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Abstract 

Water and energy are crucial resources for agricultural production. These resources remain very 

limited to most farmers in Uganda resulting in food insecurity while climate change is expected 

to worsen the situation. Therefore, this study aims to access the impact of climate change on the 

interaction between water, energy and food systems in the Victoria Nile Sub-basin using 

HadGEM2-ES model simulation data. The Crops Water Requirement (CWR) and Crops 

Irrigation Requirement (CIR) for two strategic crops (maize and rice) in four agro-climatic 

zones were simulated using CROPWAT model under two climatic scenarios (RCP4.5 and 

RCP8.5) while the crop productivity/yield was simulated using AquaCrop model. In addition, 

the impact of climate change on the pumping energy demand for irrigation was assessed. Results 

indicate that climate change has a significant negative impact on CWR, CIR and the subsequent 

pumping energy demand as well as crop yield.  Interestingly there is an increase in rice 

production for the August to December season in all the agro-ecological zones. The study highly 

recommends on farm adaptation strategies to overcome the adverse effect of climate change.  

Key words: Climate change, crop water requirement, Irrigation, pumping energy, food security, 

maize and rice. 
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1.0 INTRODUCTION 

1.1 Background Information 

Water is a limiting factor for both crop and animal production. The Victoria Nile Sub-Basin 

(VNSB) is one of the ten (10) sub-basins in the Nile River Basin where agriculture is the main 

economic activity. Despite the abundant water resource, food security in the region is still a a 

challenge for most communities due to the increased population growth rate (Oestigaard, 2012). 

The population is expected to increase by 20% in the year 2050 (Ministry of Finance, Planning 

and Economic Development Uganda, 2011). Increased population has a direct correlation to 

increased food production to meet the demand. Irrigation will be inevitable hence water withdraws 

are expected to increase by 50% in 2050 (Thuo and Schütte, 2011). However, the amount of water 

resource for agriculture is limited and is not increasing. In addition, due to increasing demand and 

climate change evidencing itself through drought and floods, the pressure on the available water 

resources will even increase resulting in water scarcity with in the region. Using historical data, 

Mburu et al. (2012) concluded that onset of rainfall has significantly shifted by a month in some 

regions of Uganda leading to a potential change in cropping patterns. Most farmers in Uganda 

grow on a subsistence basis. The total production portion of these farmers is still very low even 

though commercial farming for profitable export farming is on the rise.  Rain-fed crops constitute 

of more than 95% of the cultivated crops in the country. For example, by the year 2012, 

approximately 140 km2 of cultivated land was under irrigation (CIA, 2017). This high reliance on 

seasonal rainfall that is at most times unpredictable places crop production and national food 

security at high risk (Shah et al., 2008).  

Most research literature are in consensus and predict a significant negative impact of climate on 

rain-fed crop production in Sub-Saharan Africa (SSA) especially for staple crops (Adhikari et al., 

2015; Villegas and Thornton, 2015; Roudier et al., 2011). Compared to its neighbors in Eastern 

Africa, Uganda’s crop production is more vulnerable to climate change since it has the highest 

fraction of rain-fed cultivation. Most of the plantain, cassava, sorghum, and maize produced in the 

country are rain-fed and hence susceptible to climatic change. 

To assess the impact of climate change on crop production, different methodologies have been 

employed.  For farming under both rain-fed and irrigation, each methodology has its contributions 

and limitations. Uganda was perhaps first classified into agro-ecological zones by Wasige et al. 
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(2009) and analyzed the climatic impact on crop yield. Bagamba et al. (2012) analyzed historical 

data and derived  a relationship between climate change and crop production using a statistical 

model (the tradeo analysis model for multi-dimensional impact assessment (TOAMD)). The model 

did not offer any spatial insights even though it is based on sound statistical principles. Waithaka 

et al. (2013) and Dale et al. (2015) used an International Model for Policy Analysis of Agricultural 

Commodities and Trade (IMPACT) developed by the International Food Policy Research Institute 

(IFPRI). The authors provided a good district level detail on yield variations under different 

climatic scenarios but did not evaluate main staple crops such as maize, which pose a higher food 

security risk than cash crops like coffee and tea.  

Villegas and Thornton (2015) selected five General Circulation Models (GCMs) and used two 

Representative Concentration Pathways (RCPs) that is 4.5 W/m2 (RCP4.5) and 8.5 W/m2 

(RCP8.5). The authors derived results from an EcoCrop model and gave extensive indications on 

the impact of climate on nine major crops in the African continent. There are numerous studies 

that tackle the problem from different scientific viewpoints and the above literature is just a small 

selection. However, none of them has explored the different scenarios that could be realized from 

the set of climate projections available under the Coupled Model Inter-Comparison Project 

(CMIP5) umbrella.  

The Government of Uganda (GoU) established a National Irrigation Master Plan (NIMP) to reduce 

the growing food production challenges resulting from climate change, poor resource distribution 

and management practices. The NIMP is to be effective until 2035 (MAAIF and NEW, 2017). The 

NIMP stipulates a well detailed technical pathway for irrigation infrastructure but does not 

deliberate on the energy implications associated with irrigating a large portion of land. More so, 

crop production and energy demand will be more influenced by the water availability under 

different climates. A dry future will mean more crop water needs and the consequent pumping 

energy demand for irrigation. This study, therefore, seeks to explore interactions between the 

water-energy–food (WEF) systems under a changing climate, which the NIMP does not explore 

although it is well detailed on agricultural aspects. Implementing policies in one sector without 

looking at their impact on other sectors could lead to inconsiderate decisions.  

This study aims to shed some light on impacts of climate change on CWR, CIR and crop yield 

under different climate change scenarios taking VNSB as a case study area.  The study further 
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analyzes and estimates the pumping energy demand (for irrigation) under different climates taking 

into consideration site-specific crop water requirements and average elevation heads. 

1.2 Statement of the problem 

The fraction of sub-Saharan region that lies in the Nile River Basin and heavily relying on River 

Nile for its water supply is particularly vulnerable to hydrologic changes that are associated with 

climate change (Beyene et al., 2010). Extremes such as flooding and droughts will be serious 

challenges in the face of increasing pressure on water supplies due to rapid population growth and 

deteriorating resources (IPCC, 2007, El-Fadel et al., 2003). Changes and uncertainties in the future 

allocation of River Nile water resources may have remarkable impacts on both local and regional 

economies, agricultural production, energy availability, and environmental quality (NBI, 2011). 

Agriculture accounts for the largest withdrawal of the limited water resources. Climate change 

would have impacts on crop growth and water intake pattern, as well as the amount of irrigation 

water that crops need to grow well (Zhou et al., 2017). Studying the changes in crop water 

requirement (CWR) and crop irrigation requirement (CIR) under different climate change 

conditions could provide a theoretical basis for the design of irrigation water conservation facilities 

and agricultural water resources management. Moreover, the NIMP clearly stipulates the 

agricultural aspects but does not discuss the energy implications of this irrigation pathway 

especially under climate change. This necessitates the need to explore the interactions between the 

water-energy–food (WEF) systems under a changing climate.  

1.3 The objective of the study 

The main objective is to study the impact of climate change on interactions between the water-

energy–food (WEF) systems taking Victoria-Nile Sub-basin as a case study.  

1.3.1 Specific Objectives 

i. To study the impacts of potential climate change on CWR and CIR for the Victoria-Nile 

sub-basin under different climate change scenarios using CROPWAT (crop simulation 

model); 

ii. To evaluate the effect of climate change on crop productivity using a bio-physical crop 

simulation model, AquaCrop;  

iii. To estimate the future pumping energy demand (for irrigation) under different climatic 

scenarios taking into consideration site-specific crop water requirements. 
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1.4 Research questions 

i. What is the impact of climate change on CWR and CIR in the VNSB? 

ii. How is crop productivity affected under a changing climate? 

iii. What is the impact of climate change on the pumping energy demand for irrigation?  

1.5 The significance of the study  

Water is a crucial resource for agricultural production. Climate change is expected to affect both 

water use and availability in the Victoria-Nile Sub-basin (Kingston and Taylor, 2010). Studying 

the impact of climate change on crop water and irrigation requirement would help to tackle climate 

change, from both food security and sustainable water resource use perspectives (Zhou et al., 

2017). Moreover, the availability of water for food production is mainly determined by its location, 

quantity and costs such as energy associated with it. It is therefore important to study the impact 

of climate change on water and food as a nexus including energy.  

1.6 Limitations of the study 

This research is limited by its scope and period. The scope is looked at in both the geographical 

and subject perspectives. The research is limited to studying the impact of climate change on the 

interactions between water, energy and food systems in the VNSB. It covers the impact of climate 

change on CWR, CIR and crop productivity. It further determines the percentage change in 

pumping energy requirement for irrigation water under different climatic scenarios. The impact of 

climate change is only studied based on the changes in climatic factors such as precipitation and 

temperature. Therefore, other factors such future changes in land use or water resource 

development are not considered. The study only considers CROPWAT and AquaCrop models for 

simulation of CWR and crop yield respectively. The study is based only on one selected GCM due 

to the time limitation to cover a lot of simulations.  

1.7 Thesis outline  

The study was set out in five (5) chapters as synopsized below  

Chapter One: Introduction. Represents the research background information, problem statement, 

objectives, significance and scope of the study, limitation of the study, outline and general structure 

of the research. 
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Chapter Two: Literature review. Presents a detailed and comprehensive review of the literature 

related to this study and research gaps identified that justified the research study at hand. 

Chapter three: Methodology. Describes the materials and methods applied in the study 

Chapter Four: Results and Discussion. Chronologically reports the study findings and discusses 

the results’ implication 

Chapter Five: presents the conclusion and Recommendations to the stakeholders.  
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2.0 LITERATURE REVIEW 

2.1 Climate change perspectives 

Climate change refers to the significant and lasting change in the pattern of global weather 

conditions and other related ocean, land surface and ice sheets occurring for several decades or 

longer - usually at least 30 years (IPCC, 2019). To the contrast, climate variability is the intra-

seasonal and inter-annual variations in the climatic factors caused by the change in driving forces 

such as trade-winds pattern, seasonal ITCZ and periodic of occurrence of the ENSO (IPCC, 2019). 

At the first climate conference in 1979, climate change was identified as an urgent global challenge 

that required governments to unite efforts against potential climate risks. It is this recognition that 

led to the creation of the intergovernmental panel on climate change (IPCC) in 1988 to evaluate 

the degree and timing of the change and estimate the potential impacts. The third IPCC’s 

assessment report indicates that there is new and stronger evidence over the last 50 years, that 

warming is caused by human activities that increase the concentration of greenhouse gasses in the 

atmosphere such as CO2 and methane. Climate change is a serious threat that has adverse impacts 

on socio-economic well-being and development as well as the environment. Although climate 

change is a global phenomenon, its impacts are not evenly distributed. Studies indicate that 

developing countries are the hardest hit by the consequences of climate change and its impacts are 

experienced unevenly across sectors and across nations (Adenle et al., 2017); Shaw and Rajib, 

2013). Furthermore, the impacts of the activities done in one region can be experienced in another 

region. For instance, studies show that irrigation in India has a significant impact on the rainfall in 

East Africa. The south-west prevailing wind carries a large amount of water vapour produced by 

the irrigated crops increasing the rainfall in the horn of Africa (IPCC, 2019). Globally, the mean 

surface temperature is expected to increase by 0.74 0C and also the average rainfall is expected to 

increase.  At regional level, it may increase or decrease by 5 to 20 % in this century (Pachauri and 

Chand, 2008). 

Africa is widely believed to be the most vulnerable continent to the threats of climate change 

because it heavily relies on climate-sensitive economic activities such as agriculture and has 

limited financial and technological resources to respond to these threats (Adenle et al., 2017). 

