temperature) that had almost 

three years with missing data greater than 20%, and Kigoma and Mororgoro (minimum 

temperature) that had more than 13 years of missing data. The latter were discarded from 

the analysis prior to downscaling. For both papers, quality control of these data, including 

tests for inhomogeneity that could be caused by any change to station or its operation was 

not performed. However, Luhunga et al. (2014) conducted a study to assess the 

homogeneity of the monthly mean air temperatures (maximum and minimum) for some 

stations in Tanzania (including all stations in the current study) for the period 1974–2012. 

They detected number of break points in Tmax (12) as well as Tmin (5) time series. From 

their analysis they proposed using homogenised data set as being reliable long term data 

set compared to non-homogenised one.   

5.2.2 Reanalysis data 

Before downscaling, we considered three re-analysis dataset for analysis, which are the 

Modern Era-Retrospective Analysis for Research and Applications (MERRA) (Rienecker 
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et al. 2011), the National Centre for Environmental Prediction-Department of Energy Re-

analysis (NCEP-DOE Reanalysis 2) (Kanamitsu et al. 2002) and the European Centre for 

Medium-Range Weather Forecast (ECMWF) Re-analysis (known as ERA Interim) (Dee 

et al. 2011). Only monthly mean values were used in this thesis. 

The NASA’s MERRA data covers the modern era of remotely sensed data, from 1979 to 

present. A special focus of the atmospheric assimilation of the data was placed on the 

hydrological cycle. These data are presented at a spatial resolution of 0.5  0.67

latitude /longitude) (Rienecker et al. 2011) and are available online at 

http://disc.sci.gsfc.nasa.gov/daac-bin/DataHoldings.pl.  

The NCEP-DOE Reanalysis 2 is an updated version of the National Center for 

Environmental Prediction-National Center for Atmospheric Research (NCEP–NCAR 

reanalysis 1 (R1)) covering the period from 1979 to present. The analysis included newer 

physics, additional observation data after 1993 and observed soil moisture forcings, in 

addition, several previous errors were eliminated (Kanamitsu et al. 2002). The dataset is 

presented at a spatial resolution of 2.5  2.5  (latitude/longitude) and is available online 

at http://www.esrl.noaa.gov/psd/data/gridded/data.ncep.reanalysis2.html. 

The ERA-Interim is a global atmospheric reanalysis produced by the European Centre for 

Medium-Range Weather Forecasts (ECMWF) that covers the data period from 1979 to 

recent and continuously updated in real time (Dee et al. 2011). The ERA-Interim project 

was conducted in part to prepare for a new atmospheric reanalysis to replace ERA-40, 

and extends back to the early part of the twentieth century. A special emphasis is placed 

on various difficulties encountered in the production of ERA-40. These include the 

representation of the hydrological cycle, the quality of the stratospheric circulation, and 

the consistency in time of the reanalysed fields (Dee et al. 2011). The products are 

presented in a full spatial resolution of 1.5° 1.5° and 0.75° 0.75° (latitude/longitude). 

Only the 1.5° 1.5° data are publically available online at 

http://apps.ecmwf.int/datasets/data/interim-full-moda. 

5.2.3 GCM data  

GCM monthly mean rainfall and temperature simulations for the period 2006–2100 and 

1900–2100 respectively were obtained from the Coupled Model Inter-comparison Project 

Phase 5 (CMIP5) climate change experiments (Taylor et al. 2012). The data set is 

available online at http://pcmdi9.llnl.gov/esgf-web-fe/. We used projection simulations 
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forced with two representative concentration pathways, RCP8.5 and RCP4.5 (Moss et al. 

2010).  RCP8.5 is consistent with a high emissions scenario and RCP4.5 is consistent 

with a mid-range mitigation emission scenario. These GCMs consist of varying spatial 

resolutions and complexity, their spatial resolution generally ranges from 0.5° to 4° for 

the atmosphere component and from 0.2° to 2° for the ocean component (Taylor et al. 

2012).  

In CMIP5, models are categorized in three groups, atmosphere-ocean global climate 

models (AOGCMs), which are the “standard” models used in previous CMIP phases. 

Earth system models of intermediate complexity (EMICs) and Earth system models 

(ESMs) (Taylor et al. 2012). The AOGCMs and EMICs respond to specified time-varying 

concentrations of various atmospheric constituents (e.g., greenhouse gases) and include 

an interactive representation of the atmosphere, ocean, land, and sea ice. ESMs are 

coupled to biogeochemical components that account for the important fluxes of carbon 

between the ocean, atmosphere, and terrestrial biosphere carbon reservoirs. ESMs have 

the capability of using time-evolving emissions of constituents from which concentrations 

can be computed interactively and in some cases they may also include interactive 

prognostic aerosol, chemistry, and dynamical vegetation components. (Taylor et al. 

2012). 

In this thesis we have used a combination of AOGCMs and ESMs, but for ease of 

discussion we refer to them collectively as GCMs. The number of GCM simulations used 

in downscaling rainfall (paper II) and downscaling temperature (paper III) are different. 

We have included more GCM simulations in temperature downscaling compared to 

precipitation downscaling.  

5.3 Analysis Tools 

In this thesis all analysis and plotting for individual papers was performed in the R 

environment (R Core Team 2014). For paper I, sensitivity study for crop yields 

simulations were performed in a crop model DSSAT-CSM v 4.5 (Jones et al. 2003), and 

further analysis and plotting were performed in R environment. The downscaling analysis 

for paper II was performed in an R-package “clim.pact” (Benestad 2004; Benestad et al. 

