
Evaluation of Future Meteorological and 

Hydrological Drought in the Rufiji Basin 

Dwayne Liam Fernandes 

Dissertation presented for the degree of 

MASTER OF SCIENCE 

In the Department of Environmental and Geographical Science 

University of Cape Town 

Supervisor: Dr. Piotr Wolski 

February 2024 

Univ
ers

ity
 of

 C
ap

e T
ow

n



The copyright of this thesis vests in the author. No 
quotation from it or information derived from it is to be 
published without full acknowledgement of the source. 
The thesis is to be used for private study or non-
commercial research purposes only. 

Published by the University of Cape Town (UCT) in terms 
of the non-exclusive license granted to UCT by the author. 

Univ
ers

ity
 of

 C
ap

e T
ow

n



i 
 

 

 

 

 

 

 

 

 

 

 

The author retains copyright of this dissertation. Any quotes or 

information obtained from it must be fully credited. This work is 

intended solely for private study or non-commercial research. The 

University of Cape Town (UCT) has published it under a non-

exclusive license provided by the author. 

 

 

 

 

 

 

 

 

 

 

 



ii 

PLAGIARISM DECLARATION 

I acknowledge and understand the concept of plagiarism and hereby 

declare that the entirety of this thesis, barring properly cited work, is 

solely my own. I am well-informed about the University of Cape 

Town's stance on plagiarism. I affirm that this dissertation represents 

original efforts undertaken by me for my university project, and all 

materials not originating from me have been accurately referenced 

according to the university's guidelines. 

 Dwayne Liam Fernandes 

 10th February 2024 



iii 
 

ACKNOWLEDGEMENTS 
 

First and foremost, I extend my deepest gratitude to my supervisor, Dr. Piotr Wolski, whose 

invaluable guidance, patience, and expertise have been the cornerstone of this journey. Without his 

dedicated mentorship and unwavering support, this thesis would not have been conceivable. His 

commitment to excellence and his generosity in sharing his vast knowledge have profoundly shaped 

my academic and personal growth. 

I am also immensely thankful to the National Research Fund and the Post Graduate Funding Office 

(PGFO), whose financial support made my Master's studies and this research project possible. Their 

investment in my education has been instrumental in paving the path to achieving my academic goals. 

A special word of thanks goes to Dr. Emmanuel Likoya, who played a pivotal role during the initial 

stages of my work. Dr. Likoya's expertise in the SWAT model and his ability to elucidate its 

complexities have been invaluable. His willingness to impart his knowledge and insights has 

significantly contributed to my understanding of the subject matter. 

I am grateful to Mr. Phillip Mukwenha for his indispensable IT support throughout my studies. His 

technical assistance and problem-solving skills have been crucial in overcoming the numerous 

challenges encountered along the way. 

My heartfelt appreciation extends to the Boonzaaier family, whose love and support have been a 

source of comfort and encouragement during my time in South Africa. Their kindness and hospitality 

have made my Master's journey a memorable experience. 

To my family - Mum, Dad, sister, aunts, uncles, and cousins - your unwavering support, whether 

emotional or financial, has been my backbone. Your belief in my abilities and your constant 

encouragement have been sources of strength and motivation, for which I am eternally grateful. 

A special thank you to Odille, my support system and rock. Your presence and steadfast support have 

been my refuge in challenging times. Your belief in me and your unwavering support have made all 

the difference, and I deeply appreciate everything you have done for me. 

Finally, I dedicate this work to my late Aunty Marina, whose memory and spirit have been a guiding 

light throughout this journey. I know she would have been immensely proud to see me complete my 

Master’s and witness the person I have become. Her legacy continues to inspire me, and this 

achievement is a tribute to her enduring influence in my life. 

Thank you all for being part of my journey and for contributing in countless ways to the completion 

of this thesis. Your support and encouragement have been the pillars of my success. 



iv 
 

ABSTRACT 

 

This research is driven by the critical need to understand the dynamics of drought patterns in the 

Rufiji Basin, Tanzania, under both current and future climatic scenarios. Droughts, with their 

profound impact on the socio-economic fabric and environmental sustainability of the region, 

represent a significant challenge in the Rufiji Basin, where both meteorological and hydrological 

droughts are prevalent. To tackle this issue, the study applies three key drought indices—the 

Standardized Precipitation Index (SPI), the Standardized Precipitation-Evapotranspiration Index 

(SPEI), and the Streamflow Drought Index (SDI)—to analyze 12-month drought events within the 

basin. This approach allows for a examination of drought characteristics, including their frequency, 

intensity, as well as its spatial distribution by the use of hydrological flux variables such as 

precipitation, evapotranspiration, lateral flow, and soil moisture. 

This research distinguished itself by segmenting the Rufiji River Basin, which encompasses four 

primary basins—the Great Ruaha, Kilombero, Luwegu, and Lower Rufiji—into six parts. 

Specifically, the Great Ruaha Basin was further divided into the Upper Great Ruaha, Lower Great 

Ruaha, and Little Ruaha, allowing for a more nuanced analysis of hydrological dynamics within the 

region.The study's goal was to ascertain the unique drought characteristics of each sub-basin.  

Historical climate data was sourced and downscaled from ERA5 Land, and future climate scenarios 

were based on simulations from 13 CORDEX Regional Climate Models (RCMs). The analyses of the 

SPI and SPEI utilized the CORDEX climate data in its calculation. The historical time period selected 

for this study was 1991-2020, aligning with the guidelines of the World Meteorological Organization 

(WMO). The periods designated for the near future and far future analyses were 2031-2060 and 2071-

2100, respectively.  

The study employed the SWAT+ hydrological model, calibrated at Stiegler’s Gorge on a monthly 

base. The model achieved a Nash-Sutcliffe Efficiency (NSE) of 0.7 which was used to simulate 

historical and future streamflow projections. This calibration refined the model's peak and base flows 

for better simulation accuracy. Following the SWAT+ analysis, the Streamflow Drought Index (SDI) 

analysis was conducted to further investigate hydrological drought characteristics. The SWAT+ model 

also facilitated the creation of the maps to investigate predicted changes in hydrological fluxes such as 

precipitation, evapotranspiration, lateral flow and soil moisture.   

Findings from the study reveal that under both RCP 4.5 and RCP 8.5 scenarios, there is a projected 

increase in the intensity and frequency of meteorological droughts within some sub-basins in both the 

near and distant future, with a significant exacerbation during the latter period. All CORDEX models 

indicated an increase in temperature, especially under the RCP 8.5 scenario, with little variability of 
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future precipitation trends. Despite common beliefs that global warming would universally increase 

intensity and magnitude of drought through increased evapotranspiration, modelling output suggests 

this trend may not hold true for all sub-basins. Regions such as the Kilombero and Lower Rufiji sub-

basins, along with the vicinity of the Mtera Reservoir, are anticipated to see a rise in wetting 

predominantly due to future increases in precipitation. However, these areas could also encounter 

issues like diminished soil moisture and lateral flow if the least optimistic model projections come to 

pass. On the other hand, the Luwegu and Little Ruaha sub-basins emerge as particularly sensitive to 

increases in potential evapotranspiration and temperature and could be more likely to face heightened 

frequencies and intensities of droughts. 

These shifts hold critical implications for the ecological systems and human endeavours within these 

sub-basins. For example, in the Luwegu, where the Nyerere National Park is situated, changes in 

drought conditions could have a marked impact on wildlife and the broader ecosystem. In the Little 

Ruaha, critical for its wetlands, the anticipated reduction in soil moisture and lateral flow poses risks 

to dependent agricultural and forestry operations. This research highlights the urgent need for 

comprehensive water resource management and adaptive measures to counteract the negative impacts 

of evolving drought patterns in the Rufiji Basin, thereby protecting its natural environments and the 

livelihoods dependent on them 
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CHAPTER 1: INTRODUCTION 
 

1.1 Background 
Accessibility and availability to water is a fundamental resource in bolstering socio-economic 

opportunities and attenuating poverty in many developing nations. Water resources give the ability to 

expand the economy through agricultural development, hydropower generation and water supply for 

domestic, urban and industrial use. However, the impacts of climate change as well as an increased 

demand on water from growing populations, industrial growth and hydropower generation have put 

major stresses on existing water resources. According to the UN Convention to Combat Desertification 

(UNCCD), it was estimated that by 2030, water stress will affect about 2.7 billion people in sub- tropical 

regions, endangering food production systems of over 2.6 billion smallholder farmers (UNCCD, 2013). 

It has become unanimously accepted in the last few decades, that climate change and global warming 

are becoming a worldwide phenomenon. These changes are projected to impact water resources through 

increasingly unpredictable precipitation, higher temperatures leading to higher rates of evaporation and 

a higher frequency of natural disasters such as floods and droughts. Of all the major continents on Earth, 

Sub-Saharan Africa is projected to be most at risk to climate disasters and vulnerability to climate risks 

(IPCC, 2022). Having one of the largest population growth rates worldwide, river basins in these parts 

of the world are under high risk. Growing economies and limited government intervention to adaptation 

and mitigative measures to combat climate change exacerbate the predicted effects of climate change 

in these regions (IPCC, 2022) 

Climate risk exposure and vulnerability are considerable across critical economic sectors in Sub-

Saharan Africa (SSA) (Richardson, 2007; Jury, 2002, Conway et al., 2017, Barrios et al., 2010; Brown 

et al., 2011). Recent extreme droughts & flooding events demonstrate the scale of disruption (Siderius, 

2018; Gannon et al., 2018; Watkiss et al., 2011).Southern Africa’s drought from 2015 to 2016 

emphasized the cascading nature of effects related to power outages, water shortages and food 

instability, which disproportionately affected small and medium sized businesses (Siderius, 2021) 

In the late 1980’s the United Nations Environmental Programme (UNEP) in conjunction with the World 

Meteorological Organization (WMO), developed the International Panel on Climate Change (IPCC) 

with the objective to provide governments at various levels with scientific information that they can 

utilize to create climate policies. The organization is a collective of governments and researchers from 

member states of the United Nations (UN) or the WMO. Researchers volunteer their time to evaluate 

thousands of scientific papers to provide a comprehensive summary about what is known about the 

drivers of climate change, its impacts and future risks, and how adaptation and mitigation can reduce 

those risks. Every few years, the IPCC release assessment reports detailing these factors for every sub-
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region in the world, as well as historical and future trends in temperature and precipitation for that 

region (IPCC, 2022).  

The sixth and long-awaited latest assessment report was released in 2022, and outlines some of the 

historical, prevailing and predicted trends in it. The next few chapters will focus on condensing some 

of the information regarding climate change, especially temperature and precipitation, in the Southern 

East African Region where the Rufiji Basin is located, with information sourced from the chapter on 

Africa within the assessment. 

Building on insights from prior assessments, several key conclusions have surfaced. Statistics show that 

there has been a reduction in food security due to climate change through losses in crop yields, 

rangelands, livestock and fisheries, declining food nutritional quality, access and distribution of food 

leading to price spikes. The risk to crop yields are significantly less at a global warming increase of 

1.5oC of future global warming compared to a 2oC increase, leading to a large reductions in maize 

cropping and reduced fishery catches (IPCC, 2022). 

The greatest reduction in economic growth for a temperature increase from 1.5oC to 2oC of global 

warming are projected to impact low- and middle-income countries, with Africa bearing an increasing 

proportion of exposure globally. The IPCC forecasts increased deaths from undernutrition, malaria, 

diarrhoea, heat stress and illnesses related to fire, which will be exacerbated due to poverty and limited 

financing impacting on an already struggling capacity to adapt (IPCC, 2022). 

 

1.2 Climate of Eastern Africa 
Eastern Africa’s climate is complicated, mostly as a result of the interplay between the marine and 

terrestrial environments it lays in close proximity to (Lyon, 2017; Yang et al., 2015). Generally, the 

region has a semi-arid climate and exhibits small variations in temperature throughout the year, with 

rainfall showing significant spatial-temporal variability (Yuan et al., 2013). 

Eastern Africa’s climate is shaped by a combination of large-scale atmospheric systems and local 

geographical features, each influencing temperature and precipitation patterns across the region. Key 

drivers include the seasonal movement of the Inter-Tropical Convergence Zone (ITCZ), the Hadley 

Cell circulation, and the African Rain Belt, which collectively regulate the timing and amount of rainfall 

(Siderius et al., 2021). The movement of the ITCZ, for example, impacts both temperature and 

precipitation, bringing seasonal rains as it shifts northward in the northern hemisphere summer and 

southward in the southern hemisphere summer (Nguvava, 2020; Anyah & Qui, 2012). This movement 

not only brings variability to rainfall but also affects temperature, with cooler temperatures during rainy 

periods and warmer, drier conditions when the ITCZ is distant (Hastenrath, 2001). 
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Local topography further shapes these patterns by influencing low-level air circulation and moisture 

transfer, creating short-distance variations in rainfall and temperature due to the orographic effect 

(Kinuthia, 1992; Nicholson, 1996). For instance, mountainous areas can intercept moist air, leading to 

increased precipitation on windward slopes and creating rain shadows in leeward areas, thus producing 

distinct microclimates. 

Figure 1.1: The maximum positioning of the ITCZ during the northern hemisphere summer 

(July ITCZ) and the southern hemisphere summer (January ITCZ) (Source: Nguvava, 2020). 

 

1.2.1 Historical and Projected Precipitation Changes for the Region 

The Southeastern Africa (sEA) region is considered a 'climate transition zone'.  In terms of rainfall 

variability, sEA is situated in a complex transition zone that responds to dominant global and regional 

climate variability modes, such as the El Niño-Southern Oscillation (ENSO) and the Indian Ocean 

Dipole (IOD). The sEA marks the geographical transition from the bimodal rainfall regimes of 

equatorial East Africa to the north, to the unimodal southern African regime to the south (Siderius et 

al., 2021).  

Years with above-average rainfall in Eastern Africa are often associated with El Niño events, 

particularly from October to December, while La Niña years typically bring drier conditions. 

Additionally, Siderius et al. (2021) report that positive phases of the Indian Ocean Dipole (IOD) are 

linked to higher-than-average rainfall, whereas negative IOD phases generally result in drier conditions. 

For instance, during the positive IOD phases in 1961-62 and 1967-68, Eastern Africa experienced 

increased rainfall independently of the El Niño-Southern Oscillation (ENSO). In contrast, the 1997-98 

period saw intensified rainfall due to the combined influence of El Niño and a positive IOD. 
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Rainfall patterns in Eastern Africa are predominantly categorized into two distinct regimes: the bimodal 

and unimodal patterns. The bimodal regime, which is prevalent in most upper parts of Eastern Africa, 

has been observed to demonstrate a long-term wetting trend, particularly in the short rains occurring 

during October, November, and December. This trend, evident from the 1960s to the present, is linked 

to a warming of the western Indian Ocean and a consistent intensification of the Indian Ocean Walker 

Cell, as reported by Manatsa & Behera (2018), Nicholson (2015, 2017), and Liebmann et al. (2014). 

Conversely, southern regions of Tanzania, particularly within the latitudes of 8 to 12 degrees south, 

display a unimodal rainfall regime that is similar to that of Southern Africa, as documented in studies 

by Bouimetarhan (2015) and Siderius et al. (2021). Encompassed within this area, the Rufiji catchment 

experiences a tropical summer rainfall pattern. Here, a well-defined single rainy season is observed, 

spanning from November to April, as detailed by Palmer et al. (2023), Temple and Sundborg (1972) 

and Kijazi and Reason (2005).  

Beginning in the year 2000, a marked shift has been observed in the correlation between the ENSO and 

drought occurrences, as noted by Park et al. (2020). This period has seen several droughts closely 

associated with La-Nina Events, contrasting with earlier decades when drought years did not 

demonstrate a significant connection to these events. This trend is further evidenced in the findings of 

Siderius et al. (2021), highlighting the evolving nature of this relationship within the Rufiji Basin. 

From 2005, the frequency of drought within the East African region has doubled from one every six 

years to one every three years and has now shown a greater severity during the long rainfall months 

(Ayana et al., 2016; Haile et al., 2019) with the most prominent ones in arid and semi-arid parts of the 

region (Nicholson, 2017). 

Projected precipitation shows higher mean annual rainfall at Global Warming Levels (GWL) of 1.5oC 

& 2oC from 25 CORDEX models (Nikulin et al., 2018; Osima et al., 2018). The 0.5oC increment change 

from 1.5oC shows an increased dry spell duration of between 2 and 4 days (Hoegh-Guldberg et al., 

2018; Nikulin et al., 2018; Osima et al., 2018; Weber et al., 2018). There is however a low confidence 

of this increased projected mean rainfall (Gutierrez et al., 2021). Even though some studies project an 

increase of end of century rainfall (Otieno & Anyah, 2013; Kent et al., 2015) the mechanics governing 

these are not well understood. Projected wetting conflicts with the observed drying trends, bringing 

about the term ‘the East African rainfall paradox’ (Rowell et al., 2015, Wainwright et al., 2018). In some 

regions of East Africa, no significant predicted trend is observable in modelled outputs across efforts, 

with CMIP5 and CORDEX data showing opposite signs of change (Lyon et al., 2017; Lyon and Vigaud, 

2017; Osima et al., 2018; Kendon et al., 2019; Ogega et al., 2020) 

Ponderous rainfall events are projected to increase over the region at a GWL of 2oC & higher (high 

confidence) (Nikulin et al., 2018; Finney et al., 2020; Ogega et al., 2020; Li et al., 2021). Frequency of 
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drought events, duration and magnitude are projected to increase in Sudan, South Sudan, Somalia and 

Tanzania (Liu et al., 2018; Nguvava et al., 2019; Haile et al., 2020; Spinoni et al., 2020). 

 

1.2.2 Historical and Projected Temperature Changes for the Region 

Historical observations for the East African region have shown that the mean temperature has increased 

by 0.7oC – 1oC for the 1973- 2013 period, with trends showing an increase in number of warm nights, 

warm days and warm spells (Ayugi & Tan, 2018; Camberlin, 2018; Russo et al., 2016; Gebrechorkos 

et al., 2019; Nashwan & Shahid, 2019). The northern region of Southern Africa has experienced a 

comparable increase in mean annual temperature, ranging from 1.04°C to 1.44°C between 1961 and 

2015 (Gutiérrez et al., 2021). Like in Eastern Africa, this warming has been accompanied by a rise in 

the frequency of hot days and heightened heat stress, with considerable impacts on agriculture and 

human health (Ceccherini et al., 2017; Kruger & Nxumalo, 2017a, 2017b). 

Projected temperatures for Eastern Africa indicate mean annual increases of approximately 0.6°C, 

1.1°C, and 2.1°C above the 1994–2005 average under global warming levels (GWLs) of 1.5°C, 2°C, 

and 3°C above pre-industrial levels, respectively. In contrast, parts of Southern Africa are expected to 

experience slightly higher warming rates, with mean annual temperatures projected to rise by about 

1.2°C, 2.3°C, and 3.3°C above the 1995–2004 average under the same GWLs. These trends suggest 

that both regions will likely face significant temperature increases, with implications for ecosystems, 

agriculture, and water resources (IPCC, 2022). 

The projected annual frequency of heat waves is expected to rise significantly, with increases of 2 to 4 

heat waves under a global warming level (GWL) of 1.5°C, 4 to 8 under a GWL of 2°C, and 8 to 12 

under a GWL of 3°C (Engelbrecht et al., 2015; Russo et al., 2016; Dosio, 2017; Weber et al., 2018; 

Seneviratne et al., 2021). Moreover, children born in 2020 within a scenario aligned with a 1.5°C 

increase are projected to experience 3 to 4 times more heat waves throughout their lifetimes compared 

to individuals born in 1960 (Thiery et al., 2021). 

 

1.3 Research Statement   
The objective of this study is: "To investigate the potential future impacts of climate change on the 

characteristics of meteorological and hydrological droughts within the Rufiji River Basin" 
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1.4 Aims and Objectives                    
The focus of this research is to assess the influence of climate change on the future characteristics of 

meteorological and hydrological drought in the Rufiji Basin, utilizing simulations from regional climate 

models as well as a hydrological model – SWAT+. The specific goals of this analysis include: 

Segmenting and comprehending the Rufiji Basin for a detailed assessment at the sub-basin level. 

Implementing and calibrating the SWAT+ hydrological model to simulate the historical as well as  future 

streamflow patterns and assess the impact on hydrology under various climate change scenarios. 

Evaluating future climate projections and examining the likelihood of changes in drought frequency 

and severity under the RCP 4.5 and RCP 8.5 scenarios, both in the near-term (2031-2060) and long-

term future (2071-2100), relative to historical records (1991-2020) 

Employing diverse indices to analyze meteorological and hydrological droughts, with a focus on 

detailing the characteristics of future drought conditions across the sub-basins 

Assess the spatial susceptibility of the basin to future droughts and evaluate the magnitude of changes 

in meteorological and hydrological variable fluxes, including precipitation, evapotranspiration, lateral 

flow, and soil moisture, under projected future climate. 

 

1.5 Thesis Outline 
This thesis is organized into 7 chapters: 

• Chapter 1: Introduction to the context of climate change, including IPCC's historical and 

projected climate scenarios. The chapter offers an overview of the prevailing climate in East 

Africa. 

• Chapter 2: Description of the study area, encompassing climate and hydrology, physiography 

and geomorphology, and socio-economic aspects such as demographics, ethnic groups, 

agriculture, irrigation, and hydropower in the basin. 

• Chapter 3: A literature review focusing on drought classification and quantification, 

introduction to drought indices, and an overview of climate and hydrological modelling 

frameworks, including a description of hydrological models. 

• Chapter 4: Outline of the methodologies used in this research, information on climate data 

sources and hydrological data, methods for applying various indices, and details of the SWAT+ 

model set up and calibration. 

• Chapter 5: Presentation of results and analysis, including frequency and intensity boxplots for 

different RCP pathways and model outcomes. Also included is a spatial representation of future 
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fluxes in meteorological and hydrological variables within the basin under both RCP scenarios 

for comparisons of the near and far future to the historical period. 

• Chapter 6: Discussion of the results, concluding with a summary. 

• Chapter 7: Conclusion of the thesis, summarizing key findings and offering recommendations. 
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CHAPTER 2: STUDY AREA 
 

The Rufiji River Basin (RRB), one of a total of nine river basins in Tanzania, is the largest, covering 

roughly 20% of the country’s land mass and providing about 20% of the nation’s renewable water 

resources (Smith, 2016; Mwalyosi, 1988). The basin lies entirely within Tanzania with a catchment area 

of about 177,429 km2 and is situated between the latitudes of 5.7oS and 10.5oS and longitudes of 33.5oE 

and 39oE. The main trunk of the Rufiji river is fed by three main tributaries, the Great Ruaha, Kilombero 

and the Luwegu. The lower reaches of the river are generally referred to as the Lower Rufiji River 

(Mwalyosi, 1990; Nguvava, 2020). 