Despite the sharp change in the weather pattern and continuous awareness campaigns, most people 

in Africa are misinformed about climate change and some good proportions of people have never 
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heard about it (Godfrey, Burton and LeRoux-Rutledge, 2012). This low level of awareness is 

mainly attributed to inadequate awareness campaigns, poverty and political instability in the 

continent that make climate awareness less of a priority (Akrofi, Antwi and Gumbo,  2019). Africa 

is already under pressure of climate change with many areas having variable climates on seasonal 

and decadal time scales. One-third of the people in Africa live in drought-prone areas and 220 

million Africans experience drought each year leading to rampant famine and wide spread 

disruption of socio-economic well-being (Dale et al., 2017). In addition, Africa will continue 

facing water scarcity and stress due to climate change with increasing possibility of water conflicts 

over the more than 50 transboundary water basins such as the Nile river basin. 

Uganda’s climate is naturally dynamic with high temporal and spatial rainfall variability 

(Hepworth and Goulden, 2008).  Climate change induced events such as floods, droughts and 

seasonal variability have had significant socio-economic impacts in Uganda. Floods in 1962, 2008, 

2017 and 2019 caused wide spread infrastructural damage, livelihood displacement and 

destruction (UNOCHA, 2019). Drought has as well taken a significant toll mostly in the north and 

eastern parts of Uganda with for example 1.8 million people affected with malnutrition, poverty, 

and migration (Ecweru et al., 2019). The Victoria-Nile basin is experiencing rainfall variability 

and changing lake levels leading to natural resource use implications such as low agricultural 

productivity, power shortages, disruption to water supplies to urban settlements, and is thought to 

have negatively affected the productivity of Lake Victoria’s fishery. Uganda’s National 

Adaptation Program of Action (NAPA) published in 2007 by Ministry of Water Environment 

(MWE) suggests an increasing frequency of drought events and rainfall attributing them to climate 

change (EMLI, 2015). A number of climate models project a future increase in rainfall in Uganda 

especially around Lake Victoria (Nicholson, 2017). Similarly, a study by Sridharan et al., (2019) 

shows an increase of future annual rainfall by 25% in the eastern and 5–10% in the western part 

of the VNSB basin. At higher emission scenarios, the October to December season receives more 

rainfall than the March to May season. Temperature projections show a substantial increase in the 

mean annual minimum temperature by 1.3–4.5 ◦C and warming in the colder season (June to 

September) by 1.7–2.9 ◦C under RCP 4.5 and 4.9 ◦C under RCP 8.5 by 2085. Variability in future 

river discharge ranges from 5–267%, increases with emission intensity, and is the highest in rivers 

in the southern and south eastern parts of the basin (Olaka et al., 2019). The flow trajectories reveal 

no systematic trends but suggest marked inter-annual variation, primarily in the timing and 
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magnitude of discharge peaks and lows. The projections imply the need for coordinated 

transboundary river management in the future. 

2.2 Agricultural production in the VNSB 

Agriculture including animal production and fisheries is a major economic activity in the VNSB 

with contributions of about 43% to Uganda’s GDP, 68% to employment and food production. In 

addition, it sustains the agro-industrial sector and contributes to the growth of non-farm activities 

(both in rural and urban). Agriculture also strengthens regional integration among riparian 

countries through the trade of agricultural products. Furthermore, the basin’s poor households 

mainly derive their livelihood from Agriculture. For such households, increased agricultural 

production and trade is reflected as increased income, food security and asset accumulation helping 

them to survive period shocks such as droughts and floods (NBI, 2012). 

Agriculture is the largest water consumer in the VNSB accounting for 78% of the total withdraws. 

This water demand increases as food demand by the ever-increasing population raise with 

increased incomes and change in diets. Therefore, competition between water for agriculture and 

water for other sectors such as industrial and domestic water supply is highly expected to intensify 

in the coming years. This will further be exacerbated by the threat of climate change through 

extreme events such as drought and floods. Currently, agricultural production relies mainly on 

rainfall and will be severely compromised leading to an urgent need for irrigation to improve crop 

yields. Furthermore, the negative impacts of agriculture on water such as surface and ground water 

pollution, soil erosion, and salinity development are expected to intensify with agriculture 

expansion to meet food demands. Therefore agriculture remains of critical concern to water 

managers in two perspectives; it exerts too much demand for limited fresh water in the face of 

growing water scarcity and also pollutes water resources, degrades land and erodes the soil which 

must be conserved for sustainable development. 
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2.3 Rice and Maize crops and impact of climate change 

2.3.1 Maize  

Maize is the most widely grown staple crop in sub-Saharan Africa. It is mainly grown by small 

holder farmers where about 70% of the total production is consumed as food (Daly, Hamrick and 

Guinn, 2016). Maize is the second most important source of calories in eastern Africa. Maize is 

one of the crops for which climate change impact has been widely studied. Schlenker and Roberts 

(2009) reported an increase in maize yield as temperature increases up to 29°C followed by a sharp 

decline in yield when the temperature increases further. However, the optimum growing 

temperature for maize is 25°C according to Hatfield and Prueger, (2015). Lobell et al. (2011) notes 

a 1% reduction in maize yield for each degree day spent above 30°C even under optimal rain-fed 

conditions. Furthermore, Raza et al. (2019) indicate that maize yield reduces by 10% for every 

10C above the optimum. Using global grid-based and local point-based models, statistical 

regressions, and field-warming experiments, Zhao et al. (2017) reported a decrease of 7.4% in 

maize yield per 1°C rise above normal. In addition, Saddique et al. (2020) used the CERES-Maize 

model  using 17 GCMs and reported a 9% reduction in maize yield for every 10C temperature rise. 

On the other hand, Runge, (1968) found that temperatures as high as  37.8°C can be beneficial to 

corn yield provided that sufficient soil moisture is available. These findings suggest that not only 

temperature stress but also water/moisture stress are the limiting factors for maize yield at high 

temperature.  Under climate change, rainfall especially in rain-fed farming may not meet the crop 

water requirement due to its poor distribution and potential variations. Using the CERES- Maize 

Msowoya and Madani, (2016) predicted a  14% reduction in maize yield in the mid-century and 

33% reduction by the end of the century for the heart of Africa country, Malawi.  

FAO, (2016) reported yield gains in Kenya and Rwanda and declines in Tanzania and Uganda in 

2030 and 2050. Yield gains in Kenya and Rwanda were attributed to the beneficial temperature 

increases, which would bring growing season temperatures close to optimum temperature in 

temperate/tropical highlands. However, yield losses in Tanzania and Uganda occurred due to 

growing season temperatures rising past optimum temperatures.  
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2.3.2 Rice 

Rice is a vital crop in East Africa where it is largely grown by smallholder farmers under rain-fed 

farming. Rice is grown as upland rice, lowland rain-fed rice, mangrove swamp rice, floating rice, 

and irrigated rice (Meena et al., 2014). Since most farmers are depended on rainfall, rice 

production may be highly affected by climate change (temperature rise and rainfall variability). 

The extent of this impact will vary by production system. About 80% of rice production is upland 

and lowland rice production and is considered to be the most vulnerable to climate change (FAO, 

2006). Manneh et al. (2002) state that rice production in Africa is affected by abiotic stresses such 

as heat stress, flooding, drought and salinity, all of which are expected to worsen with climate 

change.  Heat and drought are undoubtedly the two most important stresses having a huge impact 

on rice growth and productivity in rain-fed production systems (Fahad et al., 2017). This is because 

heat and drought have a high sensitivity to soil moisture. Additionally, heat stress results in high 

spikelet sterility, low tillering and stunted growth which in turn results into lower yield (Fahad et 

al., 2017). According to USAID, (2017) the optimal temperature for rice grain formation and yield 

is lower (25°C ).  

 Zhao et al. (2017) reported a 3.2% reduction in global rice yield per 1°C increase in global mean 

temperature. Maniruzzaman et al. (2017) indicated that if maximum temperature changes by 1oC, 

rice yield could be increased by 0.13 t/ha-1, but it would reduce by 0.34 t/ha-1 with one degree rise 

in minimum temperature. If sunshine hours decreases by 1 hour, rice yield would decrease by 0.70 

t/ha-1. Brennan McLachlan, (2020) in a study to analyze the effect of CO2 and temperature on rice 

yield, found out that CO2 significantly affects rice yield. Rice is expected to benefit from increased 

atmospheric CO2 concentrations. However, increases in temperature have the potential to negate 

any benefit of elevated CO2 in rice yield.  There are variations among studies of the impact of 

climate change on rice. Using ORYZA2000 crop growth model,  van Oort and Zwart, (2018) 

projected that in East Africa, rain-fed rice yields would increase slightly (+8%) but they remain 

subject to water availability constraints. Irrigated rice yields would increase (+25%) due to more 

favorable temperatures and due to CO2 fertilization. More so, USAID, (2017) projected a slight 

increase (<5%) in rice production in East Africa by 2030. Ringler et al., (2011) projected a 0.24% 

increase in rice yield in eastern Africa using IMPACT model and also a 2.32% reduction in 

southern Africa by 2050. A similar study by Tatsumi et al. (2011) using the Improved Global 
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Agro- Ecological Zones method also projected with five GCMs reported about 9.6% yield increase 

in rice in eastern Africa by 2090s compared to 1990s. However, Gerald et al. (2009) projected a 

15% reduction in rice production in East Africa. The difference in scenarios and models could be 

the cause of variations in rice yield projections among different studies. 

2.4 Water, Energy and Food (WEF) Nexus 

The WEF nexus concept recognizes the complex interactions and interdependencies between the 

water, energy and food systems or sectors and seeks to analyze them as a single system to promote 

resource sustainability and effective governance (Galaitsi and Huber-lee, 2018). The WEF systems 

are highly interconnected for example food production requires both water and energy; water 

pumping and treatment requires energy; energy production requires water (Mohtar and Daher, 

2010). 

2.4.1 Climate Change and WEF Nexus 

According to the Köppen-Geiger climate classification,  the VNSB is located in type Aw (wet and 

dry climate) (Zifani, 2016). It is vulnerable to extreme events, soil erosion and water pollution.  

Some of the major challenges identified in the VNSB are the abandonment of farmland, lack of 

farmers training on good farming practices and soil conservation, increased use of fertile land for 

animal rearing in direct competition with crop production. Based on research conducted, it is safe 

to affirm that, VNSB is already experiencing challenges of natural resource degradation and lack 

of farming adaptive techniques to water scarcity and climate change (Mubiru et al., 2018). 

Effective adaptation to climate change necessitates the efficient use of water, energy and land for 

agricultural production to ensure food security (Kantor, McLean, & Kantor, 2017). The WEF 

security has gained increased interest in recent years but is still not considered in Uganda’s 

planning because of the absence of studies considering all three resources and their 

interconnectivity.  According to Copeland & Carter, (2017), to systematically address the 

resiliency to nexus challenges requires the following steps; 

1. Understanding connections,  

2. Surveying and data collecting to understand resources,  

3. Assessing risks and opportunities,   

4. Implementing technologies and programs,  
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5. Collaborating with stakeholders 

6. Leading the change 

The increased frequency of extreme events (drought and floods) is enough evidence that VNSB 

may be facing significant challenges in insuring WEF nexus for its future population. As well 

detailed in the World Economic Forum report (2019), timely and prompt adaptation actions would 

require an integrated approach where WEF are considered together to ensure security and climate 

change impacts. The aim of adaptation is to decrease vulnerability to both climatic and non-

climatic changes by concentrating on the three nexus elements.  

2.5 Review of the models 

Models are a simplified representation of a complex system. They are a mentally visual way of 

linking theory with experiment, and they represent an imagined reality that enable predictions to 

be developed and tested by experiment. Models are central to the process of knowledge-building 

in science and demonstrate how science knowledge is tentative.  

There are numerous models proposed by scientists that can be used to conduct this particular study. 