2008) but predictors data were pre-processed by Ferret software 

(http://ferret.pmel.noaa.gov/Ferret/). Downscaling in paper III was done in an “esd” R-

package (Benestad et al. 2015a )  and most of the graphical displays in paper II and III 

were done in the R-packages “esd” (Benestad et al. 2015a ) and “ggplot2” (Wickham 
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2009). The downscaled temperature was gridded using the R-package “LatticeKrig” and 

made use of elevation from the 5-minute resolution “etopo”.  

5.3.1 DSSAT-CSM v 4.5 

In paper I we have used a CERES-Maize plant model embedded in the DSSAT-CSM. 

The growth stages simulated by the CERES-maize module are germination, emergence, 

end of juvenile, floral induction, 75% silking, beginning of grain filling, maturity and 

harvest. The rate of development in the CERES-maize module is governed by thermal 

time, or growing degree-days (GDD), which is computed based on the daily maximum 

and minimum temperatures. More information about CERES-Maize plant module and 

DSSAT as whole can be found in (Jones et al. 2003).  

5.3.2 ESD (clim.pact and esd R- Packages) 

Both clim.pact and esd R-Packages are essentially the same except that the later has a 

well-defined data structure (Benestad et al. 2015a ). In addition, much of the methods in 

the “esd R-package” are based on functions available in “clim.pact R-package”. The 

clim.pact package consists of number of R-functions that provides additional functions in 

the R environment for climate analysis, visualization and empirical downscaling 

(Benestad 2004; Benestad et al. 2008). With this package one can compute empirical 

orthogonal functions (EOFs), plot climate data, and perform correlation and composite 

analysis in addition to empirical statistical downscaling. It can analyse both daily and 

monthly data. Gridded data can easily be incorporated into the analysis if they are stored 

in the Network Common Data Form (NetCDF) format. The esd R-package (Benestad et 

al. 2015a ) also performs empirical statistical downscaling of climate information as in 

clim.pact, but has additional functions for searching processing dissecting and analysing 

meteorological and climatological data and displaying the information in the data. 

6. Results 

In this study we used DSSAT model to establish climate change impacts to maize yields 

in southern Tanzania (paper I) and we used ESD models to provide downscaled climate 

(rainfall and temperature) projections for Tanzania (papers II and III). We used a 

sensitivity approach to answer “what if” questions about the impacts of future climate on 

maize yields.  We performed a number of perturbations in temperature and rainfall from 

the baseline climate (2013/2014 growing season) to understand the impacts of changing 

particular parameters to maize yields. Other model parameters as described in section 
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3.1.1 were kept unchanged throughout the experiments. The ESD models were calibrated 

by different observed datasets (re-analyses) which are ERA-Interim, MERRA and NCEP-

DOE, and future projections were developed from the CMIP5 GCMS. The multi-model 

ensemble approach was used to present future downscaled results. In this chapter we 

provide main results obtained in three papers. The details in methods used to arrive to 

these results are explained in the individual papers. 

6.1 Effects of changing climate to maize yields 

In order to assess impacts of climate change and variability to maize yields in paper I, we 

used DSSAT crop model. Sensitivity of yields changes to changes in climate parameters 

was tested while other model parameters such as management and soil characteristics and 

composition were unchanged.  We used 2013/2014 growing season as the baseline, and 

all perturbations were done with respect to this season.  We tested the influence of 

changes in one climate parameter (e.g. temperature or rainfall) assuming other parameters 

remained unchanged. Although four weather parameters namely, maximum and 

minimum temperature, rainfall and solar radiation were provided as input to the crop 

model we only assessed changes to rainfall and maximum temperature. These parameters 

have been widely studied and have shown to play major roles in crop growth and yields.  

The analysis provided were for three maize cultivars (UH6303, H628 and PAN961) 

grown in southern Tanzania and we considered two types of management in the farms; (i) 

farmer planted and managed the farm in his traditional farming practice, termed as 

farmers practice (FP); and (ii) the farmer used external farm inputs such as fertilisers, 

herbicides, pesticides and advice on proper managements in order to improve the gap in 

yields, that is not climate related, a scheme that we labelled YARA-SYNGENTA-SUA 

practice (YSSP). We used planting and management data from four villages namely, 

Kichiwa, Ibumila, Welela and Matiganjola. 

Our results showed several effects of changing temperature or rainfall to yields during the 

growing season. Firstly, we found that increased (decreased) rainfall intensity during the 

growing season increased (decreased) maize yields, an effect which was cultivar and 

management specific. The effect depended on the stage of maize growing when the 

perturbation occurred. During the reproductive stage for example, increased rainfall 

intensity caused increase in yields of up to 2% for all cultivars, whereas increased 

intensity during the vegetative stage caused a minimal increase in yields for the H628 

cultivar with YSSP management and yield loss of up to 5% for the UH6303 and PAN961 
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and H628 cultivars with FP management. Generally, the impacts depended on the 

magnitude of the rainfall intensity change, management used, cultivar type and soil 

characteristics.  

Secondly, we found loss in yields as a result of 10 days dry spell (water stress) during 

maize reproductive stages (i.e. flowering and grain filling stage). The effects were 

comparable for all cultivars (UH6303, H628 and PAN961) with around 6% loss. When 

the duration of stress was prolonged to 20 days, PAN691 and H628 recorded more yield 

loss (up to 43%) than UH6303 (up to 20% loss). Generally, YSSP management gave 

higher loss in yields compared to FP management, especially for H628 and PAN691 

cultivars.  

