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Abstract 

Climate change possibly intensifies hydrological droughts and reduces water availability in river 

basins. Despite this, most research on climate change effects in southern Africa has focused 

exclusively on meteorological droughts. This thesis projects the potential effect of climate change 

on the future characteristics of hydrological droughts in the Limpopo River Basin (LRB). The study 

uses regional climate model (RCM) measurements (from the Coordinated Regional Climate 

Downscaling Experiment, CORDEX) and a combination of hydrological simulations (using the Soil 

and Water Assessment Tool Plus model, SWAT+) to predict the impacts at four global warming 

levels (GWLs: 1.5℃, 2.0℃, 2.5℃, and 3.0℃) under the RCP8.5 future climate scenario. The 

SWAT+ model was calibrated and validated with a streamflow dataset observed over the basin, and 

the sensitivity of model parameters is investigated. The performance of SWAT+LRB model was 

verified using the Nash-Sutcliffe efficiency (NSE), Percent Bias (PBIAS), Root Mean Square Error 

(RMSE), and coefficient of determination (R2). The study also examines the capability of the 

CORDEX SWAT+ system in reproducing the hydro-climatology and the influence of the quantile 

delta mapping (QDM) method on bias correction of CORDEX datasets. The Standardized 

Precipitation Evapotranspiration Index (SPEI) and the Standardized Precipitation Index (SPI) have 

been used to detect meteorological droughts. The Soil Water Index (SSI) has been used to define 

agricultural drought, when the Water Yield Drought Index (WYLDI), the Surface Run-off Index 

(SRI), and the Streamflow Index (SFI) have been used to characterize hydrological drought. 

 

The performance of SWAT+ the model simulations over LRB is sensitive to the parameters CN2 

(initial SCS runoff curve number for moisture condition II) and ESCO (soil evaporation 

compensation factor). The best simulation is generally performed better during the calibration period 

than in the validation period. In calibration and validation periods, NSE is ≤ 0.8, while PBIAS is ≥ 

﹣80.3%, RMSE ≥ 11.2 m3/s and  R2  ≤ 0.9. Although the CORDEX simulations capture the general 

spatial and temporal distribution of the hydroclimate variables over the LRB, they feature a cold and 

wet bias across the basin. However, the QDM bias correction reduces the bias and fosters better 

agreement among the simulations. The simulations project a future increase in temperature and 

potential evapotranspiration over the basin, but they do not project a significant future trend in 

precipitation and hydrological variables. However, the spatial distribution of precipitation reveals a 

projected increase in precipitation in the southern part of the basin and a decline in the northern part 

of the basin, with the region of reduced precipitation projected to increase with GWLs. A decrease 
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in all hydrological variables is projected over most parts of the basin, especially over the eastern 

part of the basin. The simulations predict that meteorological droughts (i.e., SPEI and SPI), 

agricultural droughts (i.e., SSI), and hydrological droughts (i.e., WYLDI, SRI) would become more 

intense and severe across the basin. SPEI-drought has a greater magnitude of increase than SPI-

drought, and agricultural and hydrological droughts have a magnitude of increase that is part-way 

between the two. As a result, this research suggests that future hydrological droughts over the LRB 

could be more severe than the SPI-drought projection predicts but less severe than the SPEI-drought 

projection. This research can be used to mitigate the effects of potential climate change on basin 

hydrological drought. 
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Chapter 1: Introduction 

1.1 Background 

The Limpopo River Basin (LRB) is one of the most economically significant river basins in 

Southern Africa. It has not just contributed to the economy of the four riparian nations (Botswana, 

Mozambique, South Africa, and Zimbabwe), but also to the entire economy of the Southern African 

Development Community (SADC) region, which has a consolidated Gross Domestic Product of 

US$721.3 Billion (SADC, 2012.). The basin underpins a broad scope of socio-economic activities 

(such as mining, industry, agriculture, and tourism) that rely upon the basin as a water resource. For 

instance, in South Africa, the Limpopo basin accounts for 24% of national mining yield, 7% of 

national agribusiness, 6% of national development, and 2% national manufacturing (TIPS, 2016). 

The LRB houses 41% of South Africa's platinum group metals, 90% of its red stone assets, and 

around half of its coal reserves (Limpopo Business, 2017). The agricultural produce of the LRB 

forms a considerable portion of the national export in South Africa. The basin accounts for about 

45% of the $267-million yearly turnover of the Johannesburg fresh produce market. It also provides 

fertile soil for cultivating various South African crops like avocados, mangoes, papayas, tomatoes, 

and potatoes (Limpopo Business, 2017). A large portion of the crops grown in this basin is high-

value crops (i.e., citrus, bananas, and grapes), which are exported (Limpopo Business, 2017). 

Forestry is also extensive in the basin, with around 170 plantations creating over 700 000 tons of 

wood a year (Limpopo Business, 2017). The LRB also hosts 18% of the South country's goats and 

7% of the cattle and produces 6.8% of the country's eggs (Agribook, 2017; Limpopo Business, 

2017). LRB accommodates some of the world's largest thermal power generating stations, such as 

Medupi and Matimba-the largest direct dry-cooled power station (Eskom, 2020). However, drought 

is a significant threat to power generation, agriculture, and livestock production in LRB. A good 

understanding of drought characteristics in the past and future climates will improve the riparian 

countries' economies. The present thesis provides a step in that direction. 

1.2 Physical characteristic of the Limpopo River Basin 

The LRB is located in South-East Africa. The basin flows from 25°E to 35°E and from 19°S to 27°S 

and drains about 415 000 km2. It is a dynamic, cross-border catchment home to 18.8 million people 

across four countries: South Africa (45%), Botswana (20%), Mozambique (20%) and Zimbabwe 

(15%) (Trambauer et al., 2015; Merz et al., 2020). The Limpopo River, which stretches for more 

than 1750 km, is among the longest waterways in Southern Africa. It begins at the juncture of the 

Marico and Crocodile waterways in South Africa and is subsequently joins by the Notwane stream 



2 

 

moving from Botswana and forms the boundary between Botswana and South Africa flowing in a 

northeasterly direction. At the Shashe tributary's conversion, which flows in from Zimbabwe and 

Botswana, the Limpopo turns east and delineates the border between Zimbabwe and South Africa. 

It then flows down the Great Escarpment before entering Mozambique at Pafuri. For the following 

561 km, the waterway flows only inside Mozambique, where it gets inflows from the Olifants River 

and enters the Indian Ocean at Xai-Xai The LRB consists of 24 distinct main tributaries. 

Nonetheless, to encourage water resource management, the basin is partitioned into 27 sub-basins 

with roughly similar mean annual rainfall (MAR), 4 of which are in Botswana, 3 in Mozambique, 

12 in South Africa, and 3 in Zimbabwe, and divided over more than two nations (LBPTC, 2010). 

The topography of the LRB ranges from about 2300 m above sea-level (m.a.s.l) in South Africa’s 

Highveld region to less than seven m.a.s.l in the vast floodplains of the Mozambican part of the 

catchment. The basin generally comprises level or undulating fields between ranges of hills and 

mountains. The exceptions to the generally flat landscape are the northward flowing tributaries of 

the Limpopo found in the mountainous regions of South Africa, including the Waterberg, Strydpoort 

Mountains, and the Drakensberg range in the south-eastern part of the basin. 

1.3 Climate of the Limpopo Basin 

The climate of the LRB varies considerably. It ranges from predominantly arid conditions in the 

west, through semi-arid and temperate areas in the mainland, to rainy tropical conditions over the 

Mozambican beachfront plain and tropical dry savannah towards the Indian Ocean (FAO, 2004; 

Zhu & Ringler, 2012; Trambauer et al., 2015; Seibert et al., 2017). The strong effect of the 

predominant wind patterns (dry continental tropical, moist maritime subtropical eastern, and the 

seasonal movement of the inter-tropical convergence zone (ITCZ)); the robust high and low-

pressure systems; and the regional topography are responsible for this (FAO, 2004). LRB 

precipitation is highly seasonal and unevenly spatially distributed. Precipitation over the basin is 

strongly affected by the ITCZ migration, which gives rise to two distinct rainfall seasons These 

include the summer wet season (December-February) and the winter dry season (June-August). The 

rainy season is when the ITCZ shifts south, and the dry season is when it heads back north (Figure 

1.1). The majority of the rainfall over the basin, approximately 95%, occurs between October and 

April, usually in a few isolated and intense rain days and secluded areas (FAO, 2004). The rainfall 

over the basin ranges from 200 mm/year in the hot, dry western and mainland areas to 1200 mm/year 

in the high-rainfall eastern escarpment zone with a norm of 530 mm/year across the domain (Seibert 

et al., 2017). In summer (DJF) catchment temperatures are between 18°C and 34°C and winter, 

between 5°C and 26°C (JJA) (Gyamfi et al., 2016). The day-time temperatures across the LRB may 

exceed 40°C in the summer months, while night-time temperatures during winter drop as low as 
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0°C, resulting in a substantial diurnal temperature variation (> 20°C). Potential Evaporation over 

the LRB is usually 1970 mm/year, with 800 to 2400 mm/year (FAO, 2004). 

 

Figure 1.1: ITCZ and corresponding rainfall pattern during the dry winter (left) and wet summer 

(right) (Source: Britannica). 

1.4 What is Drought? 

Drought is a common natural climate hazard that happens in all climate regions. Drought 

characteristics vary significantly from one region to the next, with disastrous consequences in 

drought-prone areas. Drought is distinct from aridity in that it is a transient phenomenon (a 

perpetually dry climate with low annual or seasonal precipitation). Therefore, with a drought, a 

return to long-term "normal" conditions is expected. Drought is the most complex natural hazard 

and, despite all efforts to unify drought, no universal definition of drought exists. Following 

Hounam et al. (1975), the World Meteorological Association (WMO) describes drought as a 

persistent and irregular deviation from standard variable reference levels (e.g., of water at a specific 

time and in a specific place). The Intergovernmental Panel on Climate Change (IPCC, 2007) defines 

a drought as “a prolonged absence or marked deficiency of precipitation," "a lack of rain resulting 

in water shortages for a particular activity or group," or "an unusually dry period of prolonged 

drought the absence of precipitation creates significant hydrological imbalances". Perhaps the 

simplest definition of drought is to view drought as a significant deficit of rain at a crucial time and 

in a large area. 

 

Drought is different from other natural disasters in many ways. Drought is frequently alluded to as 

a creeping phenomenon since it often develops slowly over months or years. It all starts with a 
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rainfall delay (or failure) compared to usual or expected levels. This deficiency may impact 

hydrology quickly, or it may take a long time before it manifests itself in reduced streamflow and 

supply volumes or increased groundwater table depths. It is difficult to detect the onset of a drought, 

as well as to determine when one has ended and by what criteria this determination should be made. 

The return of moderate rainfall brings drought to an end. A single rainfall would not alleviate the 

drought, as groundwater and stream volumes need to be returned to normal conditions. Drought 

characteristics are primarily controlled by the hydrologic cycle, and therefore they are not 

independent of factors such as temperature, wind speed, and relative humidity from one location to 

another. 

In addition, classifications of drought should be applied in a specific way, as the impact of droughts 

varies between sectors (i.e., economic, environmental, political, and public).  Drought has different 

implications for agriculture, industrial water supply, and tourism. The impacts of the drought on 

local, regional, and global areas are non-structural and extend beyond damage caused by other 

natural hazards including floods, tropical storms, and earthquakes (Wilhite, 2000). This, combined 

with the slow onset of drought, makes drought prediction difficult for climatologists, hydrologists, 

and policymakers. Meanwhile, drought prediction is critical for early drought warning and 

mitigating its effects. 

1.5 Types of Drought 

Different operational drought concepts are implemented depending on the various elements of the 

hydrological cycle that are influenced by a drought event. Operational definitions seek to describe 

the start, severity, and end of a drought, as well as the affected industry, process, or social 

community (Wilhite, 2000). Recurring periods of abnormally low rainfall can be classified as 

"meteorological, agricultural, hydrological, and socio-economic droughts" based on the various 

potential impacts (Wilhite & Glantz, 1985). As shown in Figure 1.2, droughts start with precipitation 

deficits potentially accompanied by high temperatures, strong winds, and less cloud cover. If this 

situation prevails, it may lead to agricultural drought and eventually to hydrological drought. 
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Figure 1.2: The relationship between different types of drought and their impacts over time (Source: 

Wilhite, 2000). 

1.5.1 Meteorological drought 

A meteorological drought describes the level of precipitation deficiency from a specified threshold, 

indicating normal (i.e., average) conditions over an extended period and the duration of the reduced 

rainfall. Definitions of drought refer to a region because the atmospheric conditions and rainfall 

patterns vary between regions. In many cases, precipitation is the most significant predictor of water 

availability. It is induced by dynamic geophysical and oceanographic forces and is affected by the 

interrelation of the biosphere and the variations in solar energy. Besides reduced rainfall, 

meteorological drought can lead to higher temperatures, wind speeds and evapotranspiration, low 

relative humidity, cloud cover and abnormal daylight, leading to reduced infiltration, percolation, 

soil moisture, runoff and groundwater recharge (Wilhite, 2000). 

1.5.2 Agricultural drought 

Drought in agriculture occurs when the soil moisture available to sustain the growth of crops and 

forage is inadequate, resulting in crop failure and lowering agricultural productivity. Since other 

factors such as evapotranspiration, soil type, slope, and precipitation can affect infiltration rates, the 
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amount of available soil moisture is not directly proportional to precipitation (Wilhite & Glantz, 

1985). Agricultural drought is also associated with losses in livestock production due to the 

reduction in grazing. Massive crop failure and livestock reduction lead to other negative impacts 

such as famine and malnutrition (Rojas et al., 2011). 

1.5.3 Hydrological drought 

A substantial decline in surface and subsurface waters, such as rivers, lakes, streams, and aquifers, 

triggers a hydrological drought (Wilhite, 2005). As the impacts of precipitation deficits on the 

hydrological system components take longer to develop, hydrological droughts typically occur 

following meteorological and agricultural droughts. It affects the hydropower sector with power 

outages, load shedding, and dam operations problems (Calzi, 2013). It interferes with sectors of 

activity such as transportation and irrigation due to dwindling streamflow. This type of drought 

affects the quality and availability of water for domestic and industrial use, potentially leading to an 

epidemic of water-borne diseases including cholera, diarrhoea, and tuberculosis (Jain et al., 2007). 

The hydrological drought can also inflict damages on tourism due to less recreation, and it also 

impacts the environment due to the stress of many endangered species (UNISDR, 2009). 

1.5.4 Socio-economic Drought 

When drought persists in the wake of a meteorological, agricultural, and hydrological drought, it 

affects the people and the economy and is referred to as socio-economic drought. This happens as a 

consequence of the weather-related deficit in the supply of water, when the demand for economic 

resources exceeds what is given (Dracup et al., 1980; Mishra & Singh, 2010).Water shortages in 

water supply systems are frequently the source of the problem. This could result in economic 

inflation and a reduction in household income. Poverty, riots, and war can occur when the economy 

collapses due to water shortages (Boken et al., 2005). 

 

In an increasingly vulnerable world, countries, societies, and ordinary citizens are faced with 

constant misery, loss of life and livelihood because of natural and human-made disasters (Briceño, 

2007). The number of disasters around the world has risen over the last few decades. Considering 

the consequences of global climate change; this pattern is likely to escalate. Drought is one of the 

most significant dangers to the advancement of people's livelihoods. Long-term droughts are 

causing disasters every year, affecting tens of millions of people, and causing poverty and hunger 

for millions more, particularly in African nations. As shown in Figure 1.3, drought is a less common 

threat than other natural disasters. However, when drought occurs, it usually impacts a large area 
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for several seasons or years at a time. As a result, drought affects a greater percentage of the 

population than other natural disasters (Figure 1.4). 

 

 

Figure 1.3: Percentage Disaster incidence by continent: 1970-2008 (source: UNISDR, 2009). 

 

Figure 1.4: Percentage of people affected by each disaster form by continent from 1970 to 2008 

(source: UNISDR, 2009). 



8 

 

The most prevalent natural catastrophe in Africa is drought. The drought occurrence is less than 

20% of all disasters in the continent, however, more than 80% of people are affected by drought, as 

seen in Figures 1.2 and 1.3. During the period 1900-2013, 291 drought events were reported in the 

African continent, affecting more than 300 million people (Masih et al., 2014). Drought disasters 

are more common in some areas than others, and each country's ability to adapt with and respond 

to drought effects varies. Although first-world European countries can mitigate the effect of drought 

on human loss of life while incurring significant economic losses, recurrent drought in Africa can 

seriously impede a country's economic development, leading to famine, death, and emigration. 