The Great Ruaha, Kilombero, Luwegu and the Lower Rufiji are the four main sub-basins that make up 

the Rufiji River Basin, and account for 47%, 23%, 14% and 17% of its area respectively (Smith, 2016, 

Mwalyosi, 1990). The main source of water is the Kilombero sub-basin which supplies more than 60% 

of the total water in the basin (Mwalyosi, 1990; Nguvuva, 2020) and provides water even in drier 

months due to the wetland encompassed within its sub-basin. The main Rufiji River dicharges into the 

Indian Ocean in a place known as Mafia Island (Nguvuva, 2020). 

 

Figure 2.1: Rufiji Basin with its main sub-basins, River Drainage Network and Principal 

Rivers.(Data source: Global Multi-Resolution Terrain Elevation Data (GMTED) 2010 

(estimated 200 meters of horizontal resolution and 30 meters of vertical accuracy), retrieved 

from https://lta.cr.usgs.gov/GMTED2010) 

 

 

https://lta.cr.usgs.gov/GMTED2010
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2.1 Physiography and Geomorphology 

The geography of the Rufiji River Basin spans from relatively flat land downstream in the East to 

mountainous regions up to 3000m above sea level in the West (Smith, 2016; Nguvuva, 2020). Around 

60% of the basin and the majority of the Great Ruaha sub-basin are located between 500 and 1500 

meters above sea level (m.a.s.l.) elevation. Elevations greater than 1,500 m.a.s.l.  are concentrated in 

the divide between the Kilombero and Great Ruaha sub-basins and on the boundary of the Rufiji River 

Basin with the Lake Nyasa and Rukwa Basins. 

The Kilombero floodplain, half of the Luwegu basin and a small section of the Great Ruaha between 

the Kidatu dam and the confluence with the Rufiji River all fall within the 200-500 m.a.s.l. range, and 

account for about 20% of the basin’s area (Smith, 2016). These flat areas also include parts of the 

Kilombero floodplain. Only about 9% of the basin’s surface lies below 200 m.a.s.l. and is restricted to 

the Lower Rufiji basin. 

In the basin the flattest river is the Lower Rufiji, with an average slope of 1.4o and a maximum slope of 

34o whereas the Luwegu has the steepest decline with an average slope of 2.4o and a maximum of 48o 

(see Figure 2.2). Over an altitude of 350 m.a.s.l., the Kilombero river contains the longest and steepest 

section in the whole basin (Smith, 2016). 

 

Figure 2.2: Slope of Rufiji Basin, with Longitudinal Profiles for Rivers within Four Main 

Sub-Basins (Data source: Smith, 2016) 
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There are 3 major floodplains along the Great Ruaha river, located at elevations of 1,025 m.a.s.l. (about 

100km along the river’s axis), 700 m.a.s.l. (also about 100km along the river’s axis) and 575 m.a.s.l. 

(about 70km along the river’s axis) as well as a smaller floodplain at about 500 m.a.s.l. just downstream 

of the Kidatu dam (extending for about 30km). 

At a height of 200-300 m.a.s.l., the Kilombero has a long and broad floodplain that stretches for nearly 

250km to the confluence of the Luwegu and Great Ruaha. Downstream of Stiegler’s Gorge, the Lower 

Rufiji features a sizable floodplain that stretches for roughly half of its length before flowing out into 

the Indian Ocean (Smith, 2016). 

Smith et al. (2016) divide the basin into 8 different groups of landscapes, with a mix of characteristics 

determined by the (1) slope gradient of steepness; (2) local convexity or positive curvature (longitudinal 

curvature of slopes) and (3) surface texture or roughness (frequency of ridges and valleys). The classes 

represented in the basin are: 

1. Dissected plateau or mountain tops; steep terrains with a complex drainage system 

2. Elevated plateaus without a dense drainage network 

3. Mountain slopes and isolated basins; slopes connecting mountain tops to lower landforms 

4. Confined valleys – steep valleys with the drainage only in the main valley floor 

5. Lower slopes; lower parts of the mountain slopes connecting the mountain front with the 

lower terrains 

6. Alluvial fans and piedmonts; alluvial fans of deposited fluvial sediment where a valley enters 

a plain and are the place for avulsion of the main rivers. 

7. Confined valleys and smooth hills 

8. Floodplains and river valleys; flattest landforms, where the drainage can take a braided 

pattern 

 

Figure 2.3: Distribution of Eight Landscape Elements in Rufiji Basin According to the Eight 

Classes (Data source: Smith et al., 2016) 
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Dissected plateaus (mostly found in the basin’s centre) reflect the geological and tectonic structure of 

the basin). These plateaus are dominated by gneiss. Large portions of the Great Ruaha, Kilombero and 

the Lower Rufiji sub-basins are occupied by floodplains, while the steeper Luwegu has a narrow one. 

A large proportion of the basin also comprises of alluvial fans and piedmont and hills at varying 

elevations, including in the highlands of the Great Ruaha sub-basin. 

 

2.2 Climate and Hydrology 
The Rufiji basin, representative of the climatic patterns in the southern regions of Eastern Africa, is 

characterized by a distinct tropical summer rainfall regime, with a big proportion exhibiting a single 

and well-defined rainy season that extends from November to April, as described by Temple and 

Sundborg (1972) and Kijazi and Reason (2005). In certain areas of the region, the rainy season exhibits 

a bimodal pattern, characterized by rainfall peaks in December and January, a drier period in February, 

followed by another peak in April. In contrast, the dry season, which extends from May to October, is 

primarily influenced by the southeasterly trade winds (Bouimetarhan, 2015; Walter and Lieth, 1960; 

Nicholson et al., 1988). 

The estimated mean annual precipitation of the entire basin is estimated to be between 800 - 1,100 

mm/y (Smith, 2016; Temple and Sundborg 1972). There are however large variations of mean annual 

rainfall across the four sub-basins, ranging from 0-250 mm/y in the Great Ruaha, to 1,600 mm/y within 

the Kilombero sub-basin (Nguvava, 2020; Temple and Sundborg 1972). The mean annual precipitation 

over the Lower Rufiji and the Luwegu sub-basins is between 650 -1,000 mm/y (Nguvava, 2020; Temple 

and Sundborg 1972). The Figure below shows mean monthly rainfall over the sub-catchments:  

             



12 
 

 

Figure 2.4: Mean Monthly Precipitation over Rufiji Sub-Basins 

(Derived from FAO Local Climate Estimator (FAO 2005)). 

 
In the entirety of the sub-basins, the majority of the precipitation that occurs as rainfall is reintroduced 

into the atmosphere through processes such as evaporation and plant transpiration (Smith, 2016; World 

Evaporation Web Viewer, 2015). This ratio of evaporation to rainfall is highest in the Great Ruaha sub 

– Basin where just 10% of rainfall is estimated to enter the river as surface water and replenish ground 

water aquifers (Figure 2.5).  

 

Figure 2.5: Annual Average Run-off (P-ET) and Actual Evaporation (AET) as Percentages of 

Total Precipitation (P) in the Four Sub-Basins of Rufiji 

(Extracted from Smith et al. (2016)) 
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The Kilombero sub-basin has the largest percentage of annual average runoff in the basin (62%), with 

the Luwegu and Lower Rufiji exhibiting intermediate runoff rates with 18% and 15% respectively. The 

Great Ruaha (5%) exhibits the lowest percentage of runoff rates (Table 2.1). The data demonstrates that 

the Kilombero sub-basin followed by the Luwegu have the greatest potential for water resources and 

are within the same range as reported by WREM International (2015) (Smith, 2016). 

           Table 2.1: Characteristics of Rufiji Sub-Basins. 

           (Source: Smith, 2016; WREM, 2012) 

 

The Rufiji Basin experiences a range of temperatures, with highs reaching 30°C or more during the dry 

season closer to the coast, and cooler temperatures between 10°C and 20°C further inland, particularly 

near highland areas. Since the 1960s, average temperatures in Tanzania have risen by approximately 

0.23°C per decade, while annual rainfall has decreased at an average rate of 3.3% per decade 

(McSweeney et al., 2010). This increase in temperature and subsequent rise in evaporation could 

heighten the frequency of droughts in the region, leading to reduced stream flows and land degradation 

(Siderius, 2021). 

Looking ahead, climate projections suggest an overall increase in annual precipitation, though with 

moderate confidence. This precipitation is likely to be unevenly distributed throughout the year, with 

an increased likelihood of intense rainfall events (Smith et al., 2016). 

In the Rufiji Basin, river discharge patterns align closely with precipitation patterns, exhibiting a lag of 

approximately one month between the onset and conclusion of the high-flow season. Compared to the 

Kilombero and downstream sub-basins, the Great Ruaha sub-basin displays a more pronounced range 

of seasonal variability in discharge values, as expected due to its smaller proportion of runoff within 

the basin. During the dry season, the Great Ruaha’s monthly average flow is less than 10% of its average 

flow in the wet season, whereas in the Kilombero, this figure is closer to 25%. The monthly dry season 

flow in the Luwegu sub-basin is intermediate, falling between the Great Ruaha and Kilombero values. 

Similarly, discharge values in the Lower Rufiji are moderated due to the confluence of multiple 

upstream sources. 
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Figure 2.6: Average Monthly Discharges for Lower Rufiji, Great Ruaha, and Kilombero 

Rivers 

(Source: Smith, 2016, Global Runoff Data Center 2015) 

 
In their study, Duvail and Hamerlynek (2007) examined the perceptions of flooding within the socio-

economic contexts of agriculture and dam construction. According to their analysis of the available 

reliable flow data from 1957 to 1984, the average annual discharge of the river at Stiegler’s Gorge 

(Lower Rufiji, Figure 2.1) is estimated at approximately 800 cubic meters per second (m3/s). The river 

flow demonstrates significant seasonal variation, with average monthly discharge fluctuating from 

around 200 m3/s in October/November, coinciding with the onset of the short rains, to over 3000 m3/s 

in April. During El-Nino events, peak flows have been recorded at about 10,300 m3/s, as observed in 

mid-February 1998, based on reports by JBG Gauff Ingenieure (2000) and Erftemeijer & Hammerlynck 

(2005). During such high-flow periods, the water level in Stiegler Gorge is estimated to rise to 14 meters 

above the levels typically seen in the dry season. 

 

2.3 Socio-Economic Factors 
In his findings, Hamisi (2013) identifies the Rufiji Basin as one of Tanzania’s most vulnerable regions, 

largely due to increasing human pressures and climate variability. According to Hamisi, climate 

fluctuations have altered river runoff and sedimentation, while human activities, including deforestation 

and overgrazing, have exacerbated environmental stress. This has led to a decline in the operational 

efficiency of upstream hydropower plants, impacting energy output. Specifically, Hamisi attributes 

increased flooding, droughts, soil salinity, and delayed rainfall to climate variability. Rainfall patterns 

in the basin are marked by unpredictable seasonal anomalies and highly variable event frequency and 

intensity; when it does rain, it is typically intense and brief. Such variability has also resulted in the 



15 
 

displacement of local communities and the destruction of crops, reducing living standards and further 

challenging the resilience of affected populations. 

Moreover, temperature increases have led to higher evaporation rate, soil droughts, and salinity 

intrusion. Fish catches and spawning have been impacted by climate change, which have damaging 

consequences on communities fishing practices and nutrition levels. Extreme land degradation is a 

result of unsustainable land use including deforestation and overgrazing. The sum of these impacts has 

led to changes in the water balance and farming uncertainty especially for small farming stakeholders 

(Hamisi, 2013). 

 

2.3.1 Demographics and Ethnic Composition 

According to a 2012 census, the Rufiji Basin’s population is estimated to be around 3.6 million, 

accounting for about 8.3% of the population of mainland Tanzania. Around 54% of this population lives 

in the Great Ruaha sub-basin, 29% in Kilombero, and 15% in the lower Rufiji. Covering about 14% of 

the total area of the Rufiji Basin, the Luwegu sub-basin is home to only about 2% of the Rufiji’s entire 

population, as it is encompassed mainly by the Selous Game Reserve, now the Julius Nyerere National 

Park, established in 1922 (Smith et al., 2016). 

 

Figure 2.7: Sub-basin Share of Total Basin Population of 3.6 million in 2012 

(Source: WREM International 2015; Adapted from Smith et al., 2016) 

 
In contrast to the rest of the country, the Basin’s population has been expanding at a moderate rate. In 

2012, the annual average population growth was at about 2%. The sub-basins growth rates differ due to 

variances in, for example, rural-urban migration, adult outmigration, and/or the creation of protected 

areas such as the Kitulo National Park (Smith, 2016). Because of these disparities in growth rates, the 

Great Ruaha and Kilombero sub-basins shares of the Rufiji Basin’s total population is likely to rise in 

the future while the Luwegu and Lower Rufiji sub-basins proportion of total population are projected 

to fall (WREM International, 2015). It is estimated that half of the population living in the Rufiji basin 

are under the age of 20, with 75% being under the age of 40. The female to male ratio is about equal 
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while the average household consists of four to five people. Only 28% of the Basin’s population reside 

in urban areas, with the rest living in rural areas (Smith, 2016). 

The Rufiji sub-basins are ethnically diverse, with the local tribes comprising of the Hehe, Nyakyusa, 

Gogo, Pogoro, Wasangu, Wanji, Ndamba, Bena and other small communities. These groups bring 

traditions and worldviews that have a strong influence on the interaction with rivers and natural 

resources within their surroundings. The communities within the Rufiji Basin make the most of local 

resources, focusing primarily on land for agriculture while also utilizing water resources, including 

fishing and gathering various materials for additional uses when available. However, this intensive 

resource use can sometimes result in overexploitation, especially as demand grows. In the Lower Rufiji 

sub-basin, ethnic groups maintain stronger cultural ties with Swahili traditions, reflecting the influence 

of the delta and coastal regions on their livelihoods and social practices. 

 

2.3.2 Fishing, Crop Cultivation & Livestock Keeping  

Historically, the Rufiji is known as ‘the land of plenty’ (Elton, 1879; cited in Hoag, 2003; Duvail, 2007). 

The Kilombero valley, the Lower Rufiji freshwater floodplain and the estuarine marine systems of the 

Rufiji Delta are particularly valuable fishing areas. Fishing is also carried out on the Mtera Reservoir 

in the Great Ruaha sub-basin. 

Small scale fishermen, who frequently utilize sub-par fishing equipment and/or poisoning in some 

cases, dominate the fishing industry. The estimated 21,000 metric tonnes of fish produced annually in 

the Basin is about 8% of Tanzania’s yearly fish production (Smith et al., 2016). A thriving shrimp, 

prawn, finfish, crab and gastropod fishing sector is supported by the Rufiji mangrove-estuarine system. 

The Rufiji delta provides more than 80% of the prawns captured in Tanzania, most of which is exported. 

In estuary locations, sea grass farming is also conducted (Smith et al., 2016). 

The basin provides surpluses that are marketed to surrounding towns including Dar es Salaam, 

Morogoro and Dodoma. The region serves as a regional food basket for agricultural produce. Rice, 

maize, round potatoes, beans, groundnuts, cowpeas, sunflower, sesame, pigeon peas, sorghum, millet, 

wheat, sweet potato, cassava, cashew, tomatoes, onions among other vegetables are some of the major 

crops farmed in the region. Small-holder farmers dominate agriculture, which is characterized by low 

inputs and low productivity (Smith et al., 2016). 

The Great Ruaha is extensively used for irrigation upstream of the Mtera and Kidatu hydroelectric 

stations. The Usangu Plains are the primary area for the basin. Maize, beans, rice and vegetables among 

other crops are grown here, the first two being rain-fed with the latter relying on irrigation methods. 

The rice paddies are usually grown over an area of 15,000-20,000 hectares (ha) and can be maximized 
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to an area of about 40,000-55,000 ha, depending on availability of water (Mtahiko et al., 2006; 

Mwakalila, 2011, SAGCOT, 2013). 

Within the Kilombero sub-basin, farming is primarily done in the lower and some higher parts of the 

flood plain. Although rice and maize are the two major crops grown, a wide variety of plants such as 

sesame, potatoes, cassava and fruits like bananas, mangoes and oranges are also cultivated. This is done 

for both food subsistence and for commercially (generally for basic needs i.e., School fees, medication 

and transportation) (Smith et al., 2016). 

Significant agricultural activity is supported by the Lower Rufiji sub-basin, primarily in the Rufiji 

floodplains and delta. According to recent estimates, 58,500 acres or about 10% of the terrestrial area 

are used for agricultural purposes (Smith et al., 2016). The most significant crop grown is rice (the 

staple) and is grown by around 76% of households. The majority of agricultural production is for 

subsistence, with excesses being sold (Smith et al., 2016). 

Historically, there hasn’t been much animal production in the Rufiji Basin. Just 10% of the average 

household’s income comes from raising animals (Smith et al., 2016). However, since the 1970’s, 

livestock rearing (especially nomadic pastoralism) has been one of the key issues of natural resources 

management in the basin. Presently, areas with quite high stocking rates can be found, mainly in the 

arid central belt, in some areas of Kilombero and more and more in the coastal zones (SAGCOT, 2013). 

Traditional pastoralist groups that have migrated from other regions of Tanzania raise a substantial 

share of the cattle in the Basin. The number of indigenous cattle, goats and sheep in the basin is 

estimated to be around 1.4 million, 670,000, and 420,000 respectively (SAGCOT, 2013)). 

With cattle numbers in the hundreds of thousands and numbers of goats, sheep and donkeys in the tens 

of thousands, the Usanga Plains in the Great Ruaha sub-basin are a significant livestock pastoral area. 

Water is scarce in the central Usangu Plains during the dry season and pastoralists migrate their herds 

to the sole permanent water source, the Utengule - Ihefu wetland, further depleting the area’s available 

water resources (SAGCOT, 2013). 

Because they are unable to graze their animals in Northern regions of Tanzania, the Barabaig 

pastoralists, like the Maasai of the Pangani Basin, have pushed away from their original territories that 

they inhabited since colonial and post-colonial periods, moving into the Lower-Rufiji floodplain in 

search of grazing lands, a practice occurring since the 1990’s. About 4,500 acres of arable farmland 

have been affected and the antagonism between settled farmers and animal owners in the area has gotten 

worse (Rufiji District Commission, 2012). The situation was made worse by the preceding five-year 

drought (2007-2012), which had a negative impact on the traditional pastoralists grazing sites and led 

to migration into the Lower Rufiji (Smith et al., 2016). 
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2.3.3 Irrigation and Hydropower 

Higher levels of institutional and infrastructural investment are required in areas where rainfall is clearly 

seasonal and characterized by considerable interannual variability to ensure fundamental water security 

(Grey & Sadoff, 2007; Siderius et al., 2021). Infrastructure investments for irrigation and hydropower 

are frequently viewed as essential for socioeconomic development and control of water resources (Hall 

et al., 2014; Siderius et al., 2021). 

Yet in Sub-Saharan Africa such unpredictability is occasionally disregarded in plans for development 

of surface and groundwater developments, including in commitments made in policy to boost irrigation. 

In addition, the region also exhibits poor policy coherence when it comes to taking climate change into 

account in the highly interrelated water, energy and agricultural sectors (Pardoe et al., 2018; England 

et al., 2018; Siderius et al., 2021). 

The largest basin in Tanzania, the Rufiji, provides water to around 4.5million people and produces 80% 

of Tanzania’s hydropower. A majority of the basin is targeted for socioeconomic growth by the 

government over the next two decades as part of the Southern Agricultural Growth Corridor of Tanzania 

(SAGCOT) (Paul & Steinbrecher, 2013; Geressu et al., 2020). To promote economic growth, the 

SAGCOT, which consists of many clusters of focused activity, seeks to increase the domestic and 

foreign investment in agricultural value chains (Issac & Guyver, 2011; Milder et al., 2021; Geressu et 

al., 2020). The effort includes greater agricultural productivity, especially through increased irrigation 

and sustainable water resource management and is seen as essential to its success. 

Furthermore, the expansion of energy supply is a critical is a critical component of economic 

development (Government of Tanzania, 2016), especially in a region where half the population still 

lacks direct access to electricity (World Bank, 2018; Siderius et al., 2021) and is heavily reliant on 

hydropower, where hydropower generation produces 40% of Tanzania’s electricity (Government of 

Tanzania, 2016; Hoag, 2013; Siderius et al., 2021) 

One of the megaprojects planned in the Basin is the construction of a dam and a hydroelectric plant at 

Stiegler’s Gorge dubbed the Julius Nyerere Hydropower Plant (JNHPP) after Tanzania’s founding 

father. The dam’s inception stretches back to colonial times at the beginning of the 20th Century and has 

become a flagship development project for Tanzania. The Gorge’s ravine is projected to house a dam 

that is 131 meters high and 700 meters wide (Dye, 2019; Odebrecht, 2013). The Rufiji’s waters would 

thus be held back by the dam, creating a reservoir that is projected to be the sixth largest in Africa (Dye, 

2019). According to the most recent design, the hydropower plant will be able to generate a maximum 

output of 2,115 MW, thus making it Africa’s largest dam by installed hydropower, alongside Egypt’s 

Aswan High Dam (2100MW), narrowly surpassing Mozambique’s Cahora Bassa Dam (2075MW) and 
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Angola’s Lauca Dam (2069MW); or second largest if Ethiopia’s Grand Renaissance Dam is finished 

(Dye, 2019). 

The location of the hydropower dam at Stiegler’s Gorge within the Selous Game Reserve, now known 

as Nyerere National Park—a UNESCO World Heritage Site—makes this ambitious engineering project 

highly contentious. The park is celebrated for its exceptional ecological importance as a region with 

high biodiversity, distinctive landforms, wildlife and flora and fauna. It boasts a vast flat expanse with 

fluctuating riverbeds, marshlands and lakes, that extend beyond the reserve to the Rufiji river’s delta. 

The delta is also protected by the Ramsar Convention, a group with the highest international protocol 

for wetlands. Only two of the Rufiji’s tributaries have been dammed as of yet, making this river the last 

significant river in East Africa that is virtually free flowing (Dye, 2019; 2021). 
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CHAPTER 3: LITERATURE REVIEW 

3.1 What is Drought? 
Droughts are natural hazards that can occur anywhere around the world and are not bound to just semi-

arid regions. In contrast to aridity, which is characterized by a persistently dry climate and little yearly 

or seasonal precipitation, drought is a temporary condition. Therefore, with a drought it is anticipated 

that long term “normal” circumstances will return. 

Although many societies around the world recognize and accept the term “drought”, no universally 

agreed quantitative definition of the term exists. A general definition accepted by the United Nation’s 

Convention to Combat Drought and Desertification (UNCCD) states that “A drought is a naturally 

occurring phenomenon that exists when precipitation has been significantly below normal recorded 

levels, causing serious hydrological imbalances that adversely affect land resource production systems” 

(General, U.S., 1994). Other well-known organizations like the FAO describe it as “the percentage of 

years when crops fail from the lack of moisture” (FAO, 1983), while the IPCC defines it as “a lack of 

rainfall resulting in water shortages for a particular activity or group” (IPCC, 2007). Perhaps the most 

straightforward way to define drought is to think of it as a severe lack of precipitation, over an extended 

period where rain was projected, over a substantial area, affecting soils, the hydrology of the area as 

well as people’s livelihoods. 

