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EXECUTIVE SUMMARY  

 

Prolonged drought events have created persistent water shortages, and this has led to fierce 

competition amongst water users and a decline in agricultural production in agroecological zones 

(AEZs) of the Western Cape (WC) Province in South Africa. A common strategy to manage drought 

and the associated water shortages is based on crisis management (ex−ante). However, a risk-based 

approach seems to be in line with proactive and optimal water resources management. Therefore, 

considering the challenges and opportunities in the context of sub-Saharan Africa's policies and 

frameworks, how can drought risk management be most effectively and sustainably implemented the 

through monitoring and vulnerability risk assessment considering the case study of the agricultural 

environments in semi-arid areas. In this regard, the overarching aim of this study was to quantify and 

analyse the impacts of meteorological drought on sustainable water availability in the AEZs of the 

WC during the between from 1980 and 2050. This study used two forms of datasets: observational 

data and model simulations. Observed precipitation data (1980–2020) were gathered from the 

University of East Anglia’s Climate Research Unit gridded Time Series (CRU TS Version 4.07) 

https://www.cru.uea.ac.uk/cru/data/hrg database using Google Earth engine interface, while future 

precipitation datasets (2021–2050) under SSP5–8.5, SSP2–4.5 and SSP1–2.6 climate scenarios were 

generated by the sixth version of Model for Interdisciplinary Research on Climate, (MIROC6) 

https://esgf–node.llnl.gov/search/cmip6/ database. These datasets were processed using the 

Standardized Precipitation Index (SPI), Reliance (Rel), Resilience (Res) and Vulnerability (Vul) 

indicators and Sustainability Index (SI). The Mann-Kendall (M-K) test was used for trend analysis at 

a significance level of p < 0.05. The results revealed that under the influence of climate change there 

will be a decrease in expected precipitation between 2021 and 2050 across all districts, with the 

greatest decrease expected in sub-tropical cool sub humid zone (STCSH). The average Rel index 

across the study area in observed data was calculated to be 0.53, which changed to 0.49 in the 

SSP2−4.5 scenario, a decrease of 1.43%. There was no change in average Res index across the study 

area for both base period and under climate change scenario, calculated to be 0.42. The average Vul 

index across the study area in the base period was calculated to be 0.47, which changed to 0.51 under 

the influence of climate change, an increase of 7.08%. The study findings indicated a progressive 

reduction in water availability across climate change scenarios with SSP5–8.5 indicating statistically 

significant negative trends while both the SSP2–4.5 and SSP1–2.6 indicated mostly positive 

insignificant precipitation trends in the near term (2021–2050). The results further indicate that in 

https://www.cru.uea.ac.uk/cru/data/hrg
https://www.youtube.com/redirect?event=video_description&redir_token=QUFFLUhqa2pyNWJzcHlwTmRxRGdTWVIyalltVl94M21sd3xBQ3Jtc0tuRkhnWGZRSmwxUk41ajRBZk5WSFBwd21JRGtDSG1LdlE3YXRFNFNia2xlRzZHTXZHTzN6SV8zNjFfLW1wWjVHb041dTd1YmtiT1dlbmplZ2s2MF9tdFpGd1AyNEVsX1QzbWdsY0NicGhqN1o4ZEdKbw&q=https%3A%2F%2Fesgf-node.llnl.gov%2Fsearch%2Fcmip6%2F&v=Fk-jYpNmDKA
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arid climates, future SI, exhibited moderate water shortage (0.60< SI <0.80), while in semiarid 

climates future SI values, exhibited mild water shortages (0.62< SI <0.71); while in the humid 

climates future SI values projected normal to above normal water availability condition (0.52 < SI 

<0.58). Trend analysis results indicated non-insignificant positive vulnerability trends and significant 

negative trends for both reliability and resilience indicator. Overall, the results suggest that between 

2021 and 2050 drought conditions will aggravate water scarcity in AEZs compared to observed 

drought condition (1980-2020). The results of this study can aid policymakers in mitigating drought 

related water scarcity and foster drought resilient communities. 

 

Key words: Drought, climate change, water availability, climate models, reliance, vulnerability, 

resilience  
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CHAPTER ONE 

 

FRAMES OF REFERENCE 

 

 Introduction  

 

In recent decades, there has been growing evidence that the impact of climate change on hydrological 

systems has increased the frequency and severity of drought conditions in certain regions (Abel et al., 

2019; Simatele et al., 2023). Drought affects many facets of life and society (e.g., agriculture, energy, 

food security, health, water resources, migration, and resource conflict) (Diffenbaugh et al., 2015). 

Hanel et al. (2018) reported that as droughts affect more economic sectors, there are more conflicts 

among water users and increased societal vulnerability. Meissner et al. (2013) argued that drought is 

one example of an extreme weather event that will become more common and intense due to climate 

change. Tadesse et al. (2008) and Wilhite (2019) contended that drought is a complex natural hazard 

that affects millions of people every year, particularly exacerbating water scarcity and causing 

significant harm to infrastructure, the environment, and has the potential to weaken economies. 

Schmidtlein et al. (2008); Wilhite (2019) suggested that the risk of drought in any given region is 

determined by the region's exposure to the event (i.e., the probability of drought occurrence at 

different severity levels) as well as the vulnerability of society to drought. Numerous scholars, such 

as Maponya & Mpandeli (2012); Nyam et al. (2020), reported that because of drought, chronic water 

shortages will become the single most significant danger to alleviating poverty and promoting global 

prosperity. Dai (2013) reported that it is predicted that climate change will most certainly increase 

the frequency and severity of droughts across the globe, particularly in countries that are classified as 

arid and semi-arid. Pamla et al. (2021) suggested that unprecedented water shortages because of 

recurrent drought pose one of the most significant environmental concerns in water resources and 

agriculture. Musyimi et al. (2018) agreed with this view. They argued that compared to other sectors, 

the agricultural sector is the largest user of water since it is responsible for the consumption of nearly 

80% of the world's freshwater reserves.  

 

Pereira (2017) argued that drought risk management in agricultural environments is essential in 

practical discussions on effective, equitable and sustainable water resources planning. Drought risk 

management includes creating strategies for mitigating the impacts of droughts (Ngcamu & Chari, 

2020). Because of this, there is a growing concern in society regarding the socio–economic 
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repercussions of droughts and potential strategies for avoiding or mitigating their impacts (Cook et 

al., 2018). Wilhite (2019) argued that droughts would continue to increase in frequency, severity, and 

duration because climatic conditions are changing, and there have been proven increases in extreme 

climate phenomena. According to Wilhite & Pulwarty (2017), a reduction in the gap between the 

availability of water and the demand for it will significantly increase the severity of the effects of 

drought. Although agricultural water availability is typically the first and most drought–affected 

sector (Lottering et al., 2021; Nyam et al., 2020; Ojara et al., 2022), many other sectors, including 

energy production, tourism and recreation, transportation, urban water supply, public health, and the 

environment (Kristensen et al., 2018; Makaya et al., 2020), have experienced substantial impacts, and 

these will increase at an accelerating rate as a result of further warming and growing competition for 

finite water resources. 

 

 Background of the study 

 

In light of the above, Bayissa et al. (2017) contended that human practices that are not sustainable 

and the detrimental impacts of climate change are contributing to increasing frequency of droughts 

and substantial alterations in natural water flow mechanisms. Similarly, Okal et al. (2020) argued 

recurrent droughts have a greater impact on the global community compared to other natural hazards. 

As a result, droughts are considered the most expensive and complex challenge of the 21st century. 

Additionally, it is hypothesized that increased occurrences of droughts may lead to several issues, 

such as a disruption in the water budget model (Chen et al., 2013), alterations in evapotranspiration 

processes (Buttafuoco et al., 2018), and reduced water availability in the soil (Zhang & Li, 2020). 

These issues will result in a scarcity of water and food. Chandrasekara et al. (2021) contended that 

an increase in the incidence of meteorological droughts will result in substantial difficulties in food 

production, especially in rainfed agro-ecological zones. This poses a substantial risk to the global 

community's endeavours to eradicate poverty and address climate change by 2030 (Masih et al., 

2014). While scholars like Kam et al. (2021) have confirmed that more frequent droughts will greatly 

change the availability of key aspects in sustainable agriculture, such as surface and groundwater, 

there is still limited consensus on the specific statistics regarding the effects of recurring droughts on 

a global, regional, and local scale. 
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The sixth assessment report of the Intergovernmental Panel on Climate Change (IPCC, 2021) has 

confirmed that climate change-induced droughts, occurring at current levels of global warming, have 

led to an increase in food insecurity and human mortality rates. These threats have escalated from 

low levels in the fifth assessment to moderate levels in the sixth assessment (Ziervogel et al., 2014). 

According to Mohleji & Pielke (2014), the ongoing drought has caused the death of over one million 

people and resulted in economic losses over sixty billion US dollars since 1974. Gidey et al. (2018) 

asserted that the population dwelling in regions experiencing high water stress, due to repeated 

droughts, is expected to rise considerably from 300 million to over 5 billion by 2025. In 2020, a report 

from the European Commission indicated that developed countries in the European Union and the 

United Kingdom experienced substantial annual economic losses of approximately €9 billion due to 

recurring droughts. Spain incurred the highest losses, amounting to €1.5 billion per year. In March 

2021, substantial dust storms occurred in the northern parts of China, which were strongly linked to 

prolonged drought conditions caused by the long-term effects of global warming that the country has 

been experiencing in the past few decades (Li et al., 2021).  

 

Similarly, research conducted in regions of the world located below the equator reveals that more 

than 500,000 individuals in sub-Saharan Africa are presently vulnerable to the gradual consequences 

of repeated drought. The resulting financial damages are estimated to exceed $30 billion USD (Okal 

et al., 2020). Ayugi et al. (2022) argued that any changes in the timing and distribution of rainfall in 

sub-Saharan Africa, caused by human-induced global warming, will lead to food insecurity in the 

affected region. Liverman (2008) contended that the reason for this is the high susceptibility of 

agriculture in sub-Saharan Africa to climate change. According to Downing et al. (1997), the majority 

of countries in Sub-Saharan Africa do not possess the necessary abilities and resilience to mitigate 

the effects of repeated droughts. Raji et al. (2021) argued that a rise in the occurrence of drought 

events caused by climate change will have an impact on ecosystem services (ES), leading to water 

scarcity and food insecurity. Nhamo et al. (2019) asserted that the food security situation in South 

Africa heavily relies on rainfed agriculture. Fitchett et al. (2016) and Habiyaremye (2020) contended 

that the consequences of drought will be notably conspicuous and calamitous in developing nations 

located in the southern regions of the globe, such as South Africa. Recurrent drought episodes in 

South Africa will have a substantial impact on agricultural production and worsen food poverty in 

the region (Baudoin et al., 2017). 



4 

 

According to Botai et al. (2017), South Africa is highly susceptible to long-lasting droughts and is 

expected to experience a shortage of water by 2025. Savenije (2000) argued that southern Africa, 

namely South Africa, will experience a decline in water availability from 1700 m3 per person to below 

1000 m3 per person. This statement implies that if there is a slight increase in the frequency of extreme 

drought events, South Africa's water security and food security will be substantially affected. This is 

because South Africa has a mean annual precipitation of 500mm/year, which is considerably lower 

than the global average of 860mm/year (Otieno & Ochieng, 2007). Ziervogel et al. (2022) take a 

geographically projected perspective and caution that in South Africa, the Eastern Cape and other 

inland areas encounter more severe flood episodes, while the western sections of the country are more 

susceptible to recurring drought occurrences. Ziervogel et al. (2014) proposed that this could be 

attributed to an increase in the occurrence of drought episodes. The Department of Water and 

Sanitation, previously called the Department of Water Affairs and Forestry in 2004, officially 

identified the Western Cape as one of the arid regions in South Africa, experiencing inconsistent 

levels of rainfall. Some regions in the Western Cape see an annual precipitation of less than 350mm, 

substantially lower than the national average of 500mm per year (Kam et al., 2021). 

 

Sebastian (2015) stated that the Western Cape (WC) contains six agro-ecological zones (AEZs) in 

South Africa. These zones are the subtropical warm/arid (STWA), subtropical cool arid (STCA), 

subtropical warm semi-arid (STWSA), subtropical cool/semi-arid (STCSA), subtropical warm sub 

humid (STWSH), and subtropical cool sub humid (STCSH). The Western Cape (WC) region, with 

its predominantly agricultural economy focused on exporting fruits and reliance on a water supply 

system built on catchment areas, exemplifies a region highly vulnerable to the devastating effects of 

recurring droughts (Kam et al., 2021). The Western Cape's reputation as a province prone to drought 

is supported by the recent 2015-2017 period of severe drought (Ndebele et al., 2020). Throughout 

this time frame, the WC province had severe inter-annual drought conditions, resulting in a water 

supply crisis that posed a threat to cease water supplies to around four million persons (Vogt et al., 

2018). Throughout the drought period, the water supply decreased substantially to only 20% capacity 

in January 2018 (Lange et al., 2020). Additionally, in 2019, there were more dry conditions, which 

led to a substantial 25% decrease in crop yield (Raude et al., 2018). Baudoin et al. (2017) emphasized 

that the severe drought experienced from 2015 to 2017 had a substantial negative effect on the 

agricultural sector, leading to a substantial decrease in employment opportunities. Additionally, 
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communities dependent on aquatic ecosystem services, such as ecotourism and fisheries, suffered the 

loss of sustainable livelihoods. Furthermore, the drought resulted in an increase in food prices.  

 

The increasing occurrence of recurring droughts at the global, regional, and national levels presents 

a substantial risk to the fair, effective, and long-lasting distribution of water resources. It has the 

potential to cause a substantial decrease in water levels and the consequent desiccation of water 

bodies (Wambua, 2018). This has the potential to create severe obstacles for agricultural productivity 

and greatly impact the use and distribution of water for home consumption. According to Bayissa et 

al. (2017), it is essential to monitor and simulate the historical characteristics of drought in order to 

assess the impact of risks, make forecasts, and predict future drought events. According to Ongoma 

et al. (2018), examining the spatial and temporal characteristics of previous droughts might assist 

individuals in making informed choices and perhaps bring about substantial alterations in how 

farmers manage and distribute water. This can also assist individuals in formulating proactive 

planning plans for an impending future characterized by climate change. Nevertheless, accurately 

assessing drought attributes in agro-ecological zones necessitates a methodology that utilizes 

dependable and easily accessible data to ascertain the occurrence of drought (Okal et al., 2020).  

 

Araujo et al. (2021) observed that scientific research in recent decades has facilitated the development 

and implementation of unique multidisciplinary methods for evaluating the dynamic and evolutionary 

aspects of drought occurrences. Thus far, these novel techniques have facilitated the categorization 

of droughts into four primary classifications: meteorological, agricultural, hydrological, and socio-

economic. One approach is to utilize historical climatic time series data to construct drought-

monitoring indices that illustrate the occurrence and progression of droughts (Ayugi et al., 2022). The 

drought monitoring indices utilize historical climatic data at intervals of 1, 3, 6, 12, 18, and 24 months 

to determine the time it takes for drought to manifest in social, economic, and environmental domains 

(Nhamo et al., 2019). Tozier de la Poterie et al. (2018) asserted that they examined the occurrence of 

agricultural drought by measuring the availability of soil moisture in the vadose zone across short to 

medium-term periods (1-, 3-, 6-month). Alternatively, a categorization of drought based on a 12- and 

18-month duration is better suited for assessing the availability of surface and subterranean water 

over an extended period. Das et al. (2019) suggested incorporating long-term timescales, like the 12-

month timeline, into the historical modelling of meteorological and hydrological droughts. 

Conversely, Citakoglu & Coşkun (2022) stated that socioeconomic droughts occur when the demand 
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for an economic resource exceeds its availability due to a deficiency caused by climatic conditions. 

In this study, it was deemed more suitable to focus on meteorological droughts, which are the most 

prevalent and are defined by a departure from the usual rainfall patterns, resulting in below-average 

precipitation levels time periods (Gidey et al., 2018).  

 

There are several drought indices used worldwide, each utilizing specific datasets to accurately 

capture the spatial and temporal characteristics of droughts (Nhamo et al., 2019). Commonly used 

indices for evaluating meteorological droughts include the Palmer Drought Severity Index (Sheffield 

et al., 2012), the Surface Water Supply Index (Mishra & Singh, 2010), the Standardized Precipitation 

Index (McKee et al., 1993), the Rainfall Anomaly Index (Raziei, 2021), and the Standardized 

Precipitation Evapotranspiration Index (Memon & Shah, 2019). Kchouk et al. (2022) proposed that 

the monitoring indices vary depending on the area because of the ever-changing and developing 

nature of drought conditions. For instance, the Palmer Drought Severity Index is commonly used in 

North American countries, but the Reconnaissance Drought Index is more suited for Australia (Jiao 

et al., 2019). Although there are various indices available, Su et al. (2017) suggested that using a 

single drought monitoring index would suffice in evaluating the multiple aspects of droughts. 

Meanwhile, Nam et al. (2017) emphasized that the World Meteorological Organization suggested in 

2009 that the Standardized Precipitation Index should be universally employed to characterize and 

analyse meteorological drought conditions in any catchment.  

 

Contemporary literature by scholars like Botai et al. (2016); Das et al. (2019); Gidey et al. (2018); 

Kao & Govindaraju (2010); Zhang & Li (2020) and Kao & Govindaraju (2010), has shown that 

recurring drought consequences are constantly changing, widespread, and among the most expensive 

natural disasters. However, natural dangers continue to be the most intricate and unpredictable 

phenomena. Alam et al. (2023) and Das et al. (2019) employed several methodological frameworks 

to investigate the spatial and temporal attributes of repeating drought episodes. Simultaneously, 

Ayugi et al. (2022) and Orimoloye et al. (2019) emphasized the influence of external factors, such as 

a shifting climate, insufficient drought monitoring systems, and conflicting water demands from 

different users, which complicate the comprehension of recurring drought occurrences. The 

conflicting demands for water may lead to lethal clashes. The convergence of several problems and 

the increasing occurrence of repeated droughts pose numerous difficulties in agro-ecological zones 
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(AEZs) that water managers and farmers must confront to understand meteorological droughts and 

devise proactive, adaptable management approaches. 