Thirdly, we found that increase (decrease) in temperature during growing season had 

uniform response by reducing (increasing) number of days to flowering for all cultivars 

and both managements. Generally, temperature increase showed positive impacts (i.e. 

yield increase) up to a particular threshold beyond which yield loss in maize was 

recorded. For example, the PAN961 cultivar was tolerant to temperature rise of up to 

4.5°C, while UH6303 and H628 were tolerant to a temperature rise of up to 2.5°C.  The 

optimum temperature for maximum yield was around 3°C, 0.75°C and 1.25°C for 

PAN961, H628 and UH6303 respectively. However, loss in yields due to temperature 

decrease was cultivar and soil specific. For example, Kichiwa and Welela planted the 

same cultivar UH6303, but yield loss in Welela was higher (up to 25%) than that of 

Kichiwa (~10%). 

Lastly we found that maize yields depended strongly on the amount and distribution of 

rain within the growing season and also on the timing of temperature variability within 

the growing season. For example, growing seasons with lower total rainfall (<50 mm) and 

temperature (<1°C) from their climatological values, caused yield loss as much as 71 and 

15% respectively for PAN691 cultivar. Generally, results showed that even with normal 

growing season, there might be a slight loss in yields if stress (eg. high temperature or dry 

spells) occurred at one sensitive growing stage. 

6.2 Downscaling model skill 

Before we use ESD models to provide downscaled future climate projection, it is 

necessary to study the skill of the models. Among other factors, the skill of the model 

may contribute to the uncertainty of projected future scenarios. However, the goodness of 

the ESD model in the present climate does not imply that the model is valid under future 
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climate, since the transfer functions may become invalid or the weight assigned to 

different predictors may change in future. In addition, we are left with uncertainty in the 

downscaling of the future due to uncertainties in the GCM calculated large scale 

precipitation and temperature.  

For downscaling rainfall in Tanzania (paper II), we considered three parameters namely, 

total precipitation ( ), wet-day mean ( ) and wet-day frequency ( ) and three rainfall 

seasons namely, March-May (MAM), October-November (OND) and December-April 

(DJFMA). Only areas receiving bimodal rainfall were considered for MAM and OND 

season analysis and areas receiving unimodal rainfall were considered for analysis in 

DJFMA season. Models were calibrated by using large scale precipitation from MERRA 

data only. For downscaling temperature (paper III), we considered maximum and 

minimum temperatures (Tmax, Tmin). Downscaling was performed in four seasons 

namely; December-February (DJF), March-May (MAM), June-August (JJA), and 

September-November (SON). Analysis for each season was performed for the entire 

country. Models were calibrated using large scale temperature extracted from MERRA, 

ERA-Interim and NCEP-DOE datasets. In both cases influence of different experimental 

setups e.g. varying domain size and number of predictors (leading EOFs) to model skills 

were tested. 

6.2.1 Model skills for downscaling rainfall  

The overall results showed that model skills ( 2R ) differed from season to season, from 

parameter to parameter and from station to station. In all seasons and for most stations, 
2R  scores were higher for tp and wf compared to  and the OND season had generally 

higher 2R  scores in tp and wf  compared to other seasons. For OND, the 2R  values 

ranged between 70% and 95%, however, a few stations such as Dar es Salaam and 

Mwanza had 2R  values ranging between 50 and 75%. For MAM and DJFMA seasons, 

variable 2R  values of 50 and up to 90% was depicted for tp and wf . However, w  

showed a wide range of 2R  values from very low (25%) to very high (~80%) for all 

seasons. The skill also varied across the country even for neighboring stations, indicating 

that skills of the models were location, season and to some extent parameter specific. The 

low 2R  values obtained in this study were associated with inability of MERRA and 
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GCMs to simulate large scale features that are responsible for local climate and weaker 

relationship between predictor and predictands.  

In addition, using a large downscaling domain size in most cases provided lower model 

skills compared to a smaller downscaling domain. However, using a large number of 

predictors in the regression model (20 leading EOFs) improved model skills. A scatter 

plot of the cross-validation correlation (between predicted and observed values) versus 

number of predictors for all seasons proved that the models were not over-fitted when 

large numbers of predictors were used. Some models had a few (large) numbers of EOFs 

used in the regression but still had a lower (higher) cross-validation correlation value. 

This indicated that, the higher number of EOFs contained details related to some of the 

stations. It allowed more regional details in predictor fields to be used in the downscaling 

models especially for the MAM and DJFMA seasons that do not show a pronounced link 

with large scale circulations. 

6.2.2 Model skills for downscaling temperature  

Results showed that models for Tmax were more skillful compared to models for Tmin. 