1.6 Impacts of Drought in Southern Africa 

Drought is a recurring tyrant in most of the southern African countries. The most drought-prone 

countries in the region are Zimbabwe and Mozambique, where more than ten drought events have 

been recorded during the 1970-2004 period (Figure 1.5). The significant impact of drought in the 

LRB is on food supply as the livelihoods of residents in the basin are heavily reliant on rain-fed 

agriculture. Drought in the basin causes massive crop failure and livestock mortality which leads to 

food insecurity and increased food prices. For instance, the 1991-1992 drought caused famine and 

deepened poverty over the basin. To combat the impact of drought, US$200 million in food aid 

alleviation was spent on 1.3 million individuals who were confronted with starvation in 

Mozambique. Zimbabwe encountered a decrease in agricultural production of 45% that rendered 

most areas semi-desserts (FAO, 2004; Davis et al., 2017). The drought of 2005−2006 devastated 

72,500 hectares of agricultural farmland throughout Botswana, bringing about devastating financial 

misfortunes (FAO, 2004; Mosase & Ahiablame, 2018). 
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Figure 1.5: Number of drought events by country between 1970 and 2004 (Source: Haile, 2005). 

 

The effects of drought are also felt outside of the agricultural sector. In regions where agriculture is 

the mainstay of the economy, significant reductions in agricultural production and a loss of critical 

foreign exchange, primarily due to agricultural exports lead to lower economic growth (FAO, 2004). 

During the drought of 1991-1992, manufacturing output in Zimbabwe decreased by 9.3 % due to 

water and electricity shortages caused by drought resulting in a GDP loss of 11 % (FAO, 2004). In 

that drought, South Africa suffered a GDP loss of 1.8% (about US$500 million) (Davis & Vincent, 

2017) which resulted in farm worker layoffs, increased farm debt, and farm closures, all of which 

negatively affected agricultural-dependent families. It equally trigged the loss of 50 000 jobs in the 

agriculture sector, as well as an additional 20 000 in related industries, affecting some 250 000 

people (Davis & Vincent, 2017). The unforeseen expenditures resulting from droughts can force 

governments to borrow money from domestic or international institutions or introduce new taxes 

and charges for goods and services. For instance, Zimbabwe's government was forced to introduce 
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drought levies on company taxes during the 1984–1985 and 1986–1987 seasons (Benson & Clay, 

1998). In addition, the Zimbabwean government got a US$ 150 million loan from the World Bank 

and US$18 million from the United Kingdom (Benson & Clay, 1998). 

 

The total summer rainfall in Botswana, South Africa, Zimbabwe, Namibia and Lesotho decreased 

by 50% below normal in 1991-1992, and the water storage level in the reservoirs decreased by 50 

% (Meque & Abiodun, 2015). The water shortage compelled communities to make use of 

unprotected water resources through excavating wells and boreholes in order to fulfil household 

activities. The consumption of contaminated water from these boreholes led to an outbreak of 

diarrhea and cholera (Ujeneza & Abiodun, 2015). More recently (2015–2016), the LRB suffered the 

worst drought since 1930 due to the intense 2015–2016 El Niño event, during which the region 

endured the lowest recorded total rainfall of 403 mm and the highest temperatures over the last ten 

years (Davis & Vincent, 2017). Dam levels in Limpopo were down to about 22 % (Otter, n.d), and 

the province was declared a drought disaster area. 

1.7 Climate Change and drought 

Climate change has a massive effect on water availability as it alters the hydrological cycle. Since 

climate change accelerates the hydrological cycle, various impacts and challenges may arise in 

Southern Africa, including the increased frequency of severe storms, erratic rainfall, and droughts. 

Droughts in Southern Africa may become more extreme and frequent as a result of continued global 

warming, increasing evaporative demand, and reduced rainfall (Hulme et al., 2001; Shongwe et al., 

2009; Engelbrecht et al., 2015, Abiodun et al., 2019). According to Manatsa et al. (2017), rising 

temperatures affect the severity of the drought, with evapotranspiration (ET) absorbing up to 80% 

of the rainfall. Although drought is primarily caused by below-average precipitation, the effect of 

atmospheric evaporative demand should not be overlooked, particularly given ongoing global 

warming. Moreover, climate change could put additional pressure on the supply and accessibility of 

water in Africa. This is evidenced by research predicting that water supply would decrease to one 

thousand cubic meters per person per year by 2025 in eastern and southern Africa (Allen et al., 

2004). Only a few studies (i.e., Zhu & Ringler, 2012; Aich et al., 2014; Botai et al., 2020) have 

analysed the hydrological responses of climate change over the Limpopo basin and predicted a 

decline in water availability. However, there is still no published research projecting the effects of 

climate change on drought. To make matters worse, owing to its large climate variability, 

dependence on rainfed agriculture, and poverty, the LRB has a low adaptive capacity, making it 

vulnerable to climate change and exacerbating drought across the basin. Future projections of 

drought have value that the agricultural or water management sectors have not utilized despite the 
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contribution to drought monitoring and preparedness (Trambauer et al., 2015). It is therefore 

important to examine the possible effects of climate change on hydrological drought in the LRB. 

1.8 Research question 

The key research question in this study is: How climate change is likely to affect hydrological 

drought in the Limpopo river basin? 

1.9 Aims and Objectives 

This research investigates the potential impact of anthropogenic climate change on future 

characteristics of hydrological drought in the Limpopo Basin using regional climate and 

hydrological model simulations. The specific objectives of this analysis are as follows:   

1. Apply and calibrate a hydrological model (built using SWAT+ software) of the LRB and 

examine the influence of different objective functions on the calibration. 

2. Evaluate the capability of the hydro-climatic modelling system (CORDEX SWAT+) in the 

simulation of the hydroclimate of the basin and investigate how bias-correction improves 

the simulation. 

3. Assess the possible effect of climate change on the hydroclimate of the basin across various 

GWLs, in particular on meteorological and hydrological droughts. 

The overall goal of this study is to provide information on how future climate change is likely to 

affect water supplies over the LRB. The information could find value in adopting risk management 

of drought impacts through adaptation and mitigation strategies. Information from this research may 

assist water managers and policymakers in developing an efficient decision-making framework to 

facilitate, plan and assess early warning systems for future droughts over the LRB. 

 

This dissertation is divided into seven chapters. Chapter 1 introduces the concept of drought, the 

LRB and the aim of this study. Chapter 2 addresses the literature on methods used to measure 

drought, the system used to model hydrological drought, and the effect of climate change on water 

supplies. Chapter 3 explains the data and models used in the analysis and the methodology adopted. 

Chapter 4 presents the calibration and validation of the SWAT+ performance against observed 

streamflow. Chapter 5 presents the model evaluation of the CORDEX RCM ensembles and 

investigates the influence of bias correction on the CORDEX simulations. Chapter 6 presents future 

climate change impacts on hydro-climatological variables and droughts over the Limpopo river 
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basin. A summary of the essential findings and suggestions for future research is provided in Chapter 

7.  
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Chapter 2: Literature Review 

This chapter provides an overview of the relevant literature relating to droughts in southern Africa. 

It starts by discussing the leading drought indices that have been used in previous studies to 

characterize drought in southern Africa and discusses different approaches previous studies have 

used in simulating hydrological drought. It then reviews studies that have modelled the effects of 

climate change on hydrological drought in Southern Africa. 

 

2.1 Quantifying Drought 

Past studies have developed and used numerous indices for studying drought. In general, drought 

indices are used to define drought events and their associated parameters, such as intensity, duration, 

and severity (Mishra and Singh, 2010). While none of the drought indices has inherent superiority 

over others, some are better suited for characterizing drought in specific conditions. Drought indices 

that are widely used in Southern Africa for water resource management, monitoring, and drought 

prediction include, but are not limited to, meteorological indices, including Standardized 

Precipitation Index (SPI; McKee et al., 1993), Palmer Drought Severity Index (PDSI; Palmer, 

1965), and the Standardized Precipitation Evapotranspiration Index (SPEI; Vicente-Serrano et al., 

2010). The most extensively used hydrological drought indices over southern Africa are the 

Threshold Level Method (TLM; Yevjevich, 1967), Standardized Streamflow Index (SFI; Modarress 

(2007), and Standardized Runoff Index (SRI; Shukla & Wood, 2008). These indices have been used 

over a diverse range of applications around the world, including climate change and variability 

(Oguntunde et al., 2017), hydrological regimes, drought forecasting, future drought projections, and 

land-water resource management. 

 

Palmer (1965) developed the PDSI as one of the first attempts to identify droughts using more than 

just precipitation data. This drought index is calculated using the soil water balance equation and 

includes data on temperature, precipitation and soil moisture for the calculation of moisture supply 

and demand (Mishra & Singh, 2010; Vicente-Serrano et al., 2010). In this way, PDSI accounts for 

sensitivities to both precipitation and temperature, making it a useful tool in climate change studies 

(Mishra & Singh, 2010). However, several studies (e.g., Alley, 1984; Guttman, 1991; Guttman et 

al., 1992; McKee, 1995) documented the shortcomings of PDSI, which led to the development of 

alternative indices. To address some of the limitations of PDSI, Palmer (1965) developed a soil 
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moisture drought index (Z-index), a hydrological drought index (PHDI), and a crop moisture index 

(CMI; Palmer, 1968). Wells et al. (2004) developed the self-calibrated PDSI (sc-PDSI) by replacing 

all the PDSI constants with values calibrated for the region of interest. This improved the spatial 

comparability of PDSI. Nonetheless, the main limitation of the PDSI remains the fixed temporal 

scale (9 - 12 months) which does not allow for the distinction between drought types (Mishra & 

Singh, 2010; Vicente-Serrano et al., 2010; Trambauer et al., 2014). Even so, PDSI has been used in 

numerous drought monitoring studies globally (Sheffield & Wood, 2008; Dai, 2011a; Dai, 2011b), 

mainly in the United States (Diaz, 1983; Piechota & Dracup, 1996; Cook et al., 1999) where the 

index is currently operational and in China (Zou et al., 2005; Yan et al., 2016). In southern Africa, 

the sc-PDSI has had more popularity, where previous global studies (Dai, 2011; 2013; Zhao & Dai, 

2015) have used sc-PDSI to investigate droughts globally, including southern Africa. 

 

The SPI (multi-scale drought index established by McKee et al., 1993) has become more common 

in the research community because of its capacity to classify all forms of drought. SPI is only 

dependent on precipitation and can track both rainy and dry events at various timescales. For 

example, SPI, at a shorter time scale of 3- to 6-months represents the reaction of soil moisture 

conditions to precipitation anomalies, rendering it valuable for predicting meteorological and 

agricultural drought. At the longer 6-, 12-, 24- and 48-month scales, SPI captures groundwater, 

streamflow, and reservoir storage (i.e., hydrological drought). In Southern Africa, SPI has been used 

in several studies. Rouault & Richard (2005) used SPI to analyze the spatial extent of droughts in 

Southern Africa. According to the authors, the intensity and area affected by drought in the region 

have increased since the 1970s. In South Africa, Malherbe et al. (2015) investigated the decadal 

variability of South African droughts. In Zimbabwe, drought predictors (Manatsa et al., 2008) and 

spatial-temporal characteristics of drought (Manatsa et al., 2010), as well as the distribution of future 

extreme dry and wet spells (Sibanda et al., 2020), have been established using SPI. Besides, SPI has 

been used in a few studies to forecast seasonal droughts in African river basins, including the LRB 

(Dutra et al., 2013; Trambauer et al., 2014; Trambauer et al., 2015; Seibert et al., 2017). However, 

since SPI only uses precipitation to determine drought, it cannot monitor the drought caused by 

rising temperatures. 

 

The SPEI was created by Vicente-Serrano et al. (2010) to overcome the shortcomings of the PDSI 

and SPI. SPEI is based on a climatic water balance (𝐶𝑊𝐵: the disparity between precipitation and 

potential evapotranspiration) calculated every month (Vicente-Serrano et al., 2010).  SPEI considers 

both precipitation (𝑃) and potential evapotranspiration (𝑃𝐸𝑇) when assessing drought 

characteristics for an area. This allows SPEI to capture the key effect of rising temperatures on 
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demand for water.  SPEI describes not only the predicted effects of precipitation but also the 

expected drought intensity as a result of temperature fluctuations. Therefore, the index is more 

appropriate for tracking the effects of global warming on droughts. In this way, SPEI combines 

PDSI and SPI strengths, demonstrating sensitivity to evaporative demand and ease of calculation, 

and multi-scalar capability, making it an effective tool for drought studies. Several publications have 

appeared in recent years documenting the use of SPEI in Southern Africa. SPEI was used by Ujeneza 

& Abiodun (2014) to study the spatiotemporal variability of drought in southern Africa. Trambauer 

et al. (2014) investigated the spatiotemporal variability of drought in the LRB using multiple 

drought indices. They found that 3-month SPEI was a good alternative to monitor agricultural 

drought in the absence of adequate information to calculate more complex indices, such as the 

Evapotranspiration Deficit Index (ETDI) and Root Stress Anomaly Index (RSAI). Masupah & 

Moeletsi. (2017) used SPEI to evaluate the severity of drought during the maize growth period in 

the Luvuvhu catchment region of the Limpopo basin. Abiodun et al. (2019) investigated potential 

drought predictions in Southern African river basins. They found that SPEI is crucial in climate 

change projections as the use of precipitation alone (SPI) could underestimate the extent and 

reliability of the drought signal. 

 

According to previous research, hydrological droughts can be studied using either the runs 

(Yevjevich, 1967) or a standardized indices approach. By applying the threshold method Yevjevich, 

(1967) defined a drought event as a period during which the hydrological variable (i.e., streamflow, 

groundwater flow, reservoir storage) is below the predetermined truncation level. It focuses on the 

volume of water deficit, a significant drought symptom for water resource management (Van Loon, 

2005). Nyabeze (2004) applied the variable threshold method to identify hydrological drought over 

tertiary catchment in the Mzingwane Catchment. More recently, in South Africa, the threshold 

method was used on dam storage volumes to monitor the 2015-2017 drought in Western Cape by 

the government. The total water deficit from six of the largest dams that supply Cape Town with 

water reached new lows each year, dropping to 21% capacity in May 2018 (Burls et al., 2019). The 

threshold level method, on the other hand, has a significant downside in that it does not calculate 

standard drought classes (Van Loon, 2005). Standardization is required to avoid significant 

differences across climate types and compare global drought studies (Van Loon, 2005).  Drought 

intensity can be compared over time and space using standardized indices, including comparisons 

across basins with different regime characteristics, flow variability, and flow magnitude (Vicente-

Serrano et al., 2012). The standardized streamflow drought index (Moddares, 2007) and the 

standardized runoff index (Shukla & Wood, 2008) are both hydrological indices that use McKee's 

(1993) SPI concept. The SFI is used to measure the monthly normalized anomalies in the observed 
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or simulated streamflow, while the SRI is used to reflect anomalies in modelled runoff per unit area. 

A similar index, Standardized Soil Moisture Index (SSI) developed by AghaKouchak (2014) has 

been applied by many researchers in soil moisture and agricultural drought-related studies (Carrão 

et al., 2016; Ndehedehe et al., 2016; Kang & Sridhar, 2017). In Southern Africa, Lweendo et al. 

(2017) used SRI and SSI to characterize past drought events in the Upper Kafue River Basin. In a 

recent study, Botai et al. (2020) used the SFI to characterize future drought over the LRB. 

Additionally, both the SRI and SFI have been used in a few seasonal hydrological droughts forecast 

studies (i.e., Trambauer et al., 2014; Trambauer et al., 2015; Seibert et al., 2017). The classification 

for all the above mentioned standardized indices is outlined in Table 2.1. 

 

Table 2.1:Classification of drought indices (adapted from Lweendo et al., 2017). 

 
Drought Categories SPI, SPEI, SRI, SFI, SSI, WYLDI Values 

Normal Drought  >-0.50 

Mild Drought  (-1.00, -0.50] 

Moderate Drought  (-1.50, -1.00] 

Severe Drought  (-2.00, -1.50] 

Extreme Drought  - 2.00 

 

Nevertheless, numerous research (Abiodun et al., 2019; Akinyemi & Abiodun, 2019; Naik & 

Abiodun, 2019) on future drought projections in Southern Africa have focused on meteorological 

drought even though water availability is better captured using hydrological drought indices. While 

some meteorological drought indices are based on only climatological variables (e.g., SPI), other 

indices include a combination of climate and hydroclimate variables (e.g., PDSI and SPEI). 

However, for drought studies to be relevant to water resources management, hydrological drought 

indices based on hydrological variables (such as streamflow, runoff, and water yield) need to be 

used. To date, no works in the literature consider both hydrological and meteorological drought 

indices for future drought assessment in southern Africa. Hence, this study uses meteorological (SPI 

and SPEI) and hydrological drought (SRI, SFI, and WYLDI) indices to predict the effects of global 

warming on potential hydrological droughts in the LRB. 
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2.2 Hydrological Drought Modelling Frameworks 

Several studies have used the Global Climate Models (GCMs), hydrological models, and drought 

indices as primary tools for obtaining projections of future hydro-meteorological droughts (Wanders 

et al., 2015; Oguntunde et al., 2017; Tan et al., 2020). To quantify drought characteristics (i.e., 

frequency, duration, and intensity), these studies have transformed the GCM projected changes in 

hydro-meteorological variables into various drought indices. However, since water is generally 

handled at the regional or local level, the use of GCMs may cause some problems in terms of water 

resource management. GCMs have a coarse spatial resolution (100–300 km), according to Nyenje 

& Batelaan (2009) in Nkonjera (2017), and therefore level out local gradients in most climate 

variables including precipitation and temperature. Before being used in a calibrated hydrological 

model, GCM outputs are usually dynamically or statistically downscaled to realistically represent 

changes at the local level (Nkonjera, 2017; Tan et al., 2020).  