Some of these models include AquaCrop, EcoCrop, APSIM, CERES, CROPSYST, COUP, 

DAISY, EPIC, FASSET, HERMES, MONICA, STICS and WOFOST. However, the choice of 

the model depends on the data availability, model’s ability, and the modelers’ skills. 

2.5.1  CROPWAT Model 

CROPWAT is a decision support system developed by the Land and Water Development Division 

of FAO for planning and management of irrigation. CROPWAT is meant as a practical tool to 

carry out standard calculations for reference evapotranspiration, crop water requirements and crop 

irrigation requirements, and more specifically the design and management of irrigation schemes. 

It allows the development of recommendations for improved irrigation practices, the planning of 

irrigation schedules under varying water supply conditions and the assessment of production under 

rain fed conditions or deficit irrigation. 

Procedures for calculation of the crop water requirements and irrigation requirements are based on 

methodologies presented in FAO Irrigation and Drainage Papers No. 24 "Crop Water 
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Requirements" and No. 33 "Yield Response to Water". In order to calculate reference 

evapotranspiration, CROPWAT uses the Penman-Monteith equation which is described below. 

                                        𝐸𝑇0 =
0.408∆(𝑅𝑛−𝐺)+𝛾

900

𝑇+273
𝑈2(𝑒𝑠−𝑒𝑎)

∆+𝛾(1+0.34𝑈4
                                          (2-1) 

Where; ETo is the reference evapotranspiration (mm day-1),  

Rn is the net radiation at the crop surface (MJ m-2day-1), 

 G is the soil heat flux density (MJ m-2day-1),  

T is the mean daily air temperature at 2 m height (°C),  

U2 is wind speed at 2 m height (ms-1), 

 es is the saturation vapour pressure (kPa),  

ea is actual vapour pressure (kPa),  

es - ea is saturation vapour pressure deficit (kPa),  

∆ is slope of the vapour pressure curve (kPa °C-1), 

γ is the psychrometric constant (kPa°C-1).  

CWR is calculated by multiplying reference evapotranspiration by the crop Coefficient at each 

stage. The crop coefficient(𝐾𝑐) represents an integration of the effects of four primary 

characteristics that distinguish the crop from reference grass that is crop height, the albedo of the 

crop-soil surface, canopy resistance and evaporation from the soil, especially exposed soil (Memon 

and Jamsa, 2018). Four stages of crop development (initial, crop development, mid-season and 

late season) are considered when developing the 𝐾𝑐 for a crop growing season. Consequently, 

CROPWAT simulates the irrigation schedules under various management conditions and water 

supply. 

2.5.2 AquaCrop model  

AquaCrop is a crop simulation model which describes the interactions between the plant, water 

and the soil. This was developed by FAO to assess the effect of environment and management on 

crop production in order to address food security. In the model design, simplicity, accuracy and 
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robustness were highly considered and optimally balanced. To be widely applicable, AquaCrop 

uses only a relatively small number of explicit parameters and the mostly intuitive input-variables 

that can be determined by simple methods. Moreover, the calculation procedures are based on 

basic and often complex biophysical processes to guarantee an accurate simulation of the crop 

response in the plant-soil system. The AquaCrop model simulates potential yields for crops as a 

function of water consumption under different water application methods (rain-fed and irrigated 

regimes) (Steduto, et al, 2009). It directly links crop growth to water use and estimates biomass 

production from actual crop transpiration through a normalized water productivity parameter, 

which is the core of the AquaCrop growth engine. AquaCrop simulates soil water balance and crop 

growth processes as a function of crop, soil, weather, and management input data, on a daily time 

step. In addition, AquaCrop simulates soil evaporation and crop transpiration explicitly as 

individual processes. A comprehensive description of the AquaCrop model is reported in (Steduto 

et al., 2009). The input files are clustered into a ‘project’ with each project comprising up to 11 

input files. AquaCrop allows input files to be created or modified within the user interface (Raes 

et al., 2009). The simulation results are recorded in output (text) files and can be grouped into 10-

day, monthly or annual summary data. The output consists of five files containing data regarding 

crop growth and production, the soil water balance, soil water content at different depths and net 

irrigation requirements. In the AquaCrop crop yields are calculated based on the harvest index, 

which is the proportion of biomass that is yield; 

𝑌 = 𝑓𝐻𝐼 × 𝐻𝐼0 × 𝐵                                                                                    (2-2) 

Where, Y is the dry mass yield (gm-2), 𝑓𝐻𝐼 is the timing and magnitude of stress, 𝐻𝐼0 is the 

reference harvest index (%) and 𝐵 is the above ground biomass (gm-2).  

A fundamental equation, known as the ‘AquaCrop growth engine’ is used to calculate biomass in 

AquaCrop.  

𝐵 = 𝐾𝑆𝑏 × 𝑊𝑃∗ × ∑
𝑇𝑟

𝐸𝑇0
                                                             (2-3) 

Where, 𝐾𝑆𝑏 is the air temperature stress coefficient (unit less), 𝑊𝑃∗ is the water productivity (gm-

2), 𝑇𝑟 is crop transpiration (mm day-1), and 𝐸𝑇0 is the reference evapotranspiration (mm day-1). 
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2.6 Climate change models GCMs and RCMs 

2.6.1 Art of downscaling GCM data 

General Circulation Models (GCMs) are computer-based models coupled with mathematical 

representations of the complex physical laws and interactions between ocean/atmosphere/sea-

ice/land surfaces. They are designed to simulate geographically, and physically consistent 

historical and future climate scenarios of a region based on greenhouse gases emission scenario 

inputs (Feenstra, 1998). 

GCMs represent physical processes in the atmosphere, ocean, and land surface. They are the most 

advanced tools currently available for simulating the response of the global climate system to 

increasing greenhouse gas concentrations. Due to uncertainties of future greenhouse gas emission 

level (dependent on future human activity), Representative Concentration Pathways (RCPs) 

scenarios are used to bracket future climate projections. Each RCP would result in corresponding 

future scenario that has an associated climatic outcome. It is not possible to predict what would 

actually end up being in the future as that depends on what humans will do and continue to do. 

Instead, one employs a “what-if” scenario to guide an adaptation measure that must be in place to 

counter climate change impact on a region such as the Nile Basin Initiative countries. Typically, 

GCMs are run at 200 Km to 600 Km horizontal and as many as 50 vertical layers 

Coarse scale nature of GCM outputs, by necessity, introduce spatial uncertainty. In addition, many 

physical processes, such as those related to clouds, also occur at smaller scales and cannot be 

properly modelled. This forces one to average over a larger scale through parameterization 

resulting in additional source of uncertainty. Parametrization issues as well as the way certain 

processes are handled (e.g., feedback mechanisms in models concerning, for example, water vapor 

and warming, clouds and radiation, and ocean-land interaction) would result in different future 

projections across different models even for given emission scenarios. In order to extract relevant 

information from this low-resolution data regarding future climate states, one usually bias correct 

and downscale large-scale climate model outputs into relevant spatiotemporal local scale. Doing 

so is a combination of art and science as there is no one size fit all solution. 
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2.6.2 Bias correction  

It is quite unfortunate that even the most sophisticated GCMs still have significant biases in the 

way they predict the climate system. Therefore, Bias Correction (BC) is generally an essential step 

for data processing before application in climate change impact studies.  Bias correction is the 

fine-tuning of biased simulated data to the observations (Maraun, 2016). BC methods aim at 

adding value to the GCMs’ outputs by removing systematic biases so that they can be applied in 

the studies. There are a number of BC methods that have been developed ranging from simple 

scaling approaches to advanced distribution mapping.  BC methods assume that the original 

climate change signals are not modified although most of them still assume that the statistical 

relationship between the historical model simulation and observations will remain the same in the 

future period (Mendez et al., 2020). However, climate change processes are not stationary so the 

above assumption may not be true. Even though BC methods are able to adjust GCM outputs, their 

performances for different GCMs and RCMs varies (Beyer, Krapp and Manica, 2019). Hence 

appropriate selection of the BC method to use is very crucial. The choice of the method is mainly 

depended on its ability to reduce biases in the GCM output of the specific variable. It is also worthy 

to note that, not every BC method is capable of removing biases from the output of every variable.  
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3.0 METHODOLOGY 

3.1 Case Study Area   

The study is carried out in the Victoria-Nile sub-basin. Nile River supplies water to 11 riparian 

countries. The VNSB is being selected for this study due to its geographic location at the upstream 

of the Nile River. Excessive withdraws would not only impact the region but also the downstream 

riparian states. In addition, 96% of VNSB is situated in Uganda while the remaining 4% is in 

Kenya. This region is termed as the food corridor for Uganda and with 32% of Uganda’s arable 

land. The average annual basin rainfall is nearly 1,300 mm and the average annual potential 

evapotranspiration is 1,544 mm. The net water contribution of Lake Kyoga to Victoria Nile flows 

has historically been very low and often negative due to evaporative losses over the lake and 

wetlands. 

 

Figure 3-1: Map of Uganda and the location of the VNSB 

Source: Nile Basin Initiative (2010) 
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Figure 3-2: VNSB administrative boundaries (districts) 

About 85% of the total agricultural demand in the VNSB is supplied by surface water (Multsch 

et al., 2017). The VNSB is well endowed with surface water resources as shown in Figure 3-3 
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Figure 3-3: Rivers distribution within the sub-basin 

3.2 Climate data 

3.2.1 Observed Data 

In this study, observed data recorded at nine (9) weather stations that are situated in the VNSB is 

used. This data was provided by the Uganda National meteorological office, Kampala. The stations 

are spread across the study area, and the spatial resolution of inter-station spacing is approximately 

25 km2. Figure 3-4 and Table 3.1 show the geophysical location and information of the stations 

employed in this study. The meteorological dataset was recorded from 1975 to 2018, and the 

recording lengths of each station differ. Thus, to synchronize the recording period of the simulation 

data from the GCM, a daily time series dataset observed from 1986 to 2016 is employed for bias 

correction in this study. The datasets obtained included, daily rainfall (mm), minimum and 

maximum daily temperature (oC), average relative humidity (%), wind speed (km/hr) and 

direction, solar radiation and sunshine hours. The data was received in digital form and further 

analyzed in Microsoft excel 2016. The data was validated by developing average monthly data 

curves and comparing them with those provided on the World Bank climate change knowledge 

portal (www. climateknowledgeportal.worldbank.org). The average  monthly  data  curves were  

identical  to  the  curve  provided  on  the  climate  change knowledge portal with very insignificant 

differences in the data values. 
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Figure 3-4: Geographical location of the stations 

Table 3.1 : Information of the stations used 

No. Name Latitude Longitude Altitude 

1 Jinja 0.45 33.18 1173 

2 Namulonge 0.53 32.61 1148 

3 Soroti 1.71 33.61 1123 

4 Lira 2.25 32.9 1085 

5 Mbale 1.1 34.15 1340 

6 Mpanga 0.2 32.3 1250 

7 Masindi 1.68 31.71 1147 

8 Kampala 0.31 32.61 1140 

9 Entebbe-Airport 0.05 32.45 1155 
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3.2.2 Trend Analysis 

Air temperature is a good indicator for evapotranspiration and also for rain-fed agriculture, rainfall 

is the only source of water for crops. Therefore, the two variables are used in the trend analysis of 

historical variation in climate thereby confirming climate change. For the trend analysis, the non-

parametric Mann–Kendall test was carried out to detect whether there is significant pattern change 

in the precipitation and temperature data (Adnan & Atkinson, 2011). There are two advantages of 

using this test. First, it is a nonparametric test and does not require data to be normally distributed. 

Second, it has low sensitivity to abrupt breaks due to inhomogeneous time series (Panda, 2019). 

Any data reported as non-detects are included by assigning them a common value that is smaller 

than the smallest measured value in the dataset (Drake N Mubiru et al., 2018). Data values are 

evaluated as an ordered time series. Each data value is compared to all subsequent data values. 