For Tmax, models for DJF season had higher 2R  scores on average, compared to other 

seasons (nearly all models had 2R  values more than 50%). In contrast SON was the 

poorest modelled season with 2R  values less than 50% for the majority of models. For 

Tmin, MAM and JJA season were moderately modelled with the 2R  valuesranging 

between 25 and 50% compared to DJF and SON seasons. Although in some models 2R  

values for DJF and SON reached 50%, a majority of models had 2R  values less than 25% 

and few had very poor skills. As for rainfall, the weak skills in models obtained whether 

for Tmax or Tmin were attributed to weaker relationship between predictor and 

predictands and inability of re-analyses data and GCMs to simulate large scale features 

that are responsible for local climate. Results also showed that there was no optimal data 

set and experimental setup that performed better to all stations and seasons. With 

exception of very few stations, increased number of predictors in the regression models 

and increased size of downscaling domain did not improve the model’s skills. Generally, 

for stations and/or seasons whose models showed high (low) skills, their cross-validation 

correlation between predicted and observed values were also high (low).  
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6.3 Future projections 

For future projections of rainfall (paper II) and temperature (paper III) in Tanzania we 

used all calibrated models regardless of their skills. A scatter plot of the cross-validation 

correlation versus projected mean temperature (done in paper III) showed that there is no 

direct link between the skills of the model to projected warming trend. Some models with 

low (high) cross-validation correlation values also had lower (higher) values of projected 

temperature change values. This implies that poor model skill does not necessarily lead to 

missing projected warming.  

We used a multi-model ensemble approach to provide future scenarios so as to explore 

numbers of alternative future climates as provided by different GCMs. We used GCMs 

forced with two scenarios, RCP 4.5 and RCP 8.5.  Projections were provided on seasonal 

basis as it is stated in section 6.1. The multi-model ensemble mean projection for 

individual stations and seasons were considered as the most likely outcome. However, the 

multi-model mean alone may be misleading especially when used for decisions making 

e.g. for adaptation purposes where the range of outcomes also needs to be taken into 

account. At this point the spread in projections from individual models was also 

presented. 

In both cases mean changes in the parameters were calculated by comparing future 30-

year climate periods (near-term=2010-2039; mid-century=2040-2069; end-of-

century=2070-2099) to a baseline climate period (1979-2012), both extracted from the 

downscaled scenario time series. 

6.3.1 Future projections for rainfall 

Projection results showed that, in the mid and end-of-century, there is an increase of 

precipitation to about 40% for some areas getting OND rainfall and a decrease of 

precipitation up to about 10% for some areas getting MAM or DJFMA rainfall.  

Generally, the multi-model mean projections suggested a shift towards wetter (drier) 

conditions for OND (DJFMA) season for all three climate periods. There was no uniform 

projection for MAM season even for stations situated in the same climatic zone; some 

stations were projected to feature wetter and some drier conditions.  However, even if the 

majority of models agreed towards a particular condition (wetter or drier), a few models 

showed opposite changes. The spread in rainfall projections were also found to be larger 

in OND and moderate in MAM and DJFMA seasons for all periods of projection.  



48 
 

Results also showed that, there is no uniform conclusion regarding the magnitude of 

change in projected rainfall parameters. Projected increase in total rainfall in OND for 

example was due to increasing frequency of wet days (in most stations and for all 

projection periods) and more intense precipitation events (for some stations). For 

DJFMA, projected decreasing total precipitation was due to decreasing frequency of wet 

days (all stations and for all projection periods) and less intense precipitation events (only 

for some stations). For the MAM season, with the exception of Dar es Salaam, Morogoro 

and Bukoba, the increase (decrease) in total precipitation was accompanied by 

increasing/decreasing intense precipitation events. In the exceptions mentioned the 

increase/decrease in total precipitation was accompanied by increasing/decreasing 

frequency of wet days. The magnitude of change also differs from area to area. As an 

example, in the northeastern highlands Same showed an increase of about 50% of OND 

precipitation towards the end-of-century, while Arusha showed only an increase of about 

20%. Spatial differences in projected rainfall obtained from this study showed that, 

drawing conclusion about uniform change for a region with heterogeneous topography 

and surfaces such as Tanzania is not possible. There is a demand to the provision of 

location specific climate analysis.   

6.3.2 Future projections for temperature 

Results in downscaled future temperature projection showed that, nearly all seasons and 

stations are projected to be warmer for Tmax and Tmin and the magnitude of warming is 

intensifying from near-term through end-of-century. Naturally, the projected increase in 

local temperature was higher for RCP 8.5 than for RCP 4.5 scenario.  

For Tmax, MAM season was projected to be warming the most (in all periods) while least 

warming was projected for JJA season. During MAM season, average temperature rise 

between 4 and 5°C is expected in most stations in the end-of-century. Largest warming 

was located over north-eastern and south-western part of the country. The projected 

temperature change for JJA season varied across the country but on average will reach 

2°C in most stations and 2.5°C in a few stations in the end-of-century. DJF was the 

season with the second largest depicted warming followed by SON. However, decrease in 

temperature was projected for Kigoma and Mtwara during SON season and in all 

projection periods. 

For Tmin, MAM and JJA seasons were projected to be warming more than DJF and 

SON. During MAM and JJA seasons temperatures are expected to rise by 3–4°C in most 
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stations in the end-of-century, and less warming is expected over western part of the 

country compared to other parts. Projected temperature changes for DJF and SON 

seasons varied across the stations. For the majority of stations, at least 25–75% of models 

agree that the change in temperature from the present climate will be marginal.  It was 

quite hard to demarcate regions warming most form those with less warming in these 

seasons.  

As it was depicted earlier in downscaling of rainfall, the magnitude of projected 

temperature change also differed across the stations. This insists that, still there is a 

demand to the provision of location specific climate analysis.   

Our findings are in agreement with the study of Christensen et al. (2007); Giannini et al. 