 

The sixth assessment report of the Intergovernmental Panel on Climate Change (IPCC, 2021) has 

highlighted substantial evidence of the detrimental impact of severe drought occurrences on both 

human and ecological systems. In their study, Reason & Rouault (2005) examined the severity and 

geographical scope of droughts in South Africa. They determined that there has been a notable 

increase in the extent of areas impacted by drought during the 1970s due to the heightened influence 

of the El Nino Southern Oscillation. Otto et al. (2018) examined the human factors that led to the 

2015-2017 drought in the Western Cape. They found that activities like deforestation and intensified 

agriculture were worsening the effects of droughts caused by human-induced climate change. The 

study emphasized the need for scientific research on strategies to enhance the ability of the Western 

Cape community to adapt to these challenges. Johnston (2018) conducted an evaluation of the 

influence of a recurring drought on agricultural productivity on Western Cape farms. The study 

determined that the drought was severely reducing farmers' output. He suggested implementing a 

system of responsible water distribution and usage to address the conflicting demands of water 

consumers. Botai et al. (2017) utilized the Standardized Precipitation Index (SPI) with historical data 

from weather stations to evaluate the geographical and temporal features of drought in different water 

management regions of South Africa. Their research revealed that droughts in the Western Cape had 

a detrimental impact on water availability. The water storage levels in dams had dropped to less than 

30% capacity, suggesting that the socio-economic difficulties faced by the Western Cape community 

would persist even after the drought had ceased. Baudoin et al. (2017) conducted socio-economic 

assessment studies to comprehend the experiences and findings from the recent drought season of 

2015-2017. Their research revealed that human-induced climate change resulted in a threefold 

increase in the occurrence of droughts. The studies conducted by Otto et al. (2018); Johnston (2018); 

Baudoin et al. (2017) and Botai et al. (2016) suggest that the severe effects of human-caused climate 

change, such as frequent drought in the Western Cape, have prompted further research to understand 

the connection between the drought's spatial and temporal features and the availability of water in 

agro-ecological zones. 

 

To this end, the increasing frequency and severity of droughts at a global, regional, and national scale 

present a substantial threat to the fair, effective, and sustainable distribution of water resources (Vogt 
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et al., 2018). This situation can significantly reduce water levels and the consequent desiccation of 

water bodies (Wambua, 2018). Consequently, drought poses substantial challenges for agricultural 

output and greatly affects the availability of water for household needs in susceptible populations. 

Bayissa et al. (2017) argued that understanding the trade-offs and synergies of spatiotemporal 

characteristics of drought on physical water scarcity is essential for managing the risks associated 

with drought, making accurate projections, and anticipating future water availability scenarios. et al. 

(2018) proposed that assessing the impacts of drought on water resources could aid decision–makers 

in making educated choices and perhaps lead to significant alterations in how farmers distribute water 

for crops. 

 

 Thematic considerations 

 

Numerous scholars, such as Lange et al. (2020); Tapiador et al. (2020); Wang et al. (2004) have 

suggested that monitoring and evaluating future characteristics of hydro climatic variability together 

with shared socioeconomic pathways– representative concentration pathways (RCP–SSPs) is vital 

for modelling future drought characteristics and their impacts on water security. However, recent 

advancements in climate projections and drought prediction have remained sophisticated and largely 

limited (Hao et al., 2014), partly due to uncertainties in climate data simulations (Basak et al., 2022). 

Poornima & Pushpalatha (2019) argued that the only scientifically acceptable technique for 

modelling future drought characteristics has been using Global Climate Model (GCM) projections 

developed under the Coupled Model Intercomparison Projects (CMIP). The Intergovernmental Panel 

on Climate Change Sixth Assessment Report (IPCC, 2020) recently unveiled the Coupled Model 

Intercomparison Project Phase 6 (CMIP6) to investigate and compare climate projections made from 

coupled ocean–atmosphere–cryosphere–land GCMs (Meehl et al., 2000). The CMIP6 framework 

couples plausible future representative concentration pathways (RCPs) with alternative shared 

socioeconomic pathways (SSPs) in order to research climate change impacts, adaptation, and 

mitigation (Eyring et al., 2019). Rogelj et al. (2012) noted that the CMIP6 framework applies a 

combination of four plausible climate change scenarios, namely SSP1–2.6, SSP2–4.5, SSP3–7.0 and 

SSP5–8.5 to monitor future drought characteristics. 

 

O’Neill et al. (2017) suggested that plausible climate change scenarios constitute an essential 

component of climate change impact as they aid researchers and decision–makers in understanding 
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the consequences of near–and long–term climate changes. The SSP1–2.6 model describes the low 

extreme limit of the range of projected scenarios and apprises the RCP2.6 scenario (Tebaldi et al., 

2021). The SSP2–4.5 model describes the intermediate portion of the range of projected scenarios 

and revises the RCP4.5 scenario (Peng et al., 2023). The SP3–7.0 scenario is in the upper–middle 

part of the full range of scenarios. It was newly introduced after the RCP scenarios, closing the gap 

between RCP6.0 and RCP8.5 (Tan & Duan, 2017). The SSP5–8.5 model characterises the high 

extreme limit of the range of projected scenarios (Zelinka et al., 2020). Mirgol et al. (2021) argued 

that climate change alternative scenarios, together with GCMs, enable water resource managers to 

predict the impacts of drought in the face of future global climate uncertainties. Vicente-Serrano et 

al. (2022) noted that the SSP–RCP climate change scenarios from CMIP6 permit for risk impact 

assessment of potential mitigation and adaptation strategies in natural resources climate management 

and societal transformation consistently. 

 

Although GCM simulations underpinned by the CMIP6 framework present an excellent methodology 

to model the climate change impacts, it is widely accepted that GCM output has a very coarse 

resolution compared to that at which anthropological activities in a region of interest occur (Zelinka 

et al., 2020). Gupta et al. (2020) argued that GCM simulated datasets have a coarse spatial resolution 

(usually 500 kilometres grid cell), which is more significant than necessary for use in the more 

regional and local–based basins that require up to a minimum of 20–kilometres (km) grid cells. 

Scholars such as Huo-Po et al. (2013) and Tebaldi et al. (2021)) have suggested that GCM simulations 

require downscaling to obtain output that can be used at regional and local scales. Downscaling 

bridges the gap between global yet coarse predictions and practical needs such as precipitation 

projection for hydrologic operations in local basins under climate change (Tapiador et al., 2020). 

Mirgol et al. (2021) highlighted that downscaling procedures have evolved to be an effective way of 

linking GCM simulations (frequently atmospheric circulation data) to local scale surface variables 

(such as precipitation). Christensen et al. (2007) reported that two types of downscaling techniques 

are available: dynamic downscaling (DD) and statistical downscaling (SD). 

 

Wang et al. (2004) noted that DD involves the use of high–resolution regional climate model (RCM) 

simulations to extrapolate the impacts of large–scale climate processes to regions or local scales of 

interest. The resolution in most RCMs ranges from 20 km to 60 km (Stefanidis et al., 2020). Due to 

its high computing cost, DD has minimal application in impact studies and is only helpful for local 
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scale simulations (Burke et al., 2006). Salvi et al. (2011) argued that DD is complicated and demands 

the same computing power as GCM simulations. Rashid et al. (2017) noted that DD is difficult to 

execute accurately and is primarily used to process GCM projection to better resolution RCM output. 

On the other hand, SD techniques are more efficient than DD techniques and are widely used due to 

their structural simplicity (Iizumi et al., 2011). One of the many benefits of using SD techniques is 

that compared to the DD technique, they require less computations and may be applied to downscale 

many GCM climate simulations (Sachindra et al., 2014). Fowler et al. (2007) noted that SD 

techniques offer local–scale climate information from GCM climate projections. Broadly, SD 

approaches can be further categorised into three classes: transfer function method (Ding et al., 2019), 

weather typing (Richardson, 1981) and weather pattern schemes (Qin et al., 2021). The Bias 

Correction (BC) underpinned by the transfer function method has been primarily adopted and widely 

applied in climate change studies for downscaling purposes (Payus et al., 2020; Wood et al., 2015).  

 

Zhang & Guo (2016) noted that to predict drought characteristics credibly, a suitable drought index 

should be selected. While numerous drought monitoring indices are applied for drought 

characterisation, contradictory findings on their characteristics have been published, partly due to 

embedded constraints in the numerous drought monitoring indices (Park et al., 2015). The use of 

these indices is location–specific due to the dynamic and evolutionary characteristics of drought 

environments. Amongst these numerous drought monitoring indices, the most widely used ones 

include the Palmer Drought Severity Index (PDSI) (Palmer, 1965), Soil Moisture Index (SMI) 

(Wetherald & Manabe, 2002), and the Standardised Precipitation Index (SPI) (McKee et al., 1993). 

The Palmer Drought Severity Index (PDSI) is widely used in North America to measure the 

accumulated spatio-temporal deviation of moisture supply. It applies that the Thornwaite's method of 

estimating potential evapotranspiration. However, the PDSI has restricted precision due to PET 

estimation's existential complexity and uncertainty, mostly in extreme climate conditions and 

mountainous regions. On the other hand, the SMI was developed to evaluate the quantity of water 

accessible by crops in the soil (Wetherald & Manabe, 2002). The SMI index needs an assortment of 

climate data such as precipitation, temperature, potential evapotranspiration, and plant data such as 

vegetation type, leaf area, and management practices (Wetherald & Manabe, 2002). The Standardized 

Precipitation Index (SPI) is a widely used drought index that relies solely on precipitation data and is 

based on a probabilistic methodology. It has gained popularity over other indices due to its ability to 
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be calculated at different timescales ranging from 1 to 24 months. Moreover, it can differentiate 

between various types of droughts, such as agricultural, meteorological, and hydrological droughts 

(Hayes et al., 2011). 

 

 Rationale 

 

To this end, various scholars such as Engelbrecht & Monteiro (2021); Kelley et al. (2015); Ndebele 

et al. (2020), concur that the pervasive and costly nature of drought remains the single greatest threat 

to water resources and agricultural production particularly in drought–prone regions such as the WC 

province of South Africa that rely on rainfed agriculture. Whilst several studies have investigated the 

probable impacts of climate change–induced drought on water resources, their investigations have 

been aimed at the catchment level (Kusangaya et al., 2014). For example, research conducted by Park 

et al. (2015) has revealed that the impact of climate change in humid tropical zones of southern Africa 

caused some changes in the spatio–temporal distribution of observed precipitation. However, the 

study applied large–scale hydrological models that were underpinned by an RCM to examine the 

influence of climate change on hydrological elements such as evapotranspiration (ET) and surface 

runoff until 2029. Similarly, Graham et al. (2022) investigated the hydrological feedback to future 

climate change over the Thukela River Basin, South Africa. Their study revealed that future 

temperatures were predicted to increase in all scenarios, while there was no agreement on the impacts 

on water availability. The above studies underscored the necessity for supplementary, reliable 

drought modelling studies in South Africa that seek to understand the future characteristics of drought 

better to manage the associated risk. More recently, using multi–model regional climate simulations 

from the Co–ordinated Regional Climate Downscaling Experiment (CORDEX), Abiodun et al. (2019) 

investigated the probable effects of climate change on droughts over four major basins in southern 

Africa. While the study investigated drought throughout southern Africa, it did not investigate climate 

change scenarios using the CMIP6 framework and was not localised in the Western Cape region in 

particular. Moreover, decisions on drought monitoring are usually undertaken at the provincial level, 

so there is an exigent requirement for new research at the provincial scale (Kusangaya et al., 2014). 

 

Ngaka (2012) further noted that amongst all the nine provinces of South Africa, the Western Cape 

(WC) Province is particularly prone to the impacts of drought. This assertion is concretised by the 

severe drought that occurred in the Western Cape Province during the 2015 to 2017 hydrological 
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years. During this time, Baudoin et al. (2017) reported that the WC Province experienced a severe 

inter−annual drought that led to unprecedented water shortage since 1904 and was subsequently 

declared by the national government as a disaster region. Vogel et al. (2019) contended that the 

inter−annual drought in 2015−2017 resulted in water scarcity that endangered nearly seven million 

residents of the Western Cape Province. During the inter-annual drought epoch, there was a massive 

decline in water storage levels in the province, ultimately reaching a meagre 20% of its total storage 

capacity in January 2018 (Watson et al., 2021). The Theewaterskloof Dam, which is responsible for 

41% of the province's water storage capacity, underwent a significant decrease to around 11% of its 

total storage capacity of 480 million cubic meters in early 2018 (Otto et al., 2018). In addition, in 

2019, dry conditions resulted in a 25% decrease in crop yield (Raude et al., 2018). Baudoin et al. 

(2017) concluded that in the last three decades the WC province has been experiencing more frequent 

and severe drought events, projecting that they will lead to more devastating consequences on water 

resource availability, negatively impact agricultural production and cause a significant decrease in 

employment prospects. Raude et al. (2018) further argued that coastal communities in the WC 

Province that rely on aquatic ecosystem services, such as ecotourism and fisheries, were projected to 

suffer significant losses in terms of sustainable livelihoods. 

 

In light of the above, various scholars such Engelbrecht et al. (2017) have contended that predicting 

and quantifying the impact of drought is critical to diminish the both primary and secondary impacts 

such as declining water availability and agricultural production. Botterill & Cockfield (2013) argued 

that due to the complexities of assessing the spatiotemporal dynamics of drought at various scales, 

there is a need for an integrated approach to managing water resources under drought conditions, with 

a view to maintain a balance between water demand and supply in any water resource system. 

Chamani et al. (2023) contended that due to the difficulty of identifying all the perturbations caused 

by drought events and the associated impacts on water availability under drought conditions, it is 

necessary to employ an integrated approach using indicators to assess the response to drought of 

ecosystems. Several approaches have been proposed to assess the drought response of ecosystems 

based on different indicators. These approaches include Bayesian Network approach (Croke et al., 

2007), Driving Force-Pressure-State-Impact-Welfare Response (DPSIWR) model (Pires de Souza 

Araujo et al., 2021) and the Reliability (Rel.)−Resilience (Res.)−Vulnerability (Vul.) framework 

(Hazbavi et al., 2018). The DPSIWR, initially proposed by Cooper (2013) and improved by de Andrés 
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et al. (2018), who incorporated the human welfare component to the framework, has its limitation as 

it does not explore the cause-effect linkages between global change, impacts on ecosystem services 

and the potential impacts on human welfare. The Reliability−Resilience –Vulnerability (Rel.Res.Vul) 

framework, initially proposed by Hashimoto et al. (1982), has been widely adopted and is largely 

recommended by scholars such as Chamani et al. (2023); Sadeghi et al. (2020) to assess different 

responses of ecosystems to satisfactory and unsatisfactory states, such as drought episodes. (Fooladi 

et al., 2021) contended that different aspects of water resource availability can be derived from a joint 

distribution analysis using both Rel.Res.Vul. framework and drought monitoring techniques. 

Reliability refers to how often the system is in a satisfactory state during a given period (Hoque et al., 

2020). Resilience measures how quickly, on average, a system can recover to a satisfactory state after 

experiencing an unsatisfactory state (Rahman et al., 2017). Vulnerability indicates the potential 

damage to the system caused by an unsatisfactory state (Araujo et al., 2021). Asefa et al. 2014) argued 

that using an integrated approach to analysing water scarcity under drought conditions can provide 

insight into ecosystem response under changing and undesirable climatic conditions such as drought. 

 

Despite the WC province's high-water vulnerability to drought impacts, only a limited number of 

climate projections studies have been made for the region (Abiodun et al., 2019; Diallo et al., 2014; 

Engelbrecht et al., 2013). Hence, the primary purpose of the study was to examine the potential 

impacts of meteorological drought on water resource availability in the WC province, an area 

especially vulnerable to climate change. 

 

 Research questions 

 

In view of the above considerations, the following key research questions guided the research process:  

 

i. What are the historical patterns (1980-2020) of precipitation and drought characteristics in the 

WC Province and how do they impact the availability of water resources? 

ii. How will the future (2021-2050) precipitation and drought characteristics in the WC Province 

under different climate change scenarios affect future water availability?  

iii. Which climate change scenario will enable sustainable water availability between 2021 and 2050? 

iv. What will be the implications of the findings of this study in a wider context, particularly in water 

stressed regions of sub-Saharan Africa? 
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 Research aims and objectives. 

 

The aim of this study was to quantify how meteorological drought are affecting water availability 

and agricultural productivity over agroecological zones of the Western Cape Province using historical 

and future datasets during the period between 1980 and 2050. Given this, therefore, the specific 

objectives of this study were to: 

 

i. Analyse the observed (1980-2020) variations in severity, intensity, and frequency of 

meteorological drought across different AEZs in the Western Cape Province. 

ii. To downscale and use bias correction techniques to the three-climate change scenario (SSP5–

8.5, SSP2–4.5 and SSP1–2.6) datasets projected from the sixth version of Model for 

Interdisciplinary Research on Climate (MIROC6), 

iii. Evaluate the spatio–temporal dynamics of meteorological drought in the near–term period 

(2021–2050) under three projected scenarios (SSP5–8.5, SSP2–4.5 and SSP1–2.6) in the 

Western Cape Province of South Africa,  

iv. Assess the changeability of the water resource system reliability, resilience, and vulnerability 

in AEZs of the Western Cape and consequently map the water availability sustainability index 

characteristics in the WC province.  

v. To provide a strategic recommendation for enhancing drought management and mitigation 

strategies in agricultural production systems in South Africa. 

 

 Theoretical considerations 

 

Although theories linking water resources management and drought risk assessment have been 

limited, drought characterization is a complex issue influenced by time and space (Calverley & 

Walther, 2022; Quiring, 2009; Ramos et al., 2021). Regardless of which drought and water resource 

management strategy policy makers adopts, society expects decision-makers to optimize the 

availability and distribution of water resources (Pedro-Monzonís et al., 2015). Weng et al. (2015) 

argued that using indexes to assess water resources during drought events, can aid in proactive 

management decision-making. Indexes are collections of weighted variables or indicators that reflect 

societal requirements and are used to formulate water policies (Weng et al., 2015). Godfrey & 

Chalmers (2012) noted that indicators are intended to convey environmental information about a 

water resources system by accumulating variables as an index as shown in Figure 1.1 below.  
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Figure 1.1 Information flow in water resources management (Source: Pedro–Monzonís et al., 2015) 

 

Pedro–Monzonís et al. (2015) contended that effective management of water resources during 

drought situations requires a comprehensive understanding of the various elements of drought risk 

and exploration of different options for drought management. Botterill & Cockfield (2013) added that 

water resource planning is a critical process that affects all areas of society, necessitating the creation 

of comprehensive water resource management strategies that involve all levels of decision-making. 