The initial value of the Mann-Kendall statistic, S, is assumed to be 0 (that is, no trend). If a data 

value from a later period is higher than a data value from an earlier period, S is incremented by 1. 

On the other hand, if the data value from a later period is lower than a data value sampled earlier, 

S is decremented by 1. According to this test, the null hypothesis (H0) assumes that there is no 

trend (S=0) and this is tested against the alternative hypothesis (H1), which assumes that there is a 

trend (S≠0). Given that 𝑥1, 𝑥2,, 𝑥3, … … 𝑥𝑛 represent n data points where 𝑥𝑗 represents the data 

point at time j, the Mann-Kendall statistic (S) is given by (Egeru et al., 2019); 

𝑆 = ∑ ∑ 𝑠𝑔𝑛 (𝑥𝑗 − 𝑥𝑖)𝑛
𝑗=𝑘+1

𝑛−1
𝑖=1                                                   (3-1) 

Where; S is the Mann Kendal value, 𝑥𝑗  and 𝑥𝑖 are the data values for the years 𝑗 and 𝑖 ( 𝑗 > 𝑖 ) 

and 𝑛 is the length of the time series. A positive/negative value of S indicates an upward/downward 

trend. The presence of a statistically significant trend is evaluated using the 𝑝 value. In a two-sided 

test for trend, the null hypothesis (H0) should be accepted if the 𝑝 𝑣𝑎𝑙𝑢𝑒 at a 0.05 level of 

significance, is the critical. In this study, significance levels of  𝑝 = 0.05 is applied 

Trend magnitude is evaluated using the non-parametric Sen’s slope approach (Tan et al., 2015). 

To estimate the true slope of an existing trend such as amount of change per year, Sen's 

nonparametric method is used and the test has been performed using XLSTAT 2017 software. A 

positive value of Sen's slope indicates an upward or increasing trend and a negative value gives a 

downward or decreasing trend in the time series. 



22 
 

3.2.3 Simulation data for climate change scenarios  

The global circulation models (GCMs) are used to determine historical and future climate change 

scenarios. There are differences in predictions by GCMs since they are run by different research 

centers using different methods. Therefore GCMs are appropriately and properly selected using 

the following criteria; availability, resolution, independent weight, historical forecast skill, 

reproducing seasonal and annual variability, consensus with other projections, reproducing 

extremes, and vintage (Ghazal et al., 2019). To precisely study the impact of climate change on 

crops, use of different GCMs is recommended (Rotich and Mulungu, 2017). However due to time 

limitation, only one GCM was selected for the study.   

The Hadley Centre Global Environmental Model version 2 –Earth System (HadGEM2-ES) with a 

surface resolution of about 208 km x 139 km at the Equator was selected for this study (Hardiman 

et al., 2017, Collins et al., 2008). The simulation data used in this study was downloaded from 

https://esgf-index1.ceda.ac.uk/cordex-ceda/. For purposes of this study, the reference period of the 

model is from 1971 to 2005 and the future scenario is from 2021 to 2099. Two representative 

concentration pathways of the GCM were obtained that is low-medium (RCP4.5) and high 

(RCP8.5). The data was obtained in a Network Common Data Form (NetCDF) format and was 

further processed in R software into an excel file that can easily be analyzed.   

The simulated data was a daily time series dataset for different climate variables including 

precipitation (Kg/m2/s), maximum and minimum temperature (K).    

3.2.4 Downscaling and bias-correction of GCM 

The GCM output is typically of coarse spatial resolution. For local assessment of climate change 

impacts, a coarse spatial resolution is a big challenge for direct application since it results into 

significant errors, biases and large uncertainty in their output at a local scale (Eden et al., 2012). 

Therefore, downscaling climate data to obtain a finer local scale resolution is a very important step 

during the climate change impact assessment. Dynamic downscaling, statistical and weather 

generators are some of the most common techniques employed to downscale GCMs into local 

scale data. To test scenarios for many decades, statistical techniques of downscaling were used for 

they require less computational effort because they only require the existence of the predictor and 

predictands relationship (Eden et al., 2012). Consequently, in this study the Quantile Mapping 
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(QM) method implemented in Matlab software version R2015a was used as in equation (3-1) for 

rainfall data.  The results from Matlab software were compared with those from the available qmap 

package in R software. QM method has been widely employed because it corrects biases 

considering high order moments (Heo et al., 2019). In addition, the method is designed to preserve 

the long term changes in the quantiles projected by climate change models.   

The QM bias correction method uses a transfer function to constructs Cumulative Distribution 

Functions (CDFs) of the model and observed data, which in turn transforms raw model data into 

corrected data. The CDF of the corrected data is made to match that of the observed data set. 

Mathematically, QM is constructed using (Ayugi et al., 2020) 

𝑦 = 𝐹𝑜𝑏𝑠
−1 (𝐹𝐺𝐶𝑀(𝑥))                                                      (3-2) 

Where y is the corrected value of precipitation and 𝑥 is the value of the precipitation to be 

corrected.  𝐹𝑜𝑏𝑠
−1  is the inverse CDF of the observed data whereas 𝐹𝐺𝐶𝑀 is the CDF of the used 

GCM. 

The QM method assumes that the distribution of simulated or estimated data preserves the 

distribution of any observed data. In QM, simulated data corresponding to a given probability is 

replaced by an observed quantile corresponding to the same probability. The probability 

distribution models of observed and simulated data are essential for QM. Hence, selecting an 

appropriate probability distribution model is critical for successfully implementing the QM 

method. Gamma distribution (GAM) which is widely used for the probability distribution of 

precipitation (Yue et al., 2010) was selected for this study. GAM was selected because of its 

generality and simplicity.  

For the distribution mapping for temperature, CDFs were constructed for both the observed and 

the GCM-simulated climate data for all days within a certain month. Then, the value of the GCM-

simulated temperature of day 𝑑 within month 𝑚 was searched on the empirical CDF of the GCM 

simulations together with its corresponding cumulative probability. Thereafter, the value of 

temperature of the same cumulative probability was located on the empirical CDF of observations. 

Finally, this value was used as the corrected value for the GCM.  This procedure can be 

mathematically expressed in terms of the Gaussian CDF and its inverse.                                  
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Downscaled local climate scenarios simulated by the GCM was made for three time periods as 

classified (Table 3.2) for this study to analyze the future impacts on CWRs, CIR, crop yield and 

the pumping energy demand for irrigation.   

Table 3.2: Period classification   

Period Classification 

2021-2040 Near future 

2041-2070 Mid future 

2071-2099 Far Future 

 

 

Figure 3-5: Bias correction Framework  

3.3 Crop selection 

Maize and Rice were chosen for this study based on their harvested areas, production value, and 

their categorization as staple crops. Four primary sources were used to arrive at sub-basin specific 

crops to be used in the study:  

➢ National Water Resource Assessment (NWRA) report, 2013  
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➢ Uganda census of agriculture, crop area, and productivity, 2008/2009  

➢ FAO Aquastat-Uganda Country Statistics, 2018  

➢ National Irrigation Master Plan (NIMP), 2010–2035  

The Uganda census of agriculture, 2008/2009 provides district-specific statistics on crop yields 

and harvested area, which was used to derive the final share of cultivated area per crop and region. 

The census was prepared using an older classification of districts, which was appropriated to the 

new district classification. The catchment-specific crop shares were derived by overlaying the 

respective GIS layers and appropriate regional aggregation after which maize and rice crops were 

selected for this study.    

The experimental data for maize and rice were obtained from the National Agricultural Research 

Organization (NARO). This crop data included the location, sowing period, crop growth stages, 

irrigation water applied, organic and inorganic nitrogen fertilization quantity, tillage, harvest 

period, yield and other crop management practices. This data was used in the calibration and 

validation of the model.    

3.4 Modelling the impact of climate change on CWR and CIR. 

Before assessing the impact of any future climatic scenarios on crop water requirements for the 

two selected crops, the study area was first separated into Agro-ecological zones (Figure 4-6) based 

soil, land-form and climatic characteristics. The essential elements used in this study to divide the 

area into agro-ecological zones are growing period, temperature regime, and soil mapping unit.    

 A crop simulation model CROPWAT is used to determine the present and future CWRs for each 

agro-ecological zone. The bias-corrected daily climatic data of the base period and the future 

climate was used as input data for CROPWAT model. This computer program is designed to 

calculate the crop water requirements and irrigation requirements based on soil, climate and crop 

data following the Penman–Monteith method. The crop simulation model in addition allows for 

the development of irrigation schedules for different management conditions and the calculation 

of scheme water supply for varying crop patterns (Lalic et al., 2013). The crop data including crop 

coefficients (early, mid and late stage), planting date, length of the season (days), height of the 

crop for selected crops were used.  
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Dominant soil types within the agro-ecologic zones were selected from the developed study area 

soil map as in Figure 3-6 . The soil map was developed in Q-GIS software by overlaying and 

clipping the study area shapefile unto the FAO digital world soil map version 3.6. The dominant 

soil texture was interpreted using the soil unit information table provided with the map (FAO, 

2003). The soil map was later validated using secondary data obtained from experiments 

conducted by the Districts’ Agricultural office. Soil characteristics of the obtained secondary data 

included soil texture, pH, organic matter percentage, soil profile and Electrical conductivity. This 

facilitated the development of soil files used in the simulation for each agro-ecological zone.  

 

Figure 3-6: VNSB soil map 

As recommended by FAO (1998) reference evapotranspiration is calculated using Penman - 

Monteith as in equation 2-1 while effective precipitation is calculated using USDA Soil 

Conservation Service Method (Mohamed, Khalil and Badawy, 2017). The bias-corrected climate 

data was entered to CROPWAT model and the reference evapotranspiration (ETo), CWR and CIR 
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were calculated for each agro-ecological zone for the base period, near, mid and far futures under 

RCP4.5 and RCP8.5. The study area has two definite growing seasons that is March to May and 

August to December. The future percentage change in CWR and CIR as compared to the base 

period were calculated. 

3.5 Modelling the impact of climate change on crop productivity 

AquaCrop is a crop growth simulation model developed by FAO that was used to simulate the 

potential crop production under different climate change scenarios. In this study, AquaCrop 

simulates the biomass production and crop yield according to equation 𝑌=𝑓𝐻𝐼 × 𝐻𝐼0 ×𝐵                                                                                    

(2-2). The main inputs are daily minimum and maximum temperature, rainfall, crop 

evapotranspiration, and the CO2 concentration. The crop evapotranspiration data was calculated 

using CROPWAT model (section 3.4) while the CO2 concentration was selected from the 

AquaCrop model database.  The model was selected for this study due to its robustness and relative 

ease of application, using realistically met data requirements (Foster et al., 2017). In addition, it is 

recognized with the capability to simulate the growth of many crops from a uniform structure and 

a common set of parameters.  

AquaCrop model was calibrated and validated using field experimental data and recorded yield 

for a period from 2005 to 2014.  

3.5.1 Model Calibration and Validation 

AquaCrop model calibration involved modification of non-conservative parameters in the model 

interface such as crops, soil and management parameters. The parameters that were adjusted during 

calibration include planting density, reference harvest index, length of the growth cycle, maximum 

rooting depth and soil parameters. The model was validated against Mbale districts’ ten (10) years’ 

(2005-2014) historical maize and rice yield records (Ikuchi et al., 2016) using statistical parameters 

such as predictor error (Pe), coefficient of determination (R2), Mean Absolute Error (MAE), Root 

Mean Square Error (RMSE) and model efficiency (E). The model performs better when values of 

E and R2 approaches one (1) and when Pe, RMSE and MAE approaches zero (0). The model 

efficiency used in this study was Nash–Sutcliffe efficiency coefficient (E) calculated using 

equation (3-3) 
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𝐸 = 1 −
∑ (𝑄0

𝑡−𝑄𝑚
𝑡 )2𝑇

𝑡=1

∑ (𝑄0
𝑡−�̅�0)2𝑇

𝑡=1
         (3-3) 

Where 𝑄0  is the observed data, 𝑄𝑚 is the simulated data, 𝑄𝑡  is the value at a moment 𝑡, and �̅�0 

is the average of the observed data. The value of E ranges from −∞ to1. When E is close to 1, it 

means that the simulation result is reliable; when E is close to 0, it means that the simulation result 

is similar to the average value of the observed data; and if E is less than 0, it means that the result 

is undependable. 