 

3.2 Types of droughts 
As stated in Wang et al. (2016), a drought results from a lack of precipitation over a lengthy period, 

which causes a shortage of water for a particular activity, population, or area of the environment. This 

results in a complex interaction between (1) natural precipitation deficiencies or excessive evaporation 

over different spatial and temporal extents and (2) the water needs of humans and the environment, 

which may be made worse by ineffective water management, planning and delivery.  

Depending on the many aspects of the hydrological cycle that are impacted by a drought occurrence, 

numerous operational drought concepts are put into practice. Operational drought definitions attempt 

to pinpoint the onset, duration and impact of a drought as well as the afflicted sector, procedure or social 

group (Wilhite, 2000; Wang et al. 2016). Droughts are therefore categorized into 4 main classes, (1) 

meteorological, (2) agricultural, (3) hydrological and (4) socio-economical (Mishra & Singh, 2010; 

Wilhite & Glantz, 1985; Wang et al., 2016). Generally, all droughts start off with a deficiency in 

precipitation, usually accompanied by high temperatures, leading to increased rates of evaporation, 

strong winds and less cloud cover. This in-turn leads to reduced infiltration and therefore the 

propagation of other types of droughts as explained in Figure 3.1 below: 
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Figure 3.1: Relationship between meteorological, agricultural, hydrological & socio-

economic drought 

 

3.2.1 Meteorological drought 

A meteorological drought is the degree of precipitation deficit from a pre-determined threshold which 

is generally a long-term average (Gibbs, 1975; Dai, 2011).  Meteorological drought analysis makes use 

of precipitation patterns within the given area for comparison (Pinkeye, 1966; Chang 199; Mishra et al, 

2010). However, there could be varying atmospheric circulations within a study area, therefore 

precipitation thresholds should be region specific (Nguvava, 2020). Generally, precipitation is the main 

predictor of water availability. A fall in precipitation levels is normally accompanied by decreased 

cloudiness and relative humidity levels, leading to increased temperatures and evaporation levels 

resulting in reduced infiltration, percolation, runoff and ground-water recharge. 
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Changes in large scale atmospheric circulation patterns are the primary causes of meteorological 

dryness, which are frequently induced by variations in tropical sea surface temperatures (SST) or other 

remote factors (Giannini et al., 2003; Hoerling et al., 2006). 

 

3.2.2 Agricultural Drought 

A period of soil moisture deficit is known as Agricultural Drought and is brought on by below average 

precipitation, above normal evapotranspiration, elevated temperatures and continuous wind (Mishra & 

Singh, 2010). The drought can be exacerbated by the impacts humans have on the quality of the soil, 

where factors such as erosion and slope can affect infiltration rates (Wilhite & Glantz, 1985). Plant 

growth is affected as a result and agricultural output is diminished. Due to the variability in demands 

for water in different plants, each plant has varying water requirements. This can result in massive crop 

failures and subsequent livestock losses leading to impacts such as famine and malnutrition (Rojas et 

al., 2011). This type of drought typically comes before a hydrological drought (Nguvava et al., 2019). 

 

3.2.3 Hydrological Drought 

When water shortages in rivers, lakes, reservoirs and aquifers fall below long-term average levels, a 

hydrological drought occurs (Wilhite, 2005). Hydrological droughts often follow meteorological and 

agriculture droughts because the effects of precipitation shortages take longer to manifest. It usually has 

a direct impact on hydropower generation leading to power outages, loadshedding and dam operation 

problems (Calzi, 2013). 

Water borne diseases such as cholera, diarrhoea and tuberculosis could result from this type of drought, 

directly impacting the quality and availability of water for home and industrial use (Jain et al., 2015). 

Hydrological droughts are frequently brought on by changes in climatic conditions but can be worsened 

by other elements such as poor water management, changing land uses and land degradation. For 

example, during the Great Ruaha’s dry season, overgrazing and increased agricultural activity in the 

Rufiji’s Ihefu basin jeopardized the environment of Ruaha National Park (Mwakalila, 2011). 

 

3.2.4 Socio-Economic Drought 

A socio-economic drought is one that continues during and that can last long after a meteorological, 

agricultural and hydrological drought has ended and has an impact on people and the economy. This 

usually occurs when there is a surplus demand for economic resources and outweighs the weather-

related deficit in the supply of water (Dracup et al., 1980; Mishra & Singh, 2010). Drought is the most 
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widespread natural disaster in Africa. However, less than 20% of the disasters on the continent involve 

drought, yet more than 80% its population is affected by it (See Figure 3.2). 

 

Figure 3.2: Proportion of natural disaster occurrence by continent 1970-2008 (left); 

Proportion of people affected by each disaster type per continent 1970-2008 (right) 

(Source: UNISDR, 2019) 

More than 300 million people have been impacted by 291 drought events that have occurred in Africa 

between 1900 and 2013 (Masih et al., 2014). Disasters caused by drought are more common in some 

regions than other, and each country’s capacity to cope with their repercussions differ. Despite suffering 

significant economic losses, first world countries have the ability to reduce the effects of drought on 

human mortality. This is not the case for many developing and impoverished African nations where 

drought seriously impedes a nation’s economic development leading to emigration, famine and death 

(Makhanya, 2021). From the Figure below you can see that Tanzania is affected by drought events and 

has a high vulnerability to future droughts. 
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Figure 3.3: (a) number of reported droughts by country 1970-2008, (b) number of persons 

affected by drought 1970-2008, (c) map of Africa showing drought vulnerability 1970-2004.  

Source: (UNISDR, 2009; Haile, 2005) 

 

In 2011, drought led to a significant reduction in Tanzania’s energy supply, primarily due to decreased 

hydroelectric generation caused by lower precipitation levels. This shortfall placed increased strain on 

industrial operations requiring a steady power supply, thereby affecting multiple sectors of the economy 

(Nguvava, 2020). 

3.3 Drought Quantification 
Research on drought monitoring faces a significant problem in determining the best index to describe 

or measure droughts (Ujeneza & Abiodun, 2014). Drought severity must be assessed using an index or 

indices that (a) are easily understood, (b) carry physical meaning, (c) are responsive to a wide range of 

drought conditions, (d) are unaffected by the area of application, (e) reveal drought with a short lag after 

its onset, and (f) are based on readily available data.  

To characterize the many types of droughts (such as meteorological, agricultural, and hydrological), 

various drought indicators have been developed, however their effectiveness varies across different 

geographic regions (Heim, 2002; Mishra & Singh, 2010). 

3.3.1 Meteorological Drought Indices 

Many drought indices exist that aim to explain drought events such as the Palmer Drought Severity 

index (PDSI) (Palmer, 1965), the Standard Precipitation Index (SPI) (McKee et al., 1993), the Bhalme-

Mooley Index (BMI) (Bhalme & Mooley, 1979), and the Standardized Precipitation Evapotranspiration 

Index (SPEI) (Vicente-Serrano et al., 2010a). While none of the drought indices are inherently better 

than the others, some are more appropriate for describing drought under particular circumstances. 
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One of the first attempts to identify droughts using information other than precipitation data was made 

by Palmer (1965), who created the PDSI. A soil water balance equation is used to generate this drought 

index, which also includes information on temperature, precipitation, and soil moisture to determine the 

supply and demand for moisture (Mishra & Singh, 2010; Vicente-Serrano et al., 2010a). As a result, 

PDSI serves as an effective tool in studies of climate change because it considers sensitivities to both 

precipitation and temperature (Mishra & Singh, 2010).  

Despite this fact, PDSI is complex in its equations and variables used (Ntale & Gan, 2003) and several 

studies (Alley, 1984; Guttman, 1991; Guttman et al., 1992; McKee et al., 1995) documented the 

limitations of PDSI, which prompted the creation of substitute indices. Palmer (1965) created the crop 

moisture index (CMI) (Palmer, 1968), the hydrological drought index (PHDI), and the soil moisture 

drought index (Z-index) to overcome some of the PDSI's inadequacies. However over recent years the 

index is not used as frequently owing to its complexity and lacking multi-timescale capabilities. Below 

is a concise description of the utilized indices within this study: 

 

3.3.1.1 Standardized Precipitation Index (SPI) 
Due to its ability to categorize various types of droughts, the SPI (multi-scale drought index; developed 

by McKee et al., 1993) has grown in popularity among researchers. The WMO has recommended it as 

the best approach to characterise meteorological droughts (Hayes et al., 2011; Keyantash, 2022). SPI 

can track both rainy and dry events at various timescales and is solely dependent on precipitation 

amounts. The Standardized Precipitation Index (SPI) works by standardizing precipitation data over 

specified timescales, which allows for the monitoring of both wet and dry periods. By using different 

timescales (e.g., 3, 6, 12, or 24 months), SPI captures various drought impacts across multiple sectors; 

shorter timescales (e.g., 3 months) reflect meteorological drought conditions, while longer timescales 

(e.g., 12 or 24 months) can provide insights into hydrological drought impacts on streamflow and 

groundwater levels (Belayneh et al., 2014; Bernard et al., 2013; Degefu & Bewket, 2014; Vicente-

Serrano et al., 2012b). SPI works by fitting these accumulating precipitation data to a parametric 

statistical distribution, from which non-exceedence probability are translated to the conventional normal 

distribution (mean= 0, standard dev. = 1).  

At a 3-month timestep, SPI has been useful in illustrating meteorological droughts, SPI-6 is highly 

associated with an agricultural drought indicator (as a decline in precipitation would eventually lead to 

decreasing soil moistures), whereas SPI-12 and SPI-24 can detect hydrological droughts as the decrease 

in available water would most likely manifest declines in streamflow, reservoir storages and 

groundwater levels. 
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The SPI addresses the severity of meteorological drought, or shortfall of precipitation. A simple, 

obvious indicator for drought—possibly the most basic definition conceivable—is the lack of 

precipitation. Interpreting the severity of the precipitation deficit can be difficult though, due to the wide 

variations in precipitation climatology across geographic regions and temporal scales. For instance, 

should a month be classified as drought if it occurs during a prolonged stretch of extremely dry weather? 

Additionally, the magnitude of the precipitation deficiency or excess should be assessed in relation to a 

local climatological norm. Therefore, the difficulty in defining a drought is not in the direct 

measurement of hydrometeorological data, but rather in the objective evaluation of the findings. 

An established timescale serves as an indication of the prevailing conditions within the specified period 

compared to all previous years. Consequently, users of the index have the flexibility to set the timescale 

based on their preferences and the specific time of year they are examining. The SPI can be calculated 

for periods ranging from 1 month to 72 months. According to Guttmann (1999), the optimal practical 

application window is between 1 and 24 months. Based on Guttman's suggestion to have about 50–60 

years of running data accessible to calculate SPI, this 24-month limit was established. As the sample 

size gets smaller, the statistical confidence of the probability estimated on the tails (both wet and dry 

extremes) weakens, especially after 24 months, unless one has 80–100 years of data. The WMO 

recommends utilizing a reference period of at least 30 years of precipitation totals when calculating the 

Standardized Precipitation Index (SPI) to ensure accurate and meaningful results. 

 

Table 3.1: Advantages and Disadvantages of various SPI timescales 

TIMEFRAME ADVANTAGES DISADVANTAGES 

SPI-1 - Can be related closely to 

meteorological types of droughts 

along with short-term soil moisture 

and crop stress, especially during the 

growing season. 

- In regions where rainfall is normally 

low during a month, large negative or 

positive SPIs may result even though 

the departure from the mean is 

relatively small  
SPI-3 - Can act a better indicator of 

available moisture conditions than the 

sluggish Palmer Index or other 

hydrological indices available, 

especially at the start of growing 

seasons 

- It's crucial to evaluate the 3-month 

SPI against longer timeframes, as it 

may lead to a misinterpretation, for 

example one may assume a drought is 

over just because of a temporary wet 

period 

 

- May be misleading in regions where 

very little rain falls or is projected 

over distinct periods of the year, 

thereby giving large negative or 

positive SPIs with precipitation totals 

not very different from the mean 
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SPI-6 - Can be very effective in showing the 

precipitation over distinct season eg: a 

6-month SPI over the Rufiji Basin 

from November to April would give a 

fairly accurate representation of the 

amount of precipitation that has fallen 

during the crucial rainy season 

- Might not be very suitable for 

portraying short events such as flash 

floods as drier months in the period 

may level out the mean. 

 

- Does not consider yearly variability 

in a basin. 

SPI-9 - SPI values below -1.5 for these 

durations are often indicative of major 

effects of dryness on agriculture and 

maybe other sectors 

 

- This time span begins to bridge the 

gap between short-term seasonal 

droughts and longer-term droughts 

that may become hydrological, or 

multi-year, in nature 

 - Same as for SPI-6 

SPI-12 & 

ABOVE 

- A 12-month SPI is a useful tool for 

comparing precipitation over 12 

consecutive months to precipitation 

over the same 12 consecutive months 

in all previously available data years 

 

- SPIs for these periods are typically 

linked to streamflows, reservoir 

levels, and even groundwater levels at 

longer timescales. 

- Because lengthy durations represent 

the sum of shorter periods that may be 

above or below normal, the longer 

SPIs tend to lean toward zero unless 

there is a strong wet or dry trend. 

OVERALL SPI - It can be computed over a variety of 

timescales 

 

- Shorter period SPIs, such as 1-, 2-, 

or 3-month SPIs, can provide early 

warning of drought and aid in 

determining drought severity. 

 

- It is spatially consistent, allowing 

comparisons between different 

locations with various climatic 

conditions 

 

- Given that it is probabilistic, it has 

historical context, which is ideal for 

decision-making 

- It solely takes precipitation into 

account 

 

- The SPI is merely a measure of 

water supply, therefore its capacity to 

reflect the impact of rising 

temperatures (related with climate 

change) on moisture demand and 

availability is constrained 

 

- Sensitive to the volume and 

dependability of the data used to fit 

the distribution; optimal age range is 

30–50 years 

- Does not consider intensity of 

precipitation or how it might affect the 

system of interest's runoff, 

streamflow, and availability of water.  
 

To calculate the SPI, a probability density function must be fitted to a frequency distribution of the total 

amount of precipitation for a station or grid point over an accumulation period. The frequency 

distribution statistics are computed ideally using a reference period of at least 30 years. The WMO 

strongly advises choosing the period from 1991 to 2020 as the SPI Reference Period as it reflects the 

prevailing climatic conditions of any area. The parameters of the probability density function are then 
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used to calculate the cumulative probability of observed precipitation for the given month and time 

period. The cumulative probability is then transformed to a standardised normal distribution with mean 

zero and variance one, yielding the SPI value. 

McKee et al., (1993) defined drought intensities based on the SPI using the classification scheme 

presented in the SPI value table below (Figure 3.5). They also proposed SPI-based definitions for 

drought occurrences at any timeline. A drought event occurs when the SPI is constantly negative and 

reaches -1.0 or less. When the SPI reaches positive values, the drought event comes to an end. As a 

result, each drought event has a duration defined by its commencement and termination, as well as an 

intensity (-1, -2... etc) for every month within the specified calculation. The "magnitude" of a drought 

event is defined as the positive total of the SPI for all the months during the drought episode.  

 

 

 

Figure 3.4: Classification and Sample SPI graph 

In Eastern Africa and Rufiji Basin, SPI has been used in several studies. Ntale & Gan (2003) made use 

of various drought indices (improved versions of the PDSI & SPI, as well as BMI) to monitor droughts 

over Eastern Africa. Among the three indices used they found that the SPI was better suited to 

monitoring East African droughts as it more easily adapted to local climate, had low data requirements, 
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could be computed at almost any time scale, had no theoretical upper or lower bounds and was simple 

to interpret.  

Pauline & Grab (2017) investigated the onset of rainy days and Standardized Precipitation Index (SPI) 

trends from 1960 to 2014 at three meteorological stations— Igawa, Iringa, and Mtera—located in the 

Great Ruaha sub-basin, the most extensive of the Rufiji River Basin's four sub-basins. Their research 

revealed a progressive delay in the rainfall onset in Igawa and Mtera, aligning with findings from similar 

studies in southern Africa that observed delays in the rainy season's start, extended drought periods, and 

shortened rainy seasons (Twomlow et al., 2008; Shongwe et al., 2011). In contrast, the Iringa station 

recorded an earlier onset of rainfall, differing from the patterns observed at the other two stations. This 

discrepancy suggests that while Igawa and Mtera are becoming increasingly susceptible to delayed 

rainfall and drought conditions, Iringa may experience a more favorable hydrological regime (Pauline 

& Grab, 2017). The analysis showed significant interannual and decadal rainfall variability, with a 

consistent drying trend post-2000, particularly at the Mtera station, which experienced numerous 

drought years. While the Igawa station recorded three drought occurrences in the 2000s, with some 

exceeding a -2 SPI level and one surpassing -2.5, the Iringa station documented two drought years 

between 2009 and 2011 that exceeded a -3 SPI level, reaching -5, indicating an exacerbation of drought 

conditions in recent decades. 

 

3.3.1.2 Standardized Precipitation Evaporation Index (SPEI) 
The Standardized Precipitation Evaporation Index (SPEI) was created by Vicente-Serrano et al. (2010) 

and serves as an extension of the WMO’s recommended SPI and because it employs a more 

comprehensive estimate of water availability, thus has tremendous potential as a meteorological drought 

index (Stagge et al., 2014). Unlike the SPI which assumes that droughts are primarily governed by the 

temporal variability of precipitation and that this variation is much more important than other climatic 

variables (such as evaporative demand of the atmosphere), the SPEI integrates evapotranspiration rates 

which allows drought situations to be analyzed based on fluctuations in the water balance (Vicente-

Serrano et al., 2010). The SPEI is an improved alternative to the SPI given that global temperatures 

have been on the rise over the last 150 years and climate change models predicting a significant increase 

over the twenty-first century, it is reasonable to believe that temperature rise will have major effects on 

drought conditions.  

SPEI quantifies the dry and wet conditions at various time frames, much like SPI on the same timescales 

such as the 1-,3-,6-,9-, 12- and 24- month periods. The scale used to quantify the drought and wet events 

is also similar with positive values indicating wet events and negative values indicating drier periods. 

The intensity, frequency and magnitude of events have the same calculation as the SPI. Where the SPEI 

differs is in its calculation of the climatic water balance, which is the difference between precipitation 
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and Potential Evaporation (PET) (Vicente-Serrano et al., 2010). SPEI is more complicated than SPI 

since it considers a variety of other factors, including temperature, sun radiation, relative humidity, and 

wind speed depending on the PET calculation used (Stagge et al., 2014). 

The inclusion of PET (McMahon et al., 2013) can be implemented using various equations, depending 

on data availability. Some of the PET methods that can be employed, in order of increasing complexity, 

include Thornthwaite (Thornthwaite, 1948), Hargreaves (Hargreaves & Samani, 1985), Penman-

Montieth with the Hargreaves radiation term (Allen et al., 1998), Priestley-Taylor (Priestley & Taylor, 

1972), and FAO-56 Penman-Montieth (Allen et al., 1998). In the original calculations of the SPEI, 

Vicente Serrano et al. (2010) utilized the Hargreaves method for calculating PET due to its reduced data 

input requirements and simplicity. The Hargreaves equation only requires the site's latitude and mean 

daily temperature on a monthly scale. However, employing a specific equation to estimate PET is not 

essential for calculating SPEI, as alternative equations can also be used depending on data availability. 

If comprehensive data are accessible (such as relative humidity, temperature, wind speed, and solar 

radiation), the FAO-56 Penman-Monteith equation (Allen et al., 1998) is recommended (Vicente 

Serrano, 2014). If the data required for PET computation are limited, the Hargreaves equation 

(preferred) or the Thornthwaite equation (alternative) are suggested. In some parts of the world, 

differences between the SPEI series derived using the various ETo equations can be substantial. 

According to Beguera et al. (2014), these disparities were often greater in semi-arid to mesic zones and 

smaller in humid ones. 

In general, the SPEI's low data requirements, ease of use, flexibility, and consideration of the two 

primary factors that affect drought severity (precipitation and atmospheric evaporative demand) are 

strong arguments for advising using it in place of other drought indices. Beyond the context of global 

warming, the SPEI can consider the potential effects of temperature variability and temperature 

extremes. Its few shortcomings are the extra data requirements compared to the SPI; sensitivity of the 

method used to calculate PET as well as the long base period (30-50 years) for data inputs. 

 

3.3.2 Hydrological Drought Indices 

The term "hydrological drought" refers to a considerable decline in the availability of water resources  

in all of its forms in the terrestrial phase of the hydrological cycle. Various hydrological variables, such 

as streamflow (including snowmelt and springflow), lake and reservoir level, and groundwater level, 

reflect these forms. Streamflow is by far the most important variable in terms of quantity of water among 

these variables. It is the primary variable used to express surface water resources. 

There are several different indices for describing hydrological drought, however most of the older 

methods required much data and processing power. On the other hand, straightforward and useful 
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indices, alike to the Standardized Precipitation Index (SPI), have been employed to measure 

meteorological droughts. According to earlier studies, hydrological droughts can be analyzed using the 

runs method (Yevjevich, 1967) or through a standardized indices approach. Yevjevich (1967) used the 

threshold technique to define a drought event as a time period in which the hydrological variable (such 

as streamflow, groundwater flow, or reservoir storage) is below the predefined truncation level. 

However, Yevjevich’s method did not standardize flows which lead to it not being able to be used to 

show magnitudes of droughts (Van Loon, 2015). To eliminate major discrepancies among climate types 

and compare global drought studies, standardization is essential (Van Loon, 2015). Using standardized 

indices, drought intensity can be evaluated over time and geography, including comparisons between 

basins with differing regime characteristics, flow variability, and flow amplitude (Vicente- Serrano et 

al., 2012a). 

The Standardized Runoff Index (SRI) (Shukla & Wood, 2008) and the Standardized Streamflow Index 

(SSFI) (Moddares, 2007) are both hydrological indicators that employ McKee's (1993) SPI concept. 

The SSFI measures monthly normalized anomalies in observed or simulated streamflow, whereas the 

SRI measures anomalies in modelled runoff per unit area.The Surface Water Supply Index (SWSI) 

(Shafer & Dezman, 1982) and the Palmer Hydrological Drought Index (PHDI) (Palmer, 1965), are two 

existing indices for describing a hydrological drought, but are often data and computationally intensive. 

All in all, a hydrological drought episode is associated with a decrease in streamflow relative to normal 

conditions. Each drought event is distinguished by four characteristics: (1) its level of severity as 

measured by a drought index, (2) its beginnings and length, (3) its geographical extent, and (4) its 

regularity of occurrence. 

 

3.3.2.1 Streamflow Drought Index (SDI) 
Nalbantis &Tsakiris (2009) formulated the Streamflow Drought index (SDI), to assess and evaluate 

hydrological droughts. The reason for coming up with the index was to circumvent the use of existing 

hydrological drought indices that were data and computationally intensive. Like the SRI and SSFI, the 

SDI is built on the same principal of the SPI index, albeit considering monthly streamflow means rather 

than precipitation. Nablantis & Tsakaris (2009) showed the index has a close correlation to SPI in the 

longer term over 6 months when applied to a river basin located in the West Sterea Hellas Water District 

in central Greece and can be used in conjunction with SPI as a predictor of hydrological droughts.  