 

The World Climate Research Program (WCRP) developed the CORDEX Program in response to 

the need for low-scale climate modeling products (Jones et al., 2011; Kusangaya et al., 2014). The 

CORDEX-Africa project was established in Africa to provide high quality multi-model climate 

change simulations for use in climate change effects and adaptation research (Haensler et al., 2013; 

Kim et al., 2014; Dosio & Panitz, 2016; Dosio, 2017). As a result, downscaling has made it easier 

to analyze shifting temperatures and droughts at the scale at which water supplies have been handled 

since Regional Climate Models (RCMs) achieved a spatial resolution of 10–50 km2, (Nikulin et al., 

2012; Nkonjera, 2017). 

 

Numerous studies have used regional climate projects to drive hydrological models in simulating 

future responses to global warming. Such hydrological response clarifies the occurrence of 

hydrological drought incidence. For example, Vu. (2015) used the SPI and SSI to analyze hydro-

meteorological droughts in the Dakbla River Basin, central High land of Vietnam, using three 

regionally downscaled GCMs to force a SWAT model. They found that future hydro-meteorological 

droughts will occur more frequently, but at a lower intensity. Similar research was performed by 

Meresa et al. (2016) over ten catchments in Poland using SPI, SPEI, and SRI based on predictions 

from EURO-CORDEX used with the HBV hydrological model to study possible 

hydrometeorological droughts. Tan et al. (2019) evaluated potential hydro-meteorological droughts 

in the transboundary Johor River Basin, which provides fresh water to communities in the Southern 

Peninsula of Malaysia and Singapore. Climate simulations from CORDEX-Southeast Asia have 

been introduced into SWAT models to predict potential streamflow for SSI calculations. In southern 
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Africa, this approach remains briefly addressed in the literature. More recently, Botai et al. (2020) 

calculated SFI from CORDEX RCMs, used to force the ACRU hydrological model for the South 

African portion of the LRB to study hydroclimatic extremes of streamflow. However, while the 

study focuses on hydrological drought, it only uses two downscaled GCMs to drive a lumped 

hydrological model. This study uses several multi-simulation data from CORDEX in a physically-

based semi-distributed model (SWAT+) to project future hydro-meteorological droughts. It, 

therefore, addresses the need for a robust LRB hydro-meteorological drought assessment framework 

that can be adapted for use in other basins in Southern Africa. 

2.2.1 Hydrological Models 

Previous research across the globe shows that quantifying hydro-climatic extremes (i.e., drought) is 

vital for understanding water's potential risk. Long-term observational records are required to 

monitor drought as they are the most accurate source for understanding the hydro-climate system 

(Tan et al., 2020). However, the accuracy and availability of observation data are limited in poorly 

gauged regions, such as Southern Africa. Furthermore, certain hydrological variables are not 

recorded at all, the consistency of the data is too low, or the observations are affected by human 

activities. Hydrological models can be used to extend data series, fill in missing data, and naturalize 

disrupted time series (Van Loon, 2015). Hydrological modelling has become a standard practice for 

understanding the relationship between hydrological processes and environmental problems due to 

model capacity to predict system behavior. An additional benefit is the applicability of the model to 

a wide variety of basin sizes and environmental conditions (Tan et al., 2020). As a result, 

hydrological modeling is a valuable method for assessing the effects of climate change on water 

resource availability.  

Several theories have been proposed to classify hydrological models, some focusing on how 

catchment processes are represented (i.e., deterministic or stochastic), and others on the spatial 

distribution of input parameters (Refsgaard, 1996). Deterministic models are further subdivided into 

physically based, conceptual, and empirical models. Simple empirical "black box" models like the 

rational method and the unit hydrograph model are observational models that rely heavily on input 

accuracy rather than physical catchment processes. Owing to their simplicity, empirical models are 

not suitable for modelling flow variation in the catchment area. In conceptual models, the principle 

hydrologic processes of the catchment are represented by simplified mathematical relationships. 

The complexity of the conceptual models relies on the balanced equations used to characterize the 

hydrological elements (Pechlivanidis et al., 2011; Beven, 2012). Some of the more commonly used 

conceptual models include the Topography based Hydrological Model (TOPMODEL; Beven & 
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Kirkby, 1979; Beven et al., 1984), and the Hydrologiska Byråns Vattenbalansavdelning (HBV; 

Bergström, 1992). Physically-based models represent physical processes in a catchment using mass, 

momentum, and energy conservation (Refsgaard, 1996). These models can overcome many 

shortcomings of empirical and conceptual models because their parameters have physical 

representation models, including an integrated Water Balance Model (WatBal; Knudsen et al., 

1986), MIKE Système Hydrologique Européen (MIKE SHE; Abbott et al., 1986), Agricultural 

Catchments Research Unit (ACRU; Schulze, 1995), and the Soil and Water Evaluation Tool 

(SWAT; Arnold et al., 1998a), which have been applied to a wide range of situations. 

Table 2.2: Characteristics of the basic structure of empirical, conceptual and physically-based 

hydrological models. 

Models Empirical model Conceptual model Physically based model 

Based on Non-linear input-output 

interaction and black box 

principle 

Water balance equations 

 

General laws and equations 

of physical sciences 

Advantages Requires few parameters 

which could be more 

precise, fast simulation 

speed/executable 

Simple mathematical model 

framework, relatively 

straightforward calibration. 

Includes precise dimensions 

of space- time variability 

Disadvantages No link with physical 

catchment processes, 

misinterpretation of input 

data 

 

Disregards spatial variability 

within drainage basin 

Requires numerous site-

specific parameters and 

calibration 

Application In ungauged catchments 

where runoff is the only 

required output 

When the convergence speed 

or data is limited. 

Outstanding small-scale 

data accessibility 

 

Several scholars have recognized that the spatial distribution of inputs and parameters is also an 

essential feature of model selection (Crundelik, 2003). Runoff models use spatial processes to 

represent the catchment for modelling purposes. They are focused on data from the catchment, as 

well as how runoff is created and routed.  The soil, vegetation, geology, and topography all influence 

the relationship between rainfall and runoff within the watershed and should be accounted for when 

modelling (Beven, 2012). Catchment process can be lumped, partially distributed, or fully 

distributed in terms of spatial structure in rainfall-runoff models as shown in Figure 2.1. The spatial 

variability of catchment characteristics is not considered in a lumped model. The catchment 

properties are the same across the entire region in this type of model, which frequently leads to over-

or under-parameterization (Rinsema, 2014). Many empirical and conceptual models are run in a 

lumped spatial format. Lumped models do not accurately represent large watersheds and catchments 

because of the numerous assumptions and averaged conditions they contain (Moradkhani & 
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Sorooshian, 2008). The semi-distributed model, unlike the lumped model, takes into consideration 

the spatial variability and land use characteristics of a basin, giving it a more physically based 

structure (Sitterson et al., 2017). Depending on the input data, conceptual and physical models can 

be semi-distributed. For example, TOPMODEL is a semi-distributed conceptual model that divides 

a catchment using land surface slope and soil characteristics, whereas SWAT uses hydrologic 

response units to further divide a catchment. Distributed models are the most complex since they 

account for the spatial heterogeneity of inputs and parameters (Sitterson et al., 2017). In practice, 

the physically-based model must be distributed in a way that is related to the actual hydrologic 

process (Refsgaard, 1996). Distributed hydrological models are critical tools for assessing the 

impact of land use modifications on basin hydrology. Fully distributed models, on the other hand, 

take a long time to set up and necessitate a lot of computing power (Sitterson et al., 2017). The 

process of generating results takes a long time as well. As a result, a physical, semi-distributed 

hydrological model is used in this analysis. 

 

Figure 2.1: Demonstration of how hydrological models visualize the spatial structure. A: Lumped 

model, B: Semi-Distributed model by subbasin, C: Distributed model by grid cell. The black dots 

indicate the outlet point where runoff is determined for each catch catchment. Lumped models 

calculate a single runoff value over the entire basin, whereas, distributed models measure runoff in 

each grid cell. (Source: Sitterson et al., 2017). 

 

Numerous studies have applied the global SWAT hydrological model to watershed resource 

modelling problems across a broad variety of basin scales and environmental conditions, as 

demonstrated by more than 2,500 archived publications (Gassman et al., 2007).Some of the early 

applications of SWAT in Southern Africa were for hydrological analysis of river catchments in the 

KwaZulu Natal province of South Africa (Govender & Everson, 2005; Andersson et al., 2009; 

Andersson et al., 2011). Recent SWAT applications have focused on the hydrological analysis of 

the Limpopo Basin. Mosase et al. (2019) conducted multi-site calibration of SWAT for the entire 
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LRB and assessed the spatial-temporal distribution of discharge across the basin. They discovered 

that only about 20% of the basin (mostly in the east) has enough water, while the remaining 80% is 

still experiencing drought and water stress. To quantify groundwater recharge, Mosase et al. (2019) 

combined SWAT with Modular Three-Dimensional Finite-Difference Groundwater Flow 

(MODFLOW). SWAT has also been utilized elsewhere in the LRB. For example, SWAT was 

calibrated for the Olifants (Gyamfi et al., 2016) and Luvuvhu (Thavhana et al., 2018) river 

catchments to simulate streamflow. Subsequently, Gyamfi et al. (2016) used SWAT to examine 

hydrological responses to changes in land use in the Olifants River Basin (ORB). They discovered 

that the most significant factor in increasing surface runoff production, water yield, and ET was 

urbanization. Nkhonjera et al. (2020) recently used SWAT to investigate the variability of local 

precipitation in the upper-middle ORB and discovered significant monthly and seasonal variability. 

However, the upgraded version of the SWAT model, called SWAT+, has not been applied to the 

LRB. 

 

2.3 Climate change impacts on hydrological processes 

According to previous studies, as GHG-induced warming persists throughout the twenty-first 

century, drought may become more serious and widespread (Dai, 2011; Zhao & Dai, 2015). 

Although precipitation deficiencies are really the main cause of historical droughts, a huge rise in 

the atmospheric evaporative demand has been a significant cause of prevalent drought in the 

warming climate. (Dai 2011; Zhao & Dai, 2015). Even if the amount of precipitation rises, a 

decrease in the frequency of precipitation and an increase in the number of dry days may exacerbate 

drought (Zhao & Dai, 2015). In addition, higher temperatures can alter the hydrological response 

by reducing or changing precipitation patterns and increasing evaporative requirements 

(Kundzewicz et al., 2007). 

 

2.3.1 Evaluating the impact of climate change on climatology 

Previous studies reveal that a warming trend has occurred over southern Africa since the 1960s 

(Kruger & Shongwe, 2004; New et al., 2006; Kruger & Sekele, (2012). Easterling et al. (1997) 

observed a rise in annual average high temperature and a widespread increase – though still quite 

low – in annual average minimum temperature. Despite a global trend toward decreasing diurnal 

temperature ranges (DTR), Easterling et al. (1997) discovered that DTR has increased across most 

of South Africa. Nonetheless, Hulme et al. (2001) showed a decline in the DTR across South Africa 

during the 1950s and 1960s. They also indicate a strong signal of warming in the central interior of 
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southern Africa and cooling over South Africa's coastal regions from 1901 to 1995. Kruger & 

Shongwe (2004) studied the 1960–2003 timeframe and observed that, with a few exceptions, South 

African stations recorded significant changes in average annual temperatures, with the greatest 

warming occurring in the interior of the country and throughout the autumn months. In terms of 

DTR, the stations registered contradictory results, with no discernible regional pattern. New et al. 

(2006) established a general rise in heat extremes across South Africa with more substantial 

increases in warm extremes (8.2 and 8.6 days/decade) and decreased in cold extremes ( -3.7 and -

6.0 days/decade) in the western, northeastern, and extreme eastern parts of the country. Kruger & 

Sekele (2012) analyzed severe temperature indices for 28 stations across South Africa from 1962 to 

2009 and found results that concur with the past work of Kruger & Shongwe (2004) and New et al. 

(2006). They discovered that the north-east Lowveld, the east coast, and the dry western interior of 

the country endured somewhat greater warm extremes, whilst the interior of the country observed a 

weaker trend. Similarly, MacKellar et al. (2014) observed that the high and minimum temperatures 

in South Africa rose substantially over all seasons between 1960 and 2010. However, in this 

analysis, the minimum temperatures in the central interior of South Africa were found to be slightly 

lower. 

 

In Southern Africa, long-term rainfall trends are less coherent due to large interannual and 

multidecadal variability (Jury, 2013). However, some studies conducted over the region found 

intense and widespread extreme rainfall variability and drought events. New et al. (2006) recorded 

a statistically significant rise in consecutive dry days over most southern Africa from 1961 to 2000.  

Mason et al. (1999) observed that, apart from the northern and southern parts of this region, the rate 

of the high rainfall events in South Africa increased between 1961 and 1990, 1931 and 1960. These 

findings are in accordance with Thomas et al. (2011), who found increased dry spells and fewer rain 

days in Limpopo. Over central and northeastern South Africa, MacKellar et al. (2014) discovered a 

spatially consistent decline in rainfall and the number of rain days during the autumn months. In the 

far north and northwestern parts of South Africa, Kruger & Nxumalo (2017) observed a decrease in 

rainfall as well as signs of heavy rains in the west. They also discovered a rise in the frequency of 

severe rainfall events throughout the region, including a decrease in wet spells in the northeast. 

Mosase & Ahiablame (2018) find a rise in annual and seasonal rainfall over most of the Limpopo 

basin from 1979 to 2013, apart from the winter season, which indicates a decline. 

2.3.2 Evaluating the impact of climate change on hydrology 

Prior research shows that changes in temperature and precipitation have a direct impact on the 

amount of ET, affecting the quality and amount of runoff (Kusangaya et al., 2014). As a result, 
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changes in temperature will dramatically alter the availability of water resources in space and time 

(Kusangaya et al., 2014 Most studies in South Africa project that the temperature increase in the 

twenty-first century will range from 3°C to 6°C, as GHGs increase (Hudson & Jones, 2002; New et 

al., 2002; Tadross et al., 2005; Engelbrecht et al., 2015). For example, Hudson & Jones (2002) 

predicted that by the 2080s, the summer temperature in Southern Africa would increase by 3.7 ° C, 

and the winter temperature would increase by 4.0 ° C. Nevertheless, the anticipated temperature 

changes would vary across the region, with central and south Botswana, parts of northwestern South 

Africa, Namibia, and Zimbabwe expected to warm the by 0.2 to 0.5°C per decade (Christensen et 

al., 2007). According to Engelbrecht et al. (2015), annual average temperatures will rise drastically 

across most of Southern Africa, particularly in Limpopo, reaching highs never seen before in the 

observed climate record of the region. 

 

The uncertainty for rainfall projections is high, ranging from decreased precipitation over most 

southern Africa to wet conditions over the eastern parts and dry conditions further west (Christensen 

et al., 2007). Hulme (1992) and Mazvimavi (2011) projected a rainfall decrease of 3-23% in 

Southern Africa. This is supported by a few observational studies (Hudson and Jones, 2002; Tadross 

et al., 2005; Shongwe et al., 2011; Diallo et al., 2015) that indicate a decline in rainfall some parts 

of Southern Africa. Several scholars hold the same view (e.g., Hulme et al., 2001; Arnell et al., 

2003) and expect that the area will be marked by low-level rainfall and recurrent droughts in the 

future. Christensen et al. (2013) for the IPCC projected reductions of up to -5% by 2035 in the 

annual average rainfall over Southern African using the RCP4.5 mean model ensembles. The 

models project a drying signal to the west, inland and south-eastern regions and the interior of 

Southern Africa by 2050. (over Zambia, Zimbabwe, Botswana, the southern region of Mozambique, 

and Limpopo -North of South Africa). Under the A2 emission scenario, models project a drying 

signal by 2050 over the west, interior, and south-eastern parts and the interior of southern Africa 

(over Zambia, Zimbabwe, Botswana, the southern region of Mozambique, and Limpopo -North of 

South Africa). However, over Limpopo, the projected changes in the future (2080-2100) are within 

the current climate's limits. 

 

Many scientists have investigated the effects of climate change on water sources, but their research 

has been limited to a sub-regional or national level (Kusangaya., 2014). For example, Milly et al. 