(2008) and Waha et al. (2013), that, smaller warming is expected in coastal areas of 

Africa for all seasons compared to the inland areas. However, if we zoom in to a 

particular area, for example Tanzania in our case, a lot can be explored. For example in 

DJF, MAM, and JJA seasons (Tmax), coastal areas showed least warming with respect to 

the adjacent inland areas, but actually it is the areas with large warming compared to the 

western part of the country. 

6.4 Spread in future projections 

In paper II and III, we found spread in projected rainfall and temperatures. This was 

expected because we used different GCMs, each using specific assumptions and 

formulations of processes, having different resolution, being forced with different 

external forcings (anthropogenic and natural) and also representing differently internal 

climate variability.  

For paper II, we investigated spread in model skills and projections that may be 

associated with the downscaling method used (for our case regression based ESD).  

Results showed that, the number and type of EOF picked by Akaike Information Criterion 

(AIC) in the regression analysis and the weights given to regression models coefficients 

for a particular station may partly explain the differences in the depicted variable models 

skill scores. The remaining part of the variable skill may be explained from the 

differences in GCM projections of large scale precipitation which is the main cause of 

differences under common EOF setup.   

For future projections, even if we used perfect GCMs for downscaling, we would expect 

climate system noise and the uncertainty in emission scenarios to cascade to the regional 
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climate projection. In addition to these factors, the downscaling method also contributed 

to the spread by the following factors: (i) number and type of EOF picked by AIC in the 

regression analysis, (ii) the weights of the regression coefficients and (iii) the trends in the 

individual PCs used in the downscaling.  

In paper III, we further investigated the influence calibration data and experimental 

setup on spread in temperature projections. Results showed that, the spread in projections 

for all periods was not sensitive to change in domain size, only marginal differences were 

depicted. However, a clear difference in range of projections were depicted when 

different calibration dataset were used. Generally, models developed by NCEP-DOE 

projected less warming and provided small extent of spread in projection compared to 

models developed by MERRA and ERA-Interim. The factors mentioned here as causes to 

spread are in addition to the factors obtained in paper II since same the downscaling 

method was used.  

7.  Discussion 

Our findings from sensitivity analysis are in agreement with other studies done In 

Tanzania and other parts of Africa and the world in general using either DSSAT or other 

crop models. Using observed climate data and yields records for maize, sorghum and rice 

over Tanzania, Rowhani et al. (2011) found a significant relationship between seasonal 

mean precipitation and maize, sorghum and rice production, with an increase in 

precipitation favouring yields. In contrary, temperature rise and variability in precipitation 

within the growing season possessed a negative impact on yields. For the climate change 

impacts, (i.e. using projected future scenarios) the study highlighted the following; i) an 

increase of 2°C in temperature relative to the 1992–2005 growing season average will 

reduce maize, sorghum, and rice yields by 18.6%, 12.6%, and 16.3% respectively, ii) A 

20% increase in average monthly growing season precipitation will increase maize and 

sorghum yields by 6.7% and 5.7% respectively and iii) an increase in the coefficient of 

variation of precipitation by 20% during the growing period will reduce maize, sorghum, 

and rice yields by 4.2%, 7.2%, and 7.6% respectively.  

In the study of Waha et al. (2013) increased temperature lead to strong increase of maize 

yields in the mountainous regions of eastern and southern Africa. The study also found 

that temperature increase caused maize yields reduction in most areas of sub-Saharan 

Africa (except the mountainous regions in South and East Africa and parts of western 

Africa) but the effect of reduced precipitation on yields was stronger in Southern Africa 
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and parts of eastern Africa. In addition they found that shortening of rainy season in some 

areas did not affect maize yields when total wet season precipitation amounts were 

conserved.  

Thornton et al. (2009) and Lobell et al. (2011) also found the increase of maize yields in 

cooler and higher locations of maize growing areas in Africa and also reduction of yields 

in warmer and lower elevated locations as a result of future temperature rise. Lobell and 

Field (2007) and Wolfram and David (2010) also found negative response of global and 

regional (Sub Saharan Africa) yields of maize to increased temperatures. And by 

considering different management options in maize production in China Tao and Zhang 

(2011) also found a general decrease in maize production as a result of the global 

temperature rise. 

Moore et al. (2012) found spatial variation in maize yields over the east African region 

associated with the spatial and temporal change in climatic conditions (rainfall and 

temperature), also as a result of complex heterogeneous landscapes. In this study yield 

responses were strongly governed by regional and local features to the extent that even 

areas close in space had different yields. For example, decreased growing season 

precipitation with an increasing night time temperature caused a dramatic decrease of 

yields in central Uganda and increased temperature alone caused a decrease in yields in 

hot regions and increased yields in the highland areas. 

Moreover, the study of Barron et al. (2003) over semi-arid locations of East Africa 

showed that, up to 75% of final grain yield was lost due to lack of plant available soil 

water only during the flowering phase, and approximately 40% of yield reduction 

occurred due to insufficient supply of water during grain filling stage. 