Wilhite (2019) observed that water resource planning encompasses all aspects of planning, including 

developing prompt responses to drought situations to minimize the risks and consequences of water 

scarcity. Meanwhile, Tsakiris & Vangelis (2004) water resources management comprises the 

complete body of science and administrative policies and operational activities relating to various 

stages of drought. Tadesse et al. (2008) identified the implementation of Drought Early Warning 

Systems (DEWS), conducting Drought Vulnerability and Risk Assessments (DVRA), and the 

establishment of Drought Response and Mitigation Mechanisms (DRMM) as the three vital 

components of water resources management under drought conditions (Figure 1.2). 
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Figure 1.2 Drought risk management (Source: Integrated drought management programme (IDMP, 

2016)) 

 

Svoboda et al. (2017) reported that DEWS involves tracking drought indicators and indices using 

various climate and biophysical factors, such as precipitation, temperature, soil moisture, vegetation 

condition, stream flow, and groundwater. On the other hand, Quiring (2009) argued that DVRA 

involves evaluating the system/societal vulnerability caused by environmental and socioeconomic 

elements or processes that make a system more prone to the effects of drought. Nam et al. (2015) 

argued that DRMM involves structural and non-structural measures enacted by water governance 

institutions to minimise the adverse effects of drought. Structural measures include the 

implementation of suitable crops, the construction of dams, and engineering projects (Ramos et al., 

2021). Non-structural measures involve adopting policies, raising awareness, developing knowledge, 

fostering public commitment, establishing legal frameworks, and improving operating practices 

(Calverley & Walther, 2022). The response to drought involves providing aid, intervention during, 

or shortly following a drought catastrophe with a comprehensive long–term drought strategy (de Brito, 

2021). Hsiang & Burke (2014) argued that DRMM aims to improve the ability to minimise or mitigate 

the consequences of drought by implementing suitable measures and actions.  

 

Meanwhile, Tsakiris et al. (2013) proposed a drought characterisation framework that considers 

different types of droughts depending on the variable being considered, namely meteorological, 
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agricultural, and hydrological droughts (Figure 1.3). According to the framework, meteorological 

droughts are identified as the persistent absence of precipitation and an increase in evapotranspiration 

over short to long–term time scales (Van Loon et al., 2016). Nam et al. (2017) reported that 

meteorological drought often serves as a precursor to other types of droughts, frequently affecting 

large spatial areas. Kchouk et al. (2022) contended that agricultural drought could be understood as 

a deficiency of moisture in the soil root zone necessary to meet the water requirements of crops, 

thereby causing crops to reach a state of permanent wilting. On the other hand Singh & Xiaosheng 

(2019) reported that hydrological drought could be described as a period of reduced streamflow and 

below–average water levels in lakes and groundwater. Mishra & Singh (2011) argued that 

hydrological droughts are associated with decreased surface and subsurface water flow within a 

catchment management system. The cumulative impacts of meteorological, agricultural, and 

hydrological droughts lead to socio–economic drought (Basak et al., 2022). 

 

 

Figure 1.3 Drought characterisation framework (Source: Tsakiris et al., 2013) 

 

To this end, De Brito (2021), Estrela et al. (2012), Hayes et al. (2012), Svoboda et al. (2017), and 

Tsakiris et al. (2013) agreed that quantifying the impacts of drought on water resource availability is 
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a first step in mitigating the associated primary and secondary impacts in a water-scarce region. 

Furthermore, Mishra & Nagarajan (2011) proposed that socioeconomic drought, as proposed by 

Tsakiris et al. (2013), cannot be regarded as a natural hazard, as it results in a water deficiency to 

meet societal and environmental needs. This scarcity arises from the impacts of climate change and 

the overuse of water resources for various human activities, such as agriculture (Van Loon et al., 

2016). 

 

Despite the existence of many theories and methodologies for investigating water availability under 

drought conditions, there has been incongruous findings, due to embedded limitations in the 

numerous drought monitoring indices (Chen et al., 2013; Mostafazadeh & Zabihi, 2016). Over the 

years, contemporary literature has indicated that drought risk, i.e., the likelihood of negative 

consequences such as water shortages, is not driven only by natural hazards (droughts, floods, etc.) 

but rather emanates from the interactions between natural hazards, exposure, and vulnerability 

(Sharma & Ravindranath, 2019). According to the IPCC (2014), exposure in this context implies the 

‘presence of people, livelihoods, species or ecosystems, environmental functions, services, and 

resources, infrastructure, or economic, social, or cultural assets in places that could be adversely 

affected’ by such hazards (O’Neill et al., 2017). Meanwhile, Nasrollahi et al. (2018) argued that 

vulnerability is the predisposition to be adversely impacted, resulting from the sensitivity of territory 

to harm coupled with a lack of coping and adaptive capacity. Due to its complexity and multi–

dimensional nature, drought risk can, therefore, not be adequately represented solely by a single factor 

or variable, such as poverty (González Tánago et al., 2016). Instead, it is often driven by various 

context and impact–specific factors, including environmental, social, economic, cultural, physical, 

and governance–related aspects (Birkmann et al., 2013; Hagenlocher et al., 2019). 

 

Birkmann et al. (2013), González Tánago et al. (2016) and Hagenlocher et al. (2019) argued that the 

need to monitor the impacts of drought risk on water security is highlighted by global agreements and 

charters such as the Sendai Framework for Disaster Risk Reduction 2015–2030 (van Niekerk et al., 

2020) or the 2018/19 UNCCD Drought Initiative (Prăvălie, 2021). According to Rajeev (2022), 

various methods are available for describing drought vulnerability and risk in the context of climate 

change and natural hazards such as droughts. These include quantitative, qualitative, and increasingly 

mixed methods approaches that combine both (Schneiderbauer et al., 2017). Hagenlocher et al. (2018) 

argued that adopting and applying a plurality of methods can yield complementary evidence to 
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elucidate better the intricacy of processes that facilitate drought vulnerability and risk. The selection 

of the method employed depends not only on the scope of the assessment (local to global) but also 

on the consideration of the drivers, classifying spatiotemporal patterns and hotspots of risk (Frischen 

et al., 2020). Qualitative vulnerability and risk assessment regularly apply extensive data collection 

methods such as interviews, focus group discussions (FGDs), or narratives to divulge context–

specific drivers of risk (Frischen et al., 2020). However, Schneiderbauer et al. (2017) argued that 

quantitative assessments tend to employ criteria and indicators/indices to evaluate vulnerability and 

risk, often in a spatially overt manner.  

 

Moreover, to evaluate drought risk hotspots, the characterisation of historical trends and dynamics 

and the development of future scenarios in vulnerability and risk have sparked increasing interest and 

attention in recent years for several reasons (Birkmann et al., 2013). Hagenlocher et al. (2018) argued 

that characterising historical trends or risk dynamics could aid in monitoring and evaluating risk 

reduction and adaptation strategies. Birkmann et al. (2015); Garschagen & Kraas (2010) argued that 

future climate risk scenarios can offer valuable deterrent and adaptive planning contributions. 

Jurgilevich et al. (2017) argued that while the number of studies that include spatiotemporal 

characterisation of drought is increasing, the bulk of future scenario-related studies do not consider 

scenarios of vulnerability but rather focus on the hazard component of the risk concept. Feizizadeh 

and Kienberger (2017), Fekete (2009), Hagenlocher and Castro (2015), and Schmidtlein et al. (2008) 

have pointed out that several stages involved in quantitative drought risk studies, such as data 

imputation, outlier data handling, standardization, and weighting of indicators, introduce uncertainty 

into the modelling results. However, statistical validation techniques have demonstrated the ability 

to provide appropriate evidence on the reliability, resilience, and methodological robustness of risk 

assessments. In addition, Birkmann et al. (2015) argued that the application of quantitative techniques 

in the field of drought and water security assessment remains largely underdeveloped. 
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 Overview of research methodology 

 

Figure 1.4 illustrates the methodological approach that was applied to model drought hazards. In the 

present study the quantification drought risk involved understanding historical and future threats and 

how those threats may be reduced through disaster risk reduction (DRR) efforts. A detailed 

understanding of drought risk was crucial for detecting regions most vulnerable to water scarcity 

because of drought. The current study assumed that climate change modified precipitation patterns; 

therefore, climate variable projections were used to integrate drought characteristics with water 

availability risk assessments. Information on climate scenarios was combined with global climate 

models (GCM) output that were then statistically downscaled to finer resolution for hazard analysis 

in the region of interest. GCMs are the main tool used for climate projections, and comprehensively 

capture dynamics of the atmosphere-ocean system as well as other physical phenomena. Examples 

of commonly used GCMs include the HadCM3 (Hadley Centre Coupled Model version 3; (Gordon 

et al., 2000) and the HadGEM2-ES (Hadley Centre Global Environment Model version 2 - Earth-

System, e.g.,(Campbell et al., 2018) which were developed by the UK Met Office.  

 

Although GCM simulations underpinned by the CMIP6 framework presented an excellent 

methodology to model the climate change impacts, the present study assumed that GCM output has 

a very coarse resolution compared to that at which anthropological activities in a region of interest 

occur (Zelinka et al., 2020). Gupta et al. (2020) argued that GCM simulated datasets have a coarse 

spatial resolution (usually 500 kilometres grid cell), which is more significant than necessary for use 

in the more regional and local–based basins that require up to a minimum of 20–kilometres (km) grid 

cells. Scholars such as Huo–Po et al. (2013) and Tebaldi et al. (2021) have suggested that GCM 

simulations require downscaling to obtain output that can be used at regional and local scales. 

Downscaling bridges the gap between global yet coarse predictions and practical needs such as 

precipitation projection for hydrologic operations in local basins under climate change (Tapiador et 

al., 2020). Mirgol et al. (2021) highlighted that downscaling procedures have evolved to be an 

effective way of linking GCM simulations (frequently atmospheric circulation data) to local scale 

surface variables (such as precipitation). Christensen et al. (2007) reported that two types of 

downscaling techniques are available: dynamic downscaling (DD) and statistical downscaling (SD). 
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Figure 1.4 An overview of methodological approach (Source: Tadesse, 2008) 

 

There are several drought indices used worldwide, each utilizing specific datasets to accurately 

capture the spatial and temporal characteristics of droughts (Nhamo et al., 2019). Commonly used 

indices for evaluating meteorological droughts include the Palmer Drought Severity Index (Sheffield 

et al., 2012), the Surface Water Supply Index (Mishra & Singh, 2010), the Standardized Precipitation 

Index (McKee et al., 1993), the Rainfall Anomaly Index (Raziei, 2021), and the Standardized 

Precipitation Evapotranspiration Index (Memon & Shah, 2019). Kchouk et al. (2022) proposed that 

the monitoring indices vary depending on the area because of the ever-changing and developing 

nature of drought conditions. The Palmer Drought Severity Index is commonly used in North 

American countries, but the Reconnaissance Drought Index is more suited for Australia (Jiao et al., 

2019). Although there are various indices available, Su et al. (2017) suggested that using a single 

drought monitoring index would suffice in evaluating the multiple aspects of droughts. Nam et al. 

(2017) emphasized that the World Meteorological Organization suggested in 2009 that the 

Standardized Precipitation Index should be universally employed to characterize and analyse 

meteorological drought conditions in any catchment.  

 

Botterill & Cockfield (2013) argued that due to the complexities of drought characterisation at various 

scales, there is a need for an integrated approach to managing water resources under drought 

conditions, with a view to maintain a balance between water demand and supply in any water resource 

system. Chamani et al. (2023) contended that due to the difficulty of identifying all the perturbations 

caused by drought events and the associated impacts on water availability under drought conditions, 

it is necessary to employ an integrated approach using indicators to assess the response to drought of 

ecosystems. Several approaches have been proposed to characterise drought based on different 

indicators. These approaches include Bayesian Network approach (Croke et al., 2007), Driving Force-

Pressure-State-Impact-Welfare Response (DPSIWR) model (Pires de Souza Araujo et al., 2021) and 

the Reliability (Rel.)−Resilience (Res.)−Vulnerability (Vul.) framework (Hazbavi et al., 2018). The 

DPSIWR, initially proposed by (Cooper, 2013) and improved by de Andrés et al. (2018), who 
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incorporated the human welfare component to the framework, has its limitation as it does not explore 

the cause-effect linkages between global change, impacts on ecosystem services and the potential 

impacts on human welfare. The Reliability−Resilience–Vulnerability (Rel.Res.Vul.) framework, 

initially proposed by Hashimoto et al. (1982), has been widely adopted and is largely recommended 

by scholars such as (Chamani et al., 2023; Sadeghi et al., 2020) to assess different responses of water 

resource system to satisfactory and unsatisfactory states, such as drought episodes. Fooladi et al., 

(2021) contended that different aspects of water resource availability can be derived from a joint 

distribution analysis using both Rel.Res.Vul. framework and drought monitoring techniques. 

Reliability refers to how often or likely the system is to be in a satisfactory state throughout the entire 

assessment period (Hoque et al., 2020). Resilience, on the other hand, measures how quickly, on 

average, a system bounces back to a satisfactory state after experiencing an unsatisfactory state 

(Rahman et al., 2017). Meanwhile, vulnerability pertains to the potential damage that a system may 

suffer as a consequence of being in an unsatisfactory state (Araujo et al., 2021). Asefa et al. (2014) 

argued that using an integrated approach to analysing water scarcity under drought conditions can 

provide insight into ecosystem response under changing and undesirable climatic conditions such as 

drought. 

 

 Scope of study 

 

In sustainable water resources management, numerous challenges can be investigated, like water–use 

licensing rights, fragmentation within water governance institutions, modelling the impacts of land 

use land cover changes on surface water processes, floodplain management, wastewater treatment 

and many other aspects that are relevant to the water sector. However, the present research was 

focused on adapting drought quantification methods to assess and analyse the impact historical and 

future precipitation records on water availability. The research focused on determining drought 

evaluation indicators, such as severity, intensity, and frequency, and characterisation of reliance, 

resilience, and vulnerability in the Western Cape Province and the intersectionality thereof with water 

availability. Limiting the present study to the Western Cape Province was vital since it hosts all the 

different agro-climatic zones of South Africa. The Western Cape province was chosen as the study 

area as it hosts all six agroecological zones, namely, sub–tropical warm arid (STWA), sub–tropical 

cool arid (STCA), sub–tropical warm semi–arid (STWSA), sub– tropical cool semi–arid (STCSA), 

sub–tropical warm sub-humid (STWSH) and subtropical remarkable sub-humid (STCSH) of South 
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Africa (Sebastian, 2015). Furthermore, the study area was chosen because of the limited adaptive 

capacity to drought impacts of nearly 7 million of its residents. Districts found in STWSH and STCSH 

were chosen due to their high levels of water pollution, overconsumption of water resources, and 

severe constraints on water infrastructure, affecting the water supply to the population. At the same 

time, districts found in STWA, STCA, STWSA, and STCSA were chosen due to the social and 

economic status of the people, inadequate planning and increasing urbanisation. Other considerations 

to the selection of the study stations included the high levels of inequalities in the provision of water, 

the prolonged drought experienced in the study area, and the challenges of providing safe water to 

the population. 

 

Despite the existence of many theories and methodologies for characterising the impacts of drought 

water resources, the study focused on using climate datasets and drought monitoring indices. The 

study assumed that drought-monitoring indices are location–specific due to the changing nature of 

drought episodes. Among the different drought monitoring indices, that could have been used are the 

Palmer Drought Severity Index (PDSI) (Palmer, 1965), Reconnaissance Drought Index (RDI) 

(Tsakiris & Vangelis, 2004), and the Standardised Precipitation Evapotranspiration Index (SPEI) and 

the Standardised Precipitation Index (SPI) (McKee et al., 1993). The Palmer Drought Severity Index 

(PDSI) is extensively used in North America to measure the combined spatiotemporal deviation of 

moisture supply. It uses the Thorn Waite’s method of estimating potential evapotranspiration but has 

limited accuracy due to constraints in determining potential evapotranspiration (PET) in mountainous 

regions. On the other hand, RDI is used to monitor the impacts of drought and climate change on 

water resources and is evaluated as a ratio between received precipitation and PET (Ahmadi et al., 

2021). However, the RDI does not have the capability to assess the drought dynamics using changes 

in temperature (Vicente-Serrano et al., 2010). The SPEI offers a comparatively flexible method that 

assesses the collective impact of precipitation and temperature deficit (Beguería et al., 2014). 

However, the SPEI has limitations when comparing drought events between different agro climatic 

zones. For instance, in semi-arid zones, the SPEI is more sensitive to temperature changes, while in 

humid zones, it is more sensitive to precipitation (Vicente-Serrano et al., 2020). Furthermore, in 

contrast to the PDSI, the SPEI does not consider the water balance equation and does not incorporate 

soil moisture conditions in categorizing agricultural droughts. On the other hand, the SPI is one of 

the most widely used indices to quantify drought and is based on a probabilistic methodology that 
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uses precipitation as the only input. The present study was limited to the use of SPI which is widely 

recommended by the World Meteorological Organization (WMO) as the drought index of choice 

over other indices due to its ability to be computed at multiple timescales (3–, 6–, 12–, 18–, and 24– 

month’s) and capacity to differentiate between agricultural, meteorological and hydrological drought 

types (Hayes et al., 2011). 

 

 Ethical considerations 

 

Research involving human subjects requires informed consent from human participants. Haraguchi 

& Lall (2015) suggest that ethical issues are a crucial part of any study and that a full risk assessment 

for any proposed study in terms of safety is mandatory not only because it is required by the 

Faculty/School of the academic institution, but because ethical issues that may arise, have huge 

impacts on the entire research design and consequently on the quality of the research results. However, 

this was an entirely quantitative research study and only involved collection of remotely sensed data 

and ethical approval was not required as per the University of the Witwatersrand regulations. 

 

 Thesis structure  

 

Chapter one provides the frames of reference to the study. In this chapter, the background of the 

study, thematic considerations, rationale, research questions, aims and objective, theoretical and 

methodological considerations, the scope of the study, ethical considerations and lastly, the thesis 

structure is presented. 