(2005) predicted a 10-30% drop in the runoff in Southern Africa by 2050 using an ensemble of 12 

GCMs hosted centrally by the Program for Climate Model Diagnosis and Intercomparison (PCMDI) 

and. Strzepek and McCluskey (2007) used five CMIP4 GCMs and scenarios A2 and B2 to force the 

WatBal hydrological model across eleven African continent countries. They analysed changes in 
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streamflow and soil moisture and concluded that, with the exception of South Africa, all countries 

in Southern Africa will experience a significant decrease in streamflow of 10% to 20%. Nonetheless, 

the increase over South Africa is highly moderate (under 10%). Zhu & Ringler (2012) improved on 

this by forcing the GHM (Global Hydrological Model) with two statistically downscaled GCMs, 

confirming possible runoff decreases due to rising evaporative demand (PET) and declining 

precipitation and actual evapotranspiration. Subsequently, the Soil and Water Integrated Model 

(SWIM) was applied to calculate the effects of potential climate change on streamflow using a bias-

corrected collection of Earth System Models from the Coupled Model Intercomparison Project 

Phase 5 (CMIP5) (Aich et al., 2014). Researchers have discovered significant variance in 

predictions, and no agreement has been reached on the effects on potential streamflow.  

 

Earlier work in the LRB, on the other hand, was almost exclusively based on the catchment's 

hydrological response to climate change. The hydrological response to drought predictions was 

given only a passing glance. In a recent study, Abiodun et al. (2019) used the CORDEX multi-

model ensemble simulations to investigate global warming effects on droughts over significant river 

basins in Southern Africa. SPEI and SPI were used to measure drought, and the researchers predicted 

a rise in severity and frequency of SPEI-drought throughout Southern Africa. However, the 

projections of Abiodun et al. (2019) are conducted at the regional scale and not brought down to the 

river catchment scale and thus unable to capture how increasing GWLs impact local hydrology and 

streamflow. This study broadens the predictions on the effect of climate change on the catchment 

scale of hydrological drought, building on Abiodun et al. (2019). 
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Chapter 3: Methodology 

This chapter outlines the datasets and methodologies applied in model development, calibration, 

and validation of SWAT+, the evaluation and bias correction of the CORDEX RCM ensembles, 

followed by the multi-forcing ensemble projections. 

 

3.1 Data 

3.1.1 GIS datasets 

Land use in the watershed, soils, and the Digital Elevation Model (DEM) are some of the spatial 

data needed by the model to simulate hydrological responses. The land cover/land use and soil data 

used in this study are global datasets available with hydrological model software with a limited 

resolution and are primarily used in a "generic" catchment. This generic data application can be 

customised to reflect specific local conditions using local spatial data with a higher resolution; 

however, due to the time constraints, scope, and objectives of this study, this was not done. 

 

The data from the DEM was derived from a 90 m × 90 m resolution shuttle radar topography mission 

(SRTM DEM),  retrieved by the International Consultative Group on Agricultural Research 

(CGIAR-CSI; website) from the Space Information Consortium (Jarvis et al., 2008). The elevation 

data was used to delineate the watershed, characterize the river system, and estimate the slopes of 

overland zones and channels. The GIS layer representing land cover/land-use in the basin was 

constructed from the United States Geological Survey Global Land Cover Characterization (USGS-

GLCC) available on the SWAT website. The land use data has a resolution of 400 m with a 

classification of 24 different land cover types. The geographical representation of soils is obtained 

at a scale of 1:5 000 000 from the FAO-UNESCO Digital Soil Map of the World website. The soil 

data consist of the main physical properties of the soil, including the percentage of texture (i.e., 

sand, silt, and clay), bulk density, porosity, and saturation content of the water. 

3.1.2 Climate Dataset  

3.1.2.1 GMFD Dataset 

The observed climatic data in the LRB is mostly of low-quality owing to several missing data values. 

For this reason, the Global Meteorological Forcing Dataset (GMFD; version 3.0; Sheffield et al., 

2006) developed by the Princeton University Land Surface Hydrology Research Group has been 

http://srtm.csi.cgiar.org/
https://swat.tamu.edu/data/
https://swat.tamu.edu/data/
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used in this analysis. The GMFD is gridded at a high resolution of 1° x 1° across the entire global 

landmass and ocean from 1948 to 2000. GMFD is a global product that incorporates global 

reanalysis of the National Centers for Environmental Prediction – National Center for Atmospheric 

Science (NCEP) with a suite of global measurements of the Climate Research Unit (CRU), Global 

Precipitation Climatology Project Integrated Precipitation Dataset (GPCP) and Tropical Rainfall 

Measuring Mission (TRMM) 3-hour real-time data. GMFD is evaluated against the bias-corrected, 

forcing dataset of the second Global Soil Wetness Project. The outcome provides near-surface 

meteorological variables on space–time scales that are required to force land surface and hydrology 

models.  

 

Monthly streamflow observation data for the basin were collected from the South African 

Department of Water and Sanitation (DWS, 2018; website). Table 3.1 shows the four streamflow 

gauging stations selected for SWAT+ calibration and validation located in different regions across 

the LRB. The stations chosen have been in operation for more than thirty years and thus provide a 

reliable and continuous data record. 

 

Table 3.1: Location of streamflow gauges with significant period data. 

Station Name Location Latitude Longitude Data Available 

A2H059 Krokodil River (Vaalkop) -25.21 27.56 1982-03-31 to 2020-09-15 

A6H029 
Mogalakwena River (Glen 

Alpine) 
-23.18 28.70 1970-04-02 to 2020-01-22 

B3H017 
Olifants River  

(Loskop Nature Reserve) 
-25.42 29.36 1986-09-18 to 2020-12-02 

B7H015 
Olifants River (Mamba 

Kruger National Park) 
-24.07 31.24 1987-11-17 to 2020-12-09 

3.1.2.2 CORDEX 

The simulation dataset was collected from the Coordinated Regional Climate Downscaling 

Experiment (CORDEX database website) (Nikulin et al., 2012). This study used simulations from 

the Rossby Centre RCM (RCA), which dynamically downscaled seven GCM simulations (i.e., 

CCCma, CNRM, MIROC, MPI, NCC, IPSL, and CSIRO) for past and future climates (1971-2100) 

at a resolution of 0.44° x 0.44° horizontal grid size. The high representative greenhouse gas 

concentration pathway with radiative forcing 8.5 W/m2 (RCP8.5) emission scenario is examined in 

https://www.dws.gov.za/niwis2/SurfaceWaterFlows
https://cordex.org/
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this research to project the effect of a warmer environment on evapotranspiration-induced drought. 

Nikulin et al., 2012 provide full details on GCMs and the RCM, including its configuration and set-

up. The climate variables analyzed from both the observation and simulation datasets over the LRB 

include the daily precipitation, relative humidity maximum, minimum and moderate (i.e., Tmax, 

Tmin and Tmean) temperatures along with wind speed. 

 

3.2 Methods 

3.2.1 SWAT+ Hydrological Model Description 

The Soil and Water Assessment Tool (SWAT) is a hydrological model developed by the United 

States Department of Agriculture—Agricultural Research Service (USDA-ARS) that is physically 

based, semi-distributed, and continuous-time (Available at:website; Arnold et al., 1998; Arnold et 

al., 2012). It is a useful tool for simulating several watershed-scale applications over long periods 

(Neitsch et al., 2009). The model consists of several components, of which the major ones include 

weather, hydrology, soil temperature, plant growth, nutrients, pesticides, and land management 

(Arnold et al., 2012). Accordingly, SWAT can therefore be implemented to model the effects of 

land use and management practices on hydrological processes (i.e., surface and subsurface flow 

including evapotranspiration), sediment, and agricultural chemical yields (including nutrients) 

(Arnold et al., 1998; Neitsch et al., 2009). For the SWAT simulation phase, the watershed is divided 

into sub-basins. The sub-basins are further categorized into hydrological response units (HRUs), 

which are files for each sub-basin that include a specific region of homogenous soil, land usage, and 

slope combinations. Both land and water routing phases in SWAT are simulated using daily 

meteorological data; however, the results can be output daily, monthly, and annual fluxes. The water 

balance equation (Neitsch et al., 2005) is used to model the SWAT hydrological cycle. 

𝑆𝑊𝑡 = 𝑆𝑊0 +∑(𝑅𝑑𝑎𝑦 −𝑄𝑠𝑢𝑟𝑓 − 𝐸𝑎 −𝑊𝑠𝑒𝑒𝑝 − 𝑄𝑔𝑤)

𝑡

𝑖=1

 

Where for each day t is time in days, 𝑆𝑊𝑡  is the final soil water content, 𝑆𝑊0 is the initial soil water 

content on day 𝑖, and 𝑅𝑑𝑎𝑦, 𝑄𝑠𝑢𝑟𝑓, 𝐸𝑎, 𝑊𝑠𝑒𝑒𝑝 and 𝑄𝑔𝑤 daily amounts (𝑚𝑚) of rainfall, surface 

runoff, evapotranspiration, water transferred from the soil profile into the gas zone, and the return 

flow. 

HRU outputs are aggregated at the level of the sub-basins and the basins and then transferred 

through the river network from upstream to downstream. This method was useful at a time when 

https://swat.tamu.edu/software/
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computation speeds were still slow. Alternatively, one HRU per sub-basin should be allocated to 

the SWAT project to look similar to a physical model with modern computer technology (rather 

than semi-physically based). 

 

SWAT+ is a restructured version of the SWAT model, which is more versatile to update and expand 

(Wu et al., 2020). The essential contribution from SWAT + is that spatial objects were configured 

as standalone modules for model maintenance and the corresponding development (HRUs, aquifers, 

canals, wetlands, reservoirs, points and inlets). Besides modularization, several significant 

developments to improve the efficiency of the model were also introduced. SWAT+, for instance, 

includes new aquifer functions and reservoir operating rules. Aquifers were previously only linked 

to HRUs in SWAT; however, in SWAT+, the corresponding aquifer boundary can be described 

more freely without the constraints of HRUs. The reservoir's operation in SWAT is not supported. 

One of the model's major flaws is that reservoir releases play a significant role in the hydrological 

response of large watersheds. SWAT+ now allows for the assignment of detailed operation rules for 

the realistic simulation of observed operation routines. Table 3.2 summarizes the significant 

differences between SWAT+ and SWAT versions. Other SWAT+ spatial objects include (i) outlets 

for adding/removing of water from the basin, (ii) canals for transferring water across irrigation 

districts, (iii) pumps that can be extracted from a water source to a local object; (iv) herds,  for 

applying biomass and corresponding graze conditions, and ( v) water rights that could be used as an 

application for a specified spatial object. 

 

Table 3.2: Primary difference of functionalities between SWAT and SWAT+ (Source: Yen et al., 

2019). 

Category SWAT+ SWAT 

Calibration Support The calibration.cal file may be used 

to manually calibrate SWAT+. 

Not Supported 

Reservoir Operation Operation rules may be assigned by 

users. 

Users have the ability to delegate 

procedure rules. 

Not Supported 

Coding Flexibility Modularized coding structure that is 

easy to change and update 

Not Supported 

Aquifer Boundary Can be described in a flexible and 

unrestricted manner. 

Previously, it was connected to 

HRUs. 

Connectivity Individual objects can be defined in 

the watershed 

Restricted flexibility in space 
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3.2.2 SWAT+ development over Limpopo river basin 

In the SWAT + model configuration, all data for running the model are created by setting up the 

required working directories and databases. QSWAT+ plugin (version 0.9) for both terrain pre-

processing and watershed delineation is used in QGIS 3.4. The spatial and climate datasets described 

above are used as inputs for the set-up phase. The development and configuration of the SWAT+ 

model begins with projection of all the necessary spatial datasets to the same projection of the 

Universe Transverse Mercator (UTM) Zone 35S Southern Hemisphere for the LRB. The analysis 

of hydrologic responses of a watershed requires crucial sub-basin parameters such as slope gradient, 

the pitch and network of streams (i.e., pitch, length, and width of channels) and the drainage density 

(Worqlul et al., 2018; Mosase et al., 2019). These topographical features have been obtained from 

the 90 m DEM. The LRB was divided into 33 sub-basins which were further sub-divided into 323 

landscape units (LSUs) in this analysis (Figure 3.1 below). LSUs are floodplain or upslope areas 

that drain to channels (Srinivasan & George, 2018). Each LSU has its own HRU definition 

(Srinivasan & George, 2018). LSU are not routing units, which means they are not actively used in 

model calculations. They are only used to present the outputs, i.e. a summary of fluxes from HRUs 

is created for each landscape unit. The sub-basins are delineated with a channel threshold of ≥ 70851 

sq. km. To avoid small sub-basins, those with less than 20% of the mean subbasin area are merged 

with downstream sub-basins. Following slope classification criteria by (Donagema et a., 2011), the 

elevation map is divided into five slope classes: 0-3% present flat surface, 3-8% gentle slope, 8-

20% moderate slope, 20-45% steep slope, and >45% mountains.  

 

The digital soil map identified 41 soil types over the basin (Figure 3.1c). The dominant soil types 

which occur over the LRB consist of Arenosols (recent and pre-weathered sands) over the 

Mozambique coast and further south of Botswana (FAO, 2005). Solonetz soils (sodium-affected 

soils) occupy a significant part of the coastal plain of Mozambique. Zimbabwean and northern 

Botswana areas of the basin are marked by the prevalence of Luvisols (soils with a rise in clay, not 

strongly leached) and Leptosols (shallow soils) (FAO, 2004). The soil types in the South African 

part of the basin are incredibly diverse, with Regosols (weakly formed soils) being shared in the 

Lowveld between the eastern escarpment and the Lebombo range. Leptosols can be found anywhere 

the terrain is hilly (FAO, 2004). Vertisols (swelling clays) and related Nitisols (red, fertile clay, or 

clay loams) are found on mafic rocks. Acrisols, the soils mostly cover the high ground in the 

southern part of the basin (FAO, 2004).  
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The land use map distinguished between 11 land-use types over the basin (Figure 3.1d). The primary 

land use in the LRB consists of grassland (29.3%), cropland grassland (27.5%), cropland dryland 

(23.9%), and savannah (15.9%). The Soil Conservation Service Curve Number method (USDA-

SCS, 1972) was used to quantify daily upland surface runoff, and the variable storage routing 

method was used to determine channel flow in this analysis (Arnold et al. 2012). The SCS curve 

number is read using the SWAT+ model. The land use pattern and hydrological soil group were 

analyzed throughout the basin, and curve number values for each land use category were determined 

using standard SCS curve number tables (USDA-SCS, 1972), taking into account Antecedent 

Moisture Conditions (AMC) in Table 3.3.  

 

The land surfaces (land-use/land cover, soil and slope combinations) that cover < 2% of the basin 

were ignored during HRU generation. The ignored area was redistributed proportionately amongst 

HRUs that are retained within each landscape unit so that 100% of the landscape unit area is 

accounted for in the SWAT+ model. The number of HRUs generated is limited to improve 

computational efficiency, as each LSU is assigned multiple HRUs based on certain threshold values. 

HRU distribution is filtered by  land-use, soil and slope at a 10 % threshold. 2519 HRUs were 

produced, each with a combination of land uses, soil types, and slope classes. Following HRU 

generation, the SWAT+ model was set up to simulate the basin hydroclimate using climate inputs 

(precipitation, air temperature, relative humidity, solar radiation, and wind speed) from the GMFD 

and CORDEX RCM ensembles. 

 

Table 3.3: CN values of different soil types and land use types under medium soil moisture. 

SWAT+ land 

cover 

classification 

Corresponding SCS Land use CN for different HSG (ABCD) Hydrological 

condition 

    A B C D   

URMD Urban 98 98 98 98 Poor 

CRDY Straight row crops 72 81 88 91 Poor 

CRGR Straight row crops 67 78 85 89 Good 

CRWO Woods-grass combination 43 65 76 82 Fair 

GRAS Pasture-grassland 39 61 74 80 Good 

SHRB Brush-brush-weed-

grass_mixture_with_brush_the_major_e

lement 

30 48 65 73 Good 

SAVA Woods-grass combination 32 58 72 79 Good 
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FODB  Deciduous evergreen forest 33 58 72 77 – 

FOEB Evergreen broadleaf forest  30 55 70 77 – 

WATR Water 100 100 100 100 – 

BSVG Fallow 77 86 91 94 – 
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Figure 3.1: Spatial distribution of input datasets for the development of SWAT+ over the LRB: (a) Digital Elevation Model (DEM) at 90 m × 90 m resolution; (b) topography 

and sub-basin delineation; (c) land use dataset; (d) soils dataset from FAO.
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 3.2.3 Model Calibration 

3.2.3.1 IPEAT+ with the DDS Algorithm 

Calibration can be difficult and is almost impossible for many large-scale applications (Arnold et 

al., 2012). Two auto-calibration and uncertainty analysis tools for tools for SWAT+ have been 

developed to solve this issue and are currently available to assist in the optimization process. In this 

study, SWAT+ is calibrated using an automated Fortran application based on the Integrate 

Parameter Estimation and Uncertainty Analysis Tool+ system (IPEAT+; Yen et al., 2019) and the 

Dynamically Dimensioned Search (DDS; Tolson and Shoemaker, 2007). IPEAT+ is an 

improvement of IPEAT, a self-calibration and uncertainty analysis module program built for SWAT 

(Yen et al., 2014). SWAT can be linked to IPEAT under the MATLAB environment, which 

conducts the data management routines (Yen et al., 2019). However, in general, the calibration of 

SWAT involves thousands of iterations, and correspondence between the SWAT FORTRAN 

executable and MATLAB-based IPEAT program may prolong the computational time. 