GCMs are expected to describe the mean statistics of year to year variations in seasonal 

precipitation and temperature, in this regard; the implementation of ESD technique which 

relies on large scale variables from GCMs is also expected to be most successful at 

reproducing the mean of the signal. However, inter-annual/inter-seasonal and intra-

seasonal variability are very important features to be assessed and addressed in relation to 

crop growth and yields. These include variation in total precipitation in a season, or 

variation of day to day rainfall in a season. However, for climate change analysis the 

convenient way of presenting changes in climate signal as done in this work and by many 

studies is to take differences/fraction of means of the two climate periods (i.e. baseline 

and future) e.g. (Wilby et al. 1998) or by presenting trends e.g. (Benestad 2002). This can 
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be done on the local parameters or on the statistical properties of their time series such as 

coefficient of variability, the probability distribution of the length of dry periods, or the 

frequency of occurrence of wet-days as it is done in paper II. Unfortunately, the outputs 

from this kind of analysis cannot be used as direct input to some impacts models. In most 

cases impact models such as DSSAT which was used in this study require raw outputs 

(time series) from either GCMs or RCMs/ESD or from weather generators.  

Although climate change output was not used directly in the DSSAT model, the 

sensitivity experiments done in paper I addressed clearly the issue of climate variability 

(i.e. how changes in rainfall distribution from season to season and within the season 

influence the final crop yields), the occurrence of dry spells and increased seasonal 

precipitation. Unlike using downscaled data from CF/ESD method, this approach helped 

us to explore all possible impacts of future changing climate from very marginal changes 

to extremes. The study provides us with variety options for early preparedness to the 

likely impacts of future changing climate. Such actions are e.g. researching on maize 

cultivars that are drought and heat resistant, short/long maturity cultivars and/or 

combination of cases depending on future climate projections.  

The main advantage of the sensitivity approach as done in our work is the ability to 

explore the adverse impacts of individual phenomenon (e.g. drought, higher temperatures, 

etc.) that have negative/positive impacts to crop development and yields. This is quite 

difficult to assess initially when the combination of multi-weather parameters is 

employed. Another useful advantage is the applicability of the findings to the 

neighbouring regions with similar climatic regimes as opposed to the direct application of 

the outputs from GCMs or RCMs/ESD for a particular site (the latter is valid for only site 

specific analysis). For example, cultivars used in this study are grown in different areas of 

the southern Tanzania (Iringa, Mbeya, Njombe, Songea and Rukwa) which have similar 

climate patterns but slightly differ in magnitude (refer Figure 9 in paper I) and are at 

different altitudes. For example, the average growing season Tmax for Njombe (Kichiwa) 

and Mbeya ranged between 22.6 and 23.5 °C, while that of Iringa and Songea was 

between 26 and 27 °C respectively (Figure 9 B in paper I). Thus, the average growing 

season temperature for Iringa and Songea had already exceeded the optimal production 

temperature for all three cultivars, but were within the range of getting positive yields for 

PAN691 (see Figure 7 in paper I). This means that, for the current climate, UH6303 and 
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H628 will experience slight reductions in yield in these areas (Iringa and Songea) and 

therefore, may be less suitable for these regions under future warmer climate. 

The main challenge of this approach is to make an intelligent combination of the likely 

future changes in both temperature and rainfall. The implementation of experiments 

would be very complicated and time consuming. In addition, it is not likely that uniform 

changes over the entire year will occur as it is done in sensitivity analysis.   

 

It is possible that large increase or decrease alone in rainfall may not be significant on 

crop yield changes as compared to other factors such as soil texture and fertility. 

According to Lobell et al. (2011) it is difficult to assess separately the roles of 

temperature and rainfall changes on crop yields because the impacts of these two 

variables are closely linked. This can also be seen in the work of Waha et al. (2013), that 

the combined effect of increasing annual temperature and reduced wet season 

precipitations was more pronouncing in the equatorial Africa as opposed to the effect of 

reduced wet season precipitation alone.  

We believe that we would get different results if these parameters were allowed to 

interact interchangeably during simulations, this is a limiting factor in the approach 

chosen in our study and it was beyond the scope of our work. Future work may wish to 

explore this, preferably by using downscaling method with outputs that can be used as 

direct inputs to crop model (i.e. daily data output) or to use stochastic weather generator 

to disaggregate seasonal data outputs (obtained from the ESD outputs in the current 

study) to daily data. However, for better understanding of future impacts of climate to 

crop yields and development, we still need to analyse first the availability of all these 

possible limiting weather phenomena from the input data so as to be able to attribute 

causes to crop failure and yields decline obtained. 

This study explored different dataset for calibrating downscaling models especially for 

temperature and found that the choice of reanalysis as predictor mattered for the ESD 

calibration, supporting a similar observation made in Benestad (2010). In most cases 

ERA-Interim outperformed others but generally results showed that the goodness of 

models were station, season and parameter specific. Same finding was found in rainfall 

downscaling, although the latter used a slightly different approach (it applied a spatial 

smoothing over the area and hence emphasised larger spatial aggregated structures, 

whereas the large-scale temperature included more regional details).  
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The inclusion of higher number of EOFs (20 in the case of rainfall downscaling) allowed 

more regional details in predictor fields to be used in the downscaling models especially 

for the MAM and DJFMA rainfall seasons (that do not show a pronounced link with large 

scale circulations) and for stations located in a complex topographic features.  However, 

in the downscaling process the routine used step-wise screening based on Akaike 

information criterion (AIC) for model selection. 20 EOFs were used as initial pool of 

predictors passed on to regression but step-wise regression reduced the number. During 

stepwise screening, a model that minimizes loss of information in simulating the current 

climate (i.e. with minimum AIC value) is retained for downscaling process. The inclusion 

of cross-validation in our analysis proved that there is no direct relationship between the 

prediction skill of the models against large number of EOFs used to develop the models 

as explained in paper II.  