 

Chapter Two consists of the literature review and theoretical perspectives from a global, sub–

Saharan Africa and South Africa lens on the impacts of drought on water resource availability. It 

provides a subsection on the “hydro-illogical” approach to drought and water resource management, 

followed by a subsection on the three-pillar drought management approach, which adopts a more risk, 

based integrated drought management approach. This is followed by a section that highlights the 

importance of pursuing drought monitoring and early warning systems (DEWS), drought 

vulnerability and risk assessment (DVRA) and drought readiness, mitigation mechanisms (DRMM) 

by national government structures to ensure sustainable management of water resources. This is 

followed by subsections dedicated to meteorological, agricultural, hydrological drought monitoring 
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for fostering sustainable water resources. Lastly, integrated approaches to drought monitoring and 

research gaps from previous research are presented. 

 

Chapter Three presents the methodological considerations adopted in the fieldwork. This chapter 

includes the philosophical underpinnings, the research design which included the description of the 

study site, the data instrumentation, collection, and analysis. This was followed by the methodological 

reflections of the research.  

 

Chapter Four is based on empirical findings that were used to develop three research manuscripts 

that sought to address the research questions. This chapter characterises, assesses, and explores 

empirical evidence on historical and future drought trends and the associated impacts on water 

availability. The chapter provides an analysis of historical precipitation and drought trends in the 

Western Cape Province using observed data obtained from the Climate Research Unit of the 

University of East Anglia in the United Kingdom and future precipitation datasets (2021–2050) under 

SSP5–8.5, SSP2–4.5 and SSP1–2.6 climate scenarios generated by the sixth version of Model for 

Interdisciplinary Research on Climate, (MIROC6). Lastly, the chapter adopts a reliance, resilience, 

and vulnerability framework to explore optimal water resources management scenarios.  

 

Chapter Five The chapter interprets and discusses the implications of the findings in relation to 

drought incidence and the associated impacts on water availability, while elucidating on any new 

insights in research. The chapter is structured and organised into three sections that draw on the 

overarching aim and objectives of the study. The first section discusses and identifies the appropriate 

historical hydro climatic variability trends derived in the six-agroecological zones of the WC 

Province and applies them to relate drought incidence with previous water shortages. The next section 

discusses the empirical findings from future climate scenarios and analyses according to water 

availability scenarios. The last section provides evidence of increasing water scarcity caused by 

frequent drought under SSP2-4.5 climate change scenario in the study area. 

 

Chapter Six concludes the research by synthesizing the findings of the research and proposing 

recommendations for future research on the subject area. It comprises four main subsections drawn 

from the study. The first section summarises the key findings of the historical observed trends and 

how they align with or diverge from the research questions that framed the research. The second 
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section summarises the findings of future drought and water availability trends and explores the 

implication thereof to water availability. The third section summarises the optimal water management 

scenarios envisioned under the SSP5-8.5 climate scenarios. The chapter also presents future 

recommendations to aid in decision-making processes on proactive water resource management. 
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CHAPTER TWO 

 

THEORETICAL CONSIDERATIONS AND LITERATURE REVIEW 

 

2.1. Introduction 

 

This chapter analyses previous research studies that have been conducted on water scarcity because 

of drought and the techniques that have been used to quantify the impacts of drought, with a particular 

emphasis on global, regional, and South African perspectives. At the beginning of the chapter, a 

description of the essential concepts utilized in the research is provided. The chapter also provides an 

overview of drought characteristics and forecasts from a global, sub-Saharan Africa and South 

African perspective, as well as the implications these characteristics have for water resources 

availability and agricultural production. A sub-section on the intersectionality of the hydro-illogical 

and the three-pillar drought management approach in South Africa is presented to offer insights on 

the connections between climate change, water, and integrated water resources management in the 

South African context. The chapter then reviews drought monitoring and early warning systems 

(DEWS), drought vulnerability and risk assessment (DVRA) and drought readiness and mitigation 

measures (DRMM). It continues by establishing a connection between the different types of drought 

monitoring techniques applied for each type and then draws knowledge gaps on drought management 

and integrated water resources management and sustainable livelihoods. This is done within the 

context of South Africa. 

 

2.2 Definition of key concepts 

 

Several key terms relating to climate change, drought and water resources management were used in 

the study. These terms are defined below according to how they are used in the thesis: 

 

a) Climate change ― is defined as “the significant variation of average weather conditions causing 

warmer, wetter, or drier conditions over several decades or longer” by the United Nations Framework 

Convention on Climate Change (UNFCCC), (UN, 2020). The World Bank (2020) defined climate 

change as the long– term trend that differentiates climate change from natural weather variability. In 

this study, climate change will be used to mean a long– term change in global or regional climate 

patterns. 
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b) Drought ― the term drought may refer to persistent lack of precipitation (meteorological drought), 

low soil moisture (agricultural drought), low river flows and low water levels in rivers, lakes, and 

groundwater (hydrological drought) and combination of the above (socioeconomic drought) (Kao & 

Govindaraju, 2010). In this study, meteorological droughts are considered. 

 

c) Water scarcity ― refers to a condition of imbalance between freshwater availability and demand 

where freshwater demand exceeds availability (Vogt et al., 2018). FAO (2020) defined water scarcity 

as a state of human deprivation characterized by lack of access to affordable and safe water to satisfy 

societal needs or a condition in which these needs are met at the expense of the environment. In this 

study, water scarcity is considered from both the perspective offered by FAO (2020) as a state of 

human deprivation characterized by lack of access to affordable and safe water to satisfy societal 

needs or a condition in which these needs are met at the expenses of the environment. 

 

d) Global climate models ― also called General Circulation Models, Global Climate Models, or 

GCMs. Teutschbein & Seibert (2012) climate models are used to make predictions about future 

climate and the knowledge gained can contribute to policy decisions regarding climate change. 

(Meehl et al., 2012) noted that climate models use many different factors such as water vapor, carbon 

dioxide, heat, and the Earth’s rotation as inputs to calculate how these factors interact with the ocean, 

air, and land. In this study GCMs will be used to predict future precipitation variables. 

 

e) Resilience― according to Rahman et al. (2017), resilience measures how quickly, on average, a 

system rebounds to a satisfactory state after reaching an unsatisfactory state. Hazbavi et al. (2018) 

argued that it is the ability of a system to adapt to the impacts of climate change without excessive 

harm. It is determined by the degree to which the social system can organize itself to increase its 

capacity for learning from past disasters for better future protection and to improve risk reduction 

measures (IPCC, 2020). In the present resilience assessed how quickly, on average, a system rebounds 

to a satisfactory state after reaching an unsatisfactory state.  

 
f) Reliance ― according to Hoque et al. (2020) reliance refers to the frequency or probability of the 

system being in a satisfactory state during the total assessment period. Dost & Kasiviswanathan (2023) 

defined reliance as a system’s capacity to maintain consistent water availability. A reliability value 

closer to unity indicates consistent water availability, whereas a value below unity suggests increased 
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variations in water availability. The present study defined reliability as the frequency or probability 

of the watershed being in a satisfactory state during the total data period.  

 

g) Vulnerability ― is the degree to which a system is susceptible to, and unable to cope with, adverse 

effects of climate change, including climate variability and extremes. Vulnerability is a function of 

the character, magnitude and rate of climate change and variation to which a system is exposed, its 

sensitivity and its adaptive capacity (IPCC, 2007). This is the definition adopted by the study.  

 
h) Sustainability ― according to the Brundtland Report it refers to meeting the needs of the present 

generation without compromising the ability of future generations to meet their own needs. In the 

present study sustainable development is defined as water availability to meet economic, 

environmental and ecosystem service delivery, and social goals, including character and subjectively 

defined values (Arowoshegbe, Uniamikogbo and Gina, 2018). 

 

2.3 A Global perspective on drought and water scarcity  

 

Vicente-Serrano et al. (2022) reported that over the years, there has been a rising trend in drought 

incidences with devastating consequences on water security in most regions of the world (Figure 2.1). 

Brunner et al. (2019) noted that global drought episodes experienced between 1976 and 2006 have 

led to a twofold increase in both the geographical coverage and population impacted, while Sabater 

et al. (2018) reported a fourfold rise in average annual living costs. Although water is generally 

plentiful in Europe (EU), a significant portion of the continent is nonetheless affected by droughts 

and water scarcity (Gergis & Henley, 2017). According to Garrote et al. (2018), water scarcity due 

to drought affects at least 11% of the European population and 17% of the EU territory. Oki & Kanae 

(2006) contended that the EU experienced one of its most severe droughts in 2003, affecting more 

than 100 million people and covering one–third of the EU area. Carvalho et al. (2019) found that 

water scarcity is prevalent in the southern regions of EU due to an increasing frequency and severity 

of drought episodes coupled with high water demand. Kristensen et al. (2018) argued that climate 

change-driven droughts are expected to exacerbate European water scarcity. The southern and 

southeastern regions of the EU, already afflicted by water scarcity, are anticipated to be more severely 

affected by the drought impacts (Voulvoulis et al., 2017). Shepherd et al. (2016) argued that these 

regions will experience decreased water availability due to drought episodes' increasing frequency 
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and severity. Although water availability is typically expected to improve in northern regions, water 

availability may decline during summer seasons, which might result in drought spells (Ungureanu et 

al., 2020). Vogt et al. (2018) highlighted that repeated drought episodes in the European Union have 

aggravated the complexities of managing water scarcity. Another important example is the inter–

annual drought in California, United States of America (USA) between 2012 and 2016, which led to 

water restrictions in urban areas and caused severe losses in crop yields  

 

 
Figure 2.1 Global Drought Trends (Source: Vicente– Serrano et al., 2022) 

 

Similarly, Iglesias et al. (2011) conducted comparative studies on the impacts of drought in the EU 

and the USA. They concluded that the economic impact of drought in the EU has been almost five 

times higher than that in the entire USA during the past two decades. Ungureanu et al. (2020) argued 

that the drought in Spain during the mid–2003s significantly affected over six million individuals and 

had devastating consequences on the agricultural sector. Santos et al. (2021) reported that the EU 

implemented the Water Framework Directive (WFD) to attain the 'good status' of all European water 

bodies in response to the recurring drought. The primary objective of the WFD is to attain and sustain 

a "good status" for all bodies of water within a predetermined timeframe, utilizing an integrated 

approach to implement river basin management plans (RBMPs) (Reyjol et al., 2014). The RBMPs 

are the primary tools for achieving the environmental objectives outlined in the Water Framework 
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Directive (WFD), such as safeguarding drinking water, preserving aquatic ecosystems, and managing 

drought (Carvalho et al., 2019). Martínez et al. (2020) argued that addressing these drought impacts 

using the WFD is crucial for achieving environmental objectives and maintaining the excellent status 

of water bodies. 

 

In Asia, droughts and associated impacts of water scarcity have grown increasingly persistent, 

frequent, and severe in various places (van der Schrier et al., 2011), particularly in the hotspot regions 

of South Asia (Ullah et al., 2022). Miyan (2015) argued that climate change in South Asia has resulted 

in severe droughts, impacting water supplies, energy generation, and agricultural production. 

Masson–Delmotte et al. (2021) argued that droughts in Asia have significantly disrupted the 

livelihoods of almost 1.6 billion individuals, while Miyan (2015) documented that over the years, 

Western India, Southern India, and Central Pakistan have experienced significant droughts. Anik et 

al. (2023) reported that Afghanistan, India, Pakistan, and Sri Lanka have encountered droughts with 

a frequency of at least once every three–year period over the previous five decades, whereas 

Bangladesh and Nepal are frequently plagued by inter–annual droughts. In 2012, Pakistan declared 

an emergency in Tharparkar and Mirpur Khas districts because of a severe drought, leading to the 

resettlement of numerous individuals (Saha et al., 2021). Aadhar & Mishra (2020) found that the 

South Asian summer monsoon (SASM) is the dominant mode of climate variability on interannual 

timescale and can wield significant impacts on the global climate, including the El Niño– Southern 

Oscillation (ENSO). 

 

Consequently, Fan et al. (2017) argued that the SASM substantially affects drought occurrences in 

Asia. Hina et al. (2021) and Ullah et al. (2022) further argued that the interannual and decadal 

fluctuations in SASM precipitation are connected to the broader patterns of oceanic and atmospheric 

circulation in the area, specifically the multivariate El Niño Southern Oscillation (ENSO), Pacific 

Decadal Oscillation (PDO), and Indian Ocean Dipole (IOD). The sixth Assessment Report of the 

Intergovernmental Panel on Climate Change (IPCC) has acknowledged that South Asia is a region 

prone to drought, where the increasing temperatures have heightened the likelihood of extreme 

climatic events. Piao et al. (2022) asserted that it is imperative to acknowledge the role of human 

activities in causing droughts and their severity in a changing climate. This recognition is crucial for 

preparing for the impacts of droughts and implementing sustainable water resource management 

practices (Piao & Wang, 2023). 
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Meanwhile, the Middle East and North African (MENA) region is classified as the world's most 

water–stressed (Zekri & Al-Maamari, 2020). The region is home to 6.3% of the global population. 

However, it has a mere 1.4 percent share of the world's renewable freshwater resources (Hejazi et al., 

2023). Evidence from throughout the subcontinent indicates that recent years have been amongst the 

driest (Cook et al., 2018; Touchan et al., 2011), and the magnitude of the experienced droughts can 

partially be attributed to anthropogenic climate change. Namdar et al. (2021) found that the global 

average water availability per capita is approximately 7 000m3 per year, whereas in the MENA region, 

it is only 1 200m3 per year. Zekri & Al–Mamari (2020) argued that the MENA region has the second 

highest per capita rate of freshwater extraction globally, up to 804 m3 per year after the United States 

of America. Furthermore, the MENA region utilizes more than 75 percent of its renewable water 

resources (İrfan & Hatice, 2023). Tomaszkiewicz (2021) argued that as the population in MENA 

countries grows and the economy rapidly expands, the amount of water available per person would 

decrease significantly in the next few decades.  

 

Diawoł-Sitko (2020) projected that by 2050, many MENA nations may experience a decline in water 

resources to fewer than 200m3 per capita per year with approximately 85 percent of the water in the 

MENA region allocated for agricultural purposes. Scholars such as Cook et al. (2018) and van 

Ruijven et al. (2014) have argued that drought in the MENA region affects several aspects of food, 

energy, and water security, which can sometimes result in political unrest, increasing social inequality, 

and disease outbreaks (Rajsekhar & Gorelick, 2017; Stanke et al., 2013; Woodhouse & Muller, 2017). 

The region does not yet have operational drought early warning systems connected to strategic 

drought risk management, despite efforts being made to deal with these catastrophic events through 

multi–sectoral and interdisciplinary collaborations among communities and across scales (S. 

Pulwarty & Sivakumar, 2014; Verner et al., 2018). The presence of periodic droughts in MENA 

nations indicates that despite substantial investment in the water sector, effective water management 

remains a critical economic and environmental challenge (Loudyi & Kantoush, 2020). Asaad & 

Suleiman (2023) contend that the over-extraction of groundwater coupled with more severe and 

frequent drought incidents adversely impacts public health, agricultural production, and the 

environment. 
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2.5 A sub– Saharan African (SSA) perspective on drought and water scarcity  

 

In the sub–Saharan African context, the historical impacts of drought on SSA countries are shown in 

Table 2.1, while the severity is shown in Figure 2.2. Ayugi et al. (2022) reported that drought in SSA 

has claimed the lives of millions of people and seriously damaged the continent's social, 

environmental, and economic well-being. The figures from Table 2.1 indicate only the reported total 

deaths; the actual total could even be higher. For example, the recent 2015–17 drought figures for 

South Africa show the number of people affected, but the fatalities have not yet been recorded on the 

Emergency Events Database (EM– DAT). EM–DAT is monitored by the Centre for Research on the 

Epidemiology of Disaster (CRED) and is responsible for recording all the natural catastrophes, i.e., 

geophysical, meteorological, hydrological, climatological, and biological – each of which further 

contains one or more types of specific natural disasters (Shen & Hwang, 2019). Mugiyo et al. (2023) 

argued that water scarcity challenges in SSA in the second half of the 20th century were caused by 

multiple factors, but severe droughts preceded all. According to Dosio et al. (2020); Grasham et al. 

(2019); Gupta et al. (2020); Klutse et al. (2018) and Matchaya (2020) projections suggest that most 

parts of SSA will experience prolonged droughts and increased rainfall variability by 2025 and water 

available for agriculture and domestic use will likely experience increasing constraints. Niang et al. 

(2019); Williams et al. (2018) reported that water scarcity due to drought in SSA severely affects 

food security and human vulnerability across the subcontinent. Busico et al. (2021); Cuthbert et al. 

(2019) and Taylor et al. (2019) contended that the most persistent water scarcity challenges in SSA 

in the last 40 years were preceded by severe drought episodes like in the hydrological years 2015 – 

17 that nearly led to the pronunciation of Day– Zero by water authorities in countries such as South 

Africa, Zimbabwe, Malawi, and Lesotho. 

 

Table 2.1 Reported historical drought impacts from 1900 to 2015 (Source: Tadesse et al., 2016) 

Country Year Total deaths Total Affected 

South Africa 2015 N/A 2 800 000 

Somalia 2010 20 000 4 000 000 

Sudan 1983 150 000 8 400 000 

Ethiopia 1983 300 000 7 750 000 

Chad 1981 3 000 1 500 000 

Mozambique 1981 100 000 4 750 000 

Somalia 1974 19 000 230 000 
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Ethiopia 1973 100 000 3 000 000 

Ethiopia 1965 2000 1 500 000 

Cape Verde 1946 30 000 N/A 

Cape Verde 1940 20 000 N/A 

Cape Verde 1920 24 000 N/A 

Niger 1910 85 000 32 000 

Cape Verde 1900 11 000 N/A 

 

Kharraz et al. (2012) noted drought and water scarcity challenges are exacerbated by the fact that 

almost 80 per cent of the SSA region's landmass is comprised of deserts, arid areas, and semi–arid 

regions. The World Water Assessment Program (2019) reported that the bulk of the population 

residing in SSA depends on constrained water resources, and agricultural activities in the region 

depend on natural rainfall. Moreover, the UNDP (2022) reported that nearly half of the SSA 

population lives in severe poverty, where climate change's impacts can potentially enhance future 

drought episodes' frequency, severity, length, and spatial extent. Kapangaziwiri et al. (2012) reported 

that water scarcity due to droughts also jeopardises decades of development progress by reducing a 

community's capacity to absorb and adjust to a changing climate. Tadesse (2016) argued that there is 

a consistent decline in precipitation and runoff patterns across significant rivers in SSA and that most 

countries in the region have rapidly growing populations threatened by the social, economic, and 

environmental impacts of drought. Busby et al. (2014) and Kharraz et al. (2012) argued that ensuring 

water availability to 1.5 billion people by 2030 and 2.4 billion by 2050 is a daunting challenge that 

water authorities in SSA will be expected to meet. Trenberth (2020) noted that precipitation deficits 

have impacted East Africa, West Africa, and southern Africa in different ways, as shown in Figure 

2.2. 