3.5.2 Model Sensitivity Analysis 

It is important to have some familiarity with the model behavior and sensitivity to input parameters 

before using it. Sensitivity analysis helps to recognize model inputs that cause significant 

uncertainty in the output and those that have no major impact on the model output (Cao and 

Petzold, 2006). When the effect of input parameters is minimal on the model predictions, it can be 

concluded that input data has an insignificant effect on the results and can thus be fixed. In this 

study, the sensitivity analysis approach involved running the model with the nominal data values 

and generating the basic outputs. Successive runs of the model involved moving one input variable, 

keeping others at their baseline values, then, returning the variable to its nominal value, and then 

repeating for each of the other inputs in the same way. After changing the values of input 

parameters, the model outputs were compared with the basic outputs using the following 

relationship (Kikoyo and Nobert, 2016) 

                                                    𝑆𝑐 =
∆𝑊

�̅�
/

∆𝑃

�̅�
                                                       (3-4) 

Where  𝑆𝑐 is the sensitivity coefficient, ∆𝑊 is the output difference before and after changing the 

input, �̅�is the mean of outputs, ∆𝑃 is the input difference and  �̅� is the mean of inputs. 

When the model was deemed satisfactory to simulate yield, maize and rice yields under RCP4.5 

and RCP8.5 projections were compared with the base period yield to estimate percentage yield 

variability in future.  

3.6 Estimating the future pumping energy demand for irrigation under changing climate 

To estimate the future pumping energy demand for irrigation under different climate scenarios, the 

irrigation master plan of Uganda and the site-specific crop water requirements were considered. 

From the master plan, a significant share of irrigation is expected to be of sprinkler or drip 

irrigation types in addition to the open channel system. In this analysis, water for open 
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channel/surface irrigation is assumed to have zero energy requirement. The pumping energy need 

was calculated as a function of the crop irrigation water requirement per year, the average district 

elevation head, and water specific gravity. The crop irrigation water need was calculated as the 

cumulative water need to be brought about by the increase in irrigated land, crop type grown and 

the combined effect of temperature and rainfall change with time. In this study, only elevation 

head and operating pressure were considered. The pressures required for drip and sprinkler 

irrigation systems range from 20 to 30 PSI (1.3–2.7 bar) and 30–50 PSI (2–3.4 bar), respectively. 

In this analysis, the average elevation head of each district from the nearby non-seasonal surface 

water resource was determined through the ArcGIS software. Since most small river streams in 

the VNSB are seasonal and do not maintain minimum flows during some months that coincide 

with the crop growing season, it would have been more appropriate to consider ground water 

instead of surface water. However, due to limited data on ground water such as water quality, 

quantity and water table depth, only non-seasonal surface water resources as in Figure 3-3 were 

considered for this study. The District specific pumping energy demand was calculated from a 

mathematical model developed in Matlab software as in equation 3-5 (Menuben, 2016). The pump 

efficiency was taken as 70% being the average of the electric and diesel pumps available on the 

market (Martin et al., 2011). The multiplier factor is function of the irrigation efficiency which is 

mainly dependent on the irrigation type. For pressurized systems, a multiplier factor of 1.43 was 

adopted (Martin et al., 2011).   

𝐸𝐷𝐷 =
𝜔×(∑ 𝐶𝑊𝑅𝑖(𝐴𝑖+𝐵𝑖) 𝑛

𝑖=1 +  ∑ 𝐶𝑊𝑅𝑗(𝐴𝑗+𝐵𝑗)𝑘
𝑗=1 )×𝐻𝐷×𝑔×𝜌

𝜖
                                 (3-5) 

Where 𝐸𝐷𝐷 is the District specific pumping energy demand, 

𝐶𝑊𝑅𝑖  and 𝐶𝑊𝑅𝑗  are the site-specific crop water requirements (mm/day) for maize and rice 

respectively, 

𝐴𝑖 and 𝐵𝑖 are type A and type B areas for maize (Ha),  

𝐴𝑗 and 𝐵𝑗 are type A and Type B areas for rice (Ha), 

𝐻𝐷 is the elevation head (m), 

𝑔 is the acceleration due to gravity(ms-2) 
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𝜌 is the density of water (kgm-3) 

𝜖 is the efficiency (%) 

𝜔 is the multiplier factor (unitless) 

n and k are the number of maize and rice sites per district respectively 
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4.0 RESULTS AND DISCUSSION 

Variability analysis of meteorological parameters is of great importance for researchers and policy 

makers in decision making as rainfall and temperature play a dominant role in deciding the use of 

water availability in the areas. At the first instance, monthly rainfall variations have been shown 

in Figure 4-1. The variation between months of observed rainfall for the base period is significant, 

with the largest difference between the wettest month April and driest month July, reflecting a 

climate with strong seasonality in rainfall. The rainfall increases in September and then reduces 

from November onwards till February. This region receives significant rainfall starting from 

March to May and then, less rain from June to July which is the driest month. Evidently, water 

scarcity rises during the dry months due to the fact that water demand rises during this period. 

Also, the temperature data shows that there is high temperature during the dry months which 

translates into the high evapotranspiration (ET). Therefore, the crop water requirement which is 

needed for crop growth and development during this period will increase and there is a need to 

cater for it. 

When comparing with the observed data, both the historical and the future GCM simulations 

generally underestimated the precipitation. The model exhibit underestimation between January to 

September and overestimation during October and November.  Similar observations were made 

by (Ayugi et al., 2020) and (Olaka et al., 2019). On developing the CDF for the daily data sets for 

observed and simulated data as in Figure 4-2, the GCM was still underestimating the rainfall. This 

prompted the need to bias correct the data before applying it in the climate change impact 

assessment study. QM was employed in this study to correct rainfall data. Figure 4-3 show QM 

results comparing the CDFs of the simulated data before and after correction. In addition, results 

show that QM does not only bias correct the simulation data, but also the absolute or relative 

changes in quantiles are conserved at the same time.  
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Figure 4-1: Monthly average rainfall variation 
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Figure 4-2: CDF of the GCM simulation data before correction 

 

Figure 4-3: CDF of the GCM simulation after correction 
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4.1 Trend Analysis results  

For the 30-year historical baseline period (1986–2016), the average rainfall for the sub-region was 

1488 mm per annum. Statistical properties of the annual and monthly rainfall series such as the 

mean, standard deviation (SD), coefficient of variation (CV), kurtosis and skewness were tested 

and presented in Table 4.1.  Results show that April, May, and October represent the smallest 

Coefficient of Variation (CV) which means that they were the homogenous months in terms of 

rainfall variations during the period of record. On the other hand, June, July and February show 

the largest CV. The rest of the months present similar rainfall pattern representing a similar 

variation during the study period. The skewness is found to be high for June that is 2.4.  The annual 

maximum rainfall occurred in the year 2013 with total precipitation of around 1861 mm 

approximately and the minimum rainfall occurred in the year 2004 with a total of around 1039 

mm.  

On running the Mann-Kendall test on precipitation data, the Sen's slope shows an evidence of a 

positive trend in annual series. The results indicate that the null hypothesis was rejected for the 

annual rainfall trend (p-value= 0.032) at a significant value of 0.05.  The rate of annual rainfall 

change is about 11.26 mm/year. However, this change is not significant in comparison with the 

average annual change in rainfall of 201.4 mm. This is in agreement with the results of  (Kikoyo 

and Nobert, 2016) that showed no significant trend in the rainfall data for the past 5 decades. Under 

the representative climate scenarios, the annual rainfall is expected to reduce by 16.2% and 11.8% 

for RCP4.5 and RCP8.5 respectively. However, for both representative scenarios, an increase in 

rainfall is expected for the August to December growing season whereas a reduction in rainfall is 

expected for the March to May season.  

On plotting the linear trend line for the 30 years rainfall data, the following results in Figure 4-4 

were obtained. 
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Table 4.1: Statistical summary of annual and monthly rainfall 

  Minimum Maximum Median Mean Variance SD CV Skewness  

Jan 1.70 206.30 76.00 93.27 3109 55.76 0.60 0.46 

Feb 9.40 204.80 60.70 68.98 1894 43.52 0.63 1.08 

Mar 44.70 314.40 148.20 157.77 4060 63.72 0.40 0.50 

Apr 80.50 344.20 215.00 216.81 5370 73.28 0.34 0.02 

May 72.40 276.70 165.90 168.15 1920 43.82 0.26 0.12 

Jun 19.70 376.20 72.60 97.75 6289 79.30 0.81 2.40 

Jul 0.00 156.50 48.90 49.22 1260 35.49 0.72 0.71 

Aug 0.00 123.70 71.30 71.58 830 28.81 0.40 -0.18 

Sep 33.80 320.50 104.60 114.80 3602 60.02 0.52 1.38 

Oct 19.70 255.10 143.00 153.53 3051 55.24 0.36 0.14 

Nov 37.40 335.50 153.40 157.32 5059 71.13 0.45 0.77 

Dec 16.20 323.30 117.70 138.92 6860 82.83 0.60 0.66 

Annual 86.59 159.02 123.42 124.01 396 19.89 0.16 -0.19 

 

In the Mann-Kendall test, the Sen's slope estimator reveals the trend of the series for 30 years for 

individual 12 months from January to December as in Table 4.2.  

For January, June, August, September, October, November and December there is an evidence of 

a rising trend while the result is displaying negative trend in February, March, April, May and 

July. Thus, Sen's slope estimator shows a positive trend for seven months and for the other five 

months it shows a negative one representing almost nonsignificant condition. The Null hypothesis 

was accepted for the months from January to August and then for months from November to 

December. Therefore, statistically significant trends are not found for rainfall for these months, at 

95 % confidence level, even though there are negative and positive trends for the record of the 

period (1986-2016) considered. Only two months of September and October reject the null 

hypothesis. These exhibit a significant trend.  
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Table 4.2: Mann-Kendall test results of annual and monthly rainfall 

  Mann Kendall p-Value Sen's slope value Interpretation 

Jan 81 0.18 1.27 H0 accepted 

Feb -75 0.21 -1.02 H0 accepted 

Mar -1 1.00 -0.03 H0 accepted 

Apr -27 0.66 -0.71 H0 accepted 

May -77 0.20 -1.46 H0 accepted 

Jun 29 0.63 0.59 H0 accepted 

Jul -43 0.47 -0.55 H0 accepted 

Aug 93 0.12 0.77 H0 accepted 

Sep 131 0.03 0.03 H0 Rejected 

Oct 125 0.03 1.75 H0 Rejected 

Nov 47 0.44 0.98 H0 accepted 

Dec 59 0.33 1.89 H0 accepted 

Annual 127 0.032 11.26 H0 Rejected 
 

Figure 4-4 shows the general increasing trend of the seasonal rainfall in the studied region, where 

the linear regression equation is showing positive slope value (a= 10.59) and the R2 value comes 

about 0.1576. R2 which is a coefficient of determination value explains that 15.8% of the variability 

in the annual rainfall is explained by this linear regression model. 
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Figure 4-4: Trend line corresponding to rainfall data (1986-2016) 

Statistical properties for minimum and maximum temperature are given in Table 4.3 and Table 

4.4, respectively. Although the CV for both maximum and minimum temperature is found to be 

low as compared to rainfall, the skewness values show extreme variation than rainfall. The 

observed data were analyzed for the period of 1986–2016 and represented as in Figure 4-5. From 

the graph, it becomes clear that the maximum and minimum temperature are low during March, 

April, May and October and are comparatively high during months from June , July, August and 

January. Regarding temperature, trends found for minimum temperature data on annual basis from 

1986 to 2016 are not very significant. The maximum and minimum temperature trend analysis are 

presented in Figure 4-5.  