Like the SPI and SPEI indices, the SDI can be used on diverse timescales of 1-, 3-, 6-, 9-, 12-, 24- and 

48 months to assess drought conditions over a specific location.  The start of the calculation of the index 

should coincide with the start of the hydrological year in the basin. Therefore, for measurements on the 

Rufiji, the index would start in November, when the short rains begin to fall over the basin. For 
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assessment of short-lived droughts and to assess reduced flow in rainier months, a 3- month SDI is 

prescribed. To comprehensively evaluate and understand the hydrological variability of a basin, it is 

advisable to extend the analysis to include a 12-month Standardized Drought Index (SDI) calculation. 

This is because it considers both the wetter and drier months and can therefore show annual variability 

of the basin.  

Like the SPI and the SPEI, the SDI uses the same methodology of calculation of the index, using 

streamflow values over the calculation and time-period, whereas the SPI and SPEI would use 

precipitation and PET as inputs. The index uses the same technique as the SPI/SPEI where a probability 

density function must be fitted to a frequency distribution of the total amount of precipitation for a 

station over an accumulation period. The frequency distribution statistics are computed using a 

reference period of at least 30 years. SDI employs the same scale as the SPI to assess drought conditions, 

with Figures in the negative exhibiting drier episodes whereas wetter months are denoted by positive 

values (Nablantis & Tsakaris, 2009). 

 

3.4 Climate and Hydrological Modelling Frameworks and 

tools 

3.4.1 Climate Modelling  

3.4.1.1 Reanalysis models 
Climate data reanalysis is a scientific method used to create a comprehensive picture of the climate 

system's past state. This is achieved by combining past observations with modern weather forecast 

models. The process involves assimilating data from various sources, such as satellites, weather 

balloons, buoys, and surface weather stations, into a consistent, gridded dataset that represents the state 

of the Earth's atmosphere, land surface, and oceans over time. Reanalysis projects use advanced data 

assimilation techniques and computational resources to blend historical data with models, aiming to 

produce a more accurate and complete representation of past weather and climate conditions (Thejll & 

Gleisner, 2015; ECMWF, 2023). 

The availability of reanalysis datasets, while currently limited in scope, is gradually expanding. These 

datasets, which are widely utilized within the scientific community, predominantly encompass global 

atmospheric data. However, the range of reanalysis extends beyond the atmosphere, with specialized 

datasets also existing for oceanic and terrestrial surface analyses. This diversification reflects the 

growing interest and technological advancement in comprehensively understanding different 

components of the Earth's climate system (Gleixner et al., 2020). 
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Two notable reanalysis models are the ERA-Interim and ERA5, both of which are among the latest 

reanalysis products developed by the European Centre for Medium-Range Weather Forecasts 

(ECMWF). These products are created by integrating a numerical weather prediction model with 

observational data gathered from satellites and ground observations. Introduced in 2007, ERA-interim 

delivered daily climate information until August 2019. It was then succeeded by ERA5, which has been 

providing hourly meteorological conditions dating back to 1979 and is anticipated to extend its coverage 

back to 1950 (Gleixner et al., 2020). 

 

3.4.1.2 Climate projections 
Global climate models (GCM) and regional climate models (RCM) are the most often utilized dynamic 

models for climate studies across the scientific community (IPCC, 2007; IPCC, 2014). GCMs have 

been proven to be effective in furthering our understanding of the dynamic mechanisms regulating 

climatic variability, and several studies have shown that GCMs can mimic observed or projected 

drought patterns with great precision (Cook & Vizy, 2012; Shongwe et al., 2011). However, certain 

studies have assessed that General Circulation Models (GCMs) with coarse resolutions (grid cells of 

200-300 km) may lack the capability to capture the influences of local forcing, including terrain and 

vegetation effects, as well as the land-sea boundary. These aspects are better represented at finer scales 

(Wang et al., 2004). Additionally, extreme events, such as heavy precipitation, are often not adequately 

captured or their intensity is unrealistically low at coarse resolutions, as indicated by various studies 

(e.g., Endris et al., 2015). However, this limitation can be addressed by downscaling GCM models to 

finer resolutions using Regional Climate Models (RCMs) (Nguvava, 2020). 

The GCMs (Global Climate Models) used in the study were part of the Coupled Model Intercomparison 

Project Phase 5 (CMIP5), an international initiative coordinated by the World Climate Research 

Programme. CMIP5 serves as a platform for comparing different climate models to understand their 

strengths and weaknesses, thereby improving their accuracy and reliability. It involves a set of 

standardized experiments conducted by climate modelling groups worldwide, focusing on both 

historical climate assessment and future climate projections. The historical simulations enable 

researchers to test the models against observed climate data, while future projections are based on 

Representative Concentration Pathways (RCPs) that outline various scenarios of greenhouse gas 

concentrations and radiative forcing (Taylor et al., 2012). 

CMIP5 models has been instrumental in advancing climate science, contributing significantly to 

research and policy-making, especially in the context of the Intergovernmental Panel on Climate 

Change (IPCC) reports. The project fosters global collaboration, bringing together a multitude of 

scientists and research institutes to pool expertise and resources. The publicly available data from 

CMIP5 simulations is extensively used for various studies, including analyzing regional climate 
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impacts, extreme events, and long-term climate changes. This collaborative effort and data availability 

make CMIP5 a cornerstone in understanding and addressing global climate dynamics (Taylor et al., 

2012). 

CMIP5 includes four Representative Concentration Pathways (RCPs) that are differentiated by their 

radiative forcing levels by the year 2100: RCP2.6, RCP4.5, RCP6.0, and RCP8.5. These range from 

low (RCP2.6) to high (RCP8.5) greenhouse gas concentration scenarios. While CMIP5 provided critical 

insights into potential climate futures, it was limited by its reliance on radiative forcing metrics alone, 

which did not fully account for the socioeconomic contexts influencing emissions trajectories (Eyring 

et al., 2016; Hausfather, 2019). 

 In contrast, the sixth phase of the project, CMIP6, launched in 2019, marked a significant evolution in 

climate scenario development. CMIP6 introduced Shared Socioeconomic Pathways (SSPs) that 

integrate greenhouse gas emissions pathways with socioeconomic narratives, allowing for a richer and 

more nuanced exploration of potential climate futures. This innovative approach not only addresses the 

limitations of the RCPs from CMIP5 but also enhances the realism of "business-as-usual" scenarios by 

considering diverse socioeconomic factors, such as population growth, economic development, and 

technological advancements. By combining SSPs with traditional RCPs, CMIP6 offers a more 

comprehensive framework for understanding the multifaceted interactions between climate change and 

human systems, thereby improving the relevance of climate projections for policymakers and 

stakeholders (Eyring et al., 2016; CMIP6, 2019). 

However, CMIP6 data was not used as part of this study as it has not yet been downscaled by the 

Coordinated Regional Climate Downscaling Experiment (CORDEX). Moreover, in their study, Ayugi 

et al., 2021, highlight that CMIP6 models have not been utilized in the East African region. They note 

that these latest GCM models, like their predecessors, have challenges in accurately simulating extreme 

events and tend to overestimate OND (October-November-December) rainfall peaks within the region. 

This persistent uncertainty affects stakeholders, including policymakers and climate information users, 

as it limits reliable future climate projections for OND rainfall. The study emphasizes the need for 

further research to understand and address these systematic biases and calls for careful assessment 

studies to identify models that can more accurately simulate observed patterns in East Africa. 

Downscaling of GCM projections can be done via two methods: Statistically and Dynamically 

(Hewitson, 2013). The link between regional and/or local physiographic traits, such as land-sea 

distribution and topography, and the large-scale climatic state is the foundation of statistical 

downscaling. GCMs provide the large-scale features while the small-scale features are taken from 

specific grid points or meteorological stations. The first strategy is to develop a statistical model that 

explains the relationship between global-scale climatic variables (also known as "predictors") and 

regional or local variables (also known as "predictands"). The output is then passed into established 
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statistical models and the estimation of local/regional climatic variables is made. Due to their relative 

simplicity and lower processing cost compared to dynamical downscaling approaches, statistical 

downscaling methods are widely used. However, this method's primary flaw is that the statistical 

associations of the past climate will remain unchanged for the predicted future climate (Nguvava, 

2020).  

Dynamical downscaling involves the nesting of high-resolution RCMs within a coarse GCM simulation 

(Giorgi & Mearns, 1999). Small-scale characteristics like topography and land use that may have an 

impact on climatological variables like precipitation and wind can be incorporated because of the high 

horizontal resolution of RCMs (usually less than 50 km) (Nguvava, 2020). Herrmann and Mohr (2011) 

stated that higher resolution simulations are the optimum method for any future projection over the 

region due to the intricacy of the geography over eastern Africa. 

The World Climate Research Program (WRCP) initiated the CORDEX program to provide low-scale 

climate modelling products for historical and future decades (Jones, 2011). The CORDEX-Africa 

project was established to generate high-quality multi-model climate change simulations, specifically 

for researching the impacts and adaptation to climate change in Africa (Haensler et al., 2013; Kim et 

al., 2014; Dosio & Panitz, 2016; Dosio, 2017). Regional Climate Models (RCMs) with a spatial 

resolution of about 10 - 50 km2 have facilitated downscaled analyses of changing temperatures and 

droughts, aligning with the scale at which water resources are managed (Nikulin et al., 2012). 

The CORDEX ensemble has been extensively applied in various studies in Eastern Africa to assess the 

models' ability to capture both geographical and temporal climate variability and to predict future 

climatic conditions in the region. For example, Endris et al. (2013) demonstrated that the majority of 

CORDEX Regional Climate Models (RCMs) accurately simulate eastern African rainfall 

characteristics. While most observed regional response to ENSO and Indian Ocean Dipole (IOD) 

forcings were reproduced, they noted biases in some models depending on the region and thus 

recommended using the ensemble mean. 

On a regional level, Nguvava (2020) integrated outputs from the Coordinated Regional Climate 

Downscaling Experiment (CORDEX) into the Soil and Water Assessment Tool (SWAT) to analyse the 

potential impacts of climate and land use changes on water availability in the Rufiji Basin, with a focus 

on hydrological droughts within the basin. At the sub-basin level, Naschen et al. (2018) also used the 

SWAT model and CORDEX output to study the water balance and land use change in the Kilombero 

basin. Their study revealed that the basin is significantly influenced by land use change, with potential 

exacerbation by future climate change. 

Mutaboya et al. (2018) employed high-resolution CORDEX climate simulations to assess the potentia 

effects of climate change on water resources in the Mbarali River sub-catchment within the Great Ruaha 

sub-basin of the Rufiji River Basin. The findings indicated that the four main factors determining 
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changes in the catchment water balance—rainfall, groundwater recharge, evaporation, and surface 

runoff—are projected to increase in the future under both RCP 4.5 and RCP 8.5 emission scenarios. 

While stream flows are projected to decrease by 13.33% under RCP 4.5 and 13.67% under RCP 8.5 

emission scenarios, it is noteworthy that modelled surface runoff under RCP 8.5 is higher than predicted 

under RCP 4.5. 

To project future hydro-meteorological droughts, various studies have utilized Global Climate Models 

(GCMs) downscaled outputs, hydrological models, and drought indices as key tools (Wanders et al., 

2015; Tan et al., 2020). These investigations convert hydro-meteorological variables into drought 

indices to assess drought characteristics, including frequency, magnitude, and intensity. 

 

3.4.3 Hydrological Modelling 

The hydrological cycle comprises several interconnected components, and runoff plays a crucial role in 

linking precipitation to streamflow. Surface runoff modelling is employed to enhance the understanding 

of watershed yields and responses, evaluate water availability, and project changes over time (Vaze, 

2012). A model, as defined by Sorooshian et al. (2008), serves as a simplified representation of a real-

world system. The effectiveness of a model is determined by its ability to produce outcomes close to 

reality while utilizing the fewest parameters and maintaining model simplicity. Key inputs for all 

models include rainfall data and drainage area. Additionally, watershed factors such as soil 

characteristics, plant cover, terrain, soil moisture levels, and subsurface aquifer characteristics are often 

considered. Hydrological models are increasingly recognized as essential and vital tools for the effective 

management of water and environmental resources (Devia et al., 2015). 

Previous global studies underscore the importance of evaluating hydro-climatic extremes, such as 

drought, in order to better understand the risks related to water resource management (Tan et al., 2020). 

Long-term observational data serve as the most reliable source for understanding the hydro-climate 

system and are crucial for monitoring drought (Tan et al., 2020). However, in poorly assessed regions 

like Eastern Africa, the precision and accessibility of observational data are limited. Additionally, 

certain hydrological variables may not be recorded, exhibit poor data consistency, or have observations 

influenced by human activity. 

Hydrological models offer a valuable means to extend data series, fill data gaps, and restore interrupted 

time series to their natural state (Van Loon, 2015). The use of models is essential in compensating for 

the limitations of observational data. Given their capacity to forecast system behaviour, employing 

hydrological models to understand the connection between hydrological processes and environmental 

challenges has become common practice. The adaptability of models to a wide range of basin sizes and 

environmental factors further enhances their utility (Tan et al., 2020). Therefore, hydrological 
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modelling proves to be a useful technique for assessing how climate change may impact the availability 

of water resources. 

Various theories have been proposed for categorizing hydrological models, with some focusing on how 

watershed processes are modelled (deterministic or stochastic) while other models may focus on the 

spatial distribution of input parameters (Refsgaard, 1996). Models can be further classified into 

empirical, conceptual, or physically based models. 

1. Empirical Models: 

• Description: Empirical models are simple "black box" models that prioritize input 

precision over catchment dynamics. They rely solely on available data without 

considering the characteristics of the hydrological system. 

• Use: Limited to observation-oriented tasks and not suitable for modelling flow 

variations in a catchment. 

• Example: Unit hydrograph. 

2. Conceptual Models: 

• Description: Conceptual models describe all constituent hydrological processes using 

interconnected reservoirs. These models represent the physical components of a 

watershed, with parameters evaluated through calibration and field data. 

• Use: Semi-empirical equations, calibration requires a large amount of meteorological 

and hydrological records. 

• Examples: TOPMODEL (Beven & Kirkby, 1979), HBV (Bergström, 1992). 

3. Physical Models (Dynamical Models or Mechanistic Models): 

• Description: Physical models are idealized mathematical representations of actual 

phenomena, incorporating the fundamentals of physical processes. They employ 

measurable state variables that are both time- and space-dependent. 

• Use: Requires less hydrological and meteorological data for calibration, but a 

comprehensive assessment of catchment physical characteristics is needed. 

• Examples: MIKE SHE (Abbott et al., 1986), SWAT (Arnold et al., 1998a). 

 

It should be noted that the Soil and Water Assessment Tool (SWAT) occupies a unique position between 

conceptual and physical modelling. While it incorporates physical processes in its simulations, many of 
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its internal algorithms, such as the SCS-Curve Number method, are empirically derived and conceptual 

in nature. Curve numbers serve as calibration parameters rather than directly measurable physical 

properties, highlighting the model's reliance on empirical relationships. This blend of conceptual and 

physical approaches means that SWAT does not fit neatly into rigid categories; instead, it should be 

understood as part of a continuum that captures the complexities of hydrological modelling. 

The table below summarizes the properties of these models: 

Table 3.2: Summarization of Empirical, Conceptual and Physically Based Models. Source: 

Devia et al., 2015) 

 

 

This study has employed the Soil and Water Assessment Tool (SWAT+), a version of SWAT, as a 

physically and conceptually based model to evaluate hydrological changes in the Rufiji Basin under 

historical and future climate scenarios. Further details about the SWAT model and its operations will 

be provided in the next chapter. 
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CHAPTER 4: DATA AND METHODS 
 

4.1 General analytical framework 
This analysis employed a comprehensive approach to assess future drought characteristics in 

comparison to historical patterns, offering critical insights into water resource availability. The 

Standardized Precipitation Index (SPI) and Standardized Precipitation Evapotranspiration Index (SPEI) 

were used as key indicators of drought severity and duration. These indices enabled an examination of 

drought patterns across various timeframes. Additionally, the Streamflow Drought Index (SDI) was 

applied to assess hydrological drought, using the Soil and Water Assessment Tool (SWAT) model to 

evaluate streamflow variations and gain insights into water flow trends and potential impacts on water 

resources. SWAT+ further supported spatial comparisons of various climatic and hydrological 

variables. This integrated approach allowed for a thorough assessment of drought and streamflow 

characteristics across both temporal and spatial scales. 

    

 

Figure 4.1: General Study Framework 
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4.2 Data 

4.2.1 GIS Data 

SWAT+ requires spatial elevation, soil and land use maps to delineate and simulate hydrological 

responses of the watershed. The Digital Elevation Model (DEM) utilized in this study was obtained 

from a 90 m × 90 m resolution Shuttle Radar Topography Mission (SRTM). This topographic data was 

sourced through the International Consultative Group on Agricultural Research (CGIAR-CSI) from the 

Space Information Consortium, as detailed by Jarvis et al. (2008).  

Land cover and land use data for the basin in question was sourced from the European Space Agency 

(ESA)- Climate Change Initiative (CCI) (source: https://maps.elie.ucl.ac.be/CCI/viewer/) . That data is 

based on reanalysis data (chapter 3.4.1.1) and have a spatial resolution of 300 meters (ESA, 2017). The 

choice of the 1992 land use map for this analysis stems from the necessity to calibrate the model using 

streamflow data available only from 1955 to 1978. As the earliest accessible dataset, the 1992 land use 

map (Figure 4.5(d)) was deemed suitable for aligning with the temporal scope of the available 

streamflow data during the calibration period.  The SWAT model employs land cover/use and soil data 

to parameterize processes such as runoff, infiltration, and evaporation. These data need to be formatted 

specifically for SWAT, typically represented in pre-defined SWAT categories or through lookup tables 

with parameters for custom classes. To adapt the land cover/use data from the ERA5 Land Classes a 

CSV lookup table was utilized. This translation process included categorizing various land classes like 

Agricultural (AGRL), Forests (FRSD), Shrubland (SHRB), and Urban areas (URBN) into the format 

required by SWAT (source: https://swat.tamu.edu/media/69419/Appendix-A.pdf). 

Table 4.1: Comparison of ESA and SWAT+ Land Use Codes used in the study 

ESA 

Land 

use 

Code 

ESA Description SWAT+ 

Land use 

Code 

SWAT+ Description 

10  Cropland, rainfed AGRL Agricultural Land 

20 Cropland, irrigated/post flood AGRL Agricultural Land 

30 Mosaic cropland (>50%)/Natural vegetation 

(<50%) 

AGRL Agricultural Land 

40 Mosaic natural vegetation (>50%)/Cropland 

(<50%) 

AGRL Agricultural Land 

50 Tree cover, broadleaved, evergreen, closed to 

open (>15%) 

FRSD Forests 

60 Tree cover, broadleaved, evergreen, closed to 

open (>15%) 

FRSD Forests 

https://maps.elie.ucl.ac.be/CCI/viewer/
https://swat.tamu.edu/media/69419/Appendix-A.pdf
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70 Tree cover, needle-leaved, evergreen FRSD Forests 

80 Tree cover, needle-leaved, deciduous FRSD Forests 

90 Tree cover, mixed leaf type FRSD Forests 

100 Mosaic tree and shrub (>50%)/ herbaceous 

cover (<50%) 

FRSD Forests 

110 Mosaic tree and shrub (>50%)/ Tree and shrub 

(<50%) 

FRSD Forests 

120  Shrubland SHRB Shrubland 

130 Grassland RNGE Grassland 

150 Sparse vegetation  RNGE Grassland 

160 Tree cover, flooded, fresh or brackish water FRSD Forests 

170  Tree cover, flooded, saline water FRSD Forests 

180  Shrub or herbaceous cover, flooded, 

fresh/saline 

SHRB Shrubland 

190 Urban areas URBN Urban 

200 Bare areas BSVG Sparse Vegetation 

210  Water bodies WATR Water 

 

The soil data, acquired from the FAO Soils (website), features a resolution of 450 meters and 

encompasses fundamental physical properties, providing insights into key parameters such as the 

percentage composition of texture components (sand, silt, and clay), bulk density, porosity, and the 

water saturation content (IUSS Working Group WRB, 2015). There were 32 distinct soil groups present 

within the Rufiji Basin (Figure 4.5(d)). These classes were entered into SWAT+ in the “Create HRU” 

step of delineating the river basin by selecting “global soils” for the raster used (link: 

https://swat.tamu.edu/media/116333/swatplus-training-manual-v1-locked.pdf) 

 

4.2.2 Hydrological Data 

Acquiring hydrological data post-1978 proved to be difficult, as this data is not readily available online 

and often entangled in bureaucratic red tape. Similarly, obtaining climatic data prior to the 1980s was 

challenging due to the absence of satellite data from that era. Hydrological data for the 1955-1978 

period was therefore sourced from the Global Runoff Data Centre (GRDC), which serves as an 

international repository for hydrological data spanning up to 200 years. Founded in the early nineties, 

the primary objective of the GRDC is to support earth scientists in analysing global climate trends and 

evaluating environmental impacts and risks through facilitating multinational and global long-term 

hydrological studies (GRDC). Monthly streamflow data for a total of 32 gauging points from within the 

https://www.fao.org/soils-portal/data-hub/en/
https://swat.tamu.edu/media/116333/swatplus-training-manual-v1-locked.pdf
https://swat.tamu.edu/media/116333/swatplus-training-manual-v1-locked.pdf
https://grdc.bafg.de/
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Rufiji Basin were extracted from its online repository and examined for availability of quality data The 

analysis revealed that the majority of the stations were situated on smaller tributaries characterized by 

irregular flows and inconsistencies in the data.  

Consequently, it was determined that the gauge at 'Stiegler Gorge' (7.8°S, 37.92°E), located along the 

Rufiji River within the Lower Rufiji Basin, in proximity to the site of the proposed JNHPP, would be 

used for calibrating the SWAT+ model in this study. However, due to minor gaps in the 'Stiegler Gorge' 

streamflow data, it was decided that the 'Pangani' (7.8°S, 37.87°E) gauging station would be employed 

to infill the missing values. Additionally, linear interpolation was applied where no data existed for both 

gauging stations. In total, data gaps for a 24-month period from 1955 to 1978 were addressed through 

interpolation and infilling, resulting in a continuous hydrograph. Notably, data for the year 1963 was 

entirely absent and thus excluded from the analysis. Stiegler Gorge, being the furthest downstream 

gauging station and acting as the critical point connecting the sub-basin's rivers, as well as its proximity 

to the site of the new JNHPP and reliable post-processing data, was ultimately selected for calibration 

of the SWAT+ model. Although a dam for the JNHPP currently exists at the site, it was not incorporated 

into the SWAT+ model delineation due to its non-operation at the time of model calibration, its early 

stages of development, and the lack of available data on outflows from the dam. 