 

Additionally, the MATLAB package requires the purchase of a user license and preparation of the 

program for the SWAT files, which may interfere with the widespread implementation of the 

SWAT-IPEAT interface. Thus, IPEAT+, an auto-calibration and uncertainty analysis module 

software designed for SWAT+, is built in FORTRAN and linked to SWAT+ in the source code. 

This makes the use of any additional programs obsolete and improves the computational efficiency 

of calibration. IPEAT+ also uses the DDS algorithm for the calibration and validation procedure. 

DDS is an automated approach to model calibration, validation, and sensitivity analysis used in this 

research. It is built on a simple definition and considers both global and local search in its iteration 

as the algorithm searches globally and then becomes increasingly local as the number of iterations 

approaches the maximum allowable number (Tolson and Shoemaker, 2007). Rather than obtaining 

the precise global optimum within a defined maximum number of function evaluations, the DDS 

algorithm obtains a good approximation of the globally optimal solution during the optimization 

process. As a result, DDS is well suited to computationally intensive optimization problems like 

semi-distributed watershed model calibration. 

3.2.3.2 Parameterization 

Parameterization entails selecting parameters and setting their initial value ranges for calibration. 

Ten parameters were chosen for SWAT+ calibration based on recommendations from previous 
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studies (Gyamfi et al., 2016; Thavhana et al., 2018; Mosase et al., 2019) and the literature on SWAT 

calibration/validation (Abbaspour et al., 2017). The initial parameter values are derived from the 

SWAT+ model defaults and built-in SWAT+ parameter databases, which are linked to the global 

land-use and soil maps used in the study. Within 1000 model evaluations, the percentage change 

method is applied to all parameters, ranging from -30 to +30 % of the default value. The same 

transformation was applied to all land-use and soil types for a given model run to preserve the 

ranking of parameter values applied to all land-use and soil types (i.e., all land-use type for CN2 

values increased by 30% such that the highest CN2 land-use remains the highest and the lowest 

remains the lowest). The descriptions of each parameter are presented in Table 3.4. The SWAT+ 

model for the LRB is calibrated and validated for ten years of 1988 to 1998 and 1999 to 2009, 

respectively. The calibration and model evaluation is conducted over four streamflow stations across 

the basin mentioned in Table 3.1. 

Table 3.4: Parameters selected for multi-site calibration and validation over the Limpopo Basin 

and their initial ranges. 

Parameter Description Units Object type Initial Range 

 

Min Max 

CN2 Initial SCS CN II 

value 

– HRU 35 98 

ESCO Soil evaporation 

compensation factor 

– HRU 0 1 

EPCO Plant uptake 

compensation factor 

– HRU 0 1 

AWC Soil available water 

capacity 

mm_H2O/mm SOL 0 1 

K Saturated hydraulic 

conductivity 

mm/hr SOL 0 2000 

SURLAG Surface runoff lag 

coefficient 

Days BSN 0.05 24 

DELAY Groundwater delay Days GW 0 500 

FLO_MIN water table depth for 

return flow to occur 

Mm GW 28.5  

REVAP_CO Groundwater 

“revap” coefficient 

– GW 0.02 0.2 

REVAP_MIN water table depth for 

“revap” to occur 

Mm GW 0 500 
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3.2.3.3 Objective functions 

This study employs four of the five available objective functions in IPEAT+ for the DDS 

optimization. The objective functions were selected to evaluate their impacts on the calibration 

convergence output, sensitivity of the calibrated parameters, and the overall discharge processes 

simulation. The objective functions implemented include the Nash-Sutcliffe efficiency (NSE; Nash 

& Sutcliffe, 1970); Percentage bias (PBIAS), Root Mean Square Error (RMSE), and the coefficient 

of determination (R2). However, for the NSE and R2 to be used in optimisation routines programmed 

to minimise the objective function, they must be converted to 1-NSE and 1- R2. For instance, the 

values of NSE and R2 range from 0 (worst) to 1 (best) for both NSE and R2, respectively. It is not 

possible to minimize NSE and R2 in this format. Thus, for a perfect match, the ideal global optimal 

solution for the objective functions in auto-calibration is 1-NSE and 1- R2 are reduced to zero (Yen 

et al., 2019). The equations for these objective functions are presented in Table 3.5. For each of the 

four objective functions, the multi‐site calibration procedure was carried out separately. The 

SWAT+ model calibration considers the aggregate of the objective function across the four 

streamflow stations into one integrated value before applying the DDS optimization algorithm for 

parameter estimation. 

Table 3.5: List of objective functions used in this study. 

Objective Function Equation 

Nash-Sutcliffe efficiency 1 − 𝑁𝑆𝐸 

Where: 

𝑁𝑆𝐸 = 1 − 
∑ (𝑄𝑠𝑖𝑚(𝑖)− 𝑄𝑂𝑏𝑠(𝑖) )

2𝑛
𝑖=1

∑ (𝑄𝑂𝑏𝑠(𝑖) − 𝑄𝑂𝑏𝑠(𝑖)̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )
2 𝑛

𝑖=1

                                                                  

                                 

Percentage bias 
𝑃𝐵𝐼𝐴𝑆 = (

∑ 𝑄𝑂𝑏𝑠(𝑖)
𝑛
𝑖=1  − ∑ 𝑄𝑠𝑖𝑚(𝑖)

𝑛
𝑖=1

∑ 𝑄𝑂𝑏𝑠(𝑖)
𝑛
𝑖=1

) × 100                                                   

Root Mean Square Error 
𝑅𝑀𝑆𝐸 = √

∑ (𝑄𝑠𝑖𝑚(𝑖) − 𝑄𝑂𝑏𝑠(𝑖))
2𝑛

𝑖=1

𝑛
                                                                   

Coefficient of determination 1 − 𝑅2 

Where  

𝑅2 =

(

  
 

𝑛𝛴𝑄𝑂𝑏𝑠(𝑖)𝑄𝑠𝑖𝑚(𝑖)) − (𝛴𝑄𝑜𝑏𝑠(𝑖))(𝛴𝑄𝑠𝑖𝑚(𝑖))

√
𝑛𝛴𝑄𝑂𝑏𝑠(𝑖)𝑄𝑠𝑖𝑚(𝑖)) − (𝛴𝑄𝑜𝑏𝑠(𝑖))(𝛴𝑄𝑠𝑖𝑚(𝑖))

√[𝑛(𝛴𝑄𝑂𝑏𝑠(𝑖)
2) − (𝛴𝑄𝑂𝑏𝑠(𝑖))

2
][𝑛(𝛴𝑄𝑠𝑖𝑚(𝑖)

2) − (𝛴𝑄𝑠𝑖𝑚(𝑖))
2
])

  
 

2

                        

Where 𝑄𝑂𝑏𝑠 is the observation record; 𝑄𝑠𝑖𝑚 is the simulated modelling response ; 𝑄𝑂𝑏𝑠̅̅ ̅̅ ̅̅ I is the 

average observation record at time step 𝑖, and 𝑛 is the number of total time steps for the simulation.  
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3.2.4 Model validation 

The model performance efficiency at each streamflow station was determined by comparing the 

observed streamflow to the simulated flow using four validation statistics, namely NSE, PBIAS, 

RMSE, and R². Table 3.5 displays the detailed explanations and equations. NSE is one of the most 

commonly used analytical measures for estimating model efficiency. NSE values range from 

negative infinity (-) to one. The NSE value of one signifies a complete fit between the simulated 

and the observed flow, while a negative or small NSE value indicates poor performance and means 

that the average of the observed time series is a more reliable predictor of flow on a given day on 

average than the model predictions. The PBIAS determines if the simulated data has a higher or 

lower average propensity than the observed variable (Gupta et al., 1999). PBIAS indicates a perfect 

model fit when it has a value of zero. PBIAS values that are positive suggest underestimation bias, 

and those that are negative indicate overestimation bias (Gupta et al., 1999). The RMSE represents 

the size of a typical error as it is calculated and reported in the same units as the model output for 

streamflow in m3/s. RMSE values have an optimum value of 0 indicative of a perfect match between 

observed and predicted values and increasing RMSE values indicate an increasingly poor match. 

The R2 varies between 0 and 1. Higher values of R2 indicate low variance error and a high correlation 

between the simulated and observed variables. This means that the model provides reasonable 

estimates of the observed variable. Furthermore, the value of NSE and PBIAS can be classified into 

four categories at the monthly time step to describe the model performance (Moriasi et al., 2007), 

as shown in Table 3.6. 

 

Table 3.6: Performance ratings for the monthly recommended period statistics (Moriasi et al., 2007). 

Performance Rating NSE PBIAS (%) 

Very Good 0.75 < 𝑁𝑆𝐸 ≤  1.00 𝑃𝐵𝐼𝐴𝑆 < ±10 

Good 0.65 < 𝑁𝑆𝐸 ≤  0.75 ±10 ≤  𝑃𝐵𝐼𝐴𝑆 < ±15 

Satisfactory 0.50 < 𝑁𝑆𝐸 ≤  0.65 ±15 ≤  𝑃𝐵𝐼𝐴𝑆 < ±25 

Unsatisfactory 𝑁𝑆𝐸 ≤  0.50 𝑃𝐵𝐼𝐴𝑆 ≥  25 
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3.2.5 Bias correction of climate datasets 

RCMs are more reliable tools for impact studies of climate change on regional and local scales than 

GCMs. RCM outputs, on the other hand, may still misrepresent critical phenomena in the climate 

system, especially in tropical climates with high orographic precipitation, where RCMs are often 

unable to reliably replicate the observed spatial distribution (Tan et al., 2020). As a result, before 

applying the RCM outputs to the hydrological model, bias correction is needed to modify the 

predictions to fit particular observation characteristics. 

To correct biases in the RCM predictions, the quantile delta change approach (QDM; Cannon et al., 

2015), commonly used in hydrology studies (Mehrotra & Sharma, 2016; Nguyen et al., 2016; 

Cannon, 2018), was chosen. QDM is based on the shift in quantile delta and the detrended quantile 

mapping process (Cannon et al., 2015).  The QDM approach adjusts biases by extracting the climate 

change signal from all projected future quantiles. The detrended series is then quantile mapped, and 

the predicted quantile patterns are then reintroduced to the bias-corrected model output. Quantile 

mapping is based on a transfer function that transforms a modelled variable's entire distribution to 

match all the statistical moments in the observation data (Li et al., 2010). Subsequently, the transfer 

function obtained is applied to both historical and projected climate model results. Therefore, it 

corrects systematic distributional biases in relation to historical findings while preserving model-

projected relative shifts (Cannon et al., 2015). 

  

3.2.6 Future projections of climate and hydrological variables 

The bias-corrected CORDEX simulation dataset for the analysis was used to derive future climate 

and hydrological variable predictions. Different global mean 1.5 °C, 2.0 °C, 2.5 °C, and 3.0 °C 

temperatures were used in this analysis (hereafter called GWL1.5, GWL2.0, GWL2.5, and GWL3.0, 

respectively). However, as shown in Table 3.7, predicted timing of these GWLs differ across the 

numerous GCM comparisons. This is because the GWL cycles are defined as a 30-year interval 

during which simulations predict a higher global mean temperature than during the pre-industrial 

reference period (1861–1890) under a specific global warming value, i.e. 1.5 °C, 2.0 °C, 2.5 °C, or 

3.0 °C (Nikulin et al., 2018). The difference between the reference time data (1971-2000) and the 

GWL period is used to measure climate change for each GWL (i.e., GWL minus reference). 
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Table 3.7: GCM names downscaled by the CORDEX RCM (RCA) used in the analysis. The 

corresponding 30-year duration for the different temperature increases (1.5 ° C, 2.0° C, 2.5 ° C, and 

3.0 ° C) under the RCP8.5 condition is indicated. Detailed data on GCMs, as well as reduced 

simulations in Déqué et al. (2017). 

GCMs Period of global warming levels (GWLs) 

  1.5°C 2°C 2.5°C 3°C 

CanESM2 1999 – 2028 2012 – 2041 2024 - 2053 2034 – 2063 

CNRM-CM5 2015 – 2044 2029 – 2058 2041 - 2070 2052 – 2081 

CSIRO-Mk3-6-0 2018 – 2047 2030 – 2059 2040 - 2069 2050 – 2079 

IPSL-CM5A-MR 2002 – 2031 2016 – 2045 2027 - 2056 2036 – 2065 

MIROC5 2019 – 2048 2034 – 2063 2047 - 2076 2058 – 2087 

MPI-ESM-LR 2004 – 2033 2021 – 2050 2034 - 2063 2046 – 2075 

NorESM1-M 2019 – 2048 2034 – 2063 2047 - 2076 2059 – 2088 

3.2.7 Drought indices  

All drought analysis is performed using standardized drought indices. The use of standardized 

indices has become increasingly popular in drought assessment since the SPI introduction by Mckee 

et al. (1993). Standardized indexes have the advantage of being comparable through time, space, 

and variables. Regardless of the input variable used, the calculation process is the same (i.e., soil 

moisture, runoff, or streamflow). Meteorological drought is characterized using SPI and SPEI. 

Hydrological drought is assessed using the Water Yield Drought Index (WYLDI), Surface Runoff 

Index (SRI), and the Streamflow Index (SFI) at the discharge channel (gauge number Q145). While 

agricultural drought is monitored by the Soil Water Index (SSI) over the LRB (Table 3.8). Extended 

records of precipitation (P) are fitted to a gamma probability density function, converted to a 

standard deviation, resulting in SPI. SPI values range from -2 to 2 depending on the transformed 

likelihood (Mckee et al., 1993). Previous research (Mckee et al., 1993; Edwards & McKee, 1997) 

have detailed the equation formulation and calculation for the drought index. SPEI, like SPI, is a 

probabilistic function that measures drought using climatic water balance data rather than 

precipitation data (Vicente-Serrano et al., 2010). The benefit of SPEI is the inclusion of the need for 

atmospheric water, PET, which has been shown to play a critical role in drought severity (Meque & 
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Abiodun, 2015; Ujeneza & Abiodun, 2015). The climate water balance (CWB i) for the month i is 

calculated as 

𝐶𝑊𝐵𝑖 = 𝑃𝑖 − 𝑃𝐸𝑇𝑖 

The Hargreaves method was used to estimate the PET for this study (HG, Hargreaves & Samani, 

1985). Since it is based on fundamental physical principles, the Penman-Monteith (PM) approach 

is best adapted for the measurement of PET. However, the PM approach includes a range of climate 

variables (air temperature, relative humidity, wind speed, and net radiation) accessible only for a 

limited number of climate stations. There is insufficient data for the PM process; Spinoni et al. 

(2018) proposed using HG to calculate PET. Similarly, the SSI, SRI, SFI and WYLDI are essentially 

based on the methodology for calculating SPI, which involves fitting a distribution to the time series 

of soil moisture, runoff, streamflow, or water yield and transforming it to a normal distribution. 

SWAT+ provided input data for the SSI, SRI, SFI, and WYLDI calculations. Before any channel or 

reservoir routing is simulated, average basin values are a weighted sum of HRU loadings. SWAT + 

simulates water yield as total surface runoff (𝑄𝑠𝑢𝑟𝑓) plus lateral flow (𝑊𝑠𝑒𝑒𝑝) and return flow 

(𝑄𝑔𝑤), minus transmission loss and pond abstractions, which is the total amount of water leaving 

the HRU that contributes to streamflow (Neitsch et al. 2005). This parameter's benefit is that it 

provides the possibility of quantifying most of the hydrological components of high significance for 

water supply systems. 

 

Table 3.8: Summary of drought indices (adapted from Joetzjer et al., 2017). 

Drought Type Drought Index Based on Reference 

Meteorological 

Drought  

SPI  

Standardized 

Precipitation Index  

Standardized transform of 

cumulative precipitation 

McKee et al., 1993 

SPEI  

Standardized 

Precipitation 

Evapotranspiration 

Index 

 

Standardized transform of 

cumulative of precipitation minus 

PET calculated through 

Hargreaves’s formula 

Vicente-Serrano et al., 2010 

Agricultural 

Drought 

SSI  

Standardized Soil 

Moisture Index  

Standardized transform of 

cumulative of soil water 

AghaKouchak, 2014 

Hydrological 

Drought  

SFI 

Standardized 

Streamflow Index 

 

Standardized transform of 

cumulative of streamflow 

calculated at discharge channel 

145 (Q145)   

Modarress, 2007 

SRI  

Standardized Runoff 

Index SRI 

Standardized transform of 

cumulative of surface runoff  

Shukla & Wood, 2008 
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WYLDI  

Water Yield Drought 

Index 

 

Standardized transform of 

cumulative water yield. 
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Chapter 4: Model Calibration and Evaluation 

This chapter presents and examines the calibration and validation of the SWAT+ model in the 

Limpopo River Basin. It gives a comprehensive comparison of the model calibration results using 

four objective functions (1-NSE, PBIAS, 1-R2, and RMSE) and discusses the sensitivity of the 

model’s simulations to various model parameters (which represent different hydrologic 

components). It further quantifies the capability of SWAT+ to reproduce streamflow at four 

hydrological stations, using four evaluation metrics (NSE, PBIAS, RMSE, and R2) and presents the 

spatial variation of the hydrological variables over the basin. 