Mann Kendall test was also applied results of which are shown in Table 4.5 and Table 4.6. The 

nonparametric test, M–K method, used to analyze if there is a monotonic upward or downward 

trend of the variable over time, the results show that there is a trend in the maximum temperature 

over the studied period. In general, maximum temperature for the observed period showed an 

increasing trend (Sen's slope = 0.062) while the minimum temperature trend showed no trend 
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(Sen's slope = 0.001) but the result of maximum temperature trend analysis is statistically 

significant at 95% confidence limit, on the contrary the trend analysis result of minimum 

temperature is not statistically significant. The average annual temperature is expected to increase 

by 1.38 0C and 2.32 0C for RCP4.5 and RCP8.5 climate scenarios respectively by 2099 relative to 

the base period of 1986 – 2016. This correlates with the output of 21 global circulation models 

used by IPCC in the report, published in 2007 on the prediction of the annual changes in 

temperature which indicated that generally the East African region is getting warmer, though the 

degree of warming predicted is quite variable. 

The results of the Mann Kendall test for monthly minimum temperature, maximum temperature 

and total rainfall show mixed trend which are in most cases not significant but significant in some 

cases and this is in line with (Chombo, Lwasa and Tenywa, 2020) who, in a study of the regions 

around lake Kyoga, found out that both positive and negative trends, some significant and others 

non-significant in different subzones of which 90% of these regions lie within the VNSB being 

considered in this study.  

Table 4.3: Statistical summary of Minimum temperature (1986-2016) 

  Minimum Maximum Median Mean SD CV Skewness 

Jan 14.250 19.350 16.930 16.949 1.192 0.070 -0.155 

Feb 14.580 18.560 16.280 16.444 0.953 0.058 0.228 

Mar 14.970 18.820 17.320 17.055 0.849 0.050 -0.363 

Apr 15.430 19.150 17.060 17.330 0.972 0.056 0.205 

May 12.560 19.030 16.480 16.446 1.864 0.113 -0.390 

Jun 12.300 20.330 15.890 16.018 1.798 0.112 0.025 

Jul 13.660 20.260 16.940 17.144 1.547 0.090 -0.318 

Aug 16.150 19.550 17.910 17.890 0.846 0.047 -0.191 

Sep 16.540 18.830 17.920 17.847 0.683 0.038 -0.254 

Oct 16.020 18.630 17.660 17.535 0.574 0.033 -0.432 

Nov 14.720 19.030 17.130 17.115 0.806 0.047 -0.433 

Dec 15.110 18.830 16.760 16.961 0.941 0.055 -0.035 
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Table 4.4: Statistical summary of Maximum temperature (1986-2016) 

Months Minimum Maximum Median Mean SD CV Skewness 

Jan 25.630 33.650 29.930 29.764 1.947 0.065 -0.007 

Feb 24.580 31.760 28.690 28.200 1.755 0.062 -0.210 

Mar 26.870 34.820 30.850 30.879 2.252 0.073 0.066 

Apr 26.200 36.530 32.620 32.218 2.661 0.083 -0.346 

May 26.100 30.130 28.230 28.430 0.961 0.034 -0.344 

Jun 23.480 32.780 28.910 29.021 1.889 0.065 -0.433 

Jul 23.100 33.960 29.110 29.185 2.430 0.083 -0.645 

Aug 26.340 38.010 33.500 32.906 2.978 0.091 -0.346 

Sep 27.060 36.650 32.580 32.184 2.723 0.085 -0.234 

Oct 26.850 35.600 32.390 31.873 1.933 0.061 -0.397 

Nov 25.620 33.900 32.070 31.262 2.158 0.069 -1.063 

Dec 24.200 32.070 29.260 29.123 2.152 0.074 -0.434 

 

 

Figure 4-5: Trend for minimum and maximum temperature 
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Table 4.5: Mann Kendall test results for minimum Temperature 

  Mann Kendall p-Value Sen's slope value Interpretation 

Jan -129 0.029 -0.051 H0 Rejected 

Feb 193 0.001 0.065 H0 Rejected 

Mar -66 0.268 -0.014 H0 accepted 

Apr 41 0.496 0.017 H0 accepted 

May -176 0.003 -0.126 H0 Rejected 

Jun 78 0.190 0.058 H0 accepted 

Jul 245 0.000 0.115 H0 Rejected 

Aug 78 0.190 0.027 H0 accepted 

Sep -125 0.035 -0.031 H0 Rejected 

Oct 3 0.973 0.000 H0 accepted 

Nov -109 0.066 -0.024 H0 Rejected 

Dec -59 0.324 -0.023 H0 accepted 

Annual 9 0.893 0.001 H0 accepted 

 

Table 4.6: Mann Kendall test results for maximum Temperature 

  Mann Kendall p-Value Sen's slope value Interpretation 

Jan 39 0.518 0.024 H0 Accepted 

Feb 28 0.646 0.012 H0 Accepted 

Mar 85 0.155 0.083 H0 Accepted 

Apr 200 0.001 0.200 H0 Rejected 

May 9 0.892 0.004 H0 Accepted 

Jun -37 0.541 -0.023 H0 Accepted 

Jul -13 0.838 -0.006 H0 Accepted 

Aug 23 0.708 0.056 H0 Accepted 

Sep 273 0.000 0.239 H0 Rejected 

Oct 86 0.148 0.071 H0 Accepted 

Nov 252 0.000 0.149 H0 Rejected 

Dec 143 0.016 0.121 H0 Rejected 

Annual 165 0.005 0.062 H0 Rejected 
 

4.2 Impact of climate change on CWR and CIR  

To cater for spatial variability in conditions affecting CWR and CIR, the case study area was first 

divided into agro-ecological zones as in Figure 4-6 based on soil, landform, land cover and climatic 

characteristics. The purpose of zoning was to separate areas with similar sets of potentials and 
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constraints for crop development. The particular parameters used in the definition focused 

attention on the climatic and edaphic requirements of crops and on the management system under 

which crops are grown. Each zone encompasses several soil mapping units or climatic zones with 

similar but not identical properties.  

 

Figure 4-6: Agro-ecological zones 

The CWR for both base and future periods was calculated by multiplying the crop coefficients, KC 

by the reference evapotranspiration, ET0. The initial, mid-season and late season KC values for 

maize were set at 0.3, 1.2, 0.35 respectively (Karandish, Kalanaki and Saberali, 2016).In addition 

the days were 20, 35, 40, and 30 for initial, development, mid and late-season respectively totaling 

to 125 days. Similarly, for rice 0.5, 1.05 and 0.7 KC values were considered for Initial, mid and 

late season and 20, 40, 65, 20 days respectively totaling to 145 days (Muhindo et al., 2016) . The 

calculated sensitivity coefficients revealed that CWR was the most sensitive to maximum 

temperature followed by solar radiation. Table 4.7 and 4.8 show the seasonal change in CWR and 
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CIR during the near, mid and far futures as a percentage of the base period for each agro-ecological 

zone under RCP4.5 and RCP8.5. These results are in agreement with the findings of (Karandish, 

Kalanaki and Saberali, 2016). In all zones, the CWR is increasing for both climate scenarios in the 

near, mid and far future. The increase could be attributed to the high temperatures expected for 

both RCP4.5 and RCP8.5.  Surprisingly, the percentage increase in CWR for both crops was 

highest in the cool-humid zone with up to 6.9% and 5.8% for Maize and Rice respectively. On the 

other hand, the percentage increase in CWR was lowest in the warm-sub-humid zone with as low 

as 0.8% and 0.9% for maize and rice respectively.  

Table 4.7: Percentage increase in CWR in each Agro-ecological zone under climate change 

  Maize  Rice  

Zone Base(mm) Near Mid Far Base(mm) Near Mid Far Scenario 

Warm-Humid  305 1.2 0.8 2.2 625 1.3 2.5 2.1 RCP4.5 

 314 1.4 2.7 4.8 679 0.9 2.3 3.2 RCP8.5 

Warm-Sub-humid  395 0.9 1.7 3.9 704 2.0 2.3 4.4 RCP4.5 

 402 1.9 3.5 3.9 711 1.9 2.6 3.9 RCP8.5 

Cool-Humid  284 3.8 6.7 5.3 498 2.6 3.3 4.3 RCP4.5 

 296 4.1 6.4 6.9 506 2.1 3.7 5.8 RCP8.5 

Cool-Sub-humid 286 2.7 4.3 5.7 628 1.8 2.4 3.8 RCP4.5 

 301 3.1 4.2 6.3 630 2.2 3.6 4.6 RCP8.5 

Average 318 2.2 3.4 4.3 614 1.9 2.6 3.7 RCP4.5 

 328 2.6 4.2 5.5 632 1.8 3.1 4.4 RCP8.5 

 

In order to meet the food/yield requirement for the ever-increasing population, the increase in 

CWR will necessitate the use of irrigation technologies to meet the deficit from rainfall. The 

increased CWR deficit is attributed to the increased temperature with a slight reduction in rainfall. 

Similarly, CIR is also increasing with increasing CWR.  

From the results of CIR in Table 4.8, it is observed that for the cool-humid zone during the base 

period (1986-2016) rainfall is almost sufficient to meet the CWR for maize. It is worth to note that 

during the future climate, the rainfall is significantly insufficient to meet the CWR and an irrigation 

need is simulated to increase by 0-5%. However, in all cases, rainfall is still not sufficient to meet 
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the CWR for both maize and rice crops in this zone. Looking at monthly climate trends as in Figure 

4-1 it is noted that in some months of the crop growing season rainfall completely meets the CWR 

with a surplus. In addition, the total rainfall in the growing season especially in the cool-humid 

zone is more than the CWR. This indicates that rainwater harvesting technologies can significantly 

help in meeting the CIR in the dry months.  

To determine the prospects of irrigation, electricity pricing, the price per cubic meter of water 

pumped, and the market value of the irrigated crops will be very crucial.  Although maize and rice 

are also sometimes exported, their export market is not as lucrative as of fruits and vegetables that 

make irrigation an attractive venture. This study does not directly consider paddy rice cultivation 

in managed wetlands even though it indirectly considers wetlands as part of the analysis. In the 

medium term, the NIMP estimates that some of the wetlands will be used for paddy rice cultivation 

but does not deliberate on the impact of climate change on these areas.  

Table 4.8: Percentage increase in CIR for each Agro-ecological zone under climate change 

  Maize  Rice  

Zone Base(mm) Near Mid Far Base(mm) Near Mid Far Scenario 

Warm-Humid  286 4.1 5.6 7.2 398 4.4 6.8 7.9 RCP4.5 

 294 5.2 7.6 9.6 402 3.5 5.9 8.8 RCP8.5 

Warm-Sub-humid  235 3.9 5.1 6.3 315 3.7 3.3 4.2 RCP4.5 

 276 2.8 4.6 7.1 366 4.6 2.6 3.7 RCP8.5 

Cool-Humid  27 1.9 2.6 4.3 188 2.6 4.3 6.3 RCP4.5 

 38 2.8 3.2 5.1 190 3.9 3.2 5.4 RCP8.5 

Cool-Sub-humid  112 2.2 1.9 4.3 274 0.9 1.7 3.1 RCP4.5 

 146 1.7 3.2 2.3 293 1.3 2.8 4.3 RCP8.5 

Average  165 3.0 3.8 5.5 294 2.9 4.0 5.4 RCP4.5 

 189 3.1 4.7 6.0 313 3.3 3.6 5.5 RCP8.5 

 

4.3 The impact of climate change on crop production 

A bio-physical crop simulation model, AquaCrop was used to simulate maize and rice crop yield 

under different climatic scenarios. The model was first calibrated using experimental data obtained 

from NARO and validated against Mbale district 10 years (2005-2014) yield data. Table 4.9 shows 

a comparison of simulated yields and the actual yields. In the beginning, yields as high as 5.34 t/ha 
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were realized. After adjusting the parameters, yield results of 1.43 t/ha and 2.62 t/ha were obtained 

for years 2008 and 2012 which correlated with the actual yields of 1.46 t/ha and 2.57 t/ha 

respectively.  