The hydrograph for Stiegler Gorge is presented below: 

Figure 4.2: Monthly Mean Streamflow Hydrograph at Stiegler Gorge. No data record for 

1963. 
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4.2.3 Historical Climate Data (ERA5-Land) 

Due to the unavailability of reliable observed climate data before the 1980s and the lack of post-1978 

streamflow records, as well as the need for essential variables such as wind speed, solar radiation, and 

humidity, alongside temperature and rainfall, to obtain optimal outputs from the SWAT+ model, the 

decision was made to use reanalysis ERA5-Land data to implement and calibrate the SWAT+ model as 

well as bias-correcting CORDEX data. This approach was preferred to avoid relying on generic 

SWAT+ data for the basin. The ERA5-Land dataset provided a comprehensive set of climate variables 

that were necessary for the accurate calibration of the hydrological model. 

ERA5-Land is a reanalysis dataset that presents a consistent portrayal of the evolution of 

climate/weather variables near land surface spanning several decades, showcasing an enhanced 

resolution in comparison to ERA5. This dataset is derived by re-running the land surface model 

component of the ECMWF ERA5 climate reanalysis model. Reanalysis is the process of integrating 

model-generated data with global observations, resulting in a globally comprehensive and coherent 

dataset established through the application of physical principles (Muñoz-Sabater, 2021). The ERA5 

and ERA5-Land dataset covers the period from 1950 to within 2-3 months of the present, featuring a 

native resolution of 9km. For this research, data encompassing precipitation, temperature, humidity, 

wind speed, and solar radiation was employed and down sampled to a resolution of 0.5o by 0.5o across 

the basin area (Figure 4.6(f)) to be compatible with the 0.44o by 0.44o CORDEX grid used for future 

climate projections.  

This climate data was utilized within the SWAT+ Editor for both model running and calibration 

purposes. Each grid point served as a SWAT+ climate station, and climate data from the 1970-1980 

period was used to calibrate the model, as it aligned with the available hydrological data. While ERA5-

Land is available at a higher resolution, this dataset was selected for its compatibility with: (i) the 

CORDEX data resolution, (ii) other datasets used in the development of the hydrological model, and 

(iii) the broader objectives of this study. 

 

4.2.4 CORDEX Data 

This research undertook an analysis of 13 RCM-GCM pairs under both the RCP 4.5 and RCP 8.5 

scenarios, yielding a total of 26 simulations. While the CORDEX ensemble includes a broader range of 

models, these specific RCM-GCM pairs were selected for their comprehensive inclusion of all 

necessary climate variables required for SWAT+ and their reliability in terms of data accuracy. A total 

of four Regional Climate Models (RCMs) were employed to downscale nine Global Climate Models 

(GCMs). Data from the CORDEX Africa initiative was sourced from the CSAG Repository (CSAG 

website).  

https://www.csag.uct.ac.za/climate-services/
https://www.csag.uct.ac.za/climate-services/
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The CORDEX modelling experiment, which downscales Global Circulation Model (GCM) climate 

projections generated under the CMIP5 framework, presents data at a grid resolution of 0.44° x 0.44° 

for both its historical (1950-2005) and future (2006-2100) climate periods. This study relies on 

CORDEX data derived from CMIP5 projections, as the downscaling of CMIP6 data by CORDEX had 

not been completed as of 2023. This choice reflects the reliance on available, downscaled data for 

regional climate analysis, despite the advancement of global climate models in the CMIP6 framework. 

For clarity, the nomenclature used in this work presents the GCM followed by the corresponding 

downscaling RCM. The table below outlines the thirteen models utilized in this analysis: 

Table 4.2: List of GCM and downscaling RCM pairs utilized in the study 
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Although CORDEX data are downscaled, they are not free from bias, as systematic discrepancies exist 

between the model outputs and observed data. To enable the use of CORDEX data for driving the 

SWAT model, a bias correction process was applied using the Quantile Delta Mapping (QDM) 

technique (Cannon et al., 2015). QDM is a statistical method designed to adjust model biases by aligning 

the distribution of climate variables from a GCM with that of observational data. This correction is 

essential when using climate model data to drive hydrological models, as it ensures the model simulates 

a realistic hydrological regime, thereby producing reliable datasets crucial for understanding climate 

impacts. Furthermore, QDM is an open-source methodology, with its code publicly accessible for 

widespread application within the scientific community. The CORDEX data, sourced from the CSAG 

archive were therefore bias corrected to the ERA5-Land dataset, with a reference period of 1991-2020, 

at a resolution of 0.5°.  

 Figure 4.3 below shows the comparison of bias corrected mean monthly precipitation and temperature 

values for the historical/present period (1991-2020) used in this study for all the CORDEX models 

under the RCP 4.5 and RCP 8.5 scenarios against ERA5-Land: 

 

Figure 4.3: Bias-Corrected CORDEX data – Monthly Average Precipitation ((a)RCP 4.5, (c) 

RCP8.5) and Monthly Average Temperature ((b)RCP 4.5, (d) RCP 8.5)) for the 1991-2020 

period. 
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The selected time frame for historical bias correction was the 30-year period from 1991-2020, in order 

to keep with the WMO guidelines on setting reference periods (WMO, 2017).  

The impact of global warming was assessed over three distinct 30-year periods, representing the 

historical/present, near future, and far future. The selected timeframes for analysis were 1991-2020 for 

the historical/present period, 2031-2060 for the near future, and 2071-2100 for the far future. The 

CORDEX dataset provided key climate variables—precipitation, maximum temperature (TMAX), and 

minimum temperature (TMIN)—which were critical for both the implementation of the SWAT+ model 

and the calculation of the Standardized Precipitation Evapotranspiration Index (SPEI). The following 

graphs illustrate the annual average precipitation and temperature across all CORDEX projections 

(1970-2100), alongside the ERA5-Land data (1970-2020), providing a comparison of historical and 

projected trends. 

 

Figure 4.4: Top panel: Annual average precipitation from the CORDEX models and ERA5-

Land for the (a) RCP 4.5 and (b) RCP 8.5 scenarios over the Rufiji Basin. Bottom panel: 

Annual average maximum and minimum temperatures from the CORDEX models and ERA5-

Land for the (c) RCP 4.5 and (d) RCP 8.5 scenarios over the Rufiji Basin 
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Precipitation projections exhibit considerable variability, with magnitudes comparable to those 

observed during the historical period. A slight tendency towards increased rainfall is evident towards 

the end of the 21st century, with minimal distinction between the two scenarios considered. 

Temperature projections, on the other hand, show an upward trend. Under the RCP4.5 scenario, this 

trend begins to level off toward the end of the century, whereas under RCP8.5, it continues unabated. 

Observed temperature data, however, indicate a weaker trend during the historical period, while the 

projections from the climate models show more discernible warming trends in the future. 

 

4.3 Methods 

4.3.1 Drought Indices 

4.3.1.1 SPI 
To fulfil one of the principal objectives of this study, the Standardized Precipitation Index (SPI) was 

employed to evaluate meteorological droughts and forecast potential drought conditions within specific 

segments of the basin. The SPI was calculated using the SPEI package in RStudio, developed by 

Beguería and Vicente-Serrano (2017), enabling standardized analysis of precipitation deficits across 

various time scales. 

The SPI calculation follows: 

 

To assess different drought types, SPI calculations can be applied to time scales from 1 to 48 months. 

These time frames refine SPI estimations for both short and prolonged drought events, represented as:  
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For this study, a 12-month time scale was chosen. This period is a good measure for longer-lived 

droughts, as it tracks annual hydrological years and provides a solid basis for comparing meteorological 

droughts with hydrological droughts. By applying this time scale, the SPI analysis can capture drought 

events that span across seasons and provide more robust insights into longer-term precipitation deficits. 

A Gamma distribution is fitted to the precipitation data and then transformed into a standard Gaussian 

distribution, ensuring that SPI values are normally distributed with a mean of zero. This standardization 

supports consistent cross-comparisons and fulfils the objective of accurately capturing drought 

variability within the basin. 

The SPI was calculated for the historical period using ERA5-Land data, while projections were made 

using the CORDEX Ensemble models. Each sub-basin's daily precipitation (PRCP) data for each 

climate station or grid point (as shown in Figure 4.7(f)) were aggregated to obtain monthly mean values 

for precipitation. These monthly values were then averaged across all the grid points within the sub-

basin to calculate a final average monthly precipitation for the entire sub-basin, which was subsequently 

used in the SPI calculations. 

 

4.3.1.2 Standard Precipitation Evaporation Index (SPEI) 

The Standardized Precipitation Evapotranspiration Index (SPEI) is a modified version of the 

Standardized Precipitation Index (SPI), which incorporates the effects of potential evapotranspiration 

(PET) in addition to precipitation. SPEI utilizes the same RStudio package (SPEI package, Beguería 

and Vicente-Serrano, 2017) but includes potential evapotranspiration (PET) in its calculation, providing 

a more comprehensive assessment of drought by accounting for both precipitation and atmospheric 

demand for water. 

The SPEI calculation follows these steps: 

1. Calculate the climatic water balance (D) by subtracting potential evapotranspiration (PET) 

from precipitation (P) 
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2. Fit the water balance (D) to a probability distribution, typically a log-logistic distribution, 

and transform it to a standard normal distribution:        

  

Like SPI, the SPEI values are calculated for different time scales to reflect short- and long-term 

droughts. For this study, both indices were computed at a 12-month time scale, allowing for the 

assessment of longer-lived droughts. 

The SPEI was calculated for the historical period using ERA5-Land data, while projections were made 

using the CORDEX Ensemble models. For each calculation, daily climate data from each grid point 

“climate station” within a sub-basin (refer to Figure 4.6(f)) were aggregated to compute monthly mean 

values for the required variables, including precipitation (PRCP), maximum temperature (TMAX), and 

minimum temperature (TMIN). This monthly dataset for each grid point within a sub-basin was 

subsequently aggregated across all grid points within the sub-basin to generate a monthly average for 

the entire basin. 

The indices were computed at a 12-month time scale (i.e., SPI/SPEI-12), spanning from January 1990 

to December 2100. The mid-latitude point of each sub-basin was used as the reference latitude for SPEI 

calculations within the RStudio package, and the Hargreaves method was applied to compute PET. The 

base reference period for the calculation of SPI and SPEI was set from 1991 to 2020. 

 

4.3.1.3 Streamflow Drought Index (SDI) 
The Streamflow Drought Index (SDI) was utilized to assess the likelihood of hydrological droughts at 

generic stream gauging points across the catchment area (Figure 4.5). This analysis was carried out 

using the Drought Indices Calculator (DRINC) application, developed by the National Technical 

University of Athens (Tigkas et al., 2015). 

For the Rufiji Basin, where the hydrological year starts in November, a time series of monthly 

streamflow volumes Qi,j is needed. Here: 

• i represents the hydrological year. 
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• j represents the month within the hydrological year, where j=1 for November and j=12 for 

October. 

For each hydrological year i, cumulative streamflow volumes Vi,k  are computed for different reference 

periods k. These reference periods correspond to different durations (in months) over which drought 

conditions are assessed: 

• k=1 for the 3-month period (November–January). 

• k=2 for the 6-month period (November–April). 

• k=3 for the 9-month period (November–July). 

• k=4k for the 12-month period (November–October, corresponding to the entire hydrological 

year). 

The cumulative streamflow volume for each reference period k of the ith hydrological year is given by:             

          

where Vi,k is the cumulative streamflow volume for the ith hydrological year and the kth reference period. 

To normalize the distribution of the cumulative streamflow data, the natural logarithm of the streamflow 

volumes is applied. This transformation ensures that the data approximates a normal distribution, which 

is needed for subsequent calculations of the SDI. 

The log-transformed cumulative streamflow volumes ln(Vi,k) are computed as: 

            

This transformation results in data that can be modelled using a log-normal distribution. 

For each reference period k, the mean yk_and standard deviation sy,k of the log-transformed cumulative 

streamflow volumes ln(Vi,k) are calculated over a long period of time (e.g., 30 years). These statistics 

are used to standardize the data. 

• The mean yk is calculated as: 

    

• The standard deviation sy,k is calculated as: 
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Where N is the number of years used to calculate the long-term mean and standard deviation (e.g., 30 

years). 

After transforming the streamflow data to a log-normal distribution, the SDI is calculated for each 

reference period k of the ith hydrological year using the following formula: 

                

Where: 

• ln(Vi,k) is the natural logarithm of the cumulative streamflow volume for the ith hydrological 

year and kth reference period. 

• yk is the long-term mean of the log-transformed cumulative streamflow volumes for the kth 

reference period, calculated over 30 years. 

• sy,k is the standard deviation of the log-transformed cumulative streamflow volumes for the kth 

reference period, calculated over the same 30-year period. 

The SDI is a standardized index that quantifies the deviation of the log-transformed cumulative 

streamflow from the long-term mean for each reference period. A negative value of SDIi,k indicates a 

drought condition, with more negative values signifying more severe droughts. The criteria in Table 4.3 

are used to define the five drought states that are taken into consideration, each of which is represented 

by an integer number ranging from 0 (no drought) to 4 (severe drought). 

 

Table 4.3: SDI classification 
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The SDI satisfies the general conditions (a) to (e) listed in the introduction of hydrological 

drought indices (see section 3.3) since it is comparable to the well-known index SPI, which satisfies 

these characteristics. In many instances where streamflow data is accessible through contemporary 

monitoring systems, requirement f is also satisfied. However, a weakness of the SDI is that it only 

requires one input (streamflow), which may not consider management decisions and could lead to 

results being skewed by periods of low flow (Nablantis & Tsakaris, 2009). 

Calculation of the SDI was done using SWAT+ streamflow data and calculated at the outflow points of 

each sub-basin, with the exception of the Lower Rufiji, which utilized the Steigler Gorge as a gauging 

point (Figure 4.6). Steigler Gorge also served as the calibration point for the SWAT+ model. The SDI 

was calculated at a 12-month timescale (SDI-12) for the 1990-2100 period, with output being given at 

the monthly timestep. The reference period for calculation of SDI was set as 1991-2020. 

 

4.3.2 Development and implementation of SWAT+ over the Rufiji 

Basin 

4.3.2.1 General framework 
In this research, the SWAT+ model was applied to the Rufiji catchment area in Tanzania, utilizing the 

data from the sources previously mentioned. The model was implemented with a daily time step. Given 

the availability of hydrological data, the model was calibrated for the period from 1975 to 1978 and 

validated for the period from 1971 to 1974, with a 3-year warm-up period applied to both calibration 

and validation phases. Climate data variables were inputted from the ERA-5 Land dataset created for 

each climate station within the SWAT+ sub-basins (see chapter 4.2.3 and Figure 4.5(f)) 

Once calibrated, the model was set up for simulations using CORDEX climate data (Figure 4.4) 

covering the period from 1988 to 2100, including a 3-year warm-up period. This period was then 

divided into three segments: historical (1991-2020), near future (2031-2060), and far future (2071-

2100). The streamflow outputs from the SWAT model were compared across these periods to assess 

potential changes in hydrological drought characteristics within the Rufiji basin (chapter 5.4). Visual 

assessments of hydrological fluxes were also illustrated utilizing output from the SWAT+ model 

(chapter 5.3). 

 

4.3.2.2 SWAT+ 
The Soil and Water Assessment Tool (SWAT+) is as a hydrological model developed by the United 

States Department of Agriculture-Agricultural Research Service (USDA-ARS). This model, as 

elucidated by Arnold et al. (1998) and Arnold et al. (2012), is characterized by its physical/conceptual 



53 
 

basis, semi-distributed nature, and continuous-time framework. Offering a versatile solution, SWAT+ 

proves instrumental in simulating various watershed-scale applications over extended timeframes, as 

noted by Neitsch et al. (2009). 

SWAT+'s applicability can extend to ungauged river basins, as highlighted by Gassman et al. (2007). 

This feature proves particularly advantageous when examining watersheds characterized by limited 

data, such as the Rufiji River Basin. Notably, the model's computational efficiency enables the 

execution of simulations over expansive basins or those featuring intricate management practices. This 

efficiency is particularly beneficial, ensuring that the model can operate without requiring extensive 

time resources, thereby enhancing its feasibility for large-scale applications. 

The integral components of the SWAT+ model encompass weather, hydrology, soil characteristics, 

plant growth, nutrients, pesticides, and land management, as detailed by Arnold et al. (2012). The 

model's applicability extends to the simulation of the impacts of land use and management practices on 

hydrological processes, encompassing surface and subsurface flow, as well as evapotranspiration. 

Additionally, SWAT+ is adept at modelling sediment yields of agricultural chemicals, including 

nutrients (Arnold et al., 1998; Neitsch et al., 2009). 

In the simulation phase of SWAT+, the watershed undergoes division into sub-basins. The sub-basins 

are further stratified into hydrological response units (HRUs) or Landscape Units (LSUs), constituting 

regions characterized by homogeneous soil, land usage, and slope combinations. The simulation of both 

the land and water routing phases in SWAT+ relies on daily meteorological data as well as spatial data. 

Output results are available for daily, monthly, and annual timescales. SWAT+ ‘s hydrological cycle is 

modelled using the following water balance equation, as outlined by Neitsch et al. (2005): 

 

For each day represented by time (t) in days, the final soil water content (𝑆𝑊𝑡) is determined by 

considering the initial soil water content (𝑆𝑊0) on day 𝑖, along with the daily amounts (in millimetres) 

of rainfall (𝑅𝑑𝑎𝑦), surface runoff (𝑄𝑠𝑢𝑟𝑓), evapotranspiration (𝐸𝑎), water transferred inro the soil 

profile (𝑊𝑠𝑒𝑒𝑝), as well as deeper seepages into groundwater/aquifers (𝑄𝑔𝑤). A daily water balance 

is then calculated to simulate fluxes of variables within the various parts of a hydrological system. 
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4.3.2.3 Data pre-processing 
Before implementation of the SWAT+ model, the required spatial datasets, needed for running the 

model (DEM, soils and land use maps) were reprojected to the Universe Transverse Mercator (UTM) 

Zone 37S Southern Hemisphere for the Rufiji Basin.  

 

4.3.2.4 SWAT+ delineation of the Rufiji River Basin 
The SWAT+ model was developed in QGIS version 3.22.11 using the SWAT+ plugin tool. Watershed 

delineation, channel network routing, and basin segmentation were based on DEM data input (Figure 

4.6(a)). Initially, the Rufiji catchment was divided into 30 sub-basins through automated channel 

network delineation (Figure 4.6(a)). Additionally, part of the Kilombero wetland, specifically Kibasira 

Swamp, was designated as a reservoir to simulate delayed flow effects within the basin (Figure 4.6(a)). 

This reservoir acts as an impoundment, similar to techniques applied in studies by Jalowska and Yuan 

(2019) and Mishra et al. (2007), aimed at capturing delayed streamflow in sub-basins containing 

wetlands. This approach enhances the model’s ability to predict hydrological behavior in complex 

watershed systems with wetland features. 

Figure 4.6(b) shows the DEM elevation profile of the sub-basin, revealing an elevation range from 0 to 

3000 m.a.s.l. The highest elevations are observed in the Kilombero and lower sections of the Great 

Ruaha sub-basin, while the lowest areas are situated in the Lower Rufiji sub-basin.  
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Figure 4.5: Geospatial arrangement of input and output datasets used in the implementation 

of the SWAT+ model over the Rufiji Basin: (a) SWAT+ sub-basin structure and river network 

structure. (b) Digital Elevation Map (90m x 90m, SRTM), (c) Land Use Map (ESA, 300m), 

(d) Soil map (FAO Soil, 450m), (e) SWAT+ LSU shapefile, (f) Gridded climate stations. 

 

4.3.2.5 Parameterization of land surface hydrological processes 
SWAT+ also required the input of land use and soil maps for the simulating the Rufiji Basin. The Land 

Use Map, Figure 4.5(c) indicates that predominant land uses in the basin include Forests, Agriculture, 

and Shrubland (45%, 25%, 25% respectively). Most agricultural practices are found within the Little 

Ruaha catchment, on the slopes of the highlands. Forests are prominent in the Kilombero and Luwegu 

basins, with coastal forests present in the Lower Rufiji sub-basin. The Kilombero sub-basin is 

predominantly made up of a wetland. Shrublands are a distinctive part of the Upper Great Ruaha 
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catchment while the Lower Great Ruaha has mountainous regions where the Great Ruaha snakes 

through. Urban Settlements make up less than 0.1% of the total land area. 

The Land Use Map, Figure 4.5(c) indicates that predominant land uses in the basin include Forests, 

Agriculture, and Shrubland (45%, 25%, 25% respectively). Most agricultural practices are found within 

the Little Ruaha catchment, on the slopes of the highlands. Forests are prominent in the Kilombero and 

Luwegu basins, with coastal forests present in the Lower Rufiji sub-basin. The Kilombero sub-basin is 

predominantly made up of a wetland. Shrublands are a distinctive part of the Upper Great Ruaha 

catchment while the Lower Great Ruaha has mountainous regions where the Great Ruaha snakes 

through. Urban Settlements make up less than 0.1% of the total land area.  

The Soil Map, Figure 4.5(d) shows 32 different soil types which can be looked up at FAO (IUSS 

Working Group WRB, 2015). 

Figure 4.5(e) shows the Landscape Unit (LSU) locations over the Rufiji Basin. An LSU is defined as a 

distinct area that channels runoff into a specific reach, which can be further segmented into floodplain 

and upslope zones based on floodplain raster data. The SWAT+ model created 280 Landscape Spatial 

Units (LSUs) for the parameterization of hydrological processes using the automated SWAT+ routine 

(Figure 4.6(e)). 

Each LSU is delineated as a unique polygon. Within an LSU, Hydrologic Response Units (HRUs) are 

identified as groups of pixels with homogeneous land use, soil characteristics, and slope categories. 

These HRUs facilitate a summarized view of water movement, offering a unified depiction of 

hydrologic activity across each spatially distinct unit, as discussed by Srinivasan & George (2018). This 

study employed the LSU to visualize hydrological fluxes within the basin as it provides a better visual 

representation of sub-basins compared to the HRUS. 

Figure 4.6(f) shows the locations of 'climate stations,' or climate grid points, spaced at 0.5° intervals, 

where climatic data was distributed across the basin. Climate data was sourced from ERA5-Land and 

the CORDEX model ensemble, as described in sections 4.2.2 and 4.2.3. 

SWAT+ is capable of modelling and integrating groundwater processes; however, this feature was not 

implemented in the scope of the research due to limited documentation, implementation guidelines and 

data references available for groundwater modelling. Additionally, the approach for incorporating 

groundwater is complex and resource-intensive, making it challenging to implement within the 

constraints of this study. As a result, groundwater dynamics were excluded from the model's 

configuration. 
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4.3.2.6 Development of river network and sub-catchment structure 
In this study, the Rufiji Basin was divided into six sub-basins, an increase from the historical four. This 

adjustment was achieved by subdividing the Great Ruaha into three parts: the Upper Great Ruaha, 

Lower Great Ruaha, and Little Ruaha (Figure 4.6). The Upper Great Ruaha and Little Ruaha sub-basins 

each contain distinct rivers that discharge into the Mtera Reservoir, while the Lower Great Ruaha 

includes the basin area encompassing the reservoir's outflow and its downstream regions.  