 

Quenum et al. (2019) reported that countries in the West African Sahel (WAS), such as Burkina Faso, 

Niger, Nigeria, Cameroun, Mali, Chad, Central African Republic, Mauritania, and Senegal region (), 

are part of a transitional region with a semi–arid climate, situated between the Sahara Desert and the 

humid tropical areas of Africa. The area is distinguished by a pronounced annual north–south rainfall 

difference and significant fluctuation in rainfall amounts (Ayugi et al., 2022). The mean annual 

precipitation (MAP) differs based on latitudes, ranging from the moist Guinea coast to the 

northernmost regions (Ebi & Bowen, 2016), significantly affecting water availability. The fluctuation 

in rainfall in the region and, consequently, water availability is mainly linked to the West African 
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monsoon, which involves the movement of moisture from the Gulf of Guinea (Kasei et al., 2010). 

This phenomenon occurs throughout the summer (July to September) due to the northward shift of 

the Intertropical Convergence Zone (Nicholson, 2018). Ogou et al. (2019) revealed that in the years 

1961, 1970, 1983, 1992 and 2001, there has been an increase in the frequency and severity of drought 

with an average return duration of nine years. 

 

 

Figure 2.2 Mean annual rainfall (1981– 2014) patterns of the African continent (Source: Tadesse et al., 

2016) 

 

West Africa's drought can have direct and indirect impacts (Kasei et al., 2010). For example, in 2011, 

Mauritania experienced a drought due to insufficient precipitation, resulting in low harvests, livestock 

losses, and food costs (Calow et al., 2010). Dibi-Anoh et al. (2023) noted that in 2015, Mali 

experienced severe water scarcity challenges that affected nearly 300,000 people, while in 2018, in 

Cote d'Ivoire 70% of the dams that supply cities to dry up. Because of below–average precipitation 

rates in 2018, the drought affected about 3.7 million people in Burkina Faso. Adaawen (2021) 

reported that at the close of 2019, a drought that affected over 2.6 million in Niger caused severe food 

shortages and ultimately resulted in famine in Senegal. It is projected that over 30% of Nigerians will 
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suffer from severe food insecurity in 2030 because of the country's prolonged drought, putting almost 

500,000 people at risk of starvation (Adaawen, 2021). Quenum et al. (2019) reviewed a range of 

literary sources and concluded that droughts in WAS can be attributed to multiple variables.  

 

However, subsequent studies conducted by Biasutti et al. (2008); Caminade & Terray (2010) and 

Rowell (2001) explored the relationship between changes in Sahel drought patterns over both short–

term (inter–annual) and long–term (decadal scale) periods and changes in sea surface temperatures 

(SST). Hoerling et al. (2006) reported a significant correlation between interhemispheric (north–south) 

temperature gradients in the tropical Atlantic and sea surface temperatures (SST) in the tropical 

Pacific and Indian oceans. The relationship between the temperature difference in sea surface 

temperatures (SST) between the northern and southern regions (where the seas experienced warming 

and cooling after 1970) on a worldwide scale is believed to have caused the Sahel drought over ten 

years (Hoerling et al., 2006). Ilori & Ajayi (2020) proposed that the Atlantic's cross–equatorial sea 

surface temperature (SST) gradients play a significant role in the location of the Intertropical 

Convergence Zone (ITCZ).  

 

Meanwhile, the situation is no different in Somalia, Ethiopia, Eritrea, Djibouti, Kenya, Sudan, and 

South Sudan, collectively known as the countries of the Great Horn of Africa (GHA) (Figure 2– 2). 

Despite being in the tropics, several countries in the GHA region are considered desert and semi–arid 

territories (Gidey et al., 2018). Lyon (2014) and Shilenje et al. (2019) argued that previous studies in 

GHA indicate a decline in average rainfall from March to May (MAM) in recent decades. Similarly, 

Nicholson (2018) highlighted a notable rainfall deficiency over the years 1998, 2000, 2005/2006, 

2007, 2008, 2009, and 2011, affecting both the long and short rain seasons. Tofa et al. (2021) 

contended that this tendency is particularly concerning, given that, the population heavily relies on 

rain–fed agriculture for food production and the industry continues to have a significant portion of 

employment. According to Thomas et al. (2020), drought periods have a discernible effect on the 

economy of the GHA region, present dangers to human life, and result in substantial deterioration of 

the natural environment. The drought periods in 2010/2011 and 2016 resulted in a food scarcity that 

affected more than 10 million individuals, resulting in fatalities and the disruption of livelihoods 

(Ojara et al., 2022). Haile et al. (2020) examined the effects of climate on drought patterns in GHA 

and found that Eritrea, parts of Ethiopia, South Sudan, Sudan, and Tanzania experienced more 
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droughts that are frequent. In contrast, Rwanda, Burundi, and parts of Uganda experienced more 

minor droughts during the latter half of the twentieth century (Ojara et al., 2022). 

 

In the context of southern African biomes, which includes South Africa, Zimbabwe, Zambia, 

Mozambique, Angola, Lesotho, Swaziland, Botswana, and Malawi, the distribution of rainfall 

undergoes substantial changes that are associated with the El Niño– Southern Oscillation (ENSO) 

(Reason & Rouault, 2005). In southern African biomes, there have been severe and extensive 

droughts in the years 1982– 1984, 1991– 1992, and most recently, between 2015 and 2017 (Reason 

& Rouault, 2005). The drought between 2015 and 2017 was the most severe since the early 1980s 

and had significant adverse impacts on water and food security (Archer et al., 2018). Engelbrecht & 

Monteiro (2021) reported that climate change would exacerbate severe weather phenomena such as 

droughts in southern Africa. However, the exact extent of these impacts remains uncertain. 

Kusangaya et al. (2014) noted that the recent drought events between 2015 and 2017 resulted in 

significant crop and ecosystem failure in the southern African region. Turyasingura et al. (2023) 

emphasized that southern African countries with mean annual precipitation of less than 500mm 

typically experience severe socioeconomic repercussions from drought. Ujeneza & Abiodun (2015) 

contended that like in other regions in sub–Saharan Africa, understanding the impacts and 

spatiotemporal characteristics of droughts in southern Africa is crucial since agriculture serves as the 

fundamental economic endeavor for most of the populace in these nations.  

 

The United Nations Office for the Coordination of Humanitarian Affairs (UNOCHA) has reported 

that about 16 million people in Southern African countries like Malawi, Zambia, Zimbabwe, 

Mozambique, Swaziland, and Lesotho were at risk of starvation in 2016 (WFP, 2016). Moreover, in 

2020, more than a third of Namibia's population - 780,000 people - were considered water insecure. 

This led the Namibian government to declare a state of emergency on May 17, 2013 (WFP, 2020). 

Meanwhile in 2016, the World Food Program (WFP) reported that the 2016 El Niño– induced drought 

had severely affected the southern African region. According to WFP, roughly 1.5 million people, or 

16% of South Africa's rural populace, were impacted by the drought in 2015– 2016, while a severe 

drought in South Africa decreased the water availability and agricultural output (Ujeneza & Abiodun, 

2015). Mishra and Singh (2010) argued that the ENSO primarily influences drought occurrence in 

southern Africa. However, Blamey & Reason (2007) contended that contrasting findings suggest no 

association between winter rainfall in southern Africa and ENSO. Several additional studies have 
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demonstrated that various other atmospheric patterns can significantly influence southern Africa's 

rainfall patterns. For example, the IOD or Zonal Mode is believed to have a robust association with 

seasonal rainfall during the southern African summer (Manatsa et al., 2017). The study conducted by 

Ujeneza and Abiodun (2015) revealed that the quasi–biennial oscillation (QBO) significantly impacts 

the summer rainfall in Malawi. Reason and Rouault (2005) discovered a significant correlation 

between winter rainfall in western South Africa and the Antarctic Oscillation (AAO) as well as sea 

surface temperature (SST) in the central South Atlantic. Rouault and Richard (2005) argued that the 

ENSO could significantly affect determining the occurrence of drought in southern Africa. 

Furthermore, Ujeneza & Abiodun (2015) suggested that the most intense droughts in southern Africa 

between 1901 and 2004 were linked to ENSO episodes. Nevertheless, the absence of consensus 

among prior research on the origin of droughts in southern Africa necessitates further investigations 

to comprehend the atmospheric dynamics that influence the frequency and intensity of droughts in 

this area (Manatsa et al., 2017). Comprehending this information is crucial for effectively monitoring, 

predicting, and alleviating drought in the region (Kusangaya et al., 2021). 

 

2.6 A South African perspective on drought and water scarcity 

 

Vigaud et al. (2009) argued that most of the rainfall in South Africa occurs from November to March, 

coinciding with the movement of the tropical trough towards the pole. Driver & Reason (2017) 

reported that drought occurrence in South Africa is influenced by a subtropical anticyclone that 

prevents moisture from entering the region from the Congo Basin. Blamey & Reason (2007) reported 

that during drought periods, the anticyclone directs westward movement of air along its northern side 

towards troughs located near Madagascar, and this causes a southward movement of dry air that 

descends over southern Africa. Driver & Reason (2017) further argued that northwest cloud bands 

that connect tropical convection in Angola to mid–latitude westerly Rossby waves across the Agulhas 

Gyre produce approximately 50% of South Africa’s rainfall. During drought events in South Africa, 

the cloud bands in the northwest region move towards the east of Madagascar due to the warming of 

the local ocean, which is linked to a positive Indian Ocean Dipole (IOD) and Pacific (Driver & 

Reason, 2017). The different stages of the ENSO exhibit a significant correlation with the fluctuations 

in circulation, rainfall, and temperature in southern Africa over specific seasons (Dieppois et al., 

2015). The occurrence of mega–drought episodes in southern Africa is generally associated with 

intense El Niño occurrences (Spinoni et al., 2019). 
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Botai et al. (2017) reported that it is widely acknowledged that prolonged droughts in South Africa 

are exacerbating the water scarcity, while Savenije (2000) contended that South Africa would 

undergo a decline in water availability from 1700 m3 per capita to less than 1000 m3 per capita due 

to the increasing frequency and severity of droughts. This assertion suggests that even a tiny increase 

in severe drought episodes would substantially affect South Africa's water and food security (Otieno 

& Ochieng, 2007). Chami & Moujabber (2016) suggested that the reason for this is that South Africa 

experiences a mean annual precipitation of 500 mm per year, which is significantly below the global 

average of 860 mm per year. Ziervogel et al. (2014) adopted a regionally projected viewpoint. They 

warned that in South Africa, the Eastern Cape Province and other inland regions experience more 

intense flood events, whilst the western parts of the country, such as the Western Cape Province are 

more prone to drought incidents. The South African Department of Water and Sanitation (DWS) 

2004, then known as the Department of Water Affairs and Forestry (DWAF), officially designated 

the Western Cape as one of the most drought-prone regions in South Africa, characterized by irregular 

rainfall patterns. Kam et al. (2021) reported that certain districts in the Western Cape Province 

observe a mean annual precipitation of less than 350mm, which is notably lower than the national 

average of 500mm per year (Kam et al., 2021). 

 

Kanyoka et al. (2008) contended that water scarcity challenges in South Africa are further aggravated 

by the historical problem of unequal access to water and substandard water services, which were 

deliberately promulgated by the previous apartheid government's policies of racial segregation known 

as 'separate development'. Booysen et al. (2019) argued that the mean water use in South Africa 

continues to exceed the suggested threshold required to maintain a sustainable water supply and that 

persistent droughts in South Africa have primarily affected water resources in various provinces, 

including the Western Cape (WC). Kam et al. (2021); Kapangaziwiri et al. (2012) and Weaver et al., 

(2017) argued that the WC province, known for its primarily agrarian economy centered around fruit 

exports and dependence on a water supply infrastructure based on catchment areas, serves as a prime 

example of a province that is highly susceptible to the severe impacts of climate change-induced 

droughts. The WC's susceptibility to drought is substantiated by the current 2015–2017 period of 

acute drought, as evidenced by Ndebele et al. (2020). Vogt et al. (2018) noted that during this period, 



40 

 

the WC had significant inter–annual drought conditions, leading to a water supply crisis that 

endangered the provision of water to around four million individuals. 

On the other hand, Lange et al. (2020) reported that during the drought period, the WC Province 

experienced a substantial decline in its water storage capacity reaching a mere 20% in January 2018. 

Furthermore, in 2019, there was a notable increase in arid conditions, resulting in a significant decline 

of 25% in agricultural output (Raude et al., 2018). Baudoin et al. (2017) highlighted that the prolonged 

drought between 2015 and 2017 also had a pronounced adverse impact on the agriculture industry, 

significantly reducing job prospects. Moreover, Kam et al. (2021) reported that communities reliant 

on aquatic ecosystem services, such as ecotourism and fisheries, experienced the deprivation of viable 

means of subsistence. Considering the above challenges, Baudoin et al. (2017), Tadesse (2016), Vogt 

et al. (2018), and Weaver et al. (2017) argued that South Africa has invested a great deal of time and 

effort into developing a proactive drought and water resources management strategies. Wilhite (2017) 

argued that these efforts were accelerated by developing the National Consultative Forum on Drought 

in the early 1990s. This brought more stakeholders to the planning table and allowed more sectors to 

be included in drought planning efforts. Tamarin-Brodsky et al. (2020) noted that these efforts 

resulted in new drought policies that strove to encourage risk management, assist farmers financially, 

protect natural resources, and promote the best use of water resources for individual farmers. 

However, a challenge remains for the South African government to maintain a policy balance 

between encouraging a risk management approach for large agricultural enterprises and providing a 

safety net for the resource–limited sectors of the population (Williams et al., 2018). Despite some 

evidence of a paradigm shift from emergency response to more holistic drought risk management and 

disaster risk reduction approaches, the focus across various governance levels remains rooted in 

technical and financial relief solutions in southern Africa (Vogel et al., 2019). Consequently, Cullis 

et al. (2011); Dallas & Rivers-Moore (2014) and Nkhonjera (2017) conceded that it is expected that 

climate change and a multi–year drought will aggravate existing pressures on water availability for 

agriculture, affecting public health and food and water security in South Africa unless robust and 

proactive drought risk management approaches are pursued. 

 

2.7 The ‘Hydro– illogical’ drought and water resources management approach 

 

In the past, numerous scholars such as Nhemachena et al. (2020); Safari et al. (2022) and Tsakiris et 

al. (2013) have argued that drought management systems by governments and other water governance 
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institutions throughout the world have been reactive– poorly coordinated, ineffective, and followed 

a 'hydro– illogical crisis management' approach (Figure 2.3). Estrela et al. (2012) noted that the 

'hydro–illogical' crisis management approach presented in Figure 2.3 is often associated with the 

provision of post–drought relief or assistance to those most affected in response to a drought event. 

Wilhite (2019) argued that this approach commonly depicts the post–impact response wherein, during 

the beginning phases of drought formation, there is an initial recognition of the imminent drought 

impacts, which is then succeeded by a sense of worry and alarm as the severity of the drought 

intensifies. However, after regular rainfall, the government's intention to establish a proactive drought 

management policy for enhanced preparedness in future droughts is frequently abandoned, resulting 

in a regression to the state of indifference in the cycle (Fragaszy et al., 2020). Hayes et al. (2011) 

suggested that the 'hydro– -illogical' crisis management approach has been linked to a failure to 

acknowledge that drought is a regular occurrence within the climate and that it primarily focuses on 

addressing the impact without giving due emphasis to the root causes of vulnerabilities within drought 

occurrences. Hence, Bokal et al. (2014) and Grobicki et al. (2015) reported that water governance 

institutions must adopt proactive and more risk–based drought and water resources management 

approaches. 

 

 
Figure 2.3 The 'hydro– illogical' crisis management approach (Source: Wilhite, 2017) 
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2.8 The ‘Three Pillar’ drought and water resources management approach 

 

Until recently, various scholars such as Bokal et al. (2014); Manatsa et al. (2017); Wilhite (2019) 

have begun to agitate for developing nations to adopt the three-pillar approach to drought water 

resources management  (Figure 2.9). They argued that it is a coordinated drought management plans 

(DMPs) that include comprehensive drought monitoring, early warning systems, drought 

vulnerability and risk assessments, the identification and adoption of appropriate local– level drought 

readiness, mitigation, and response measures. Daksiya et al. (2021) and Fonseca et al. (2019) argued 

that adopting the three-pillar approach could potentially mitigate and reduce future drought impacts 

on water resources availability. Bressers et al. (2016) asserted that it is crucial for all drought–prone 

countries, especially those in arid and semi–arid regions, to embrace a new DMP paradigm for 

managing drought that focuses on minimizing risks. However, Tsakiris et al. (2013) observed that 

there has been a lack of global initiative to start a discussion on developing and implementing national 

drought management policies that focus on proactive and risk–based approaches. Similarly, Bokal et 

al. (2014) contended that in the absence of a well–coordinated national DMP encompassing 

comprehensive monitoring, timely warning systems, effective information dissemination, thorough 

vulnerability and risk assessments, and the implementation of suitable local–level measures to 

mitigate and respond to risks, drought-prone countries will persist in their historical pattern of 

reacting to drought events. 