Table 4.9 Parameters and results for model calibration for Maize crop 

Parameter 2008 2012 

Reference harvest index 25 25 

Rooting depth  Medium Medium 

Plant density (plants/ha) 44000 44,000 

Planting date 15th August  15th August 

Days to maturity 125 125 

Soil type and depth (m) Clay/loam (1.69) Clay/loam (1.69) 

Simulated yield (t/ha) 1.43 2.62 

Actual yield (t/ha) 1.47 2.50 

Similarly, the model simulated 1.41 t/ha and 2.38 t/ha for years 2008 and 2012 which very much 

correlated with the actual rice yield of 1.40 t/ha and 2.30 t/ha.  

Table 4.10: Parameters and results for model calibration for Rice crop 

Parameter 2008 2012 

Reference harvest index 17 17 

Planting method  Transplanting Transplanting 

Transplant age (days) 21 21 

Plant density (plants/ha) 160,000 160,000 

Planting date 30th August  30th August 

Days to maturity 164 164 

Plants per hill 4 4 

Soil type and depth (m) Clay/loam (1.69) Clay/loam (1.69) 

Simulated yield (t/ha) 1.41 2.38 

Actual yield (t/ha) 1.40 2.30 

During validation, Nash–Sutcliffe efficiency coefficient (E) and the R2 were calculated as 0.91 and 

0.92 respectively from a simple regression plot of simulated yield against recorded yield. 



45 
 

Consequently, the errors (RMSE ≈ 0.09, Pe= 1.089% and MAE ≈ 0) were calculated. Thus, the 

model’s performance was satisfactory and it was considered to be reliable for making yield 

simulations. 

 

Figure 4-7: Comparison of recorded and predicted maize grain yield for years 2005-2014 

4.3.1 Model sensitivity analysis 

The inputs used in this analysis for the AquaCrop model were days to maturity, soil fertility, soil 

type, soil depth and harvest index. Percentage change in inputs selection is arbitrary and depends 

on the limits of the parameters, sensitivity of the model to different parameters and convergence 

rate. The interval of variation of the inputs was chosen from -25% to +25% of its median value. 

According to the relative influence on the simulated yield, the sensitivity of the parameters was 

classified into three (3) categories (high, moderate and low). Table 4.11 and 4.12 show the results 

of the sensitivity analysis. The sensitivity coefficient was evaluated according to equation 𝑆𝑐 =

∆𝑊

�̅�
/

∆𝑃

�̅�
                                                       (3-4). Results indicate that for both maize and rice, soil 

fertility level is the most sensitive parameter whereas the days to maturity is the least. It must be 

noted that the simulated maize yield is highly impacted if the days to maturity are underestimated 

by a substantial value. However, the impact is minimal if the days to maturity are overestimated.  
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Table 4.11: Sensitivity coefficient of AquaCrop model for maize crop 

Input parameter  SC (+25%) SC (-25%) Sensitivity level 

Days to maturity 0.04 0.07 Low 

Reference harvest Index 0.63 0.92 Moderate 

Soil fertility 0.44 1.39 High 

Planting density 0.07 0.29 Moderate 

 

Table 4.12: Sensitivity coefficient of AquaCrop model for rice crop 

Input parameter  SC (+25%) SC (-25%) Sensitivity level 

Days to maturity 0.03 0.06 Low 

Reference harvest Index 0.54 0.82 Moderate 

Soil fertility 0.49 1.02 High 

Planting density 0.08 0.31 Moderate 

 

4.3.2 Future maize yields under climate change 

Maize production is highly affected for the warm-sub-humid zone whose warming is faster and 

receives little rainfall while climate change will have a positive impact on the cool-humid zone. 

The reduction in yield will still be experienced in warm-sub-humid areas whether the rains 

received are low or high. For the August to December season under RCP4.5, there will be a 

reduction in maize yield of 5.2%, 10.3%, and 3.2% for the near, mid and far futures respectively 

compared to the mean yields attained from 1986 to 2016. A reduction in maize production will 

still be experienced under RCP8.5. Results show that there will be 1.8%, 5.4% and 3.1% reduction 

for the near, mid and far futures under the RCP8.5. However, the reduction under RCP8.5 is lower 

than that under RCP4.5. This can be attributed to the slightly high rainfall expected for RCP8.5 

compared to RCP4.5. Furthermore, results indicate an average reduction of as high as 36.7% and 

22.7% for RCP4.5 and RCP8.5 respectively are noted for the March to May growing season. 

Similar results were obtained by (Msowoya and Madani, 2016) in a study that used the CERES-

Maize model to evaluate the climate change impacts and adaptation measures on maize cultivation 

in Uganda. For the cool-humid areas whose warming is low and receives high rainfall, results show 
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an increase in maize yield by 3.5%, 5.4% and 2.8% for near, mid and far futures under RCP4.5 

during August to December growing season. In addition, there is an increase by 2.6%, 6.1% and 

3.1% respectively for August to December season under RCP8.5. Although there is also an 

increase in the maize yield for both RCP4.5 and RCP 8.5 for the March to May growing season, 

this increase is less compared to the percentage increase in the August to December season. The 

difference can be attributed to the expected reduction in rainfall for the March to May Season for 

all the scenarios.  

Based on the crop modeling results, a general decrease in maize production is expected under 

climate change. The average ranges of maize yield decrease for the near, mid and far future 

compared to the base period of 1986-2016 are 1-10%, 2-42% and 1-39% respectively. Adhikari, 

Nejadhashemi and Woznicki, (2015) in a study of eight sub-Saharan Africa countries projected 

that by the end of the 21st century, grain crop yields such as maize will reduce by up to 45% which 

is in agreement with results obtained in this study. The reduction in maize can be attributed to the 

increase in temperature.  

Although the projected decline in Maize production may seem modest in the near future, the 

consequences for the region’s food production and socioeconomic status could be substantial given 

the heavy reliance on rain-fed agriculture and maize production for nutritional needs, economic 

value and social importance (Daly, Hamrick and Guinn, 2016). As maize becomes less affordable 

with the continued decline in yield, Uganda as a whole could face greater food insecurity, food 

shortages, and even famine (Anthony, Makombe and Kele, 2019) . The situation will further be 

exacerbated by the rapid population growth, as it may double by 2050 at the current growth rate 

of 3% a year putting additional pressure on the declining food production. 

4.3.3 Future paddy rice yield under climate change 

The model prediction of the impact of climate change on rice yield in the VNSB for both RCP4.5 

and RCP8.5 are represented in Table 4.13. Generally, the model predicted an increase in rice yield 

for both seasons except for the warm-sub-humid zone during the March to May season. However, 

the magnitude of increment depends on the period and climate scenario considered. The predicted 

increment ranged from 0.3% to 42.2% for RCP4.5 and from 1% to 52.3% for RCP8.5. These 

results agree with (Muhindo et al., 2016) where in a study using the HadGEM2-ES model to study 
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the impact of climate change on paddy rice reported yield increment in both climate scenarios. 

Grain yield enhancement in the VNSB is mostly attributed to the combined effect of the increase 

in temperature and rainfall as was noted by (Muhindo et al., 2016) that there is a positive 

relationship between grain yield and temperature and also between grain yield and rainfall. Yield 

decline in the warm-sub-humid zone during the March to May season in could be mostly associated 

with high-temperature-induced spikelet sterility as well as by the shortening of the growth 

duration, decrease in sink formation and increase in maintenance respiration. According to 

Bachelet and Gay (1993), the acceleration of the development process of the crop due to 

temperature increase leading to shortening of the growth duration, results at the same time in most 

cases in incomplete grain filling and therefore reductions in yield. 

Though higher carbon dioxide levels can increase yields, other factors such as high temperatures 

exceeding a crop's optimal level or insufficient water availability will lead to reduced yields in the 

warm-sub humid areas. For areas receiving relatively high rainfall at the same time experiencing 

slow warming rates (cool-humid), the above two factors will be outweighed by the impacts of CO2 

levels.   
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Table 4.13: Projected percentage change in maize and rice seasonal yield for the near, mid and 

far future under two climate change scenarios (RCP4.5 and RCP8.5). 

 Maize Rice   

Zones Near Mid Far Near Mid Far Scenario Season  

Warm-Humid -10.3 -8.9 -13.8 0.3 2.3 1.4 RCP4.5 M-M 

-6.5 -12.3 -8.5 1.0 1.2 -0.4 RCP8.5  

-2.3 -3.9 -2.8 2.6 1.9 0.9 RCP4.5 A-D 

-1.1 -3.8 -1.9 3.5 2.5 4.6 RCP8.5  

Warm-Sub-

humid 

-28.9 -42.1 -39.0 -5.4 -4.2 -5.8 RCP4.5 M-M 

-18.2 -26.2 -23.7 -8.3 -10.4 -3.7 RCP8.5  

-5.2 -10.3 -3.2 2.1 1.9 3.4 RCP4.5 A-D 

-1.8 -5.4 - 3.1 1.5 3.6 4.5 RCP8.5  

Cool-Humid 0.8 1.1 1.3 18.5 17.2 12.6 RCP4.5 M-M 

0.4 1.2 0.9 13.0 30.4 26.8 RCP8.5  

3.5 5.4 2.8 15.3 29.4 40.8 RCP4.5 A-D 

2.6 6.1 3.1 34.6 38.9 52.3 RCP8.5  

Cool-Sub-

humid 

-5.2 -6.8 -14.3 8.3 2.4 6.3 RCP4.5 M-M 

-1.7 -2.3 -3.4 1.3 4.3 2.8 RCP8.5  

1.4 0.8 0.6 6.3 15.5 12.5 RCP4.5 A-D 

0.2 0.7 0.2 18.3 22.4 23.6 RCP8.5  

 

The negative (-) sign indicates a reduction in the yield. M-M indicates the March to May growing 

season while A-D denotes the August to December season.  

Based on the yield results and the relevant literature reviewed, it is noted that rice is more climate 

resilient than maize.  

4.4 The impact of climate change on irrigation energy requirement.  

The VNSB has an irrigation potential of 237,750 ha out of the total Uganda irrigation potential 

(567,000 ha) identified by the national irrigation master plan 2010-2035. When this potential is 

brought into realization, an increase in food and infrastructure especially for water and energy is 

guaranteed. As of 2015, agricultural production coming from irrigated land is only 0.1% implying 
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that a majority of the agricultural practices are still climate depended (rain-fed) (USAID, 2019). 

The VNSB is well endowed with water resources however its availability depends on the location, 

seasonality and all other associated costs. In this study, the future energy requirement for crop 

irrigation water pumping was estimated under identified climatic scenarios. According to the 

NIMP, the VNSB has 1,181 million cubic meters per year of water available and 45 million 

m3/year as total gross crop water requirement. Figure 4-8 shows the change in the cumulative 

irrigation water needs to be brought about by an increase in land under irrigation as per the NIMP 

and the combination of precipitation and temperature changes in the respective climate scenarios. 

The water requirement is a result of the area brought under irrigation, the crop grown and the 

localized evapotranspiration rates of each agro-ecological zone.  

 

Figure 4-8: Irrigation Water Requirement change due to increase in irrigated land under climate 

scenarios.  