The SWAT+ model was calibrated at Channel 19 in the Lower Rufiji Basin (Figure 4.6), specifically at 

the Stiegler Gorge gauge, which is the most downstream station with reliable and continuous 

streamflow data. Additionally, five other gauging points were delineated across the catchment to 

capture outflows from the sub-basins. These outflow points include channel 40 for the Upper Great 

Ruaha sub-basin, channel 32 for the Little Ruaha sub-basin, channel 22 for the entirety of the Great 

Ruaha (Lower Great Ruaha), channel 124 for the Kilombero sub-basin, and channel 133 for the Luwegu 

sub-basin. 

These designated points serve as pivotal gauging locations for the Streamflow Drought Index Analysis, 

capturing essential outflows from distinct segments of the Rufiji Catchment. Due to the absence of 

observed recorded flow data at these points for comparison, future Streamflow Drought Index (SDI) 

values were benchmarked against the model's outputs from the historical period of 1991-2020.The 

Kilombero Wetland was identified and designated as a reservoir within the SWAT+ model to regulate 

and attenuate streamflow’s. This approach helped create delayed stream flows in the hydrograph, 

providing a more accurate representation of simulated versus observed flows (Figure 5.1).
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Figure 4.6: Map delineating the sub-basins used in the study, the Kilombero wetland, lakes, 

and the calibration and gauging points within the Rufiji Basin 

 

4.3.3 Preparation of climate input files for setting up model 

calibration and simulations 

After setting up the initial model structure, the next phase involved preparing model inputs, such as 

climate files, for the calibration process. The climate dataset used for model calibration consisted of 

historical climate data sourced from ERA5-Land. This dataset included five climate variables—

precipitation, temperature, humidity, wind speed, and solar radiation—provided at a regular grid 

spacing of 0.5° (Figure 4.6(f)). Each data point was treated as a weather station, facilitating the seamless 

integration of data into the SWAT software. The data from each station were converted from the 

NetCDF format to the SWAT format, resulting in an array of 80 “pseudo-stations” (Figure 4.6(f)). 

Similarly, bias-corrected climate projection data from the CORDEX ensemble for each of the 13 

available RCM-GCM combinations, provided in gridded format, were converted into SWAT station 

data. Each combination was simulated as an independently to. assess the potential variations in future 

hydrological conditions 

This allowed implementation of the model as follows:  



59 
 

• over the 1960 to 1980 period for the purpose of calibration and validation of the SWAT+ model 

using the ERA5-Land data. In this simulation model outputs were compared against the 

available hydrological observations.  

• over the period of 1987-2020 forced by ERA5-Land data for the purpose of establishing 

historical observational reference conditions (SDI) (as seen in chapter 5.3.1).  

• over the period from 1987 to 2099, forced by bias-corrected CORDEX climate data, to facilitate 

the comparison of future hydrological conditions with historical ones. 

A 3-year warm up period was used in each set of simulations.  

 

4.3.4 SWAT+ Calibration and Validation 

The calibration of the hydrological model was performed using the SWAT+ Toolbox (Version 1.0.1). 

This process involved systematically adjusting model parameter values to improve the model's 

alignment with observed data, thus enhancing its predictive accuracy. Using the objective function as a 

metric for comparison, model outputs were evaluated against target values. Seven parameters were 

identified as particularly sensitive and were selected for calibration, guided by established 

recommendations from prior studies (Gyamfi et al., 2016; Thavhana et al., 2018) and further supported 

by insights from the broader SWAT calibration literature (Abbaspour et al., 2017). The selection and 

tuning of these parameters were crucial for refining the model's performance and ensuring its suitability 

for accurately simulating hydrological conditions within the study area. 

The parameters calibrated included the Curve Number (CN), Available Water Capacity (AWC), Soil 

Conductivity (K), Soil Water Factor for CN3 (CN3_SWF), Lateral Flow Coefficient (LATQ_CO), 

Lateral Flow Time (LATT_TIME) and the Percolation Coefficient (PERCO) (see table 5.1). 

A manual calibration approach was selected to provide a thorough understanding of the parameters 

involved in the calibration process. The type of parameter adjustments followed the recommendations 

of Abbaspour (2017). Each parameter was individually calibrated to assess sensitivity, and a 

combination of the most sensitive parameters was then tested collectively in an ensemble-like approach. 

This was aimed at improving Nash Sutcliffe Efficiency (NSE) values, shifting the hydrograph to 

enhance baseflows, reducing peak flows and simulate a 1-month lag in the hydrograph. Adjustments to 

parameters within SWAT+ were made in the following ways: 

a. Percentage changes to the original SWAT+ Figure, i.e., +/- 30%. 

b. Relative value changes, where the original value is modified by a specified amount.  

c. Direct replacement of the Figure with a new inputted value. 
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Further details on the types and values of parameter adjustments implemented during calibration are 

provided in Table 5.1. 

The initial calibration steps involved defining the warm-up and simulation periods. The simulation 

period was set as the 1972-1978 period, which encompassed a 3-year warm-up phase (1972-1974) and 

a subsequent 4-year calibration period (1975-1978). For validation purposes, a separate simulation was 

conducted for the period 1968-1974, again with a 3-year warm-up period and a subsequent 4-year 

validation period (1971-1974).  

Nash Sutcliffe Efficiency (NSE) was used as calibration objective function. The Nash Sutcliffe 

Efficiency (NSE), a normalized statistic introduced by Nash and Sutcliffe (1970), measures the relative 

magnitude of the residual variance compared to the variance in measured data over the modelling 

period. It serves as a tool to assess the effectiveness of hydrological models in simulating streamflow. 

The NSE is a unitless metric that ranges from negative infinity to 1, where an NSE of 1 indicates optimal 

performance, reflecting a perfect alignment between observed and simulated streamflow. 

In accordance with the classification proposed by Moriasi et al. (2007), NSE values in the range of 0.75 

< NSE ≥ 1 are considered very good, indicating highly accurate model results. Values falling within 

0.65 < NSE ≥ 0.75 suggest good model performance, while the range of 0.5 < NSE ≥ 0.65 indicates 

satisfactory results. On the other hand, an NSE below 0.5 implies unsatisfactory model performance. 

When NSE is ≤ 0, it signifies that the observed average serves as a more reliable predictor than the 

model simulation. The governing equation for NSE is provided below: 

                                                          

Where: 𝑄𝑂𝑏𝑠 represents the observation record, 𝑄𝑠𝑖𝑚 represents the simulated modelling response, 

𝑄̅𝑂̅̅𝑏̅̅𝑠̅I is the average observation record at time step 𝑖, 𝑛 is the total number of time steps for the 

simulation. 

 

4.3.5 Spatial Analysis of projected changes in hydrological fluxes 

The final stage of the methodology involved visualizing the impacts of climate change on hydrological 

processes across the Rufiji Basin in a spatial format. This was accomplished using the Visualizer option 

within the QSWAT+ plug-in (Step 4), enabling a clear, spatially distributed representation of 

hydrological changes across the basin. Each CORDEX model was loaded as a distinct scenario, and 

specific time periods (i.e., 1991-2020, 2031-2060, and 2071-2100) were conFigured to produce output.  

Thereafter, maps detailing changes in variables such as precipitation, actual evapotranspiration, lateral 

flow, and soil moisture at the Land Scape Unit (LSU) level were generated. Lateral flow was selected 
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to represent water movement throughout the basin, rather than surface runoff, as it is better suited to the 

LSU (Landscape Unit) framework compared to surface flow, which appears in smaller, more pixelated 

segments in HRU (Hydrologic Response Unit) visualizations. During calibration, lateral flow was also 

identified as a sensitive parameter, contributing to the creation of a lag in the hydrograph, and was 

chosen for its close alignment with soil moisture dynamics.  

Maps representing the minimum, maximum, and mean of the CORDEX model ensemble were 

displayed to illustrate the 'driest,' 'wettest,' and average projections of each variable across the ensemble. 

These were determined by calculating an average for each model over the specified time period, with 

the models having the highest and lowest averages across all Landscape Units (LSUs) selected as the 

'wettest' and 'driest' projections, respectively. The ensemble average was calculated and used as the 

'mean-ensemble model.
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CHAPTER 5: RESULTS & ANALYSIS 
 

5.1 Results of hydrological model calibration 
The table below shows the parameter changes made during calibration of the SWAT+ mode: 

Table 5.1: SWAT+ Parameters used for Calibration 

Parameters Input 

File 

Description Change 

Type 

Change 

Value 

CN .HRU Curve number Percentage           -40 

AWC .SOL Available Water Capacity 

(mm_H20/mm) 

Relative          0.255 

K .SOL Soil conductivity (mm/hr) Relative          1.162 

CN3_SWF .HRU Soil Water Factor for CN3 Replace          0.965 

LATQ_CO .HRU Lateral Flow Coefficient Replace          0.136 

LATT_TIME .HRU Lateral Flow Time (days) Replace        106.216 

PERCO .HRU Percolation Coefficient (fraction) Replace          0.742 

 

The calibration process followed the recommendations of Abbaspour (2017) in determining the 

necessary adjustments for each parameter, specifying whether an increase or decrease was required. 

Percentage changes were primarily applied to the curve number, while relative changes were used for 

some variable parameters across the basin, such as soil characteristics. Parameters that remain constant 

across the basin were updated by directly replacing them with newly inputted values. These parameters 

were adjusted until a good NSE value was achieved, while ensuring that base flows increased, peak 

flows were reduced, and a one-month lag on peak flows could be established. This varied approach 

facilitated a thorough exploration of the parameter space and contributed to refining the model's 

performance. 

Before commencing the model calibration, it was observed that SWAT+'s initial simulated streamflow’s 

exhibited discrepancies when compared to the observed streamflow’s. These discrepancies were 

characterized by excessively high and premature peak flows, as well as instances where base flows 

reached zero values (Figure 5.1(a)). Additionally, there was no noticeable delay in the flow, further 

highlighting the need for calibration adjustments. This deviation from the characteristic streamflow of 
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the calibration point, which represents a perennial river with flows around 250 m³/s during dry months, 

guided the primary objective of the calibration process. The aim was to address these issues by reducing 

peak flows, moderating the flow rate, and enhancing the representation of base flows. 

Reducing the curve number (CN2) significantly reduced peak flows, while increasing the available soil 

moisture and conductivity (AWC, CN3_SWF, and K) helped sustain base flows even during drier 

months. It was also found that the hydrograph was particularly sensitive to lateral flow parameters 

(LATQ_CO and LATQ_TIME) during calibration, which allowed for a realistic delay in simulated 

flows, closely matching real-life scenarios and aiding in the representation of increased base flows 

during drier periods. Additionally, the creation of the Kilombero reservoir during the model setup 

contributed to the delayed streamflow’s, further enhancing the realism of the hydrograph. 

The calibration efforts proved successful, as demonstrated by a controlled increase in base flows, 

decreased peak flows, delayed flows, and the attainment of an NSE value of 0.70, which is indicative 

of good model performance, as outlined by Moriasi et al. (2017). However, the validation period yielded 

a slightly less favourable outcome, with an NSE value of 0.30. This lower value is likely due to a 

significant disparity during the 1973/74 season, which may be attributed to errors in either the modelled 

rainfall data or the observed river discharge data. The magnitude of this discrepancy suggests that it is 

more likely due to data errors rather than miscalibration of the model. The streamflow graphs for both 

the calibration and validation periods are presented below:

 

Figure 5.1: (a) Hydrograph of Stiegler Gorge (Observed flow – orange) vs SWAT+ 

simulation before calibration (green), (b) Simulated hydrograph after calibration (blue) vs 

Observed flow at Stiegler Gorge (orange) (shows validation and calibration periods). 
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5.2 Historical drought 

Occurrence of the 3 different types of droughts within the 1991-2020 period were analysed at the sub-

basin scale, i.e. using climate data (rainfall, temperatures and the derived potential evapotranspiration) 

averaged over each of the sub-basins (for SPI and SPEI), and streamflow data generated by the 

calibrated hydrological model (for SDI).  

Figures 5.2 presents the frequency and intensity of the three considered drought indices in each of the 

sub-basins for severe droughts (SPI/SPEI/SDI < -1.5).  

 

 

Figure 5.2: Comparative Analysis of Drought Frequency (a), (b), (c) and Drought Intensity 

(d), (e), (f) Across Different Indices Using ERA5-Land Data (1991-2020) for severe droughts 

(<-1.5). 

 

Figure 5.2 reveals that, from 1991 to 2020, the Lower Great Ruaha sub-basin experienced the highest 

frequency of SPI-indexed severe meteorological droughts across the basin, with a total of 22 drought 

months. This was followed by the Upper Great Ruaha, Little Ruaha, and Luwegu sub-basins, which 

recorded relatively high climate modelled drought frequencies of about 15 months each. In contrast, the 
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Kilombero and Lower Rufiji sub-basins exhibited the fewest occurrences of severe drought, with only 

7 and 6 SPI-indexed drought months, respectively, over the same period. 

Regarding drought intensity, although the Lower Great Ruaha exhibits a high frequency of climate 

modelled droughts, the intensity of the droughts are relatively mild compared to other areas within the 

basin, with an average intensity of -1.6 on the SPI scale for droughts greater than -1.5. In contrast, both 

the Upper and Little Ruaha sub-basins are characterized by higher identified drought intensities, 

averaging around -1.9 for SPI-indexed droughts. The Kilombero sub-basin also shows significant 

vulnerability to drought intensity, with an average SPI value just above -1.8. Meanwhile, the Luwegu 

and Lower Rufiji sub-basins report historically lower drought intensities, with average SPI values 

around -1.7 for droughts greater than -1.5. 

These findings suggest that, on average, the Upper and Little Ruaha regions are the most vulnerable to 

droughts driven by rainfall anomalies, historically experiencing both high frequency and intensity of 

such events. Although the Kilombero sub-basin has a lower frequency of SPI-indexed climate modelled 

droughts, likely due to its mountainous terrain, it still faces moderate drought intensities when droughts 

occur. The Lower Great Ruaha, while experiencing the highest frequency of SPI-indexed droughts, 

endures events of lower intensity compared to those in its upstream areas. In contrast, the Luwegu and 

Lower Rufiji sub-basins show moderate to low drought frequencies and intensities, likely influenced 

by their proximity to rainfall from the Indian Ocean. 

The SPEI Figures (Figure 5.2(b) and (e)) reveal that incorporating Potential Evapotranspiration (PET) 

into the calculation of meteorological drought increases the frequency of climatically modelled drought 

events across all sub-basins, with each experiencing around 20 or more months of severe SPEI-indexed 

drought during the 1991–2020 period. Notably, the Kilombero, Luwegu, and Lower Great Ruaha sub-

basins display the highest identified frequencies, with 33, 25, and 24 drought months, respectively. The 

rest of the sub-basins show slightly lower frequencies of SPEI-indexed drought events, with 21, 20, and 

19 drought months recorded for the Lower Rufiji, Little Ruaha, and Upper Great Ruaha, respectively. 

Interestingly, when examining average SPEI-indexed drought intensities across the sub-basins, a 

contrasting pattern emerges - basins with lower drought frequencies exhibit the highest intensities. This 

trend is most pronounced in the Lower Rufiji, which shows an average SPEI-indexed drought intensity 

approaching -2.2 for droughts exceeding the -1.5 threshold. Similarly, the Upper Great Ruaha and Little 

Ruaha basins display average drought intensities of approximately -2. In contrast, basins with the 

highest drought frequencies, such as Kilombero and Lower Great Ruaha, report lower average 

intensities, generally above -1.8. 

This indicates that the Lower Rufiji, along with the Upper and Little Ruaha, are the most vulnerable to 

climate modelled SPEI-indexed droughts, characterized by both high intensity and a moderately high 

frequency of such events. 
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An examination of the SDI Figures (Figure 5.2(c)) reveals that the Upper and Lower Great Ruaha, along 

with the Kilombero and Lower Rufiji sub-basins, are the most susceptible to streamflow-indexed 

droughts, each recording close to or exceeding 25 drought months during the 1991–2020 period. In 

contrast, the Little Ruaha and Luwegu sub-basins exhibit the lowest frequencies of SDI-indexed 

droughts, with 16 and 13 drought months, respectively. 

In terms of SDI-indexed drought intensity (for droughts < -1.5), the Kilombero sub-basin stands out as 

the most vulnerable, with an average intensity of approximately -2.2, despite its relatively low drought 

intensity in SPEI terms. The intensities for other sub-basins are also notable, ranging from -1.9 to -2 on 

the SDI scale, indicating substantial drought impacts across the basin. 

The graphs illustrate that SDI-indexed drought frequency is notably high in the Upper Great Ruaha, 

despite a comparatively lower frequency of SPI- and SPEI-indexed droughts, potentially reflecting the 

river's ephemeral nature. The Kilombero and Luwegu sub-basins also exhibit high SDI drought 

intensities, likely due to the impact of frequent SPEI-indexed meteorological droughts on streamflow 

levels, combined with the influence of wetlands within these areas. 

The SDI results for the Lower Great Ruaha and Lower Rufiji sub-basins cannot be directly compared 

to their SPI or SPEI counterparts due to differences in methodology. While SPI and SPEI were based 

only on basin area, SDI was calculated using measurements from basin outflows, incorporating 

hydrological inputs from upstream areas for a broader view of the basin's water dynamics. 

 

5.3 Projected changes in LSU-level hydrological fluxes  

5.3.1 Historical Period 

An analysis of hydrological fluxes within the Landscape Units (LSUs) of the Rufiji Basin, derived from 

SWAT model simulations and ERA5-Land data for the 1991-2020 period (Figure 5.3), uncovers distinct 

spatial patterns across the basin's sub-basins. The Kilombero basin receives the highest annual rainfall 

within the studied area, with a significant portion of the region experiencing precipitation exceeding 

1000 mm annually. This correlates with the basin's low frequency of SPI-indexed droughts, as shown 

in Figure 5.2. Similarly, the Little Ruaha sub-basin, particularly in its elevated and mountainous areas 

that encompass the Kipengere Mpanga Game Reserve, also registers high annual rainfall, reflecting 

similar hydrological characteristics to those observed in Kilombero. 

In contrast, the regions encompassing the lower reaches of the Little Ruaha, Upper Great Ruaha, and 

the upper segments of the Lower Great Ruaha experience relatively lower rainfall, ranging from 200 

mm to 700 mm annually. On the other hand, the Lower Great Ruaha, Luwegu, and Lower Rufiji sub-

basins show varying precipitation patterns, with the Lower Rufiji standing out for notably high rainfall 
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levels (900-1100), especially in its low-lying sections, which contributes to its distinct hydrological 

characteristics within the basin. 

Historical Actual Evapotranspiration (AET) (Figure 5.3(b)) rates as estimated by SWAT+ align closely 

with precipitation patterns, wherein regions with higher rainfall exhibit elevated predicted AET rates 

exceeding >1300mm. Analogous to precipitation, the Kilombero sub-basin had the highest AET rates, 

while other areas of the basin display moderate to lower rates. This illustrates that the actual AET at a 

catchment level reflects water availability in that catchment.  

The Kilombero sub-basin features the highest modelleda annual average rates of lateral flow (>100) 

(Figure 5.3(c)), originating from the Udzungwa Mountains and the vicinity of the Kibasira Wetland. 

These high lateral flow rates extend into portions of the Lower Great Ruaha sub-basin and the upper 

mountainous regions of the Little Ruaha sub-basin. The Luwegu sub-basin exhibits moderate modelled 

lateral flow rates (25-50mm), while the remainder of the Rufiji basin demonstrates low lateral flow (0-

10mm). 

In terms of soil moisture, moderate to high levels are modelled in the Kilombero, Luwegu, Lower Rufiji, 

and parts of the Lower Great Ruaha sub-basins (>100mm annual average) (Figure 5.3(d)). Conversely, 

areas surrounding the Mtera reservoir exhibit low predicted soil moisture, aligning with the patterns 

observed in the lateral flow map (<100mm annual average). 
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Figure 5.3: Historical LSU maps showing the (a) Annual Average Precipitation, (b) Annual 

Average Evapotranspiration, (c) Annual Average Lateral flow, (d) Annual Average Soil 

Moisture in mm for the 1991-2020 period over the Rufiji Basin, derived from SWAT+ and 

ERA5-Land climate data. 
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5.3.2 Hydrological fluxes under RCP 4.5 projections 

 
 Figure 5.4: Spatial Maps displaying the Minimum, Maximum, and Ensemble Mean changes in values for Precipitation, Evapotranspiration, 

Lateral Flow, and Soil Moisture under RCP 4.5 scenario for the two time periods: 2031-2060 and 2071-2100, compared to 1991-2020 
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5.3.3 Hydrological fluxes under RCP 8.5 projections 

 

Figure 5.5: Spatial Maps displaying the Minimum, Maximum, and Ensemble Mean changes in values for Precipitation, Evapotranspiration, 

Lateral Flow, and Soil Moisture under RCP 4.5 scenario for the two time periods: 2031-2060 and 2071-2100, compared to 1991-2020
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5.3.3.1 Changes in rainfall 
Under the RCP 4.5 scenario (Figure 5.4) for 2031–2060, projections indicate increased rainfall around 

the Mtera Reservoir. This trend is consistent across both the driest and wettest model scenarios. The 

ensemble mean suggests that most of the basin will experience wetter conditions, with rainfall increases 

of 0–15%. However, the upper regions of the Upper Great Ruaha stand out, showing consistent 

reductions in rainfall across the driest, wettest, and average scenarios. 

In the far future (2071–2100) under RCP 4.5 (Figure 5.4), precipitation trends are similar to those 

projected for 2031–2060. The driest models predict widespread drying across the sub-basin, except for 

areas near the Mtera Reservoir, where rainfall increases. Conversely, the wettest models project a 15–

30% rise in average annual precipitation across most of the basin, with the upper regions of the Upper 

Great Ruaha continuing to experience reductions. The ensemble mean suggests precipitation rates 

comparable to those of the 2031–2060 period across the basin. 

Precipitation projections under the RCP 8.5 scenario (Figure 5.5) indicate an overall increase in rainfall 

across the basin. The driest model scenarios show only a few sub-basin areas with reduced rainfall, 

suggesting a broader trend of increased precipitation. The wettest models project significant rainfall 

increases, particularly around the Mtera Reservoir and the Lower Rufiji, with rises ranging from 60–

75%. The ensemble mean reflects a consistent basin-wide increase in rainfall, predominantly in the 15–

30% range. Toward the century's end, these patterns persist, with widespread higher rainfall anticipated 

across the basin. 

 

5.3.3.2 Changes in AET 
Analysis of the percentage change in modelled Actual Evapotranspiration (AET) under the RCP 4.5 

scenario (Figure 5.4) for the 2031–2060 period reveals a general increase in AET in areas projected to 

experience higher rainfall. Most of the basin shows an AET increase within the 0–15% range, while 

regions surrounding the Mtera Reservoir exhibit slightly higher increases of 15–30%, likely reflecting 

the elevated rainfall projections for this area. In contrast, the upper regions of the Kilombero sub-basin 

and the Upper Great Ruaha display a decline in AET, consistent with the anticipated decrease in rainfall. 