 

Figure 2.4 The three-pillar approach to drought impact assessment (Source: IDMP, WMO, GWP, 2015) 

 



43 

 

According to Schewe et al. (2014), the three–pillar drought and water resources management plan 

represents a key DMP that seeks to support sustainable water resources management and build 

resilience to drought extremes. DMPs should outline pertinent drought and water scarcity indicators 

and their thresholds, provide comprehensive early warning systems, and establish priorities and 

pathways to be followed by decision-makers during a drought episode (Marzi et al., 2021). Masson-

Delmotte et al. (2021) argued that for effectiveness, DMPs should foster simple, pragmatic, and 

scientifically proven approaches based on technical evidence and adopt experiences from past 

drought events. Hervás-Gámez & Delgado-Ramos (2019) argued that while the institutional 

arrangements of each country vary, three drought and water resources management levels should be 

established: Strategic, Operational, and Contingency (or Emergency). They argued that at the 

strategic level, reliable and accurate drought early warning systems are vital to formulating proactive 

drought–risk management policies. However, Urquijo-Reguera et al. (2022) argued that predicting 

the drought characteristics (onset, end, thresholds, drought phases, affected area and users, direct 

drought impact, is a considerably complex task). 

 

It is with this background that Wilhite (2019) reported on a High–level Meeting on National Drought 

Policy (HMNDP) that was held in Geneva, Switzerland, in March 2013 (HMNDP 2013). He argued 

that the principal sponsors of this meeting were the World Meteorological Organization (WMO), the 

Secretariat of the United Nations Convention to Combat Desertification (UNCCD), and the Food and 

Agriculture Organization of the United Nations (FAO), in collaboration with several other partners, 

such as the Global Water Partnership (GWP). The meeting resolved and recommended the adoption 

of an integrated drought management plan (IDMP), which emphasized the pursuit of a three–pillar 

approach to drought management (Figure 2.4) and argued that the approach’s plan foresees actions 

prior to and during the event, including measures for mitigation, preparation, monitoring, early 

warning, response, and recovery (Tigkas et al., 2019). As illustrated in Figure 2.4, Funk & Shukla, 

(2020) argued that to create a successful DMP aimed at water scarcity risk reduction, policies and 

strategies must emphasize the three pillars: monitoring and early warning system, vulnerability and 

impact assessment and mitigation and response. 

 

To this end, it is evident that droughts are a natural phenomenon caused by a deficit in precipitation, 

and they characterise a certain statistical irregularity concerning the long– term mean across spatial 

and temporal scales (Hervaz– Gamez and Delgado– Ramos, 2019). A drought event might trigger 
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water scarcity (depending on the duration and magnitude) (Ortega-Gaucin et al., 2021). However, 

Zeybekoğlu & Aktürk (2021) argued that during a drought episode, not only is the water availability 

likely to be, but also the water quality is seriously affected because of less dilution and higher 

concentration of contaminants. Mortoja & Yigitcanlar (2022) contended that this would further lower 

the volume of water that is fit for human consumption while making its management more expensive 

and challenging. Hurtado et al. (2023) noted that depending on the reliance and resilience of the water 

resource system, water scarcity because of drought incidence commonly results in water restrictions 

(irrigated crops, industrial and touristic activity, environmental flows, urban and household water 

uses) and increased competition and conflicts among water users. Therefore, the socio–economic and 

environmental impacts of water scarcity because of drought can be considerable and will vary 

according to the drought management strategies in place (Rossi & Cancelliere, 2013). Estrela (2016) 

argued that impacts would be more severe in water–scarce basins, regions lacking water storage 

infrastructures, and the absence of integrated drought and water management plans. 

 

2.9 Drought monitoring and early warning systems (DEWS) 

 

The DEWS component in drought risk management involves tracking drought indicators and indices 

at varying spatiotemporal scales using climate and biophysical variables such as precipitation, 

temperature, soil moisture, vegetation condition, stream flow, and groundwater (Hao et al., 2014). 

However, Funk and Shukla (2020) argued that early detection of droughts can pose significant 

challenges, primarily due to the difficulty of accurately determining the occurrence of past drought 

events. Hao et al. (2014) contended that drought monitoring is further complicated by the fact that 

the shortage of available water can arise in various ways, and its severity can be measured based on 

several factors such as water scarcity levels, the vulnerability to the impacts of drought, coping 

capacity, and exposure of the human environment system. Similarly, Wilhite (2017) noted that the 

manifestation of drought impacts is often gradual and slow, and this presents an excellent opportunity 

for developing efficient drought monitoring and early warning systems using climate variables. Hao 

et al. (2014) noted that over the past few years, numerous drought-monitoring models have been used 

for research purposes and as operational decision–making tools. Grasso (2023) argued that drought 

monitoring and prediction systems still lag in development compared to other natural disasters, such 

as thunderstorms, mainly due to the intricate mechanisms associated with the initiation and 

progression of droughts. Kundzewicz et al. (2019) noted that the complexity of drought monitoring 
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in various developing countries, such as South Africa, is evident through the lack of progress in 

establishing effective national drought policy.  

 

Waha et al. (2017) suggested that as the impacts of climate change become more severe, nations must 

progress towards increased readiness, using drought monitoring and early warning systems, as these 

systems offer the required knowledge to make prompt decisions about managing water and other 

natural resources. DEWS consolidates and articulates information from several fields of study and 

data origins, including diverse physical and social realms (Funk & Shukla, 2020). For effective 

DEWS, a bottom–up approach– that involves station data to grids, then to basin or provincial/district 

level, and even national analyses– is typically recommended (Hannaford et al., 2019). However, a 

top–down approach is used in many countries or regions due to resource constraints (Senay et al., 

2015). Predictions and warnings about droughts should also give users vital information to make 

decisions (Pulwarty & Sivakumar, 2014). Incorporating traditional knowledge can also enhance early 

warning systems and drought monitoring. Drought-prone countries can also use the publicly available 

worldwide drought data while creating or enhancing their drought monitoring instruments (triggers) 

and early warning systems (Hao et al., 2014). Dong & Liu (2014) reported that the Global Information 

and Early Warning System (GIEWS), the Climate Prediction Center (CPC) of the National Oceanic 

and Atmospheric Administration (NOAA), and the Famine Early Warning Systems Network (FEWS 

NET) drought information and other products are some of the operational global programs that 

national early warning systems in Africa may be able to leverage. Linking correlations between these 

groups of questions might be intimidating. However, DEWS integrates the skills of interdisciplinary 

specialists in a manner that considers the historical background and circumstances of drought 

evaluation (Grasso, 2023). Climate models and satellite–enhanced weather monitoring systems can 

forecast and track precipitation and temperature in several locations with a satisfactory degree of 

precision (Rodrigues et al., 2020), which can be used to improve the effectiveness of drought early 

warning systems. 

 

Traditionally, methods for assessing and characterising drought have primarily relied on 

measurements taken at specific locations and using certain climate variables to monitor 

meteorological, agricultural, and hydrological drought (West et al., 2019). However, there has been 

a significant change in the way drought assessment and characterisation are done due to 
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improvements in remote sensing and earth observation technology, such as the introduction of the 

Landsat series in 1972 by the National Aeronautics and Space Administration (NASA) (Mishra & 

Singh, 2011). Sur et al. (2020) suggested that remote sensing–based systems provide meteorological 

data and assess conditions at the Earth's surface, including vegetation and water levels. Choi et al. 

(2013) noted that remote sensing techniques have transformed drought assessment and 

characterisation using climate-related factors on a grander scale and over more extended periods than 

was previously achievable using traditional approaches. Sheffield et al. (2014) noted that remote 

sensing technologies enhance drought monitoring and management, especially in places with limited 

data availability. 

 

Svoboda et al. (2012) contended that drought characterisation entails assessing the inherent indicators 

of drought severity, spatial extent, and frequency. Nam et al. (2017) argued that the components of 

drought assessment include the timely availability of data, the analysis, synthesis, and distribution of 

data that can be utilised in decision support tools, communication strategies, educational initiatives, 

and occasionally a forecasting aspect if it is accessible. Núñez et al. (2014) reported that multiple data 

sources from climate models have been utilised to characterise drought for monitoring purposes in 

different places worldwide (Mishra & Singh, 2011). Dong et al. (2021) argued that drought 

assessments often rely on climatic and hydrological data, with drought indices serving as widely 

accepted methodologies. Many drought assessment techniques have concentrated on climate and 

hydrologic–oriented indicators and indices that monitor variations in components of the hydrologic 

cycle, such as temperature, streamflow, and soil moisture (Mishra & Singh, 2011). These 

observations are primarily derived from the point–based data collected in the field using precipitation, 

temperature, streamflow, and soil moisture conditions as the input variables (Fragaszy et al., 2020). 

Wardlow et al. (2015) argued that the science community has been able to access unprecedented new 

remote sensing data sets for precipitation, snow, soil moisture, land surface temperature, evaporation, 

total water storage, vegetation, and land cover. Rhee et al. (2020) contended that satellite observations 

have opened new avenues in global drought monitoring from meteorological, agricultural, 

hydrological, and ecological perspectives. Heumann (2011) noted that satellite–based sensors' 

advantages relative to traditional ground–based observations include global, near–real–time 

observations, consistent data records, and improved spatial resolution. 
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2.9.1 Meteorological drought monitoring 

 

Meteorological drought can be defined as a persistent absence of precipitation and an increase in 

evapotranspiration over short to long–term time scales (Li et al., 2021). Meteorological drought often 

serves as a precursor to agricultural and hydrological drought and frequently affects large spatial areas 

(Nam et al., 2017). According to Du et al. (2013), measuring precipitation using remote sensing 

products has improved the accuracy and extent of meteorological drought monitoring. West et al. 

(2019) reported that the initial efforts to measure precipitation using remote sensing were through the 

TRMM (Tropical Rainfall Measuring Mission), a cooperative venture between NASA and the Japan 

Aerospace Exploration Agency (JAXA). Rodrigues et al. (2020) reported that TRMM was notable 

for being the first satellite to include a dedicated microwave precipitation radar and collected 

precipitation datasets in tropical and subtropical regions between 35°S and 35°N between 1997 and 

2015. TRMM had a limited orbital cycle, conducted 16 cycles per day, with a measurement swath of 

878 km and a spatial resolution of 0.25° when decommissioned (Igri et al., 2022). The 17–year legacy 

precipitation dataset is a crucial reference point for measuring worldwide rainfall. It continues to be 

regularly employed in evaluating global precipitation patterns and the climatic factors contributing to 

drought (Yan et al., 2021). The Global Precipitation Measurement (GPM) mission, as described by 

(Hou et al., 2018), was the successor of TRMM. Ramonet et al. (2020) argued that evaluating GPM 

retrievals at different levels indicated a significant correlation between in–situ gauged and TRMM 

data. Therefore, the GPM and linked TRMM/GPM datasets have emerged as significant resources in 

drought monitoring research (Alizadeh & Nikoo, 2018). 

 

Using TRMM/GPM datasets, various analytical techniques have been utilised in drought assessments 

that incorporate remotely sensed precipitation for drought characterisation. These methods include 

calculating long–term rainfall anomalies (Bayissa et al., 2017; Cattani et al., 2021) using indices such 

as the Precipitation Condition Index (PCI) (Xu et al., 2024). The Standardised Precipitation Index 

(SPI), developed by McKee et al. (1993), is another frequently utilised index computed based only 

on precipitation data. This characteristic made it significantly more efficient regarding data usage 

compared to the Palmer Drought Severity Index (PDSI) for various applications. According to West 

et al. (2019), the SPI has a crucial benefit in that its values have an equal likelihood of occurring 

regardless of the period, region, or size. This allows it to reflect wet and dry events across various 

conditions equally. The availability of long–term records allow for the computation of SPI, and this 
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enables the identification of meteorological droughts across extensive geographical areas (Winkler et 

al., 2017). 

 

Kchouk et al. (2022) noted that the commencement of meteorological drought is frequently a crucial 

indicator of agricultural or hydrological drought. Memon and Shah (2019) thus argued that it is crucial 

for DEWS to strive to incorporate meteorological variables to evaluate different types of droughts. 

Morid et al. (2006) reported that an essential element in meteorological and agricultural droughts is 

the augmentation of evapotranspiration rates. Ficklin et al. (2015) noted that accurate 

evapotranspiration assessment is crucial for efficient drought assessment. The determination of 

evapotranspiration necessitates the inclusion of remotely sensed supplementary variables such as the 

state of vegetation, its type, and soil characteristics (Palanisamy et al., 2023). Currently, there are 

several remote sensing data products available for evapotranspiration, which are obtained from 

observations made by different satellite families, including the Global Land Evaporation Amsterdam 

Model (GLEAM), MODIS (Moderate Resolution Imaging Spectroradiometer) and Landsat satellites 

(Cattani et al., 2021). 

 

Peng et al. (2020) noted that GLEAM is a process– based semi–empirical model aiming at estimating 

land evaporation and its separate components. The technique underwent revision in 2014 and is 

presently in its third version (Martens et al., 2020). The present GLEAM product comprises a 

sequence of microwave (C– and L– band) data about vegetation, soil moisture, precipitation, and 

thermal observations of land surface temperature (LST) obtained from sensors like MODIS and the 

SMOS (Soil Moisture Ocean Salinity) mission (Martens et al., 2020). Zhao et al. (2022) argued that 

GLEAM employs data from sensors with extensive operational experience, allowing for the 

availability of Version 3.3 of the product from 1980 to 2018 (West et al., 2019). A significant number 

of droughts–related research studies have utilised remotely sensed precipitation or evapotranspiration 

data, primarily on a global or continental level (Zhao et al., 2022). However, due to the nature of 

these datasets, the spatial resolution of these studies has been relatively low (Martens et al., 2020). 

This could be because previous earth observation satellites placed a higher emphasis on temporal 

resolution than spatial resolution (Tortini et al., 2020). Nevertheless, significant efforts have been 

undertaken to enhance the spatial resolution of meteorological remotely sensed data. van Dijk et al. 

(2018) employed MODIS observations of surface water extent, vegetation, and LST, which were 

integrated into a landscape hydrological model. 
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Passive sensor–derived datasets have been reanalysed to depict evaporation and evapotranspiration 

accurately. Wulder et al. (2019) argued that using Landsat satellites has contributed to the 

advancement of novel monitoring methods that offer improved resolution (Wulder et al., 2019). The 

inclusion of the thermal band on Landsat 3 (released in 1978) and its subsequent improvement on 

Landsat 4 (1982) and later versions enabled the retrieval of high– resolution (30 m visible) land 

classifications and land surface temperature (LST). The observations have resulted in acquiring 

evapotranspiration estimates with a relatively high level of detail (Sadeghi et al., 2020). A recent 

study utilised the Google Earth Engine to compute essential meteorological and hydrological 

parameters by leveraging the thermal capabilities of satellite sensors (Sadeghi et al., 2020). EEFlux, 

which stands for Earth Engine Evapotranspiration Flux, was created by building upon the METRIC 

model (Mapping Evapotranspiration at High Resolution with Internalized Calibration) developed by 

Allen et al. in 2000. This tool utilises a set of algorithms to generate estimates of evapotranspiration 

by analysing imagery from Landsat 5 TM (1984–2013), Landsat 7 ETM+ (1999–Present), and 

Landsat 8 OLI– TIRS (2013–Present) (Oroud & Balling, 2021). 

 

2.9.2 Agricultural drought monitoring 

 

Agricultural drought can be understood as a deficiency of moisture in the soil root zone necessary to 

meet the water requirements of crops, thereby causing crops to reach a state of permanent wilting 

(Kchouk et al., 2022). While soil moisture can be used as a direct indicator of drought, the land surface 

temperature (LST) and vegetation status are indirectly related to soil moisture, and consequently, 

affect the agricultural drought (Amani et al., 2017). Furthermore, Amani et al. (2017) argued that a 

combination of the LST and vegetation information has also been applied for drought assessment 

through the Normalized Difference Vegetation Index (NDVI). Long– lasting meteorological droughts 

in a certain area will start to affect the local water systems and farming practices and ultimately result 

in agricultural droughts (Mwangi et al., 2014). Liu et al. (2022) defined "agricultural drought" as a 

reduction in the accessible soil moisture for vegetation caused by insufficient rainfall. It is sometimes 

referred to as "soil moisture drought”. Agricultural droughts typically manifest over extended periods, 

ranging from medium to long– term (Sun et al., 2017). These droughts have significant consequences 

such as diminished crop yields or complete failures, ultimately leading to imbalances in food demand 

and supply (Mwangi et al., 2014). Assessing agricultural dryness by satellite observation involves 
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quantifying soil moisture levels using active microwave radar and passive radiometers such as SMOS 

or SMAP (Soil Moisture Active Passive) (Aadhar & Mishra, 2020; Zhang et al., 2021). An alternative 

method involves utilizing passive multispectral sensors such as Landsat or the more current Sentinel–

3 to examine vegetation (Um et al., 2022). 

 

2.9.3 Hydrological drought monitoring 

 

The progress in utilizing remote sensing techniques for hydrological drought analysis has been 

somewhat restricted (West et al., 2019) as there are not enough sensors and satellites specifically 

designed for this purpose (Mwangi et al., 2014). Currently, more research is needed to apply this 

concept specifically to hydrological drought (Isaak et al., 2012). Remote sensing technologies have 

enabled monitoring changes in Earth's overall water storage in relation to hydrological and 

groundwater droughts (Sadeghi et al., 2020). NASA and the German Aerospace jointly conducted 

the Gravity Recovery and Climate Experiment (GRACE) mission, initiated in 2002 Centre (Tapley 

et al., 2004). The mission was initially planned to last for 5 years. However, owing to its 

achievements, the mission was prolonged until 2017. The GRACE project comprised a pair of 

satellites in a synchronized orbit (Kornfeld et al., 2019). The distance between the satellites was 

measured by on-board instrumentation, and it varied by around 200 km due to the fluctuations in 

Earth's gravitational field (Tapley et al., 2004). The provided observations were utilised to generate 

monthly depictions of variations in the Earth's gravitational field. GRACE monitored fluctuations in 

terrestrial water storage (TWS) throughout all water storage compartments, including soil moisture, 

surface water, and groundwater (Buitink et al., 2020). GRACE possessed the distinctive characteristic 

of not relying on surface conditions and being able to obtain data at depths greater than five 

centimetres below the surface (Odongo et al., 2023). 