In contrary, large-scale fields alone are not capable to describe all local change for some 

parameters. In most cases only partial relationship between large-scale variables and local 

variables are described (Zorita and von Storch 1999). The undescribed part of the local 

variables (noise) in the regression analysis is often ignored. This has serious impact 

especially in areas where local variables are mainly determined by local processes such as 

variations in surface characteristics (e.g. vegetation cover and land-sea contrasts). 

However, according to Zorita and von Storch (1999) the noise part of the model is not 

important if the aim of the model is just the estimation of changes in the mean local 

climate, but it is really important if the output of the statistical model is to be used to 

drive an impact model. 

The weaker relationship between prediction and validation within the models in rainfall 

and temperature downscaling suggests that the models do not provide clear answers about 

future temperatures. However, they still provide useful information that there is an urgent 

data problem in Tanzania (and parts of Africa). The regression analysis used in the 

downscaling indicates whether the predictand and predictor have high or low covariance, 

and in this case it suggests that there are substantial differences between the reanalyses 

and the local station data. There may be several reasons for this mismatch; for instance, 

the local measurements have not been used extensively in the data assimilation used for 

the generation of these reanalyses, or there may also be problems with the local data as 

the quality control of the data (predictands) has not performed. This is problematic, as it 

is important to have good data, be it for the calibration of ESD models or for the 
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validation of RCMs (and bias correction). Hence it is necessary to provide more open 

data that can be used in the assimilation of reanalyses. 

The utility of these results in terms of making future projections is highly dependent on 

the quality of data used for model calibration and the correspondence between predictor 

and predictand. If only a few stations are problematic, then the cause of poor ESD model 

fit probably is due to data errors, which may to some extent be remedied by downscaling 

a group of station in one go making use of principal component analysis (PCA) results 

(Benestad, et al., 2015b). And according to Knutti et al. (2009), it is still unclear whether 

we gain confidence in future projections by improving simulations of the present climate 

or by using a multi-model approach.   

In their guidelines for use of climate scenarios developed from ESD methods, Wilby et al. 

(2004) suggested that the exclusion of key predictors for future change due to a higher 

degree of covariance with a predictand variable under current climate, may result in a 

critical loss of information about future regional response to change of large scale forcing. 

This is the case in the current study that same predictor variable performed better in some 

parameters, stations and seasons, and at the same time performed poorly in other 

parameters, stations and seasons. From this point of view, poor match obtained in this 

study cannot be directly translated to inappropriateness of the method or approach, as 

other factors such as inability of re-analyses and GCMs to simulate large scale features 

may be responsible.  

However, because using same predictors we had good model skills in some stations, 

seasons and parameters (e.g. maximum temperature, total precipitation and wet-day 

frequency) the weakest models in this study must be investigated further in future by 

using pseudo-data from RCMs, performing data quality check for errors in measurements, 

homogeneity and continuity, or by using a different ESD approach. 

In this study we have presented future projections of downscaled rainfall by combining 

various projections obtained from different GCMs forced by two scenarios (RCP 4.5 and 

8.5). The purpose of using multi-models forced with multi-scenarios was to address the 

uncertainty in future climate projection, especially when it is to be used for impact studies 

that are directly related to human life. In addition, a range of possible climate outcomes is 

required for adaptation measures. This is drawn from individual model outputs forced 

with different scenarios either RCP 4.5 or 8.5 or other scenarios not included in this 

study. However, presenting together outputs obtained from different scenarios provides a 
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broad picture of the projected future at the same time filter out redundant information as 

compared to when individual scenarios are presented separately. Figure 12 illustrates that 

the range of the combined projections of RCP 4.5 and 8.5 summarised together in one 

panel accomodates the range of separate summary of projections (i.e. RCP 4.5 and RCP 

8.5 alone). As an example, the percentage change of precipitation in Mtwara station 

(DJFMA season) for RCP 4.5, ranges from around -28% to 10% while that of RCP 8.5 

ranges from -10% to 8%. But for combined RCPs (i.e. RCP 4.5 and 8.5) the range of 

projections is between -28% and 10%.   

The combination of information from the sensitivity analysis and multi-model projections 

of downscaled temperature and rainfall scenarios done in this work can inform local risk 

assessments with respect to the impact of changing climate on maize yields and hence 

livelihoods in Tanzania. This can aid to formulations of adaptation policies and measures 

to be taken by small-scale farmers.  Such affordable adaptation strategies may be to 

change agronomic management e.g. early/late planting (Mati 2000; Meza and Silva 

2009), to apply film mulching (Yi et al. 2010), or by using cultivars which are drought 

resistant (Tao and Zhang 2010; Bolaños and Edmeades 1993) and with early or late-

maturity (Tingem and Rivington 2009), and also the inclusion of technological 

improvement such as irrigation in farming systems (Li et al. 2011 ).   

Using high-temperature sensitive and high-temperature tolerant varieties, Tao and Zhang 

(2010) found an average increase of maize yield compared to planting without any 

adaptation measurements. Moreover, the study of Mati (2000) using process based model 

(CERES- Maize) and GCMs projections, found that models predicted higher yields for 

crops planted early in the season than for those planted late. The early planting benefited 

from higher moisture levels in the soil during the grain-filling stage of the crop.  