Modeled Actual Evapotranspiration (AET) rates under the RCP 8.5 scenario (Figure 5.5) closely align 

with those of the RCP 4.5 scenario, showing notable increases around the Mtera Reservoir, particularly 

in the wettest and ensemble mean projections. Consistent with the RCP 4.5 scenario, most of the basin 

is expected to experience rising AET rates, while areas within the Kilombero, Upper Great Ruaha, and 

Lower Rufiji sub-basins exhibit localized decreases. In the far future, these trends persist, with an 

overall increase in AET rates, especially around the Mtera Reservoir. The wettest projections indicate 
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pronounced increases in evapotranspiration in regions such as the Little Ruaha, Upper Great Ruaha, 

and the Luwegu sub-basins. 

 

5.3.3.3 Changes in lateral flow 
Changes in lateral flow correspond to projections of increased precipitation or reduced 

evapotranspiration in many regions within the Rufiji Basin. Figure 5.4 illustrates an expansion of areas 

with increased lateral flow around the Mtera Reservoir in the far future, compared to the modeled 

historical average (Figure 5.3). However, a persistent decrease in lateral flow is observed in the Little 

Ruaha, with reductions reaching the -20% to -40% range in the extreme driest case. The Luwegu sub-

basin also shows a consistent decline in flow rates across the driest and mean scenarios.  

In the Kilombero basin, the projected rise in lateral flow may result from the anticipated decrease in 

evapotranspiration in the near future. Around the Mtera Reservoir, higher lateral flow rates are likely 

driven by the projected increase in rainfall. Additionally, the Lower Rufiji region is expected to 

experience increases in lateral flow. However, the driest model projections suggest that the Little Ruaha 

could face adverse impacts, leading to further reductions in flow rates. The Luwegu sub-basin shows a 

consistent decreasing trend in lateral flow across the driest, wettest, and ensemble mean projections. 

In Figure 5.5, the driest model projections indicate a decrease in lateral flow around the Mtera Reservoir 

in the near future under RCP 8.5, with this area of reduced flow expanding as the century progresses. 

Conversely, the wettest model projections suggest that this region is likely to experience increased 

lateral flows. The ensemble mean for both timescales indicates a general rise in lateral flows in the area, 

with the extent of this increase expanding over time. 

Most parts of the Kilombero and Lower Rufiji sub-basins are projected to experience elevated lateral 

flows under both dry and wet model scenarios. However, the Little Ruaha shows varying outcomes 

depending on the scenario. Under the driest conditions, lateral flows are projected to decline 

significantly, while the wettest projections indicate increased flows. On average, the model ensemble 

mean suggests a mix of reduced and increased flows, ranging from -20% to 20% in the upper regions 

of the basin. Similar to the Little Ruaha, the Luwegu sub-basin shows divergent outcomes, with lateral 

flow changes ranging from -20% to 20% across scenarios. However, the ensemble mean indicates a 

drying trend for lateral flows across most of the basin. 

 

5.3.3.4 Changes in soil moisture 
For the period of 2031-2060, soil moisture across most of the basin fall within the -20% to 20% range 

(Figures 5.4 and 5.5). Areas projected to experience a slightly higher elevation in soil moisture rates 

include the regions around the Mtera Reservoir, parts of the Kilombero Basin, and the Lower Rufiji. 
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Conversely, almost the entire Luwegu, Little Ruaha, and Upper Great Ruaha are projected to witness a 

decrease in soil moisture (Figures 5.4 and 5.5). Similar trends persist in the far future, with the same 

areas exhibiting comparable conditions. There is a slight increase in both the area and rates around the 

Mtera Reservoir in the far future 

Soil moisture rates within the basin display patterns similar to lateral flow rates, where areas with higher 

lateral flows also exhibit higher soil moisture rates. The most significant percentage increases in soil 

moisture are anticipated to be concentrated around the Mtera Reservoir, with similar occurrences in the 

Kilombero and Lower Rufiji Basins. The remaining portions of the basin are projected to have lower 

rates of soil moisture, with Figures falling into the 0 to -20 percentage range. The areas that may be 

most affected include the Luwegu Basin, parts of the Little Ruaha Basin, and the Upper Great Ruaha. 

 

5.4 Future meteorological and hydrological drought  

5.4.1 Projected changes in frequency of meteorological and 

hydrological Drought 

Evaluation of future drought conditions are based on the climate data from the multi-model CORDEX 

ensemble, and on streamflow’s simulated by the calibrated hydrological model when forced with the 

climate model data.  

 As outlined in the methodology section the evaluation focuses on comparison of two future periods 

2031-2060 and 2071-2100 with the historical period 1991-2020. Figure 5.6 and 5.7 show model ranges 

of frequency for occurrence of severe droughts (< -1.5) indexed by SPI, SPEI and SDI for both the RCP 

4.5 and RCP 8.5 scenarios respectively.  

The SDI results of the Lower Great Ruaha and the Lower Rufiji sub-basins cannot be directly aligned 

with their SPI or SPEI counterparts. This discrepancy arises from differences in the methodologies 

used for these indices. While their SPI and SPEI calculations were based solely on basin area and did 

not consider contributions from upperstream sub-basins, the SDI calculations were derived from 

measurements taken at the basin outflows (culmination of upstream rivers). Consequently, the SDI 

results inherently incorporate hydrological inputs from upstream areas, providing a broader 

representation of the basin's water dynamics compared to the more localized focus of SPI and SPEI. 
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5.4.1.1 RCP 4.5 

 

Figure 5.6: Boxplots of Frequencies of Drought Months with SPI/SPEI/SDI < -1.5 over 

various time periods for the RCP 4.5 scenario 
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The SPI boxplot presented above highlights a significant projected decline in the frequency of 

meteorological drought across all sub-basins within the Rufiji Basin over time. This trend suggests a 

decreasing occurrence of SPI-indexed drought events as the century progresses, with the lowest 

frequencies observed towards its end. This reduction is likely attributed to the generally increasing 

rainfall projected across the Rufiji Basin in future climate scenarios. 

Analysis of the projected frequency of SPEI-indexed droughts reveals that considering PET as a driver 

of drought has a discernible impact on predictions across various sub-basins.  The Upper Great Ruaha 

sub-basin however shows no noticeable projected change in the frequency of drought occurrences for 

the RCP 4.5 scenario, with the mean frequency in the near and far future being similar to historical 

conditions. The Little Ruaha and Luwegu are projected to experience increases in frequency of SPEI-

indexed drought in both the near and distant future.  

In the Lower Great Ruaha, the mean frequncy of SPEI-indexed drought is projected to reduce slightly 

over the course of the century. Nevertheless, projections for the far future are characterized by a strong 

uncertainty, with some models projecting heightened frequency of SPEI-indexed drought 

reaching nearly 100 months within a 30-year timeframe towards the close of the century, compared to 

the ensemble mean of about 20 months/30 years. 

The Kilombero exhibits a decline in the mean frequencies of SPEI indexed droughts within the sub-

basin in both the near and far future. It is important to note, however, that some models show that there 

could however be a possibility of an increase in the number of drought months in the near future. 

The Luwegu demonstrates an increaseing likelihood of SPEI-indexed meteorological drought months 

as the century advances. Towards the end of the century, values exceed the 100-month mark for the 30-

year climatic time period, i.e. representing approx. 30% of the time. Interestingly, the mean of the near 

future surpasses that of the far future, indicating high labels of decadeal scale variability.  

In the furthest downstream basin, the Lower Rufiji, there is a reduction of frequency of SPEI-drought 

months in both the near and far future.  

The SDI plots generally suggest a reduction in the frequency of projected hydrological drought in the 

Upper Great Ruaha, Kilombero, Lower Rufiji, and Luwegu sub-basins as time progresses. However, 

certain extreme models indicate the potential for a slight increase in the frequency of SDI-drought 

months in the Luwegu sub-basin during the near future. 

Both the Little Ruaha and Lower Great Ruaha exhibit a higher frequency of SDI-drought in the near 

future when compared to the historical period. Moreover, within the  Little Ruaha, some models show 

a comparable maximum amount of drought months in the far future when compared to the near future, 

albeit with the mean model ensemble being lower. 
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5.4.1.2 RCP 8.5 

 

Figure 5.7: Boxplots of Frequencies of Drought Months with SPI/SPEI/SDI < -1.5 over 

various time periods for the RCP 8.5 scenario 
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Much like the RCP 4.5 scenario, the drought frequency box plots for SPI droughts reveals a downward 

trend in droughts as the century progresses under the RCP 8.5 scenario. Notably, only the Little Ruaha 

sub-basin displays a comparable sustained drought frequency projection when comparing the near and 

far future. 

Similar to the RCP 4.5 scenario, the SPEI graphs for RCP 8.5 indicate an increase in the frequency of 

meteorological drought across most sub-basins as the century progresses, driven by the inclusion of the 

PET factor. For the near future (2031–2060), the RCP 8.5 SPEI graphs show a significantly higher 

magnitude of drought frequency compared to the RCP 4.5 graphs, except in the Little Ruaha sub-basin, 

where the trend is less pronounced. 

Towards the close of the century, the frequency of droughts in three basins—specifically, the Little 

Ruaha, Lower Great Ruaha, and Kilombero—undergoes a strong increase. Each of these basins 

surpasses the 120-month mark/30-year period, signifying the potential for a period of over 10 years 

within the 30-year timeframe experiencing SPEI-indexed severe meteorological drought conditions 

(Figure 5.7). For comparison, the frequency of such droughts during the 1991–2020 period (Figure 5.2) 

ranged between 20–40 months, historically accounting for approximately 10% of the time. The 

ensemble mean values also show substantial increases for the Little Ruaha and Lower Great Ruaha sub-

basins. In contrast, the Upper Great Ruaha and Luwegu catchments exhibit similar drought frequencies 

in the far future compared to the near future. Notably, the Lower Rufiji sub-basin is projected to 

experience a decline in SPEI-indexed drought frequency towards the end of the century. 

The SDI trends under the RCP 8.5 scenario closely mirror those observed in the RCP 4.5 scenario, 

showing a consistent decline in the frequency of hydrological droughts throughout the century. Notable 

exceptions include the Little Ruaha in the near future, where drought frequency remains comparable to 

historical levels, and the Luwegu, where some model projections indicate a slight increase in drought 

frequency in the far future compared to the near future. Despite these variations, the ensemble mean 

projections for both scenarios remain largely similar. 

Overall, the frequencies of SDI-indexed hydrological droughts at the basin outlets and calibration points 

appear to be minimally influenced by the intensification of global warming conditions. 

. 
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5.4.2 Projected changes in intensity of meteorological and 

hydrological Drought 

Evaluation of future drought conditions are based on the climate data from the multi-model CORDEX 

ensemble, and on streamflows simulated by the calibrated hydrological model when forced with climate 

model data.  

 As outlined in the methods section, this evaluation focuses on comparison of two future periods 2031-

2060 and 2071-2100 with the historical period 1991-2020. Figures 5.6 and 5.7 show ranges of intensities 

of occurrence of severe droughts (< -1.5) indexed by SPI, SPEI and SDI for both the RCP 4.5 and RCP 

8.5 scenarios respectively. 
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5.4.2.1 RCP 4.5 

Figure 5.8: Boxplots of Intensities of Drought Months with SPI/SPEI/SDI < -1.5 over various 

time periods for the RCP 4.5 scenario 
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Unlike the steadily decreasing SPI-indexed drought frequency, SPI intensity shows greater variability, 

particularly in the near future, indicating fluctuating drought severity despite reduced frequency. 

The RCP 4.5 SPI intensity plot (Figure 5.8) reveals that certain models project a modest increase in 

drought intensity in the near future across the Little Ruaha, Lower Great Ruaha, and Luwegu sub-basins. 

However, the mean intensities across these models remain constant or exhibit a decrease when 

compared to the historical period within these sub-basins. In contrast, both the mean and potential 

drought intensities are projected to decline in the Upper Great Ruaha, Kilombero, and Lower Rufiji 

sub-basins. In the far future, a consistent reduction in SPI-drought intensity is observed across all sub-

basins, with the exception of the Luwegu and Kilombero sub-basins. In these two regions, while the 

maximum projected intensities remain comparable, the ensemble mean values are lower than those 

observed during the historical period. 

The influence of PET on drought intensities demonstrates a clear trend of increasing drought severity 

as the century progresses, particularly in the near future, as illustrated by the SPEI intensity graphs 

(Figure 5.8). The Upper Great Ruaha, Lower Great Ruaha, Lower Rufiji, Kilombero, and Luwegu sub-

basins show an increase in drought intensity in the near future relative to the historical period. In 

contrast, the Little Ruaha sub-basin exhibits comparable drought intensities, albeit with a lower negative 

mean compared to the historical period. 

Towards the end of the century, drought intensities indexed by the SPEI exhibit similar values to those 

observed in the mid-century across most sub-basins. However, some models indicate a slight increase 

in the potential intensity of droughts in the Lower Great Ruaha and Kilombero sub-basins. The Luwegu 

basin maintains intensity probabilities comparable to the near future, albeit with a reduction in the mean 

intensity. In the Lower Rufiji, some models project an increase in drought intensities in the far future 

compared to both the near future and historical periods. Notably, model projections for the Little Ruaha 

basin suggest the most significant changes in drought intensity in the far future, with one model 

forecasting an average SPEI drought intensity that exceeds the < -2.2 threshold. 

The SDI intensity plots (Figure 5.8) show that there is a general decreasing trend in intensity of 

hydrological drought across almost all basins as the century progresses. The Little Ruaha exhibits 

similar maximum intensities in the near future compared to the historical period with an increase in the 

mean. The Luwegu, Lower Rufiji, and Lower Great Ruaha show decreased intensities compared to the 

historical period, while the Kilombero and Upper Great Ruaha show little impact of intensive 

hydrological droughts.  

Interestingly, comparisons across SPEI and SDI reveal a similar mean intensity of meteorological and 

hydrological drought in the near future for the Little Ruaha, Lower Great Ruaha, Luwegu and Lower 

Rufiji sub-basins.  
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5.4.2.2 RCP 8.5 

 

 

Figure 5.9: Boxplots of Intensities of Drought Months with SPI/SPEI/SDI < -1.5 over various 

time periods for the RCP 8.5 scenario
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The RCP 8.5 SPI intensity graph (Figure 5.9) reveals variable drought intensities especially in the latter 

part of the century when compared to the near future. In the near future, the Upper Great Ruaha and 

Kilombero sub-basins most model projections exhibit intensities similar to the historical period, with a 

reduction in SPI-indexed drought intensity events. Model projections for the latter part of the century 

suggest that the Upper Great Ruaha, Lower Great Ruaha, and Lower Rufiji sub-basins may experience 

an increased potential for SPI-indexed drought intensity, surpassing the SPI < -2.4 threshold. However, 

this is accompanied by a reduction in the overall mean values. 

The SPEI graphs (Figure 5.9) illustrate decreases of drought intensites in the near future when compared 

to the historical except for the Little Ruaha and the Lower Great Ruaha. A heightened propensity for 

intensified SPEI-indexed meteorological drought is anticipated in the distant future across all sub-

basins, with the exception of Kilombero and Luwegu, where magnitudes are anticipated to remain 

consistent with mid-century levels. The susceptibility to meteorological drought, as ascertained through 

the Standardized Precipitation Evapotranspiration Index (SPEI), is notably elevated, with values 

produced by some models approaching -2.4. Specifically, the mean intensity of severe meteorological 

drought in the Little Ruaha and Lower Great Ruaha is projected to approximate > -2.0.  

As we transition from SPI to SPEI graphs, it becomes apparent that the inclusion of the PET variable 

consistently stabilizes or increases the likelihood of more intense meteorological droughts in the Upper 

Great Ruaha, Little Ruaha, Lower Great Ruaha, and Lower Rufiji sub-basins, particularly in the far 

future. Furthermore, the impact of increased global warming, as reflected in the comparison between 

RCP 4.5 and RCP 8.5 scenarios, similarly elevates the likelihood of more intense droughts in these four 

basins, while slightly reducing the probability of such events in the Kilombero and Luwegu sub-basins.  

The SDI plot (Figure 5.9) shows a decrease in hydrological drought intensity for all basins in the near 

future under the RCP 8.5 scenario, except for the Little Ruaha sub-basin, which exhibits similar 

intensities to the historical period. As the century progresses, increased warming rates influence the 

hydrology of all basins, with all sub-basins maintaining consistent intensities between the near and far 

future— a trend less evident in the RCP 4.5 scenario. The Lower Great Ruaha shows an increase in both 

mean and potential SDI-indexed drought intensity in the far future compared to the near future. The 

Lower Rufiji, Luwegu, and Little Ruaha show similar lower bound thresholds in the far future. 

Kilombero’s lower bound exceeds the -2.2 mark, while the Upper Great Ruaha has two outliers 

surpassing the near future values. When comparing across scenarios, the RCP 8.5 scenario exacerbates 

drought intensities in the Little Ruaha, Luwegu, and Lower Rufiji sub-basins during the latter part of 

the century, with more extreme intensities than in the RCP 4.5 scenario.
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CHAPTER 6: DISCUSSION 
 

The primary objective of this study was to evaluate potential drought occurrences within the study area, 

with a focus on both meteorological and hydrological droughts. The analysis emphasized assessing 

hydrological fluxes alongside the frequency and intensity of drought events, employing specific drought 

indicators. As stated by Nikulin et al. (2018), there is a notable lack of detailed studies on the potential 

effects of future global warming scenarios, such as 1.5°C, 2°C, or higher, on regional climates in Africa. 

This gap is particularly evident in the East African region, where research on drought and climate 

change remains limited. Most existing studies rely on coarse-resolution global models, which fail to 

capture the complexities of regional climate dynamics. 

 For meteorological drought analysis, the study utilized two key indicators: the Standardized 

Precipitation Index (SPI) and the Standardized Precipitation Evapotranspiration Index (SPEI). SPI was 

applied to assess potential variations in rainfall patterns within the basin, while SPEI accounted for the 

combined effects of rainfall and evapotranspiration on meteorological drought conditions. For 

hydrological drought evaluation, the Streamflow Drought Index (SDI) was employed to detect and 

quantify hydrological drought occurrences within the basin. 

To gain a better understanding of the basin's hydrological dynamics, the study incorporated hydrological 

modeling using the SWAT+ model. This approach enabled the simulation of streamflow during 

historical periods and projections under future climate scenarios, providing insights into both current 

and anticipated hydrological behaviors. Additionally, changes to hydrological fluxes, encompassing 

hydrological parameters such as  precipitation, evapotranspiration, lateral flow, and soil moisture, was 

included to discern the areas or extents of basins affected by projected changes. This spatial analysis 

was conducted across different time slices for both the RCP 4.5 and RCP 8.5 scenarios focusing on  the 

driest, wettest and mean model output, contributing valuable insights into the projected changes in 

spatial distribution of these critical variables and their potential impact on the basin. 

The results indicate a projected decrease in the frequency of SPI-drought events across all sub-basins 

as the century progresses, suggesting an overall increase in rainfall within the basin. However, an 

increase in the intensity of SPI-droughts is observed in certain sub-basins, highlighting that while 

drought events may become less frequent, their severity could intensify. 

Climate change and increased warming are generally associated with heightened evapotranspiration, 

which can exacerbate drought frequency and severity (Naumann et al., 2018). By incorporating 

potential evapotranspiration (PET) into the calculation of meteorological drought, the projections offer 

a more nuanced and realistic representation of future drought occurrences. The analysis reveals an 
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increase in drought frequency across almost all sub-basins in both the near and far future, particularly 

under the RCP 8.5 scenario. However, there is variability in the intensity of these droughts, with some 

basins demonstrating greater vulnerability to more severe conditions. 

The Great Ruaha Basin, particularly the Little Ruaha sub-basin, is highly vulnerable to the impacts of 

climate change and water resource challenges. Historically, the basin has been the subject of numerous 

studies due to its issues with precipitation deficits and water scarcity (Pauline et al., 2017; Mtahiko et 

al., 2006; Sokile et al., 1993; Mwakalila, 2013). However, much of the existing research has focused 

primarily on past trends, with few studies offering projections for future climate scenarios. Pauline et 

al. (2017) highlight the vulnerability of the Upper Great Ruaha and Little Ruaha catchments to SPI-

induced drought, utilizing data from three gauging stations, and demonstrate an increased risk of severe 

droughts in the later years of their study. Similarly, Mtahiko et al. (2006) and Mwakalila (2013) 

underscore the sensitivity of the Little Ruaha sub-basin to historical changes in precipitation and 

temperature, and their effects on water resources. 

This study confirms that the Little Ruaha is particularly at risk, with projections suggesting reduced 

rainfall and increased evapotranspiration if drier climate scenarios are followed (Figures 5.4 and 5.5). 

Such changes could have significant negative impacts on lateral flow and soil moisture storage within 

the sub-basin (Figure 5.5). Even though the SPI analysis (Figures 5.6 to 5.9) shows a decline in both 

the frequency and intensity of SPI-indexed droughts, with the near future under the RCP 4.5 scenario 

showing drought intensities comparable to those observed historically, the SPEI analysis reveals an 

increase in drought frequency under both scenarios (Figures 5.6 and 5.7). While the intensity of SPEI-

induced droughts is expected to remain stable in the near future, an increase is projected for the far 

future under the RCP 4.5 scenario (Figure 5.8). The RCP 8.5 scenario on the other hand predicts a 

consistent upward trend in drought intensity throughout the course of the century (Figure 5.9). 

Moreover, the frequency of SDI droughts is projected to rise in the near future under both scenarios, 

with this trend continuing into the far future under the RCP 4.5 scenario (Figure 5.6). SDI drought 

intensities are expected to remain consistent with historical patterns in both the near and far future under 

both scenarios (Figures 5.8 and 5.9). These projected changes in drought conditions could have 

substantial negative consequences for both the agricultural and hydrological sectors, particularly for 

farmers who rely on soil moisture and water availability for crop production. Furthermore, the region's 

wetlands and wildlife, which are essential components of local ecosystems, may be severely threatened 

as a result of these projected climate changes. 

The Upper Great Ruaha, which has been relatively understudied due to its predominant coverage by 

game reserves, is projected to experience wetter conditions on average, particularly in areas surrounding 

the Mtera Reservoir. Hydrological flux maps (Figures 5.4 and 5.5) suggest that most models predict 

increased wetting in this region, which historically received some of the lowest rainfall levels within 



85 
 

the basin (Figure 5.3). Additionally, projections indicate an increase in lateral flow and soil moisture 

under the wettest or mean ensemble model trajectories, further highlighting potential improvements in 

hydrological conditions in these areas. 