 

Datasets from GRACE has been effectively utilized in various hydrological drought monitoring 

research, such as analysing the characteristics of drought events, investigating variations in drought 

severity across regions, and tracking groundwater depletion (Ma et al., 2017). GRACE has also been 

utilized to compute indices suitable for extensive hydrological drought monitoring, including the 

Drought Severity Index (DSI), the Total Storage Deficit Index (TSDI), and the Multivariate 

Standardized Drought Index (MSDI) (Ferreira et al., 2016). These indices primarily demonstrate 
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spatial and temporal variations in drought severity. In the USDM, GRACE was utilized to observe 

hydrological and groundwater droughts (Um et al., 2022). 

 

2.9.4 Integrated approaches to drought monitoring 

 

Remote sensing data products have been utilised to compute novel integrated monitoring indices 

developed explicitly to monitor different types of droughts. For instance, Du et al. (2013). introduced 

the Synthesized Drought Index (SDI), which is a composite measure that combines the Vegetation 

Condition Index (VCI) (Kogan, 1997), the Temperature Condition Index (TCI) (Kogan, 1995), and 

the PCI. The SDI stands out because it incorporates remote sensing data products obtained from 

MODIS and TRMM. This enables a comprehensive evaluation of drought progression by considering 

precipitation deficit, soil moisture depletion, and vegetation stress in an integrated manner, (Du et al., 

2013). Incorporating indices and various remote sensing–derived data products is a significant 

advancement in efficiently monitoring droughts across several drought categories. Zhang et al. (2017) 

have emphasised that agricultural or hydrological drought indices are more suitable for monitoring 

longer–term droughts and may not adequately capture shorter–term dry occurrences. Hence, it is 

imperative to incorporate a meteorological index in conjunction with these metrics to 

comprehensively analyse the spread of drought and short–term meteorological droughts (Shah & 

Mishra, 2020). 

 

Zhang et al. (2017) further emphasise the significance of employing a multi–or integrated index 

strategy for monitoring drought. Other research studies utilised diverse remote sensing products to 

investigate numerous types of droughts concurrently. Nicolai-Shaw et al. (2017) included GLEAM 

data into their agricultural drought monitoring approach by leveraging the relationship between 

evaporation and vegetation status. The scientists were particularly interested in the delay in vegetation 

reaction to maxima in evapotranspiration and they related this delay to a potential shortcoming of 

GLEAM data, namely the underestimating water availability in deeper soil strata necessary for 

supporting plant development (Arun Kumar et al., 2021). Orth & Destouni (2018) conducted a study 

utilising different remote sensing data products to evaluate the imbalance in water balance during 

droughts across continental Europe. Specifically, they focused on examining the correlation between 

several stages of the hydrological cycle, including precipitation, evapotranspiration (GLEAM), 

vegetation status (measured using vegetation index), and runoff. Gebrechorkos et al. (2023) argued 
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that the GLEAM dataset was utilised to illustrate the patterns in evapotranspiration, which exhibited 

a significantly slower rate of change compared to the variations in runoff following the onset of the 

drought in southern Europe. Martens et al. (2020) suggested these findings indicate that agricultural 

drought has a more pronounced effect on reducing runoff compared to its impact on 

evapotranspiration. 

 

Hao et al. (2015) emphasised the significance of using diverse datasets from various sensor types, 

even when monitoring a limited number of droughts–related indicators. Zhang et al. (2017) 

demonstrate the correlation between various soil moisture datasets and indices and varied 

accumulation durations of SPI data, indicating varying drought severity levels. Chakraborty et al. 

(2023) the passive microwave data obtained from AMSR– E, specifically the Soil Moisture Condition 

Index (SMCI) developed by Zhang & Jia (2013), strongly correlated with short–term Standardised 

Precipitation Index (SPI) in areas with sparse vegetation. On the other hand, multispectral indices 

such as the Vegetation Condition Index (VCI) and Temperature Condition Index (TCI) demonstrated 

a stronger correlation with a 3– to 3-month SPI. Employing numerous remotely sensed soil moisture 

products is advantageous in agricultural drought monitoring since various indices and sensors possess 

distinct merits and limitations (Zhao et al., 2022). Nevertheless, the nature of the relationship will 

heavily rely on the specific attributes of the monitored land surface variables. For instance, specific 

vegetation parameters may exhibit a slower response to the onset of drought compared to soil 

moisture levels in the same area, owing to the resilient biophysical characteristics of the vegetation 

(Zhao et al., 2022). Additional local land surface attributes, such as terrain and land cover, will also 

influence this correlation (Zhang et al., 2017). 

 

Brown et al. (2008) developed VegDRI (Vegetation Drought Response Index) is one of the earliest 

and most extensively used integrated drought monitoring indicators. The development of VegDRI 

aimed to harness the advantages of both remote sensing and climate–based drought monitoring 

methods (Nam et al., 2015). The remote sensing component offers spatial data derived from NDVI 

data regarding vegetation distribution and overall state (Bushra et al., 2019). VegDRI generates 

vegetative stress and condition data associated with drought, with a spatial resolution of 1 km. This 

data is updated every week (Brown et al., 2008). Initially, VegDRI was compared to the USDM 

model, and the findings indicated that VegDRI provided notable improvements. In 2015, VegDRI 

was incorporated into the new USDM model to improve the spatial precision of simulated drought 
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patterns (Hao & Singh, 2015). VegDRI has been utilised in creating novel models (Tadesse et al., 

2010) and has also played a role in evaluating drought conditions on a national level (Wu et al., 2018). 

With the introduction of additional sensors and the creation of datasets, remotely sensed data will 

probably be integrated into national–scale models and early warning systems in a comparable manner 

(Ramonet et al., 2020). Although the advantages of combining field measurements and classical 

meteorological indices with remote sensing techniques are evident, many studies.  

 

As such the growing interest in water resources and drought management research on the creation of 

integrated indices that combine standard meteorological datasets with remote sensing methodologies 

(Liu et al., 2016), utilising local field measurements, such as those obtained from soil moisture 

sensors, can greatly enhance the accuracy of data analysis compared to relying solely on remotely 

sensed data (van Dijk et al., 2018). Despite recent progress in remote sensing, the measurement of 

soil moisture content is now limited to the surface material (1–5 cm). This presents a challenge 

because crop roots typically extend to a depth of 10–20 cm, making it difficult to measure soil 

moisture deficiencies in the root zone directly (Nam et al., 2017). To address this issue, it is advisable 

to include in–situ data taken at greater depths into drought monitoring methodologies in conjunction 

with satellite observations. Funk and Shukla (2020) stated that these approaches have the advantage 

of preserving the spatial and temporal benefits of remote sensing methods and integrating localised 

data on soil moisture, precipitation, and other variables. 

 

2.10  Drought vulnerability and water scarcity risk assessment (DVRA) 

 

According to Singh et al. (2014), the concept of ‘vulnerability’ has its roots in geography, however, 

and research on natural hazards applies the term as a fundamental idea in a variety of other research 

contexts such as ecology, public health, poverty and development, sustainability science, climate 

impacts and adaptation. Nazari et al. (2015); Paavola (2008) and Shahid & Behrawan (2008) defined 

vulnerability as the characteristics of a watershed system or group of people in terms of capacity to 

withstand, cope with, and recover from the impact of natural or man–made hazards. According to 

IPCC (2020), vulnerability is defined as the extent to which a natural or social system is prone to 

sustaining damage from the impacts of climate change. Zarafshani et al. (2016) reported that 

vulnerability is a function of the sensitivity of a system to changes in: (i) climate (the degree to which 

a system will respond to a given change in climate, including beneficial and harmful effects); (ii) 
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adaptive capacity (the degree to which adjustments in practices, processes, or structures can moderate 

or offset the potential for damage or take advantage of opportunities created by a given change in 

climate); and (iii) the degree of exposure of the system to climate hazards. Perkins et al. (2010) 

categorized drought vulnerability based on exposure, stress, and argued that most systems in 

developing countries are most sensitive to perturbations or stress and possess weak coping strategies. 

Phelps & Kelly (2019) stated that vulnerability is a condition in which individuals face water 

insecurity, job insecurity (unemployment), social insecurity, and health insecurity. Meanwhile, the 

United Nations International Strategy for Disaster Reduction (UN/ISDR) (2004) identified four 

vulnerability factors that are germane in the context of DMP: (i) physical factors, which describe the 

reliance and resilience of a region; (ii) socio–economic factors, which describe the level of education, 

good governance, financial resources of individuals, populations groups, and communities; and (iii) 

environmental factors, which describe the state of the environment within a region (Savari et al., 2022) 

Sharafi et al. (2020) contended that despite limitations on data availability, information on regional 

drought vulnerability and risk assessment could aid water managers in being proactive and instituting 

appropriate mitigation actions before the drought's occurrence. Pittman et al. (2011) suggested that 

vulnerability refers to how individuals and society experience the risk and threats of environmental 

hazards like drought. They consider farmers and pastoralists to be the most vulnerable groups to 

drought. Wilhelmi & Wilhite (2002) argued that in developing countries, vulnerability might be 

doubled in times of drought, particularly when water governance institutions fail to provide effective 

drought monitoring and early warning systems to support water supply systems. According to 

Sonmez et al. (2005), water scarcity challenges across the world have significantly increased in line 

with the increased number or severity of droughts, and the costly nature of drought vulnerability has 

led to increasing attention to the drought vulnerability in recent years.  

 

According to Brooks et al. (2005), the characteristics that make water resource systems in a 

developing country vulnerable to drought could be different from those of a developed country. Smit 

& Wandel (2006) stated that hazardous weather differs from average weather by its potential to 

damage and not by its physical or statistical properties. For a water resource system, vulnerability is 

unlikely to be the same for low and high frequent droughts (Paavola, 2008). Drought and water 

security risk is a function of hazard and vulnerability, and therefore, the level of risk that the hazard 

poses to people is directly related to societal vulnerability. To mitigate against the impacts of drought 
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on water scarcity, vulnerability must be lessened (Chandrasekara et al., 2021). However, more effort 

has been spent on drought monitoring and prediction than identifying system vulnerabilities. 

Mohammed et al. (2018) emphasized that drought vulnerability risk assessment, drought monitoring, 

and early warning systems are more closely linked to water security rather than climatological events 

that contribute to water scarcity. Wilhelmi and Wilhite (2002) reported that efforts to address water 

scarcity challenges more effectively under drought conditions would fall short unless vulnerability 

and risk assessment are conducted and adopted as a vital consideration in the overall planning effort. 

 

2.10.1 Vulnerability assessment models 

 

Numerous vulnerability assessment models have been created to comprehend the impact of climate 

change on communities and how they adapt to changing circumstances (Bedeke, 2023). These models 

analyse human interactions with their physical and social environment, enabling researchers to 

identify the most vulnerable locations, sectors, and social groups. Three widely used methods to 

assess climate change vulnerability are model-based, stakeholder-oriented, and indicator 

(Hagenlocher & Castro, 2015). By determining the characteristics of the vulnerable system, the type 

of stress it is under and the effect it has on that system, effective coping strategies can be developed 

to enhance resilience in these vulnerable areas. 

 

2.10.2 Simulation-based methods 

 

Simulation techniques using model-based methods predict the impact of climate change (Bedeke, 

2023). Biophysical models simulate the correlation between climate, soil, and crops. Water scarcity 

models assess drought impact. In Sub-Saharan Africa, yields will decrease by over 10% due to 

climate change risks. Nitrous oxide concentrations will increase due to improper fertilizer use. Intra-

seasonal rainfall variability will threaten crop productivity. However, socio-economic factors like 

access to seeds, fertilizers, and land size are not considered in these methods. Economic models can 

aid in quantifying and predicting vulnerability to socio-economic risks and climate change. Hoddinott 

& Quisumbing (2010) identified three models to evaluate vulnerability: vulnerability to expected 

poverty, vulnerability as low expected utility, and vulnerability to uninsured risk exposure. These 

models provide valuable insights that can help policymakers develop effective strategies to mitigate 

the adverse effects of climate change on society. 
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2.10.3 Participant-based methods 

 

Participant-based methods effectively determine people's vulnerability to climate change at different 

stages of analysis. Climate vulnerability and capacity analysis is a commonly used stakeholder-based 

method to assess farmers' vulnerability to climate change. It evaluates the impact of social and 

environmental stresses, such as droughts, lack of access to water, and deforestation, on climate change 

vulnerability. Gentle & Maraseni (2012) used this method to evaluate the impact of climate change 

on local communities in Nepal. Their findings revealed that climate change is an additional burden 

for impoverished people living in mountain communities already experiencing land degradation, food 

scarcity, a lack of water supply services, and increasing social inequality. The method can help 

stakeholders identify social and physical factors that drive climate change vulnerability and develop 

coping strategies. However, it has limitations. The results may only be applicable to a small 

population due to the limited number of participants involved. Additionally, group discussions could 

be influenced by power asymmetry and gender bias in decision-making processes, exacerbating 

existing inequality and perpetuating poverty and climate change vulnerability. 

 

2.10.4 Index-based assessment methods 

 

Index-based methods use proxy indicators to evaluate a system's vulnerability to climate change. 

These indicators can be combined to form indices that reflect the biophysical and socio-economic 

attributes of a particular system. The primary objective is to characterize the sources and drivers of 

climate change vulnerability. Indicators help quantify social and biophysical drivers of climate 

change vulnerability, enabling policymakers to develop coping strategies. At the local scale, 

indicators help assess and understand the nature of climate change vulnerability among individuals 

and households. The goal is not to rank the levels of vulnerability to climate change but to identify 

the most vulnerable families, communities, or sectors to climate change. 

 

2.11  Research gaps 

 

The increasing frequency of droughts on a global, regional, and national scale poses a massive threat 

to the availability of water resources. Raphael Muli Wambua et al. (2018) argued that frequent and 

severe droughts could introduce a substantial reduction in water levels, subsequently leading to the 



57 

 

drying out of waterbodies. They further argued that this has the potential to pose significant 

challenges to the agricultural production system and profoundly affect the utilization and allocation 

of water for domestic consumption. The World Bank (2018) reported that severe droughts are causing 

water scarcity to become a more urgent issue and that world leaders acknowledge that water scarcity, 

with drought being a contributing factor, is the most significant issue for which they are ill equipped. 

According to Fragaszy et al. (2020), the Global Risk Report ranks drought as one of the extreme 

weather occurrences with the highest likelihood and second–highest impact. They reported that 

empirical data from several global locations indicates that droughts rank among the most financially 

and socially burdensome natural disasters. Studies from numerous scholars, such as Bergaoui et al., 

(2015), have shown that droughts substantially affect the national budgets, export revenues, and 

imports of southern African countries. Drought also adds to social inequalities, adverse health effects, 

rural emigration, and broader political upheaval (Garschagen & Kraas, 2010). While previous studies 

on drought in southern Africa have focused on catchments and river basins, a limited number of 

studies appear to have focused on localized perturbations within the provincial scale. 

 

A review of literature from scholars such as Nam et al. (2017) suggested that due to the natural 

precipitation variability and the significant and devastating impacts of drought on water resources, it 

is crucial to conduct drought risk management studies. Wilhite (2017) argued that integrated drought 

management studies should be adopted and supported by efficient monitoring and early warning 

systems that seek to reduce drought risks, such as chronic water shortages. Tsakiris et al. (2013) 

proposed that researching the impacts of climate change on water resources is necessary to address 

the impending difficulties of water shortage. Cosgrove & Loucks (2015) argued that the impacts of 

drought on water scarcity are intricate and multifaceted concepts influenced by a range of biophysical 

connections within the climate system. Kron et al. (2019) and Seibert et al. (2021) argued that given 

the global water resources vulnerability to climate change, understanding, and addressing the 

occurrence of drought in a changing climate requires insights from climate modelling of both 

historical and future periods. Mirza (2003) proposed that obtaining quantitative data on the impacts 

of drought on water scarcity, along with information about anticipated climate system changes, could 

enhance our comprehension of potential future hazards associated with water scarcity and agricultural 

output. 
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Birkmann et al. (2015) argued that drought monitoring and planning with the objective of mitigating 

drought risks associated with water availability requires a forward–looking perspective, and ideally 

should be based on different future climate scenarios for a given region and societal development– a 

need that has been increasingly emphasized over the past years. In addition, the monitoring of drought 

trends and changes in risk components and indicators over time can contribute to the development of 

adaptive measures, particularly in sub–Saharan Africa (Hagenlocher et al., 2019). The above 

literature indicates that existing drought risk assessments still focus primarily on the social dimension 

and do not necessarily apply a specific drought monitoring approach when characterizing the impact 

of drought hazards on water availability. While context is crucial, operational definitions of drought 

are more appropriate depending on region and purpose (Wilhite, 2000). This creates not only 

terminological and taxonomic confusion when operationalized in assessments but also complicates 

the comparability of assessments and their outcomes – a gap that has also been emphasized in 

previous studies (Bacon et al., 2017; Wu et al., 2018). Similarly, the reviewed literature indicates that 

there is increasing recognition that the impacts of drought on water resources and factors that dictate 

severity are complex, interact with each other, and are often features that determine a nation’s ability 

to attain water security (Van Loon et al., 2016). Hagenlocher et al. (2019) reported that when 

assessing drought risk in the context of water resource management systems, a DEWS perspective 

could help understand and evaluate the role of drought propagation as a driver of water scarcity. 

Furthermore, literature indicates that the future water availability under projected climate change-

induced drought conditions is unclear. In this regard, proactive drought modeling promises to support 

the role of early drought warning, vulnerability assessment as well as drought risk mitigation. 
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CHAPTER THREE 

 

METHODOLOGICAL CONSIDERATIONS 

 

3.1 Introduction  

 

This chapter is organized into two primary sections the philosophical underpinnings and the research 

design. An overview of the philosophical underpinnings adopted in the study will be discussed first 

in section 3.2. The research design which gives a description of the study site, data instrumentation 

and data collection methods. As the research focused on the WC Province, section 3.3.1 describes the 

study site; the different AEZs of the province; and the prospective sources of precipitation data that 

could have been used. Section 3.3.2 discusses the data instrumentation techniques that were employed 

in modelling the impacts of drought on water resource, while section 3.3.3 provides a discussion of 

data collection and highlights how the techniques used to collect the datasets. Section 3.4 discusses 

the techniques used to analyse the data such as the trend free pre-whitening, trend analysis, drought 

characterisation, downscaling, and reliability, resilience, and vulnerability indicator determination. 

Finally, section 3.5 provides the methodological reflections in the current study. 