 

4.1 Convergence of SWAT+ calibration 

Figure 4.1 presents the results of SWAT+ calibration using the four objective functions. In general, 

as the number of model iterations increases, the performance of the best simulation improves for all 

the objective functions. However, after a certain number of iterations, the calibration converges. For 

each calibration function, the model performance reaches stability without any noticeable 

improvement in the objective function values with additional changes to the parameter set. With all 

the objective functions, the SWAT+ calibrations converge within 400 iterations, but the 

convergence speed varies among the different objective functions. When 1-NSE, PBIAS, and 

RMSE are used as objective functions, the model converges rapidly within 80 iterations, while the 

calibration with 1-R2 has the slowest convergence (370 iterations). In a SWAT+ calibration over 

Middle Bosque River Watershed, Yen et al. (2019) used 1-NSE as an objective function with nine 

parameters and reported that model convergence within 100 iterations. Worqlul et al. (2017) found 

that increasing the number of parameters during optimization slows down convergence of 1-NSE, 

but that does not affect the general performance of the simulation as the optimum NSE value is still 

reached.     

The calibration of SWAT+ based on maximizing the 1-R2 in the DDS gave an excellent maximum 

value of R2 = 0.85. Thus, there is a good match between the simulated and observed stream flows. 

On the other hand, DDS optimization based on PBIAS results in poor model performance as it 

generates a best PBIAS value of 84. This means that the simulated flow overestimates the observed 

streamflow by 84%. The auto-calibration based on maximizing NSE (minimizing 1-NSE) and 

RMSE in the DDS also results in poor model performance as evidenced by the unsatisfactory NSE 
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and RMSE best values -2.8 and 31, respectively. These values imply that SWAT+ is unable to 

predict the observed streamflow accurately. 

 

 

 

 

 

 

 

 

Figure 4.1: General model output as iterations the converge to the objective functions (a) 1-NSE, 

(b) PBIAS, (c) RMSE, and (d) 1-R2 for monthly streamflow using 10 of the most sensitive 

parameters. 

 

4.2 Sensitivity of SWAT Simulation to Model Parameters 

For the sensitivity analysis, each parameter value varies throughout the percentage change range 

while the other parameters are fixed at their initial values (Table 3.4). For every parameter range, 

the variations in objective function (NSE, PBIAS, RMSE, and R2) values are determined and 

plotted, as shown in Figure 4.2. All the objective function values are most sensitive to variations in 

https://link.springer.com/article/10.1007/s40999-020-00540-5#Tab2
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the parameters CN2 and ESCO (Figure 4.2). It is not surprising that the overall model performance, 

in terms of all the objective functions, is highly dependent on the parameters CN2 and ESCO as 

these parameters affect the simulated surface and subsurface flows, respectively. This finding 

supports previous research by Gyamfi et al. (2016) and Thahvana et al. (2018), who discovered that 

modelled streamflow is most sensitive to these parameters when using SWAT over the Olifants and 

Luhvuvu sub-basins in the LRB. The remaining parameters (EPCO, AWC, K, SURLAG, DELAY, 

FLO_MIN, REVAP_CO, and REVAP_MIN) did not affect the routing process much and were thus 

found to have no significant effect on model performance, as their variation had little to no effect 

on the outcomes of the objective functions (Figure 4.2). This suggests that in the Limpopo River 

catchment, these parameters were a major source of streamflow uncertainty. 

In general, decreasing values of CN2 and ESCO give better results than increasing the values. For 

all the objective functions, the best CN2 values are found between the -29.5% to -30% change. For 

NSE, PBIAS, and RMSE, the best ESCO values range from -29.9% to -29.5% change (Figure 4.2 

a, b, and c), and at the -5.1% change for R2 (Figure 4.2 d). Despite this, Figure 4.2 also indicates 

that there is a limit to which the values of the parameters can be decreased, after which the 

performance of the hydrological model becomes invariant to the changes in CN2 and ESCO. For 

CN2, this can be seen where there is a direct relationship between CN2 and the objective function 

values when all the CN2 values less than -25% change for all the objective functions. Where ESCO 

is concerned, the model becomes invariant to changes in ESCO when the parameter change is less 

than -25% for NSE, PBIAS, and RMSE. However, when optimization is based on maximizing R2 

(minimizing 1-R2 values in the DDS), model performance decreases when changes in ESCO are less 

than -5%, as seen by the increasing 1-R2 values, which result in a lower R2. Nevertheless, for all the 

CN2 and ESCO values considered, the model performance is characterized by a high error margin 

for NSE, PBIAS, and RMSE with the objective function value range corresponding to -119 to -2.8 

(NSE), 84 to 1600 (PBIAS) and  31 to 260 (RMSE). However, there is an acceptable model 

performance for all the CN2 and ESCO variations for R2, as shown by a relatively good 1-R2 range 

of 0.56 to 0.88
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(a) 

 

(b) 
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Figure 4.2: Scatter plots showing model performance sensitivity to variation in 10 model calibration parameters as assessed using 4 objective functions 

within -30% to 30% change of the: (a) NSE, (b) PBIAS, (c) RMSE, and (d) R2. 

(c) 

 

(d) 
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4.3 Model Calibration and Validation  

The temporal variance of the simulated channel flow is compared with the observed streamflow 

over the four hydrological stations (Figure 4.3). The performance of the model predictions in all 

calibration optimization scenarios was evaluated by statistics such as NSE, PBIAS, RMSE, and R2 

for the calibration (1988-1998) and validation period (1999-2009). The results show that the 

simulations reproduce the annual cycle of the observed streamflow, capture the timing and 

magnitude of most peak flows, and replicate the interannual variability of the observed peaks. 

Although, there are some cases when all the simulations underestimate or overestimate the observed 

peaks.  

Furthermore, the performance of the calibrated model varies depending on the objective function 

maximized and over the different stations. While some experiments give good results over some 

stations, all the experiments performed sub standardly (Figure 4.3). For example, when DDS 

optimization of SWAT+ is based on maximizing (minimizing) NSE (1-NSE), PBIAS, and RMSE, 

the results obtained during the calibration and validation period are better than those reached when 

maximizing R2 (minimizing 1-R2) at most of the stations. The auto-calibration based on maximizing 

NSE, PBIAS, and RMSE yields similar results at all stations for the calibration and validation 

period. When maximizing NSE, during calibration, model performance is good at station A2H059 

as shown by NSE = 0.6, PBIAS = -18.3%, RMSE = 14.5 m3/s and R2 = 0.7, and at B7H015 where 

NSE = 0.8, PBIAS = -2.9%, RMSE = 39.8 m3/s and R2 = 0.9 (Figure 4.3 a). Despite this, the model 

performs poorly at station A6H029 with NSE = -12.9, PBIAS = 236.4%, RMSE = 27 m3/s, and R2 

= 0.6 (Figure 4.3a). Throughout the validation period, model performance is better at station 

A6H029 and (A2H059) given by NSE = 0.2 (0.5), PBIAS = -14.1% (-56.4%), RMSE = 11.4 m3/s 

(17.1 m3/s) and R2 = 0.6 (0.6). When maximizing R2, during calibration, model performance 

declines over most of the stations, particularly at station A6H029 with NSE = -65.7, PBIAS = 

650.2%, RMSE = 59.2 m3/s, and R2 = 0.5 (Figure 4.3 d). The model performance through the 

validation period is poor over most stations. This is more so the case at station B7H015, where NSE 

= -9.1, PBIAS = 77.8%, RMSE = 294.9 m3/s, and R2 = 0.7 (Figure 6 d). Nonetheless, the best model 

performance prevails at station A2H059 with an NSE = 0.8, PBIAS = -28.4%, RMSE = 11.2 m3/s, 

and R2 = 0.8.  

Several studies have used a similar calibration or parameterisation approach to calibrate SWAT+ 

and achieve "good" model performance. For example, Yen et al.(2019) achieved "Good" model 

performance with NSE = 0.61, PBIAS = 8.39%, and R2 = 0.79. They calibrated SWAT+ using NSE 

as the objective function in the IPEAT+ framework over the Middle Bosque River Basin in a short 
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two-year period using the global datasets from the SWAT database. They estimated the values of 9 

parameters using a combination of the absolute and percentage change methods and achieved 

"Good" model performance with NSE = 0.61, PBIAS = 8.39%, and R2 = 0.79. In a more recent 

study, Worqlul et al. (2018) obtained "very good" performance  over the paired river basins in the 

upper Blue Nile basin. They calibrated the SWAT model in the IPEAT framework using the NSE 

objective function, and parameter selection was based on recommendations from the literature, just 

as in the present study. However, instead of the global dataset available in the SWAT database, the 

calibration and parameterisation approach relied on high-resolution input data (DEM, land use, and 

soil data). 

According to Moriasi et al. (2007), the SWAT+ model rating for the calibration and validation 

cycles based on maximizing objective functions NSE, PBIAS and RMSE, is "satisfactory" only for 

the A2H059 station. However, SWAT+ model performance based on the R2 objective function is 

“unsatisfactory” over most stations because the error between the simulated and observed 

streamflow is too high, as the behavioural statistics show (NSE, PBIAS, RMSE, and R2; Figure 4.3). 

The differences between simulated and observed streamflow can be attributed to a variety of factors. 

The 30% change range may not have adequately explored a reasonable parameter value space for 

the ten parameters used in the calibration. The model's performance could have been affected by 

other parameters that were not tested. The global scale generalised parameters in the SWAT+ land-

use and soil parameters database, as well as the default SWAT+ parameters, may not have been 

locally appropriate for the LRB. It may be because of inconsistencies in the SWAT+ model and the 

way the model is configured over the basin. SWAT+ is currently undergoing testing and upgrades 

since it is still in the developmental stage. The simulation of hydrological processes could be 

hampered by a lack of data to describe both physical features (such as dams and reservoirs) and 

activity rules (such as water abstractions and transfers) in the model setup. The disparities may also 

be due to shortcomings in the climate input dataset (i.e., the GMFD reanalysis) in capturing the 

impact of complex topography on rainfall patterns. Furthermore, missing observation data and 

uncertainties can jeopardize model evaluation performance. Nevertheless, in general, model 

performance over the LRB is "unsatisfactory" as it does not fulfil the requirements recommended 

by Moriasi et al. (2007) to conduct streamflow projections. On the other hand, the ability of SWAT+ 

to reproduce the peaks and annual cycle of streamflow is reassuring as it shows that the simulation 

captures all the relevant processes to the current research. 
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Figure 4.3: Temporal variation of observed and simulated mean monthly streamflow over the selected four hydrological stations in the LRB. The red line 

represents the observed flow, and the blue line represent the simulated flow, while the light blue plume represents the range of the simulated values in 

the 1000 experiments. The auto-calibration of SWAT+ is evaluated using (a) NSE, (b) PBIAS, (c) RMSE and (d) R2.

(c) 

 

 

(d) 
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4.4 Spatial variation of the hydrological variables 

Figure 4.4 shows the spatial distribution of temperature (Tmean), precipitation (PRE), potential 

evapotranspiration (PET), and the climate water balance (CWB) over the basin as assumed in the 

SWAT+ model based on the input data. Temperatures in the basin range from 15°C to 25°C, with 

topographically induced temperature minima (15°C) in the south and west and maxima (25°C) in 

the north and east (Figure 4.4 a). The spatial variation of PET follows a similar pattern to that of 

Tmean, with the mean monthly PET ranging from 120 mm/month southeast of the basin to 150 

mm/month further northeast (Figure 4.4 c). The precipitation maxima (70 mm/month) are found 

southeast in the high lying Drakensberg escarpment, while the minima (25 mm/month) occur over 

the west (Figure 4.4 b). The precipitation maxima are due to the orographic effect, which causes 

rainfall by forcing moist air to cool rapidly while moving through high relief regions, resulting in in 

moisture precipitating on the wind-side of the relief in the form of rainfall. The CWB distribution 

shows a deficit across the LRB as PET is higher than PRE over the basin (Figure 4.4 d). This is 

typical of a basin in the semi-arid region. Following the Tmean and PET fields, the CWB deficit is 

prominent (100 mm/month) northeast of the basin where temperature and the atmospheric moisture 

demand are high and the least amount of PRE (25 mm/month) falls. Additionally, the figure shows 

the zonal decrease in precipitation and CWB fields. 

The above spatial extent of the climate variables is in line with results from several studies. For 

instance, Mosase & Ahiblame (2018) found a mean annual temperature minima and maxima range 

of 8°C – 20°C and 23°C – 32°C respectively over the LRB for the 1979–2013 period. The similarity 

in the temperature and PET fields depicted by SWAT+ coincides with the results of Zhu & Ringler 

(2012). The authors indicate that PET is high (190 mm/month) northeast of the basin (over 

Mozambique) and lower (185 mm/month) further south (in South Africa) under the reference 

climate period. Previous studies have also outlined spatial rainfall gradients in the Southern African 

region, including the LRB, with declining rain from east to west and north to south (Li et al., 2015; 

Jury, 2016; Mosase & Ahiablame, 2018). Similarly, Zhu & Ringler (2012) and Mosase & 

Ahiablame (2018) found a mean annual rainfall range of 420 mm - 750 mm and 160 mm – 1152 

mm over the basin, respectively. In their study Zhu & Ringler (2012) also reported higher PET 

values and lower precipitation across the basin indicative of a negative CWB. Furthermore, the 

authors conduct water management simulations using water demands and found that water resources 

in the South African portion of the LRB are highly stressed. This is due to a negative CWB, highly 

variable precipitation, and low water management practice (i.e., over-irrigation). 
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In general, SWAT+ calibration using 1-NSE, PBIAS, and RMSE seems to give a more reasonable 

simulation of all the hydro-climatic variables (ET, SW, Runoff, and WYLD) than that of R2 (Figure 

4.5). For instance, models calibrated using the the 1-NSE, PBIAS, and RMSE functions can better 

simulate the relationship between the spatial variability of PRE and hydroclimate variables (ET, 

SW, Runoff, and WYLD) over the basin. Where PRE is high, there is more water available and thus 

higher hydro-climate variable values. Following the PRE fields, the ET, SW, Runoff and WYLD 

minima (30 mm/month, 4 mm/month, 0.5 mm/month, and 1 m3/s) is further west, and maxima (60 

mm/month, 40 mm/month, 3.5 mm/month, 7 m3/s) is located southeast to the east of the basin 

(Figure 4.5a - c, e - g and i - k). Whereas the 1-R2 calibrated model can capture the general 

relationship between PRE and hydro-climatology, but there are huge biases. The 1-R2 model could 

understate ET and overstate the amount of SW, Runoff, and WYLD over the basin (Figure 4.5 d, h, 

l, and p). SWAT+ calibration using objective functions 1-NSE, PBIAS, and RMSE produced models 

that have a higher capacity to simulate the spatial variability of the hydrological variables over the 

channel (CPRE, CET, and CFlow). Similar to the PRE, use of objective functions 1-NSE, PBIAS, 

and RMSE reproduce the CPRE and Cflow minima (0.2 mm/month and 0.04 m3/s) over the western 

half of the basin and CPRE and Cflow maxima (1185.6 mm/month and 6651.4 m3/s) further east 

(Figure 4.6 a, b, c, i, j and k). Due to more water available in the channel, CET in the stream is 

higher than the ET over the basin. However, SWAT+ calibration using 1-R2  results in a model that 

understates CET and CFlow (Figure 4.3 h and l). 
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Figure 4.4: Spatial variability of climate variables over the Limpopo River Basin as depicted by the 

auto-calibration of SWAT+ from 1971 to 2000. The climate variables are (a) mean temperature 

(Tmean, °C), (b) Precipitation (PRE, mm/month), (c) Potential evapotranspiration (PET, 

mm/month) and (d) Climate Water Balance (CWB, mm/month). 
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Figure 4.5: Spatial variability of hydro-climate variables over the Limpopo River Basin as depicted 

by the auto-calibration of SWAT+ based on optimising the objective functions over the 1971-2000 

period. The objective functions are 1-NSE, PBIAS, RMSE, and 1- R2. The hydro-climate variables 

are Evapotranspiration (ET, mm/month), Soil water (SW, mm/month), Surface runoff (Runoff , 

mm/month), Water yield (WYLD, mm/month). 
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Figure 4.6: Spatial variability of hydro-climate variables over the Limpopo River Basin as depicted 

by the auto-calibration of SWAT+ based on optimising the objective functions over the 1971-2000 

period. The objective functions are 1-NSE, PBIAS, RMSE, and 1- R2. The hydro-climate variables 

are Channel precipitation (CPRE, mm/month); Channel evaporation (CET, mm/month) and Channel 

flow (CFlow, m3/s). 

 

4.5 Chapter Summary 

In summary, SWAT+ is the recently developed upgrade version of the SWAT model; therefore, 

studies on the calibration and application of SWAT+ are limited. This study addresses this 

knowledge gap using SWAT+ to simulate the streamflow in the LRB using four hydrological 

stations (A2H059, A6H029, B3H017, and B7H015). Other studies have found SWAT models to be 

highly sensitive to 10 parameters (Gyamfi et al., 2016; Thavhana et al., 2018; Mosase et al., 2019). 