The study of Yi et al. (2010) over China, found that soil water supply is the main factor 

limiting crop production in terms of resource capture and use efficiency in maize. Their 

results showed that film mulching (when applied to normal rain-fed conditions) and 

supplementary irrigation practices, increased both grain yields and dry matter compared 

to normal rain-fed practices. In addition, the inclusion of economic and technology 

variables in their model, Li et al. (2011) found a moderate loss in yields as a result of 

excess precipitation.  Generally, the relative contributions of adaptation strategies can be 

geographically different, depending on the climate and crop variety (Tao and Zhang 

2010). 
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Figure 12: Box-and-whisker plots showing percentage change of 30-years seasonal mean of the 

multimodel ensemble downscaled scenarios for (left) OND, and (right) DJFMA for the period 

2070–99. Changes are presented for total rainfall projected from: (top) RCP 4.5, (middle) RCP 

8.5, and (bottom) RCP 4.5 &8.5 combined. The boxes represent the interquartile range with the 

upper and lower hinges of the box corresponding to the first and third quartiles (the 25th and 75th 

percentiles), the horizontal line in the middle gives the median, and the red squares are the 

multimodel mean projections. The whiskers extend from the hinge to the highest value that is 

within 1.5 times the interquartile range of the hinge (box). Data beyond the end of the whiskers 

are outliers and are plotted as points. Each station presented in OND for RCPs 4.5 and 8.5 

scenarios has 6 models developed from 6 GCMs (Table 1 in paper II excluding MIROC5 and 

CSIRO Mk3.6.0) and has 12 models for the combined 2 RCP’s. Each station presented in DJFMA 

season (for RCPs 4.5 and 8.5 scenarios) consist of 8 models developed from 8 GCMs (Table 1 in 

paper II) and has 16 models for the combined 2 RCPs. Note the difference in scales between the 

seasons in the figure. 
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8. Summary and conclusion 

The main focus of this thesis was to investigate the impact of climate change on crop 

agriculture in Tanzania, particularly maize. To understand the impacts we assessed the 

impacts of changing climate parameters on maize yields for one region in Tanzania and 

thereafter we developed downscaled scenarios of GCMs projected future climate for 

Tanzania to investigate the expected extent of projected changes at local scale. This is one 

of the requirements for developing reliable impact studies. However, it has been 

demonstrated from the previous work that climate change projections (even for similar 

region) differed across studies, depending on the method used (e.g. statistical versus 

dynamical), the data set used (e.g.CMIP5, CORDEX, etc.), the resolution of the data (e.g. 

high versus low) and different time periods considered in the analysis.  

From this point of view, the focus of our study was to provide downscaled results and at 

the same time trying to address some of these issues. We used multi-model ensemble 

approach to provide future projections, and we used different calibration datasets to 

develop ESD models (paper II and III). Other issues such as downscaling domain size 

and experimental setup were also studied. The aim was to obtain a wider range of 

uncertainty in GCMs and ESD representation of the climate system. The spread in 

projections described some measures of how much confidence might be placed in the 

projections but also provided ranges of outcomes that might be necessary for adaptation 

purposes. 

Our results showed that projected changes in precipitation are still uncertain as identified 

by earlier studies. For a particular station, while some models projected towards wetter 

conditions some projected dryer conditions. However, temperature projection is less 

uncertain, with exception of a few cases the majority of models agree towards 

warmer/cooler climate or only marginal change for some stations. 

Analysis in paper I provided us with an insight of how maize will be impacted by 

changes in climate conditions during the growing season. Among others are rise in 

temperature, occurrence of dry spells, and increased/decreased rainfall intensity during 

the growing season.  

Our results from paper II and III can be used to provide a general implication to crop 

agriculture (maize growing in our case) in Tanzania. For example, MAM and DJFMA 

seasons correspond with March-July growing season for bimodal areas and December-

July growing season for unimodal areas respectively. For MAM season, if we take Dar es 
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Salaam and Morogoro as examples, rainfall projection indicated that, increased total 

rainfall projected in these areas is the result of projected increase in frequency of wet days 

alone and not rainfall intensity. This is important in maintaining soil moisture and hence 

good conditions for crops. However, temperature projection indicated an increase of 2.5 

to 4°C in the mid to end-of-century respectively.  This indicates that, although there will 

be enough soil moisture for maize growing there is a likelihood of shortening of the 

growing season as a result of rising temperature. In addition, depending on the maize 

cultivars planted in these areas, some will experience yield loss if the projected 

temperature will be beyond their optimal production temperature range. 

For DJFMA season, decreasing total rainfall is projected for almost all stations. The 

decrease is a result of decreasing frequency of wet-days, either alone or in combination 

with decrease in wet day intensity. This indicates a higher risk of occurrence of long dry 

spells or drought and damaging rainfall events. Only Kigoma, Tabora and Mbeya from 

our analysis indicated increase in heavy rainfall events accompanied by decreasing 

frequency of wet days.  DJF and MAM temperature projections for these areas indicated 

an increase of 2 to 3°C in the mid to end-of-century respectively. From paper I, results 

showed that growing season temperature for most areas in southern Tanzania (except the 

studied region) are in the temperature range that are not suitable for optimal maize 

production. The projected temperature rise as obtained in this study is further expected to 

cause yield loss for studied maize cultivars in paper I. In addition, the shortening of 

growing season and dry spells will also intensify the risk of loss in yields if same maize 

cultivars will be planted in future. 

To conclude, we believe that this work can be very useful for adaptation measures in crop 

agriculture in Tanzania. If climatic factors limiting growing condition for various crops 

are established and future climate projections are provided, it is easier to develop 

adaptation measures to crop agriculture.  
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