SPI-indexed drought conditions in the Upper Great Ruaha show a decline in frequency and intensity 

under both RCP 4.5 and 8.5 scenarios, with the exception of far-future conditions under the RCP 8.5 

scenario, where intensities are projected to rise. However, dry model simulations suggest that this area 

could still be highly susceptible to drought in the far future under RCP 8.5 due to increased 

evapotranspiration, leading to reductions in lateral flow and soil moisture (Figures 5.4 and 5.5). SPEI 

projections portray slight increases in the frequency of meteorological droughts in both the near and far 

future under RCP 4.5 (Figures 5.6 and 5.8), albeit with lower intensities. Conversely, the RCP 8.5 

scenario (Figures 5.7 and 5.9) predicts increased frequency and intensity of droughts in the far future. 

Interestingly, these meteorological drought conditions are not reflected in hydrological drought trends. 

SDI-indexed drought conditions show a decline in both frequency and intensity for both scenarios and 

across both future time periods. This divergence may be attributed to its arid landscape and the perennial 

nature of the Upper Great Ruaha River system and its historical propensity to dry up under specific 

thresholds for baseflow measurements. Consequently, lower thresholds for calculating future flows 

could explain the projected decline in hydrological drought frequency and intensity despite the 

meteorological drought trends. 

The Lower Great Ruaha region acts as an extension of the Upper Great and Little Ruaha rivers, 

receiving significant contributions from the outflows of the Mtera Reservoir. Historically, this sub-basin 

has experienced moderately high rainfall levels, supporting substantial lateral flow and soil moisture 

storage (Figure 5.3). However, it is also characterized by elevated evapotranspiration rates, which 

influence its hydrological balance (Figure 5.3). Hydrological flux maps (Figures 5.4 and 5.5) project 

considerable variability in the sub-basin's future hydrological conditions, contingent on the chosen 

climate model trajectory. Depending on these projections, the sub-basin could experience either 

increases or decreases in lateral flow rates and soil moisture levels. 

SPI analysis over the Lower Great Ruaha reveals a decline in precipitation-induced drought conditions, 

while SPEI results highlight the significant influence of potential evapotranspiration (PET), resulting 

in an increased frequency of SPEI-indexed droughts within the basin. The intensity of SPI-droughts is 

projected to remain similar to, or slightly higher than, historical levels under most scenarios, with the 

exception of the far future under the RCP 4.5 scenario, where a reduction in intensity is projected. 

SDI projections indicate an increase in the frequency of hydrological droughts in the near future under 

the RCP 4.5 scenario, followed by a decline in the far future (Figure 5.6). Conversely, the RCP 8.5 

scenario predicts a reduction in SDI-drought frequency (Figure 5.8). The intensities of SDI-droughts 

are also expected to be lower than historical levels, likely due to the combined contributions from the 
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Upper Great Ruaha River and the regulated flows from the Mtera Reservoir. However, it is important 

to note that SDI is not a precise measure of the hydrological susceptibility of this sub-basin due to its 

downstream nature. 

Additionally, SPI and SPEI cannot be directly compared to SDI values because of differences in their 

calculation methods. While SPI and SPEI were derived for the sub-basin's bounding area without 

considering upstream contributions, SDI calculations account for cumulative flows from upstream 

regions, as discussed in Chapter 5.4.1. This distinction underscores the complexity of interpreting and 

comparing drought indices across spatial and hydrological contexts within the basin. 

The Kilombero Basin provides the bulk of the water to the Greater Rufiji Basin. As highlighted by 

Naschen et al. (2018, 2019), this sub-basin plays a vital role in the hydrology of the region, but it is 

hindered by limited availability of hydrological data, a challenge similarly observed in this study. 

Naschen et al. (2018) emphasize that their study was the first to provide distributed information on the 

water balance within the Kilombero Catchment, marking a significant contribution to understanding the 

basin's hydrology. 

Their initial study focused on calibrating the SWAT model to analyze the effects of land use changes on 

water balance components. This study provided a foundational understanding of the sub-basin's 

hydrological dynamics. The follow-up research by Naschen et al. (2019) shifted focus to assessing the 

impacts of climate change over the 2010–2060 period under RCP 4.5 and RCP 8.5 scenarios. Using a 

subset of CORDEX ensemble RCM-GCM pairs integrated with the SWAT model, they projected 

monthly changes in precipitation and temperature, offering critical insights into future hydrological 

trends within the Kilombero Basin.  

Similar to this study, Naschen et al. (2018, 2019) utilized older hydrological data from the 1958–1970 

period to validate and calibrate the SWAT model with satisfactory results. Their model calibration 

demonstrated accurate discharge patterns during both calibration and validation periods, achieving good 

to very good statistical performance, which aligns closely with the findings of this study. The observed 

reductions in statistical performance metrics, such as the Nash-Sutcliffe Efficiency (NSE), were 

attributed to overestimations of discharge during certain years and challenges in simulating discharge 

peaks—issues also noted in this study. 

However, a notable divergence in findings relates to the sensitivity of model parameters. Naschen et al. 

identified five of the seven most sensitive parameters as being related to groundwater, whereas this 

study, which modeled the entire Rufiji Basin without incorporating a groundwater component, found 

its most sensitive parameters to be linked to soil characteristics. Interestingly, preliminary model setups 

in this study revealed that including a reservoir to simulate the Kilombero wetland successfully 

introduced a one-month delay, enabling the model to align better with observed data. 
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Naschen et al. (2018) also observed that the discharge peak, crucial for flood recession agriculture in 

the floodplain, is likely to shift from April to May starting in the 2020s. This underscores the importance 

of this study’s critical calibration of the model to reflect lags in peak flows (Figure 5.1), as this could 

be vital for future hydrological and agricultural assessments of the Greater Rufiji Basin 

Naschen et al. (2019) highlighted that precipitation is the primary driver of hydrological processes 

within the Kilombero Basin, largely due to its location at the base of the Udzungwa Mountains. Their 

study emphasized a pronounced trend towards wetter conditions in the future, particularly for the 

catchment. Similarly, this study found that the Kilombero sub-basin is projected to experience wetter 

conditions under both RCP 4.5 and RCP 8.5 scenarios, as shown in Figures 5.4 and 5.5, aligning with 

its historical status as the region receiving the most rainfall within the Rufiji Basin (Figure 5.3). 

Projections also indicate a decrease in evaporation rates in the upper parts of the basin, which is 

expected to result in increased lateral flow rates and soil moisture storage (Figure 5.4). Naschen et al. 

similarly observed spatial variations in evaporation rates across the sub-basin, reinforcing these 

findings. 

Moreover, their study revealed that annual averages of water yield and surface runoff could increase by 

up to 61.6% and 67.8%, respectively, under bias-corrected climate simulations compared to historical 

conditions. These increases are within a comparable range to this study's projected enhancements in 

lateral flows for similar time periods and climate scenarios (Figures 5.4 and 5.5). These parallels 

underscore the consistent hydrological responses projected for the Kilombero sub-basin under wetter 

future climate scenarios. 

The Luwegu Basin, characterized by low population density and its location within a conservation area, 

has limited research available for direct comparisons. Historically, the basin received moderate rainfall, 

high soil moisture, and low evapotranspiration rates but is projected to face increasing drought risks. 

Hydrological flux maps (Figures 5.4 and 5.5) indicate higher evapotranspiration rates, leading to 

reduced lateral flow and soil moisture storage. SPEI projections show increased drought frequency 

under both future periods and scenarios, with intensities remaining stable under RCP 4.5 but decreasing 

under RCP 8.5 (Figures 5.7 and 5.9). 

SDI projections suggest a rise in hydrological drought frequency in the near future under RCP 4.5, 

followed by a decline in the far future, while RCP 8.5 predicts reduced drought frequency overall. SDI 

drought intensities are expected to decrease across both time periods and scenarios, with near-future 

conditions under RCP 4.5 showing intensities comparable to historical levels. 

These changes could adversely impact the basin’s wetlands and water resources, particularly within the 

Julius Nyerere National Park. Enhanced conservation measures may be needed, especially under the 

near-future RCP 4.5 scenario, to mitigate the effects of these projected changes. 
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The Lower Rufiji is projected to experience regions with increased precipitation in future decades under 

both scenarios, likely due to its proximity to rainfall from the Indian Ocean. Lateral flow rates and soil 

moisture storage are generally expected to rise, particularly around the Stiegler Gorge and Rufiji Delta 

areas, as depicted in Figures 5.4 and 5.5. This could mean better prospects for agriculture in the area. 

SPI and SPEI analyses indicate a general decrease in the frequency of meteorological droughts in both 

the near- and long-term future under both scenarios. A slight increase in SPEI-indexed drought 

frequency is observed in one model under the RCP 8.5 scenario for the near future (Figure 5.7). SPEI 

drought intensities however show slight increases under the RCP 4.5 scenario over the course of the 

century (Figure 5.8), with the RCP 8.5 scenario (Figure 5.9) projecting the highest drought intensities 

in the far future for the sub-basin. 

The SDI charts (Figures 5.6 to 5.9) indicate a decline in both the frequency and intensity of hydrological 

drought conditions under both scenarios and time periods. However, these results may be influenced by 

biases, as the basin is situated downstream and thus receives the accumulated streamflow. The SDI 

charts also suggest a reduction in both the occurrence and severity of hydrological droughts in the Lower 

Rufiji Basin, which is a positive development, particularly considering its proximity to Stiegler Gorge. 

This reduction could benefit farming communities in the lower regions, which might otherwise face 

water shortages due to water retention, as well as communities in the delta areas. However, the region 

could also remain vulnerable to potential future flooding, as highlighted by Duvail and Hamerlynck 

(2007), Hamerlynck et al. (2007), and Andrea and Kangalawe (2018). 

All in all, the Streamflow Drought Index (SDI) employed to assess hydrological droughts and proved 

to be an acceptable indicator of drought conditions under unrestricted flow scenarios. However, the 

SWAT+ model's omission of critical factors such as agricultural and domestic water abstractions and 

dam management operations resulted in an oversimplified representation of hydrological realities. 

Consequently, while the SDI effectively identified potential vulnerabilities within the basin, it did not 

accurately reflect the full complexity of the region’s water resource dynamics.  

This limitation also contributed to the observed divergence between SDI and the Standardized 

Precipitation-Evapotranspiration Index (SPEI). Whereas SPEI analysis projected heightened 

frequencies and intensities of meteorological droughts under future scenarios, these trends were not 

consistently mirrored by the SDI. The discrepancy highlights the importance of integrating 

anthropogenic and management influences into hydrological models to improve the reliability of 

drought assessments and better inform adaptive strategies. 
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6.1 Summary 
• CORDEX models predominantly project an increase in precipitation across the entire basin in 

both the near- and far-future scenarios. This trend has significant implications for future drought 

conditions, with projected reductions in SPI-indexed drought frequency. However, under the 

driest scenarios, particularly the RCP 4.5 scenario, precipitation levels are expected to decline 

across much of the basin. Even under the RCP 8.5 scenario, reductions in precipitation remain 

evident in regions such as the Luwegu, parts of the Lower Rufiji, and sections of the Lower 

Great Ruaha. 

• The findings from the SPEI analysis underscore the significant role of evapotranspiration in 

meteorological drought, indicating heightened frequencies and intensities of meteorological 

droughts across all basins, particularly in the far future. 

• In the near future under the RCP 4.5 scenario, only the Little Ruaha exhibits little or no change 

in intensity of hydrological drought, while all other basins show decreasing drought intensities 

as the century progresses. 

• When comparing the RCP 4.5 and RCP 8.5 scenarios, the near future is characterized by more 

intense hydrological droughts under the RCP 4.5 scenario, while the RCP 8.5 scenario projects 

more severe droughts in the far future. 

• Areas that historically received less rainfall, such as those around the Mtera Reservoir, are 

projected to experience more wetting in the future. 

• Soil moisture and lateral flow rates show similarities and indicate a decrease in historically 

wetter areas such as the Luwegu and Little Ruaha, both in the near and far future under both 

scenarios. 

• There is a high likelihood of an increase in soil moisture storage and lateral flow rates around 

the Mtera Reservoir area. However, there could also be detrimental effects on soil moisture if 

the minimum model projections are followed, especially under the RCP 8.5 scenario. 

• The Luwegu and the Little Ruaha are more influenced by higher evaporation rates, resulting in 

predicted lower lateral flows and soil moisture storages in drier model projections. In contrast, 

the Kilombero, Lower Rufiji, and the areas surrounding the Mtera Reservoir are more 

responsive to changes in precipitation. 
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6.2 Limitations 
The utilization of the configured Soil and Water Assessment Tool (SWAT) model in the Rufiji Basin 

analysis presents several limitations that warrant consideration: 

• Generic Model Configuration: The SWAT model employed is based on a generic framework 

that utilizes global soil and land cover data, alongside climate data derived from reanalysis 

climate models rather than direct station data. The gridded climate data used in the model is 

relatively coarse, potentially limiting the precision of the model's representation of actual 

hydrological conditions within the Rufiji Basin. While designed to encapsulate the principal 

characteristics of the basin and highlight distinctions among its six sub-basins, the model's 

generic nature may not fully capture the specific hydrological dynamics of the area. 

• Static Land Use Representation: The SWAT model employs static land use data, relying on 

outdated land use maps to simulate historical flows. This static approach does not reflect 

potential changes in land use over time, which could affect the basin's hydrology. 

• Hydrological Processes Focus: The model is exclusively focused on hydrological processes, 

omitting considerations of water management practices such as water offtakes, dam storage and 

releases, and irrigation schedules. This approach means that the model evaluates only the 

influence of climate and natural hydrological processes on water resources, without accounting 

for the impacts of human water management activities on upstream-downstream linkages. 

• The SWAT+ model did not account for groundwater which may have resulted in inaccurate SDI 

levels. 

• Obtaining recent flow data is challenging due to restrictions on data availability for educational 

purposes and the lack of major gauging stations on the main tributaries, further complicating 

efforts to accurately calibrate the model. 

• The model's threshold was set based on the 1970s, whereas population, agriculture, and 

industries have significantly increased since then, leading to not entirely robust results. 

• By nature of available data and resources (time) the study is regional and a “first-order” in 

nature. 

These limitations highlight the challenges of using the SWAT model for detailed hydrological analysis 

in the Rufiji Basin. While useful for understanding fundamental hydrological patterns, the model 

lacks the capacity to fully capture complex water management dynamics and precise regional 

conditions. 
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CHAPTER 7: SUMMARY AND CONCLUSIONS 
 

This chapter encapsulates the outcomes derived from the analyses conducted throughout the study. It 

serves as a synthesis of the key findings and offers concluding remarks. 

The motivation for this study arises from the critical need to investigate the dynamics of drought 

occurrences within the Rufiji Basin, taking into account both historical trends and projected climatic 

scenarios. The severity of droughts poses a significant threat to the lives and developmental prospects 

of the region's inhabitants. Both meteorological and hydrological droughts loom large over the Rufiji 

Basin, necessitating a comprehensive investigation. This study employs three drought indices—namely, 

the Standardized Precipitation Index (SPI), the Standardized Precipitation-Evapotranspiration Index 

(SPEI), and a hydrological drought indicator, the Streamflow Drought Index (SDI)—to delineate 12-

month drought occurrences across the Rufiji Basin. It unfolds the temporal and spatial nuances of 

various drought characteristics, encompassing factors such as frequency, intensity, and the spatial 

distribution of meteorological and hydrological variables, including precipitation, evapotranspiration, 

lateral flow, and soil moisture. 

The study divided the Rufiji River into six primary sub-basins: the Upper Great Ruaha, the Little Ruaha, 

the Lower Great Ruaha, the Kilombero, the Luwegu, and the Lower Rufiji. The investigation focused 

on understanding drought characteristics specific to each basin. A diverse array of methodologies was 

employed to scrutinize various indices. Python programming, along with the SPEI package in RStudio, 

facilitated the SPI and SPEI analyses.  

The Streamflow Drought Index (SDI) analysis was conducted using the hydrological model SWAT+ 

and the DRINC SDI calculator. The successful calibration of the SWAT+ model, achieving a Nash-

Sutcliffe Efficiency (NSE) of 0.70, produced streamflow simulations closely aligned with observed 

data. This calibration resulted in attenuated peak flow estimates and improved representation of base 

flows compared to the initial SWAT+ simulation output using default parameters for the input of  

landuse, vegetation, soils, and other catchment characteristics. Incorporating the Kilombero wetland as 

a reservoir effectively delayed the occurrence of peak flows at the calibration point, introducing a lag 

of approximately one month. 

Historical climate data was sourced from ERA5 Land, while simulated projected climate data was 

acquired from 13 Coordinated Regional Climate Downscaling Experiment (CORDEX) Regional 

Climate Models (RCMs). The results of the study can be summarised as follows: 

• The successfully calibrated SWAT+ model offers a valuable resource for studying the spatial 

extent and characteristics of hydrological variables within the Rufiji River basin 
and their likely responses to projected changes in climate. 
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• The use of the CORDEX ensemble is deemed reasonable for projecting future climates, given 

its ability to replicate historical climates closely in comparison to observed data. 

• The CORDEX models consistently project a warmer climate in the Rufiji Basin, indicating an 

increase in both minimum and maximum temperatures. Under the RCP 4.5 scenario, there is an 

approximate 3°C rise in temperatures towards the end of the century compared to the historical. 

In contrast, the RCP 8.5 scenario suggests a more substantial change, with an almost average 

5°C increase in temperatures by the end of the century. These projections highlight the potential 

impact of climate change on the temperature regime in the Rufiji Basin. 

• The CORDEX models, especially under the RCP 8.5 scenario, suggest a marginal rise in 

precipitation as the century advances. This is evident in plots, where a reduction in troughs and 

an increase in peaks towards the end of the century imply a potential trend of heightened 

precipitation events in the basin. This observation aligns with the SPI and its anticipated impact 

on precipitation patterns in the Rufiji Basin. 

• The SPI-indexed drought is projected to decrease drought frequency in the basin under both 

scenarios but intensities are expected to vary, with the far future under the RCP 8.5 exhibiting 

higher drought intensities in some sub-basins. 

• The SPI is, however, not a comprehensive indicator for meteorological drought, as it does not 

account for the influence of global warming. Its limitations include an underestimation of 

meteorological drought, making it suitable primarily for assessing projected rainfall amounts 

rather than providing a holistic view of meteorological drought conditions. 

• The SPEI analysis revealed that both RCP 4.5 and RCP 8.5 scenarios project an escalation in 

the intensity and frequency of meteorological droughts across nearly all sub-basins, both in the 

near and far future. Notably, far-future projections indicate markedly amplified impacts, 

characterized by a pronounced exponential trend. 

• The Streamflow Drought Index (SDI) was utilized as a measure of hydrological drought, 

demonstrating its utility in indicating drought conditions under unrestricted flow scenarios. 

However, the SWAT+ model's inability to account for abstractions related to agricultural and 

domestic water use, as well as dam management practices, limited its capacity to represent 

realistic hydrological conditions. Despite this limitation, the SDI analysis provided insights into 

potential areas of vulnerability within the basin. 

• The lack of congruence between the SDI and the Standardized Precipitation-Evapotranspiration 

Index (SPEI) was attributed to the SWAT+ model's limitations. While SPEI highlighted 

increases in the frequency and intensity of drought events under future scenarios, such trends 
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were not consistently reflected in the SDI, underscoring the model's constraints in capturing 

anthropogenic and management-related influences on hydrology. 

• The frequency of hydrological drought as indexed by SDI is anticipated to rise in the near future 

under the RCP 4.5 scenario particularly in the Little Ruaha, Luwegu, and Lower Rufiji sub-

basins.  

• The Kilombero and Lower Rufiji, along with the regions surrounding the Mtera Reservoir, 

exhibit trends indicating increased wetting, primarily influenced by precipitation. However, 

these areas might face challenges such as reduced soil moisture and lateral flow if minimum 

model projections are realized. On the other hand, the Luwegu and Little Ruaha appear more 

susceptible to variations in evapotranspiration and rising temperatures. 

• Based on the results and analysis, the Luwegu and Little Ruaha basins, and to some extent, the 

Lower Great Ruaha, appear to be the most impacted. These areas exhibit increases in both 

meteorological and hydrological drought frequencies and intensities. Additionally, projections 

suggest a decrease in soil moisture and lateral flow in both the near and far future. 

• The potential impacts on these basins could have significant consequences for the ecosystems 

and activities in the affected areas. For instance, in the Luwegu, where the Nyerere National 

Park is located, changes in drought conditions may affect wildlife and the overall flora and 

fauna. In the Little Ruaha, where wetlands are present, agricultural and forestry practices reliant 

on these ecosystems could face challenges due to decreased soil moisture and lateral flow. This 

emphasizes the importance of considering the broader environmental and socioeconomic 

implications of changing drought patterns in the region. 

• The potential impacts on these basins could be further exacerbated by human activities, 

including detrimental land-use changes such as unsustainable agricultural practices, excessive 

water extraction, and deforestation. These anthropogenic factors, coupled with meteorological 

events like prolonged droughts, may contribute to heightened vulnerabilities in the affected 

ecosystems. Therefore, it becomes imperative to address not only climatic influences but also 

human-induced stressors to foster sustainable management and resilience in the face of 

changing environmental conditions 

The anticipated rise in both intensity and frequency of agricultural and hydrological droughts poses 

significant threats to various economic activities, including agriculture, industrial water supply, and 

tourism. Such changes may exert adverse impacts on regional development, especially in the context of 

a growing population that places additional demands on the already water-stressed Rufiji Basin. 

Developing strategies to address these challenges and ensure sustainable water management becomes 

imperative for the future well-being of the region.The findings underscore the limitations of relying 
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solely on meteorological drought indices (SPEI and SPI) for assessing the impact of global warming on 

hydrological droughts. Since SPI may underestimate drought severity while SPEI may overstate it, 

effective climate change mitigation and adaptation strategies should be informed by projections from 

hydrological drought indices rather than relying solely on meteorological drought projections. 

To enhance the accuracy and relevance of studies, it is crucial for governments and water management 

authorities in the area to make data, particularly streamflows and weather data, publicly accessible to 

the academic community. The reliance on outdated data hampers the development and calibration of 

models based on recent information, hindering the ability to connect computational projections to model 

simulations effectively. Establishing streamflow gauging stations at strategic locations along key rivers 

within the basin (as done with the generic gauging stations in this study), both downstream and 

upstream, would provide valuable insights. This approach would enable the study of individual sub-

basins, facilitating more robust results through improved calibration and understanding of hydrological 

dynamics. 

Future research efforts should focus on exploring the effects of land-use changes within the most 

vulnerable basins and their implications for hydrological flows and related variables. Investigating the 

intricate interactions of groundwater systems and wetland processes, particularly within critical basins 

such as the Kilombero, would offer valuable insights into the complex dynamics of the Rufiji River 

system. These studies could significantly enhance our understanding of the factors influencing the 

river's sustainability. Furthermore, future modeling endeavors should prioritize the integration of 

groundwater dynamics, abstraction practices, and dam operations to establish a more realistic and 

comprehensive linkage between meteorological and hydrological droughts, thereby improving the 

accuracy and applicability of drought assessment.
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