The DDS algorithm was used to find optimum parameter values through maximizing the objective 

functions NSE, PBIAS, RMSE, and R2. The general model performance reveals that DDS 

optimization based on maximizing R2 yields the best results (0.87), while optimization based on 

PBIAS yields poor results (84%). The model performance, as evaluated by these objective functions 

are most sensitive to variations in parameters CN2 and ESCO. When maximizing R2 in the DDS, 

the optimal percentage change values for the model parameters CN2 (-29.5) and ESCO (-5.1) were 

obtained. The optimal values for the model parameters CN2 (-29.4) and ESCO (-29.9) were obtained 
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by maximizing PBIAS. While quantifying the capability of SWAT+ to reproduce streamflow at the 

four hydrological stations using the metrics NSE, PBIAS, RMSE, and R2, it was found that for all 

stations, optimising NSE results in better model performance for most statistics. The model 

performance was best for all the performance metrics (NSE, PBIAS, RMSE and R2) and not just for 

R2 over one station (A2H059 where NSE = 0.8, PBIAS = -28.4%, RMSE = 11.2 m3/s, R2 = 0.8) 

when SWAT+ over the LRB is optimized using R2. NSE optimization during calibration at station 

A2H059 results in NSE = 0.6, PBIAS = -18.3%, RMSE = 14.5 m3/s, R2 = 0.7 and at station B7H015 

it yields NSE = 0.8, PBIAS = -2.9%, RMSE =39.8 m3/s, R2 = 0.9 (Figure 4.3a). During validation, 

NSE optimization results are not as good as the calibration result at station A2H059 (NSE = 0.5, 

PBIAS = -56.4%, RMSE = 17.1 m3/s, R2 = 0.6) and B7H015 (NSE = -3.4, PBIAS = 13.9%, RMSE 

= 194,5 m3/s, R2 = 0.7) (Figure 4.3a). Whereas, R2 optimization during calibration at station A2H059 

results in NSE = 0.4, PBIAS = 58.3%, RMSE = 18. m3/s, R2 = 0.8 and  at station B7H015 NSE = -

0.4, PBIAS = 76.3%, RMSE = 118.8 m3/s, R2 = 0.9 (Figure 4.3d). During validation, R2 optimization 

at A2H059 results in NSE = 0.8, PBIAS = -28.4%, RMSE = 11.2 m3/s, R2 = 0.8 and at station 

B7H015 it results in NSE = -9.1, PBIAS = -77.8%, RMSE = 294.9 m3/s, R2 = 0.7 (Figure 4.3d). This 

indicates that DDS optimization for obtaining the optimal values of the SWAT+ model parameters 

based on maximizing NSE gives a better range for error measurements and is applied for further 

analysis in this study. 
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Chapter 5: Model evaluation  

This chapter evaluates the climate simulation datasets over the LRB. The simulation datasets 

capability to reproduce the climate of the (LRB) is assessed by comparing the simulated hydro-

meteorological information covering the reference period (1971–2000) against the GMFD 

reanalysis data for the same period. The influence of bias correction on the model evaluation is also 

investigated. The bias-corrected climate findings discussed here are used as a basis for future 

projections in the following sections. 

 

5.1 Annual series of climate variables over the LRB 

Figure 5.1 presents the temporal variation of the observed (GMFD) and simulated (original 

CORDEX dataset; CORDEX_ORG) climate and SWAT+ simulated hydrological variables over the 

basin. The CORDEX models simulate the climatological and hydrological variables' annual series 

over the basin (Figure 5.1). In the annual series, the models reproduce the observed warm wet 

summer (DJF) and the cold, dry winter (JJA) conditions over the basin, as illustrated in the 

temperature (Figure 5.1 a-c) and precipitation (Figure 5.1 d) cycles which reflect the seasonal 

movement of the ITCZ. However, the performance of the models is better during the dry winter 

months (JJA) than during the wet summer months (DJF) (Figure 5.1). In agreement with the 

observation, they simulate PRE, temperature, PET and ET maxima (more than 120 mm/month, 

30℃, 160 mm/month and 100 mm/month, respectively) that occur during the summer months 

(between October and April) and the PRE, temperature, PET and ET minima (more than 1 

mm/month, 6℃,  80 mm/month and 1 mm/month, respectively) during winter (JJA) (Figure 5a-f). 

The models also replicate the climatology of hydro-climate variables over the basin (Figure 5g-l). 

The models replicate the observed evaporation from the channels (CET), runoff, and CFlow maxima 

(more than 140 mm/month, 4 mm/month, and 40 m3/s, respectively) during wet summer and the 

minima (more than 80 mm/month, 1 mm/month, and 1 m3/s) during the dry winter months when 

less water is available. The CORDEX simulations capture that PET and CET are significantly higher 

than ET over the basin. 

CORDEX model simulations capability shows that the models replicate main atmospheric 

processes that govern the LRB climate cycle. Nonetheless, the NoBC ensemble mean has significant 

biases. In general, the models produce a cold and wet bias over the basin (Figure 5.1). The ensemble 

features a cold bias throughout the year (0.5℃ - 2°C in Tmax and Tmean; Figure 5.1 a and c), 
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reaching the maximum cold bias in the winter. The cold bias translated into the underestimation of 

PET (about 50 mm/month; Figure 5.1 f). The maximum temperature bias largely influences the PET 

bias used in the Hargreaves method for calculating PET in this study. In terms of precipitation, the 

simulations show a wet bias (up to 45 mm/month) in the early summer and autumn months (Figure 

5.1 d). The models feature an overestimation of WYLD (up to 20 mm/month) in summer and 

autumn, reflecting the errors in PRE and PET fields (Figure 5.1 l). 

Furthermore, the models underestimate CET (about 20 mm/month) and overestimate runoff (up to 

5 mm/month) along with CFlow (up to 50 m3/s) during the summer and autumn months. The SW 

and PERC are overestimated throughout the year (Figure 5.1 d and k), with the lowest bias (ranging 

between 0-5 and 0-0.5 mm/month) in spring and the highest bias (about 30 and 5mm/month) in the 

summer months. There may be several reasons that influence the inconsistency among the simulated 

and observed data. The wet bias across the LRB suggests that the model's convective 

parameterization schemes are too involved in generating precipitation throughout the basin 

(Kalognoomou et al. 2013). The variability may also be related to poor representation of observed 

data in areas of the basin in which the data density of the meteorological data is low. 

The QDM bias correction methods improve the performance of the CORDEX dataset by reducing 

the above-mentioned biases. All the meteorological and hydrological variables are better 

represented in the bias-corrected dataset (CORDEX_QDM) than in the CORDEX_ORG (Figure 

5.2). For instance, bias correction reduced the cold bias by about 1.5℃ and the wet bias by 20 

mm/month. The correction of the cold and wet bias in CORDEX_QDM improves the representation 

of PET (Figure 5.2 f) and WYLD in the dataset (Figure 5.2 l).  It also enhances the replication of 

the hydro-meteorological variables' annual variability across the basin. For example, QDM datasets 

provide a better simulation of the Runoff, SW, and CFlow annual series. Although both datasets 

(CORDEX ORG and CORDEX QDM) replicate the annual series of meteorological variables over 

the LRB as with the reanalysis data, CORDEX QDM has a narrower simulation spread than 

CORDEX ORG. This suggests that the bias correction facilitates a better agreement among the 

simulations and reduces uncertainty in the simulated results. Furthermore, the observed annual 

variability is present within the ensemble spread in both simulation data sets, and a mean cycle of 

the ensemble corresponds closely to the observed cycle; however, the simulation spreads enclose 

the observed cycle in the CORDEX QDM better than in the CORDEX ORG. 
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Figure 5.1: The annual series of climate and hydrological variables over the LRB as modelled with 

SWAT+ using GMFD reanalysis data and original CORDEX (CORDEX_ORG) dataset. The 

climate variables are maximum temperature (Tmax, °C), minimum temperature (Tmin, °C), mean 

temperature (Tmean, °C), Precipitation (PRE, mm/month), Potential evapotranspiration (PET, 

mm/month),  evapotranspiration (ET, mm/month), Channel evaporation (CET, mm/month), Soil 

water (SW, mm/month), Percolation (PER, mm/month), Surface runoff (Runoff, mm/month), 

Channel flow (CFlow, m3/s), Water yield (WYLD, mm/month). 
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Figure 5.2: The annual series of climate and hydrological variables over the LRB as modelled with 

SWAT+ using GMFD reanalysis data and QDM bias-corrected CORDEX dataset 

CORDEX_ORG).  The climate variables are maximum temperature (Tmax, °C), minimum 

temperature (Tmin, °C), mean temperature (Tmean, °C), Precipitation (PRE, mm/month), Potential 

evapotranspiration (PET, mm/month),  evapotranspiration (ET, mm/month), Channel evaporation 

(CET, mm/month), Soil water (SW, mm/month), Percolation (PER, mm/month), Surface runoff 

(Runoff , mm/month), Channel flow (CFlow, m3/s), Water yield (WYLD, mm/month).  

 

5.2 Spatial distribution of climate variables over the LRB 

The CORDEX_ORG adequately simulates the spatial pattern of the climate variables over the basin 

(Figure 5.3 – 5.4). The CORDEX_QDM models capture the spatial pattern of temperature, which 

varies across the basin owing to the topography and proximity to the Indian Ocean. They feature the 

temperature maxima (>22℃) over Mozambique and Zimbabwe (Figure 5.3 b and c). The models 

reproduce a PET maximum (ranging from 130-150 mm/month) over the north-eastern half of the 

basin. They also reproduce the temperature minima (14℃) in areas of higher altitude along the 

escarpment in South Africa, over the Waterberg, Steelport mountains, and the northern portion of 

the Drakensberg mountain range. In accordance with observations, the models simulate the 

precipitation maxima (>60 mm/month) and ET maxima (>60 mm/month) over the high elevation 
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areas and the north-eastern parts of Zimbabwe. The models replicate the precipitation and ET 

minima (<20 mm/month) over the westernmost part of the basin in Botswana and the southernmost 

part of South Africa. The low PRE over these regions is attributable to its distance from the rain-

bearing ITCZ and southwest Indian Ocean tropical cyclone, which bring a substantial amount of 

rainfall over the northern and eastern parts of the basin.  Furthermore, the Botswana Upper High 

Influence (BUHI), a seasonal subtropical anticyclone that develops at about 700 hPa during the 

summer, exacerbates the low rainfall west of the basin (Mosase & Ahiblame, 2018). The BUHI 

creates unfavorable rainfall conditions by rerouting the movement of the ITCZ away from the area. 

They also model the observed zonal precipitation and hydroclimatic variable (SW, PERC, Runoff 

and WYLD) gradients ,with the maxima (>30 mm/month, >0.6 mm/month, >4 mm/month and >10 

mm/month, respectively) over the high-altitude areas and the minima (<0 mm/month, <0.2 

mm/month, <2 mm/month and <2 mm/month) over the western parts of the basin. The east-to-west 

decrease in precipitation has been reported by Mosase & Ahiblame (2018). The models also 

reproduce the CPRE and CET maxima (1580.8 mm/month and 2193.8 mm/month) over the Lower 

Limpopo found in the east of the LRB and the CPRE and CET minima (0.2 mm/month and 0.4 

mm/month) further west of the basin (Figure 5.5 c and h). The models simulate Cflow (up to 17573.2 

m3/s) across the basin as well (Figure 5.5 o).  

Nonetheless, the CORDEX_ORG ensemble mean climate variables have significant biases (Figure 

5.3 d, f, n, and s).  The cold and wet bias identified in Figure 5.1 is evident across various basin 

regions (Figure 5.4 d and f). The cold bias featured in the ensemble mean is noticeably weaker (0℃ 

-1℃) over the northern half of the basin and stronger (1.5℃ - 2℃) over the southern half, more 

especially over the high-altitude areas along the escarpment (Figure 5.3 d). The cold bias causes 

PET to be underestimated (by around 20 mm/month) across the watershed (Figure 5.3 n). The PET 

bias is extreme over the north-eastern part of the basin as well as along the escarpment. The wet bias 

simulated by the CORDEX_ORG models is substantial over Zimbabwe and northern South Africa, 

which suggests that the models simulate more substantial ITCZ convergence. Additionally, the 

models also simulate patches of a dry bias (about 12 mm/month) over the high-altitude regions. This 

indicates that the models' resolution may be insufficient to capture the impact of orographic effects 

on temperature and precipitation over Limpopo (Kalognomou et al., 2013). Furthermore, the dry 

bias influences the underestimation of ET (up to 12 mm/month) over the high-altitude region (Figure 

5.3 s). The discrepancies in the variability of PRE and ET trigger a bias in the distribution of 

hydroclimate variables, ranging from SW (-10 mm/month), PERC (-0.4 mm/month), Runoff (-2 

mm/month), and WYLD (-2 mm/month) over northern South Africa to SW (80 mm/month), PERC 

(2 mm/month), Runoff (10 mm/month) and WYLD (10 mm/month) over the high elevation regions 
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in the basin (Figure 5.4 d, f, n, and s. The underestimation of precipitation is responsible for the 

negative bias in hydroclimate variables, while the underestimation of PET is responsible for the 

positive bias in SW, PERC, Runoff, and water yield. Following a similar spatial pattern to the PRE 

distribution, the models simulate a wet bias (578.8 mm/month) over the channels predominantly 

over the Lower Limpopo in Mozambique and northern South Africa (Figure 5.5 d). There is a slight 

dry CPRE bias over the high lying topography. The CET is underestimated across the entire basin 

(up to -299.6 mm/month); however, the negative CET bias is more potent over the areas with a wet 

bias as more water is available for evaporation in those channels (Figure 5.5 i). The CFlow is mostly 

influenced by PRE and CET. Consequently, there is a positive CFlow bias (about 14049.2 m3/s) 

over the eastern half of the basin, which is most potent over the lower Limpopo (Figure 5.5 n).   

The bias correction method QDM nearly eliminates the biases mentioned above (Figure 5.1-5.5). 

All the climate features are better represented in the bias-corrected datasets than in the 

CORDEX_ORG. The bias-corrected CORDEX_QDM models improve the cold and wet bias across 

the basin by > 1.5℃ and > 10 mm/month and the dry bias over the high elevation areas by > 10 

mm/month as well (Figure 5.3 e and j). A reduction of the cold bias error led to the correction of the 

negative PET bias by > 18 mm/month across the basin (Figure 5.3 o). The negative bias in ET over 

the regions with high topography is reduced by about 12 mm/month, while the positive ET bias 

across the basin is reduced by > 12 m/month (Figure 5.3 t). The correction of the precipitation and 

ET biases correct the negative (positive) bias of SW by 20 mm/month (>70 mm/month), PERC by 

0.2 mm/month (>1.8 mm/month), and both Runoff and WYLD by 2 mm/month (8 mm/month) 

(Figure 5.4 e, j, o and t). The wet CPRE bias is reduced by > 189.4 m3/s, and negative CET bias is 

reduced by 150 mm/month over the lower Limpopo (Figure 5.5 e and j). This results in a better 

representation of CFlow over the region as the positive bias improves by >7024.6 m3/s (Figure 5.5 

o).  
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Figure 5.3: The spatial distribution of climate variables over the LRB SWAT+ model sub 

catchments using GMFD in the reference period (1971–2000). The climate variables are mean 

temperature (Tmean, °C), Precipitation (PRE, mm/month), Potential evapotranspiration (PET, 

mm/month) and Evapotranspiration (ET, mm/month). The difference (bias; SWAT+ minus GMFD) 

between the observed and SWAT+ (simulated using NoBC and QDM CORDEX datasets) variables 

are indicated.  
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Figure 5.4: Same as figure 5.3, except for Soil water (SW, mm/month), Percolation (PERC, 

mm/month), Surface runoff (Runoff, mm/month), and Water yield (WYLD, mm/month). 
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Figure 5.5: Same as figure 5.3, except for Channel precipitation (CPRE, mm/month), Channel 

evaporation (CET, mm/month), and (Channel flow, CFlow, m3/s). 
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Chapter 6: Model Projection 

Chapter 6 presents the implications of the possible effects of climate change on hydroclimatic 

variables and droughts over the LRB. The bias-corrected CORDEX dataset evaluated in the previous 

section is used to force the SWAT+ model of the LRB to provide future projections under the RCP 

8.5 scenario. Climate change projections are based on present-day climate results (CORDEX QDM) 

evaluated and discussed in the previous chapter, expressed as the difference between the future 

climate and the present-day climate. The chapter discusses the time-series of the projected changes 

over the period 2006-2099, as well as the spatial distribution of the changes all over the basin for 

four specific global warming levels. The impacts of climate change on hydro-climatic droughts use 

five drought indices. 

  

6.1 Projected changes in hydro-climate variables 

Figures 6.1, 6.3, and 6.5 show time series of expected changes in hydro-climatology variables across 

the basin for the years 1951 to 1999. The characteristics of the time-series vary among the variables. 