The average elevation heads per agro-ecological zone was calculated using zonal statistics function 

of the ArcGIS tool. From the NIMP, a good percentage of the land is under pressurized irrigation 

systems such as drip and sprinkler. For purposes of this study, the worst-case scenario approach 

was used and pressures of 2.7 bars and 3.4 bars were used for drip and sprinkler respectively. The 

energy requirement for crop irrigation ranges from 30 − 40.5 GWh and 28 − 35.8 GWh per year 
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for the RCP8.5 and RCP4.5 respectively. The percentage change in energy requirement in each 

agro-ecological zone by 2035 is represented in Figure 4-9.  

 

Figure 4-9: Percentage increase in pumping energy need by 2035 

From the results, it is evident that the warm-sub-humid zones are expected to have high energy 

demands under both climate scenarios. This could be attributed to the increasing CWR in this area 

mainly caused by the rising temperatures expected in the future. In general, the pumping energy 

needs of the VNSB are expected to increase by 3.6% per year due to climate change and also by 

2.7% per year due to increase in the irrigated land as per the NIMP.  

Table 4.14 shows the district specific pumping energy requirement calculated according to 

equation 3-5. It is noted that irrespective of the climate scenario, areas around Lake Kyoga will 

have the highest share of the pumping energy demand due to the high area of irrigated rice expected 

as per the NIMP. On the other hand, lower pumping energy requirements are expected in 

areas/districts closer to Lake Victoria due to high rainfall and the subsequent low irrigation needs.  

Furthermore, areas in the northern part of the VNSB have lower pumping energy requirement due 

to lower irrigated land potential. These energy requirement observations and results in this study 

are in agreement with the results obtained by (Sridharan et al., 2019). Uganda, on a national scale, 

receives ample rainfall, but its variability and distribution are critical to sustaining crop yields. 

Bringing areas under irrigation, as identified in the NIMP is a natural choice considering the 

amount of renewable water resource in the country. It must be noted that, in this study, only two 
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crops were considered (rice and maize) to be irrigated, with rice paddy being the largest by area. 

Hence, an estimate of the total pumping electricity demand was arrived at. If the majority of the 

crops cultivated in the VNSB are irrigated, the electricity demand is only expected to increase 

rapidly. Cassava, being a drought resistant crop is not expected to be irrigated in the near future. 

The population of the VNSB is expected to double by 2050, the expected yield per hectare to 

provide food security for all households is 6.6 t/ha. If this expected yield is higher, CWR and the 

subsequent energy required to pump water to meet crop-water demand will rise sharply, putting a 

strain on the electricity system. This causes an alarm not only from an electricity consumption 

point of view but also from the unsustainable use of water resources (both surface and 

groundwater) leading to rapid depletion.  More so, the results indicate that an increase in area under 

irrigation signifies an increase in energy requirement which may not necessarily be true due to 

economies of scale enjoyed by larger schemes. However, the irrigation regime (the number of 

operating hours, whether irrigation is rotated or continuous and a presence of the instream night 

storage) is a significant factor affecting the energy demand.  

 Electricity access in the VNSB is another point of concern, only about 26% of the area has access 

to electricity (National grid). Despite government efforts to extend the National grid through the 

establishment of mini-grid infrastructure, it is not guaranteed agricultural needs will be given 

priority. Practical alternatives for farmers who are off grid are solar and diesel pumps for irrigation. 

The difference in investment and running costs are crucial in making a choice. With the recent oil 

findings in the Albertine region, the situation could change as the oil prices may go lower than the 

current imported fuel. However, with more and reliable hydropower generators, the price of 

electricity is expected to drop much lower than fuel or solar. In addition, the use of biomass 

(agricultural and crop residues) to generate electricity can be another possible solution.  More over 

the conjunction use of surface and ground water would not only relieve the high pressure exacted 

on the water resources but also would significantly reduce pumping energy.   

Uganda heavily relies on hydro power to meet the energy demand, this is likely to be significantly 

affected by the continued abstraction of water for agriculture from rivers. A sustainable abstraction 

policy needs to be put in place in conjunction with water efficient agricultural systems.  
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Table 4.14: District specific energy demand (ED) by 2035 and Elevation head (EH) 

Agro-

ecological 

zone 

Type A 

(ha) 

IP 

Type 

B (ha) 

IP(m) 

Minimum 

EH (m) 

Maximum 

EH (m) 

Mean 

EH 

ED under 

RCP4.5 

(GWh) 

ED under 

RCP8.5 

(GWh) 

Kampala 0 1,313 0 141 48 1.45 1.93 

Kiboga 725 2,901 0 213 68 1.42 1.54 

Mpigi 3,006 3,163 0 201 73 1.51 2.31 

Mubende 3,006 8,769 0 87 18 2.01 1.98 

Nakasongola 13,805 144 0 63 16 1.98 2.67 

Mukono 2,381 7,217 0 109 56 1.53 1.94 

Wakiso 0 5,510 0 153 77 0.93 1.56 

Bugiri  13,374   712 0 184 83 1.42 2.12 

Busia   0 1,629 0 216 101 1.59 2.51 

Iganga   600   6,062 0 93 42 1.97 1.32 

Jinja   50   3,581 0 112 29 0.88 1.21 

Kamuli   3,370   9,615 0 86 33 1.02 1.32 

Kapchorwa   0 2,367 0 103 28 2.53 2.96 

Katakwi   17,243 0 0 141 31 2.013 2.23 

Mbale   0 7,522 0 294 129 2.03 1.67 

Soroti   8,585 690 0 142 58 2.96 3.42 

Palisa  10,800 567 0 146 48 2.09 2.65 

Tororo   7,350   3,785 0 215 67 3.01 3.21 

Kabermaido   6,844  254 0 189 39 3.21 3.62 

Mayuge   9,306   2,150   0 135 45 1.67 1.37 

Sironko  7,663   9,749 0 256 118 1.98 1.92 

Amuria 10,392   78 0 115 25 2.89 1.97 

Budaka 11,263   109 0 210 89 2.26 3.21 

Bududa  0 5,642 0 263 123 2.65 2.99 

Bukedea   0 1,271 0 103 71 2.25 2.91 

Bukwa  0 1,015 0 133 14 2.67 2.87 

Butaleja 4,913   1,446 0 108 72 2.38 2.56 
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Kaliro 7,014   5,421 0 98 37 3.67 2.15 

Manafwa 13,713   4,271 0 218 100 1.67 1.52 

Mayuge 5,593   1,490 0 148 49 1.88 2.45 

Apac   16,040   291 0 99 34 3.21 2.83 

Gulu   750   1,277 0 102 45 0.78 1.31 

Lira   4,596   2,61 0 98 48 0.87 1.56 

Kotido  3,764   1,314 0 109 61 1.78 2.13 

Moroto  1,600   1,745 0 198 78 1.54 1.87 

Nakapiprit 1,972   761 0 167 60 2.12 1.95 

Abim 1,317   1,136 0 89 42 1.86 2.32 

Amolatar  10,902   331 0 103 59 3.26 3.34 

Amuru   0 1,352 0 116 32 2.12 2.67 

Dokolo   9,486   369 0 150 61 3.45 2.96 

Kaabong   2,517   1,016 0 111 56 1.92 2.45 

Oyam   0   1,421 0 93 47 2.12 1.96 

Hoima   0 2,814 0 129 72 1.17 1.78 

Kibaale   0 5,903 0 179 82 2.12 2.14 

Masindi   3,625   2,083 0 193 88 1.95 1.25 

IP is the irrigation potential for each district. Type A is the land that lies close to surface water 

resources on which agricultural water  can  be  managed  without  the  need  for  storage and type  

B is the land that does  not  lie  close  to  surface  water  resources  or  which cannot  be  fully  

developed  in  the  absence  of  storage  facilities  and/or  feeder systems. 
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5.0  RECOMMENDATION AND CONCLUSION 

5.1 Conclusion  

The primary objective of this study was to study the impact of climate change on the interactions 

between water, energy and food systems in the VNSB. The 31 years (1986-2016) observed climate 

data set showed that VNSB have received abundant rainfall but its seasonal variability and 

distribution was critical to sustain crop productivity. One GCM, HadGEM2-ES was selected to 

simulate the historical (1971-2005) and future (2021-2099) rainfall and temperature data under 

two representative pathways (4.5 and 8.5). The simulated data indicate a slight increase in rainfall 

for months from August to December and a decrease in other months. The average temperature is 

simulated to increase as time goes on. The increase in temperature is greater under RCP8.5 climate 

scenario than the RCP4.5.  The results of the study indicate that there is a significant negative 

impact of climate change on the crop water requirement for maize and rice crops grown in the 

VNSB.  A percentage change of as high as 6.8% and 5.8% are noted for Maize and rice. 

Consequently, the crop irrigation water requirement also will increase. The increase in CIR is 

greater under RCP8.5 because of the expected increase in temperature with a slight reduction in 

rainfall. On a general note, it was observed that in all cases, the rainfall was significantly 

insufficient to meet the crop water needs.  

Furthermore, maize yield was simulated to decrease by as high as 42%. The reduction in maize 

production is greater in the mid-future (2041-2070) as compared the near and far futures for both 

seasons. On the contrary to maize yield model prediction results, in all ecological zones rice yield 

is predicted to increase during the August to December season. However, in most zones, a 

reduction is predicted in the March to May season. The reduction in crop production in the future 

is due to increased crop water requirement that is not met by the rainfall. This will necessitate the 

need for irrigation in the future.  

Moreover, a sharp increase in pumping energy demand for irrigation is observed in the future under 

both climate scenarios. The energy requirement for crop irrigation ranges from 30 − 40.5 GWh 

and 28 − 35.8 GWh per year for the RCP8.5 and RCP4.5 respectively.  
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It has generally been noted that an increase in crop water requirement due to climate change has 

an impact on the CIR and consequent pumping energy demand. Similarly, the crop yield is 

significantly affected by net irrigation need as this signifies the unmet water need due to rain-fed 

farming which is the commonest practice. Therefore, climate change will negatively affect the 

water need and availability, the energy demand and crop yield (food) as time goes on.   

5.2 Recommendations  

To overcome the adverse effects of climate change on water, energy and food systems, the 

Government of Uganda together with the farmers in the VNSB should concentrate more on the 

climate change adaptation measures other than the climate mitigation measures. Based on the 

results of this study, the following strategies are highly recommended.  

Changing planting date back-wards or forward by 10 to 26 days and selection for shorter-maturing 

crop varieties to reduce exposure to extreme temperatures. The impact of the growing season with 

respect to temperature and rainfall have a significant influence on CWR and crop yield. However, 

shifting of the planting date will require more research to ascertain the crop specific periods. 

Farmers should also adopt irrigation technologies to meet the crop water deficit expected in most 

future scenarios thereby boosting production hence food supply and socio-economic development. 

Use of water-saving technologies in irrigation would also avoid oversupply at critical stages. 

Furthermore, the use of rain water harvesting systems and water storage facilities should be 

expanded and managed more efficiently. This will improve food security as it supplements the 

rain-fed farming with irrigation.  

Climate resilient varieties or adapted to take advantage of a longer growing season for increased 

yield are highly encouraged. Crop diversification and dietary changes could help with food 

insecurity. Food crops like cassava and sweet potatoes require less water than maize, have better 

resistance to climate change, and need less fertilizer.   

Conjunction uses of surface and ground-water will not only reduce pressure on the water resources 

but also will reduce the pumping energy requirement. There is also potential in the re-cycling of 

urban wastewater which makes particular sense in the context of high-value peri-urban irrigation. 

In addition, good irrigation water management practices will have a significant reduction in the 
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irrigation water requirement and the pumping energy demand. Alternative energy sources such as 

the use of crop residue to generate energy will also reduce the energy burden under climate change.  
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