The models project an increase in temperature over the period, with the increase reaching about 5℃ 

in 2099. This temperature increase is higher than global warming (4℃ 2100; IPCC, 2014), implying 

that the Limpopo basin could be warming faster than the global average. The projected increase in 

temperature agrees with the results obtained by James & Washington (2013), Aich et al. (2014), 

Engelbrecht et al. (2015), and Maúre et al. (2018) across Southern Africa, including the LRB. The 

spatial distribution of the temperature projection (Figure 6.2) shows that the warming over the basin 

is reasonably consistent but that the extent of the warming increases with rising GWLs. 

In contrast to the temperature projection, there is no discernible trend in the projection of 

precipitation over the basin as there is no indication of a future increase or decrease in the magnitude 

of rainfall variability over the basin (Figure 6.1). This suggests a long-term consistency in the 

amount of rainfall water in the basin. However, beginning in 2030, the model ensemble shows a 

gradual rise in the frequency of extreme wetness and dryness. Nonetheless, the spatial variation of 

the rainfall projection indicates that the northern half of the basin may experience a decrease (6 

mm/month) rainfall while the southern parts, mostly over the high altitudes, may experience an 

increase (up to 6 mm/month). Despite this, the area with decreasing rainfall expands with the 

increasing GWLs. Several studies found similar results (Zhu & Ringler, 2012; Aich et al., 2014 and 

Maúre et al., 2018) of a decline in precipitation over the LRB. Agriculture and water supplies are 
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likely to suffer as a result. The implication is that corresponding changes in agricultural production 

such as land use and or land cover need to be implemented as a mitigation measure to prevent water 

scarcity and agricultural production due to the projected changes. This drying condition is not seen 

in the projections of Singh et al. (2014), which indicate a wetter future northeast of the basin. This 

discrepancy may be a result of the sensitivity to the variability of rainfall of the downscaling method 

used in their study.  

The SWAT+ projection shows a gradual increase in PET following the increasing temperature trend 

evident in Figure 6.1. However, the projected changes in PET have higher temporal variability than 

temperature, where the greatest increase in average temperature was predicted to rise from 1℃ to 

5℃ by the end of the century, while the increase in PET is predicted to rise from 5 to 20 mm/month, 

with the greatest increase taking place towards the end of the 21st century. Not only does the spatial 

extent of the increase expand as GWLs rise, but it also shows that the magnitude of the increase is 

lower in the eastern part of the basin than in the rest of the basin. A similar pattern of increasing 

temperature and consequently PET was found by Singh et al. (2014) over the Olifants river basin 

using downscaled GCMs. 

The ET projection follows that of rainfall, showing no discernible trend at the scale of the full LRB. 

Even so, the spatial variation of the projection reveals an increase (up to 6 mm/month) in ET further 

south of the basin and a decrease (about 6 mm/month) over the rest of the basin. From Figure 8.1, 

it is evident that there is better agreement between ET and rainfall projection than between ET and 

PET projections. This may be because, over land, ET depends on the availability of moisture, which 

relies heavily on the amount of rainfall. Once the soil moisture (which is limited by rainfall amount) 

is depleted, ET stops, irrespective of the evaporative demand by the atmosphere (i.e., PET). Hence, 

over land, changes in ET depend more on changes in rainfall than on changes in PET. The projected 

changes in temperature, PET, and precipitation are in line with those found by Li et al. (2015) using 

a high-resolution RCM over southern Africa. Furthermore, Abiodun et al. (2019) found that the 

projected decrease in precipitation and ET along with a maximum increase in temperature and PET 

over the water-stressed Limpopo basin are consistent with the increased occurrence severe drought. 

Consistent with the precipitation and ET projections, the impact of global warming on the 

hydrological variables (SW, PERC, Runoff, and WYLD) shows no discernible trend at the scale of 

the entire LRB as the projection of the hydrological variables shows no significant change (Figure 

6.3). Nevertheless, the spatial distribution of the SW projection shows a future decrease in SW with 

the higher decrease (up to 10 mm/month) over the eastern half of the basin and the lower decrease 

(about 5 mm/month) over the west (Figure 6.4). Whereas the spatial distribution of the other 
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hydrological variables (PERC, Runoff, and WYLD) project an increase (>0.1 mm/month and >1 

mm/month) over the western half of the basin, as well as a decrease (<0.5 mm/month and <1 

mm/month) over the east at all the GWLs. This projected decrease appears to offset the increase 

resulting in the indiscernible trend among these variables. The decrease in Runoff and WYLD can 

be attributed to the projected decrease in precipitation and the projected increase in temperature and 

PET. These projections are comparable with previous studies (Arnell et al., 2003; De Wit & 

Stankiewicz, 2006 and Li et al., 2015), which found a decrease in runoff over southern Africa. Using 

downscaled GCMs as input for the GHM hydrological model, Zhu & Ringler (2012) projected a 

decrease of up to 35% in runoff over the LRB. 

The projected changes of the hydro-climatic variables over the river channels (precipitation- CPRE; 

evapotranspiration- CET; and streamflow- CFlow) are shown in Figures 6.5 and 6.6. In line with 

the precipitation over the land units of the basin, there is no discernible trend on the impact of global 

warming in the future projection of CPRE (Figure 6.5 a - d). This is because while an increase (>134 

m3/s) in CPRE is projected to further south of the basin, a decrease (about 67.4 m/s) is projected 

over most of the basin, and a more considerable decrease of up to 134.5 m3/s is projected to further 

east in the Lower Limpopo (Figure 6.6). Nevertheless, in contrast to the ET over land, SWAT+ 

projects a future increase of about 15 mm/month in 2099 in CET over the channels. This implies 

that the basin may lose more water through the evapotranspiration of the streamflow than overland. 

This is because, overland, ET is constrained by the amount of soil moisture and precipitation that 

occurs over the land; once the SW is depleted, ET stops. In contrast, evaporation, on the other hand, 

is continuous over the channel due to the availability of the streamflow. Hence, changes in CET 

may be more driven by PET than by rainfall. The time series of the future projection of streamflow 

over the basin has no distinguishable change. The spatial distribution of CFlow projects an increase 

(37 m3/s) over the western and central channels and a decrease (37 m3/s) over the channels located 

on the east half of the basin. These results are in line with Strzepek & McCluskey (2007), who 

projected a significant reduction in streamflow over the majority of southern Africa using GCMs 

over Africa. Aich et al. (2014) projected an increase of mean annual streamflow over the Limpopo 

Basin using inputs from the CMIP5 model ensemble as input in SWAT at RCP 2.6 and 8.5. 

 

 

 



68 

Figure 6.1: Interannual variation of the projected mean temperature (Tmean, °C), Precipitation (Pre, 

mm/month), Potential evapotranspiration (PET, mm/month), and Evapotranspiration (ET, 

mm/month) over the Limpopo river basin under RCP 8.5. The black solid lines represent the multi-

model ensemble mean, and the spreads represent the range of the selected climate models. 



69 

 

 

Figure 6.2: Projected changes in mean temperature (Tmean, °C), Precipitation (PRE, mm/month), 

Potential evapotranspiration (PET, mm/month), and Evapotranspiration (ET, mm/month) over the 

Limpopo river basin at different global warming levels (GWL15, GWL2.0, GWL2.5, and GWL3.0). 

 

 

 

 

 

 



70 

 

 

Figure 6.3: Same as figure 6.1, except for Soil water (SW, mm/month), Percolation (PERC, 

mm/month), Surface runoff (Runoff, mm/month), and Water yield (WYLD, mm/month). 
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Figure 6.4: Same as figure 6.2, except for Soil water (SW, mm/month), Percolation (PERC, 

mm/month), Surface runoff (Runoff, mm/month), and Water yield (WYLD, mm/month). 
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Figure 6.5: Same as figure 6.1 except for Channel precipitation (CPRE, mm/month), Channel 

evaporation (CET, mm/month) and Channel flow (CFlow, m3/s). 
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Figure 6.6: Same as figure 6.2 except for Channel precipitation (CPRE, mm/month), Channel 

evaporation (CET, mm/month), and Channel flow (CFlow, m3/s). 

 

6.2 Projected changes in hydro-climate droughts 

Figure (6.7) presents the projected changes in characteristics of the hydroclimatic droughts over the 

river basin at the four global warming levels (GWLs: GWL1.5, GWL2.0, GWL2.5, and GWL3.0). 

The changes are projected for the meteorological drought (i.e., SPEI and SPI), agricultural (i.e., soil 

water drought index, SSI), and hydrological drought (i.e., surface runoff drought index, SRI; water 

yield drought index, WYDI; standardized streamflow index, SFI and/or basin discharge index, 

Q145). An increase in the intensity and frequency of all the drought types is projected, but the level 

of model agreement on the projection and magnitude of the increase differs across the drought 

indices. For meteorological droughts, the rise is far higher for SPEI than for SPI, and the degree of 

model agreement is much more significant for the former. For SPEI-drought, more than 75% of the 

simulations agree on the rise at GWL1.5, and all the simulations agree at GWL3.0, but for SPI-

drought, less than 75% of the simulations agree on the rise at GWL1.5, and only about 75% of them 

agree at GWL3.0. In addition, the projected droughts intensity increase (ensemble mean) is greater 
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than 0.4 for the SPEI, but less than 0.2 for SPI, the projected increase in drought frequency 

(ensemble mean) is more than 40 events/decade for SPEI but less than 5 events/decade for SPI.  

With the agricultural drought, the rise in SSI-drought intensity and frequency falls between that of 

SPEI and SPI, but it is closer to that of SPEI than of SPI. This suggests that the cascading of PET-

induced meteorological drought to agricultural drought is moderated by the availability of soil water, 

which strongly depends on PRE (i.e., SPI). So regardless of the increase in PET (atmospheric 

demand) and the associated increase in drought severity, if there is insufficient soil moisture to 

support the increase, the increase may not translate to commensurable soil drought. However, the 

soil needs have reached wilting point before SSI-drought stops responding to the increasing SPEI-

drought intensity and frequency. So, while in the projected increase, SSI-drought frequency and 

intensity may not be as high as that of SPEI-drought, it might drive the soil moisture to the wilting 

point with a severe consequence on crop production over the basin.  

With the hydrological drought, the rise in drought intensity and frequency is more pronounced and 

more robust for WYLDI than for SRI and Q145. For instance, while at least 75% of the simulation 

agrees on the increase in the WYLDI, less than that agrees on the SRI and Q145. Also, at GWL3.0, 

the rise in WYLDI drought intensity (ensemble mean) is up to 0.1 for WYLDI but less than that for 

SRI and Q145. The increase in the drought frequency (ensemble mean) is more than 40 

events/decade for WYLDI but 40 events/decade for SRI and Q145 Climate change has a greater 

effect on WYLDI than SRI and Q145, possibly because WYLDI takes into account all other 

hydrological processes and variables in the basin.. However, the WYLDI increase is less than the 

SPEI drought. 

The disparity between the estimates of SPEI and SPI reported here coincides with the findings of 

Abiodun et al. (2019) on the main basins in Southern Africa (Limpopo, Okavango, Orange, and the 

Zambezi). In their study, Abiodun et al. (2019) also predicted greater increases in the severity and 

frequency of SPEI drought projections than those of SPI. Their projections indicate that global 

temperatures rise (from GWL1.5 to GWL30.), the development and robustness of SPEI drought 

advance faster than the SPI drought. The researchers claim that using SPI for future predictions 

might understate the intensity and frequency of droughts since SPI does not consider the influence 

of PET. The present study agrees with Abiodun et al. (2019) that the use of SPI projection to infer 

the agriculture and hydrological droughts over the LRB may under the severity and frequency of 

the droughts because the magnitude of the SSI and WYDI projections are higher than that of SPI 

projection. However, the study also shows that the use of SPEI to infer the agriculture and 
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hydrological droughts over the LRB would overestimate the severity and frequency of the droughts 

because of the magnitude of the SSI and WYDI projections are lower than that of SPEI projection.  

 

 

Figure 6.7: Shifts in (a) drought intensity and (b) drought frequency projects across the LRB. See 

the text for the full meanings of the acronyms. 
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Chapter 7: Conclusion 

7.1 Summary 

This study uses the SWAT+ hydrological model forced by the CORDEX RCM set at four global 

warming levels (i.e., 1.5°C, 2.0°C, 2.5°C, and 3.0°C above the pre-industrial level) under RCP8.5 

future scenario to project and examine the effects of global warming on the potential availability of 

water resources and streamflow in the basin. However, before the projection, in Chapter 4, the 

SWAT+ model is calibrated using the IPEAT+, an auto-calibration tool that finds the optimum 

model parameter values over the basin through the maximization of the objective functions (NSE, 

PBIAS, RMSE, and R2). The performance of the SWAT+ model of the LRB to reproduce the time-

series of streamflow at four hydrological stations in the basin is evaluated and quantified using NSE, 

PBIAS, RMSE, and R2 evaluation statistics. The spatial variation of the SWAT+ simulated 

hydrological variables over the basin is also discussed. In Chapter 5, the CORDEX climate 

simulation dataset is bias-corrected using the QDM bias correction method. The capability of the 

original and bias-corrected CORDEX datasets to simulate the LRB climate during the reference 

period (1971-2000) is also examined. In Chapter 6, the future projection of the mean hydro-

climatical variable and hydrological droughts are presented. Five drought indices (SPEI, SPI, 

WYLDI, SSI, SRI and SFI) are used to characterize the projected changes in drought intensity and 

drought frequency. The results of this study can be summarized as follows: 

● Using 1-NSE as the objective function for calibrating SWAT+ over the LRB gives better 

results than using 1-R2, PBIAS, or RMSE as the objective function. However, regardless of 

the objective function, the SWAT+ simulation is satisfactory for some of the gauged sub-

catchments and not satisfactory at others, depending on statistical metrics used for the 

evaluation. 

 

● The calibrated SWAT + simulates the appropriate spatial distribution over the Limpopo 

River Basin for all objective functions of hydrological variables consistent with the spatial 

distribution of the climatic variables 

●  The original CORDEX dataset reproduce the observed annual series and the main features 

of the spatial pattern of hydro-climate variables over the LRB. All of them, however, 

underestimate Tmean and PET and overestimate PRE and ET. It equally overestimated the 

hydrological variables (SW, PERC, Runoff, and WYLD) as well as the hydrological 

variables over the channels (CPRE, CET, and CFlow). The QDM bias correction improves 
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the performance of the CORDEX datasets and reduces the spread among the simulations. 

Hence, the QDM bias-corrected CORDEX dataset (CORDEX_QDM) is more appropriate 

for hydrological modelling over the LRB. 

● The CORDEX_QDM simulations project a warmer climate over the LRB in the future at the 

four GWLs. The magnitude of projection (with the associated increase in PET) increases 

with the GWLs.  

● Although the time-series of spatially averaged precipitation projection at the scale of the full 

LRB shows no discernible trend in the future, a precipitation increase is projected over the 

southern part of the basin and a decrease in the northern part. The magnitude and area of the 

decreased precipitation increase with the GWLs.  

● The future projections for hydrological variables are influenced more by precipitation 

projections than by temperature and PET projections. The projections show a decrease in all 

the hydrological variables (evapotranspiration, soil-moisture, percolation, runoff, water 

yield, streamflow) over most parts of the LRB at all GWLs. The largest decrease is projected 

over the eastern part of the basin under GLW3.0. 

● An increase in intensity and severity of the meteorological drought is projected over the 

basin, but the extent of the rise is larger for SPEI-drought than for SPI-drought because SPI-

drought because the SPI-drought does not consider the impacts of global warming on PET.  

● Agricultural drought (SSI) is expected to become more intense and frequent across the basin; 

however, the severity of the increase will be higher than SPI-drought but much lower than 

SPEI-drought. 

● It is also expected that the intensity and severity of the hydrological drought will increase 

across the basin, but the magnitude of the projection is higher for water yield (WYLDI) than 

for other hydrological variables. However, the magnitude of the WYLDI-drought is also 

higher than that of SPI-drought and SSI-drought but much lower than that of SPEI-droughts. 

 

7.2 Implications for policy 

The results have implications for addressing the impacts of climate change on droughts over the 

LRB in several ways. The results show the shortcomings of using meteorological drought indices 
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(SPEI and SPI) in quantifying the effects of global warming on hydrological droughts. Given that 

SPI may underestimate the severity of the droughts while SPEI may overestimate it, climate change 

mitigation or adaptation planning should be based on hydrological drought indices projections rather 

than meteorological drought projections. However, the projected increase in meteorological 

droughts due to increased PET would enhance evaporation losses from water resources (i.e., rivers, 

dams, wetlands) and increase irrigation demands for drier soils. The projected future increase in 

intensity and frequency of agricultural and hydrological drought may have severe consequences for 

economic activities such as agriculture, industrial water supply, and tourism. It may also have 

negative impacts on regional developments. The increasing population adds more demand on the 

water-stressed LRB. Hence, there is a need for governing bodies at all levels (local, regional, and 

national) to formulate efficient operational water management response practices to increase 

resilience and adaptive capacity over the basin. Such options could include management of land 

cover changes. Future research will build on these projections to determine the best land-use 

modification (which aims to reduce evaporation losses) that could mitigate the effects of the 

predicted droughts. 
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