 

3.2 Philosophical underpinnings/research approach  

 

According Rajasekar & Verma (2019) research methodology is a branch of epistemology, and as 

such, research concepts are better investigated with specific approaches than with others. Laher 

(2007); Patton (2002) noted that any research process is rooted in philosophical principles about 

approaches, theories, and models. Eichler (1997) argued that considering the philosophical 

underpinning is crucial to understanding research. Greenwood & Levin (1998) argued that the three 

significant philosophies of science that bear on quantitative methodological considerations are 

empiricism, constructionism, and scientific realism. Solomon (2007) argued that empiricism is the 

philosophy of scientific research that recognises evidence and acknowledges it as being discovered 

in experiments. Bealer & Strawson (1992) noted that empiricism is a fundamental part of quantitative 

research and posits that all hypotheses and theories must be tested against observations of the natural 

world rather than resting solely on a priori reasoning, intuition, or revelation. On the other hand, 

Omodan (2022) argued that constructionism strives to understand how humans create knowledge – 

anything that society holds, accurate and meaningful. Ardiansyah & Ujihanti (2017) argued that 
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constructionist knowledge is a consequence of social processes. Therefore, social constructionists 

reject essentialist explanations that certain phenomena are natural, inevitable, and universally 

determined. Meanwhile, Rossi & Sleat (2014) suggested that scientific realism is the view that well-

confirmed scientific theories are approximately true, the entities they postulate do exist, and we have 

a good reason to believe the theories. They argue that scientific realism comes in many forms; 

however, most versions of scientific realism display a commitment to at least two doctrines: (i) that 

there is a real world of which we are part and (ii) that both the observable and unobservable features 

of the world can be known by the proper use of scientific methods. Some versions of scientific realism 

incorporate additional theses (e.g., the claims that truth is the primary aim of science and that 

successive theories more closely approximate the truth), and some will nominate optional doctrines 

that may but do not need to be used by scientific realists. Realist researchers recognises that there are 

two distinct ways in which knowledge claims must be justified (Baderin, 2014). These are known as 

coherentism and reliabilism in philosophy. Reliability refers to the degree to which dependable 

procedures support a belief (Rossi Enzo, 2018). The countless techniques that aid in identifying 

empirical phenomena primarily focus on reliabilist reasoning.  

 

In the present study, the scientific realism approach was adopted. A scientific realist approach to this 

type of research can help illuminate the conceptual foundations of the methods used. According to 

Bhaskar (2013), scientific realism has a rich conception of methodologies, which aids in 

understanding and guiding research. The methodologies of the realist approach have three major tasks: 

to describe how methods work, to critically evaluate methods against other techniques, and to 

recommend how to use specific techniques to pursue chosen research goals (Williams et al., 2017). 

Patton (2002) argued that the realist methodology is fundamentally goal oriented. It advocates the 

pursuit of valuable truth, explanatory understanding, and effective control of primary research goals. 

At a more specific level, the realist approach attempts to give due recognition to the research 

objectives. The realist methodology is naturalistic, meaning it is a substantive domain that studies 

phenomena and trends using the methods of various sciences (Chrisman, 2019). 

 

3.3 Research design 

 

Numerous modelling frameworks exist in contemporary literature to investigate the impacts of 

natural hazards (Cremen et al., 2022; McCuen et al., 2006). These approaches include the disaster 
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risk framework (Bründl et al., 2009), political ecology framework (Collins, 2008), pressure and 

release framework (Awal, 2015; Aziz, 2018), hazard of place framework (Eriksen et al., 2011); and 

vulnerability/sustainability framework (Skondras et al., 2020). This disaster risk framework is 

designed to enhance our understanding of the impacts of many natural hazards (Beck & Kropp, 2011). 

The perception of disaster risk has evolved from solely natural hazards to a compound event, 

encompassing hazards, exposure, and vulnerability. The disaster risk framework normally begins 

with assessing a regions past hazards and impacts and involves risk assessment to detect the nature 

of hazards and characterise their historical impressions at several spatiotemporal scales (Greenberg 

et al., 2012; Murphy & Gardoni, 2006). Lesk et al. (2016) applied the disaster risk framework to 

explore how drought incidence influences global crop production and analysed how future global 

river flood risk can be calculated using climate change impacts. Awal (2015) applied the pressure and 

release framework to adapt climate change shocks and stresses between ecological and social systems. 

The vulnerability/sustainability technique has been employed for quantitative and vulnerability 

studies (Tyler, 2016) while Shen & Hwang (2019) developed the spatial impact model for tornadoes.  

 

However, in this research, the disaster risk and water resources management framework (Figure 3.1) 

was adapted to assess the impacts of droughts on water availability under different climate change 

scenarios and assist water resource managers in developing optimal water resource management 

strategies in the Western Cape Province of South Africa. The adapted disaster risk framework 

considered that climate change and environmental decline due to drought impacts gradually become 

part of the disaster risk equation. In the disaster risk management framework, disasters were 

considered as natural global environmental change processes (Lesk et al., 2016). Climate change and 

environmental degradation are all global change and disaster risk components. It was argued that not 

only is the drought risk more complex, but with development, climate change, and environmental 

changes, the risk is also dynamic, requiring regular reassessment. According to Figure 3.1, the 

element of drought risk, along with exacerbating factors from global change such as climate change, 

increased the frequency and severity of drought hazards, the spatial extent of the area exposed to 

drought and several people exposed, and vulnerability is reduced by improvement in technology, 

disaster risk management. The framework argues that regions are not equally exposed to natural 

hazards, and differences in geophysical factors, slopes, elevation, and proximity from the shore and 

inter-tropical location are parameters that influence a higher occurrence and severity of hazards. 
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Therefore, extracting resilience, reliance and vulnerability indicators requires extensive 

standardisation. 

 

 
Figure 3.1 Disaster risk and water resource management framework (Adapted from Lesk et al., 2016) 
 

The principal methodology employed in the research is shown in Figure 3.2. The methodology 

involved assessing the historical (1980-2020) and future (2021-2050) spatio-temporal characteristics 

of precipitation and drought trends and identifying climate anomalies. Secondly, drought 

vulnerability risk assessment (DRVA) was done using Reliability-Resilience-Vulnerability indicators. 

The approach integrated aspects of Rusk et al. (2022) modelling approaches, which involves the use 

of an impacts model to validate the simulated climate variable to reanalysis observed datasets (1980-

2020) and downscaling a selected global climate model GCM to obtain finer–scale features (at a scale 

less than 100km). A more detailed discussion on the methodology is presented in section 3.4.  
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Figure 3.2 A schematic diagram of the research steps (Source: Based on field observation) 
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3.3.1 Description of study site 

 

The Western Cape (WC) Province in South Africa is located at the southern tip of South Africa 

(Figure 3.3). The province shares borders with the Eastern and Northern Capes, the Atlantic Ocean 

to the west, and the Indian Ocean to the south. Due to its temperate Mediterranean climate, the 

province experiences mild, wet winters, and warm, dry summers. The average summer temperatures 

vary between 15°C and 27°C, and the average winter temperatures vary between 5°C and 22°C 

(Orimoloye et al., 2019). With only about 350 mm of mean annual precipitation (MAP), the WC 

province is one of the driest provinces in South Africa, receiving far less than the ~500 mm average 

for the entire country (Dennis & Dennis, 2012). The austral winter months (between May and 

September) receive the most annual rainfall, which is usually brought on by extratropical cyclones 

and cold fronts, as well as sporadic westerly disturbances, including cut–off lows (Driver & Reason, 

2017). However, the distribution of rainfall is very varied, ranging from semi–arid regions to 

comparatively moist regions on the windward slopes of mountains (Blamey et al., 2017). The present 

study focuses on the six of South Africa’s AEZs, which include subtropical warm/arid (STWA), 

subtropical cool arid (STCA), subtropical warm semi–arid (STWSA), subtropical cool semi–arid 

(STCSA), subtropical warm subhumid (STWSH) and subtropical cool subhumid (STCSH). The 

AEZs are categorised based on the duration of the cropping season (Mugido & Shackleton, 2017). 

Arid regions have a cropping season that lasts for two months; semi–arid regions have a length 

farming season ranging between two and three months; warm sub–humid regions have a cropping 

season of three to four months, while cool sub–humid zones have a cropping season of four to five 

months (Muimba-Kankolongo, 2018). 

 

The WC Province has a network of water storage infrastructure that includes dams, weirs, pipelines 

and pumping stations that supply water to urban areas and irrigators in the STWSA (Piketberg), 

STCSH (Malmesbury) and part of the STCSH (Bredasdorp). The WC water resource system supplies 

water to several districts, including STCSH (Hermanus), STWSA (Piketberg) and STCSH (Ceres). 

According to DWS (2016), between 2015 and 2017, nearly 70% of the unrestricted water supply in 

the WC was allotted to urban and agricultural consumers(Archer et al., 2017). The WC province 

water supply system provides water to commercial farmers in the STWSH (Matroosberg) and 

STWSA (Swellendam) AEZs. South Africa’s Department of Water and Sanitation (DWS) manages 
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the water storage infrastructure found in the AEZs of WC. The WC province is home to the STWSH 

(Cape Town) metropolitan area, South Africa’s second-largest city with a population of 4.618 million 

(StatsSA, 2020). Farming is crucial to the Western Cape economy, particularly in the STWSH, 

STWSA and STCSH (Kam et al., 2021). It involves the cultivation of grapes for winemaking and 

winter crops such as wheat and barley, poultry, and livestock (Kruger & Sekele, 2013). Because of 

seasonal precipitation variation experienced, the WC requires large water storage reservoirs to store 

austral winter surface runoff for supply during the warm, dry summer months when demand is usually 

higher (du Plessis & Schloms, 2017). The province is supplied with water from 44 main dams, and 

these dams collectively have a maximum storage capacity of 1870.4 million cubic meters (Western 

Cape Govt, 2023). According to DWAF (2003), most of the significant dams store water from the 

basin in which they are located, except for Voëlvlei Dam, which is an off–channel storage dam. Water 

is transferred to Voëlvlei Dam from the Klein Berg and 24 Rivers, using abstraction points and open 

channels (Rawlins, 2019). The WC water resources management system is based on optimising yield 

and reducing water loss through spillages. The DWS’s water resources planning model (WRPM) is 

employed in modelling the annual water availability of the WC, including assessing the possibility 

of instituting water restrictions (Maitre et al., 2019). The WC water resources management system 

operates the WRPM yearly in October/November when the water storage season is complete, and 

there is knowledge of water availability for the approaching hydrological year. The models provide 

a valuable decision support tool and utilise numerous stochastically derived rainfall and runoff 

sequences to simulate plausible short to medium-term storage responses (Hay et al., 2012). The DWS 

and stakeholders such as water–user associations (WUAs) undertake management decisions to 

enforce water restrictions. While water resources planning in the WCP is done collaboratively, it is 

the mandate of the DWS to institute water restrictions (National Water Act, 1998) officially. 

 

The topography of the Western Cape Province is rugged with subterranean ravines, steep slopes, the 

geology is Cape sandstones, while the soils are shallow, sandy. The elevation extends from 1 300m 

above mean sea level, with most regions lying between 500 and 1000m. The primary vegetation forms 

comprise mesic and dry mountain fynbos scrublands (Molle, 2008). Jacobsen et al. (2007) reported 

that the northern and lower slopes are covered with low to mid-high ericoid scrublands of low to 

medium stature (0.1-1m) with patchy proteoid scrublands. Upper northern slopes carry tall (1-2 m) 

shrub- lands dominated by shrubs from the families Proteaceae and Bruniaceae (Sieben et al., 2004). 
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Tall scrublands occur on southern slopes, with retinoid herb lands on peaty soils. Many endemic plant 

species occur in the area, making it important for nature conservation. Forests are restricted to small 

patches and riverine strips. The area is managed by prescribed burning on a 12-15-year cycle. The 

forest areas have been largely kept free of alien plants compared with most other mountain catchment 

areas, but dense stands occur on adjacent lands and their seeds disperse into forest areas (McDonald 

et al., 2014). The most abundant aliens include Pinuspinaster, Acacia cyclops, A. longifolia, A. 

saligna and Leptospermum laevigatum (Molle, 2008). 

 

 

Figure 3.3 Location of the study area (Source: Ngwenya et al., 2024) 

 

3.3.2 Data instrumentation 
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The present study focused on historical (1980-2020) and future (2021-2050) precipitation distribution 

in the agroecological zones. While the principal focus of the research was on precipitation distribution 

agricultural environment, historical and future precipitation records across the province were chosen 

and analysed, enabling the mapping of findings across the research area. The potential precipitation 

data sources in the study area were the South African Weather Service (SAWS), Water Resources of 

South Africa Study, 2012 (WR2012), and remotely sensed data from several satellites. SAWS offers 

weather and climate forecasting services and maintains a network of approximately 231 automatic 

weather stations, 1180 rainfall stations and 153 automatic rainfall stations (McDonald et al., 2014). 

The WR2012 was commissioned and funded by the Water Research Commission to make 

hydrological information across South Africa available to practitioners and researchers (Fikileni & 

Wolski, 2022). The chosen precipitation datasets had to satisfy the research's drought index 

requirements, including a minimum stretch of datasets of 30 years, continuity of data and resolution 

of data daily or monthly precipitation. The historical precipitation datasets had to have records from 

1980 to facilitate drought characterisation. Statistical testing was done on the selected records by 

determining the mean, standard deviation, minimum and maximum precipitation. The difference 

between the past 30–year and long-term mean of each record was calculated to indicate any 

significant change in recent precipitation. 

 

Some of the more frequently applied drought monitoring techniques were deliberated in section 2.9. 

The Standardised Precipitation Index (SPI) was applied in this study because the World 

Meteorological Organization (WMO) has globally recommended it as a reliable index to be used by 

research and meteorological institutions (WMO, 2012). The SPI was developed by McKee et al. 

(1993) and further advanced by Edwards (1997) as a stochastic methodology to characterise drought 

severity, intensity, duration, and frequency. It was developed to solve the restrictions of other indices, 

mainly the Palmer Drought Severity Index (PDSI), an empirically based index. McKee et al. (1993) 

detected that water managers found that drought characteristics are better articulated using deviation 

from the long-term mean of historical precipitation records. Different aggregation periods of 

precipitation can be evaluated; however, 1–, 3–, 6–, 12–, 18–, and 24–month time scales are usually 

preferred. The shorter timescales swiftly detect changes in monthly precipitation, while the longer 

timescales gradually detect changes to monthly precipitation. The SPI applies precipitation as the 

only input variable and is standardised; hence, it can be utilised to relate drought features at several 
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places. The SPI uses 1–, 3–, 6–, 12–, 18–, and 24– month timescales to analyse drought characteristics 

and does not require precipitation datasets to be calibrated to use them in a particular region. The SPI 

also requires appropriately lengthy records for fitting a distribution to the data. The WMO (2012) 

proposes that shorter timescales of 1 – 6 months are appropriate for assessing the drought impacts on 

soil moisture conditions, while loner timescales of 12 – 48 months are more appropriate for assessing 

the impacts on surface water availability. Using longer timescales is usually preferred, as the datasets 

and derived drought episodes are more established and less inconsistent. For this research, a 12-month 

timescale was chosen because the filling and drawdown cycles of dams and the operation of supply 

systems are usually done annually. In addition, 12-month timescales eliminate the seasonal variation 

in the precipitation records. The WMO (2012) recommends that precipitation datasets should have at 

least 30 years for SPI analysis and that there should not be any gaps in the datasets. Since this study 

applied the SPI values to characterise droughts, a record length of 30 years was selected for both the 

historical and future analysis. The requisite for continuity in the precipitation datasets necessitated 

that precipitation datasets had to be tested for gaps and multiple imputation techniques applied if 

necessary. The SPI fundamentally measures the deviation of precipitation datasets from the long–

term average and then transforms the deviation into a normal cumulative distribution function (CDF) 

with a mean of zero and a standard deviation of one. Since precipitation datasets are generally not 

distributed, the datasets are fitted to a gamma distribution function and transformed into a normal 

probability distribution. This results in the standardised index for assessing drought characteristics at 

various positions. The SPI CDF indicates the likelihood that observed precipitation would be 

equivalent to or a lesser amount than a particular precipitation measure. 

 

3.3.3 Data collection  

 

Table 3.4 illustrates the selected meteorological stations used to acquire the daily observed, reanalysis 

and future precipitation datasets. Two forms of datasets were employed in the study: observational 

data and model simulations. Observed precipitation data (1980–2020), were gathered from the 

University of East Anglia’s Climate Research Unit gridded Time Series (CRU TS Version 4.07) 

https://www.cru.uea.ac.uk/cru/data/hrg database using Google Earth engine interface, while future 

precipitation datasets (2021–2050) under SSP5–8.5, SSP2–4.5 and SSP1–2.6 climate scenarios were 

generated by https://esgf–node.llnl.gov/search/cmip6/ using the sixth version of Model for 

https://www.cru.uea.ac.uk/cru/data/hrg
https://www.youtube.com/redirect?event=video_description&redir_token=QUFFLUhqa2pyNWJzcHlwTmRxRGdTWVIyalltVl94M21sd3xBQ3Jtc0tuRkhnWGZRSmwxUk41ajRBZk5WSFBwd21JRGtDSG1LdlE3YXRFNFNia2xlRzZHTXZHTzN6SV8zNjFfLW1wWjVHb041dTd1YmtiT1dlbmplZ2s2MF9tdFpGd1AyNEVsX1QzbWdsY0NicGhqN1o4ZEdKbw&q=https%3A%2F%2Fesgf-node.llnl.gov%2Fsearch%2Fcmip6%2F&v=Fk-jYpNmDKA


73 

 

 

Interdisciplinary Research on Climate, (MIROC6). CRU TS Version 4.07 datasets have 0.50 by 0.50 

resolution and are available across all regions except Antarctica (Harris, 2020). The spatial resolution 

of the precipitation data generated by the MIROC6 model is 0.110 in latitude and longitude 

(12.5km×12.5km). Since historical data had missing values and there was large distances between 

gauging stations reanalysis data played a key part in solving these challenges (Gidey et al., 2018). 

Additional precipitation data were also obtained from the South Africa Weather Service from the 

period 1980–2020. These datasets were employed as a standard for forecasting the likelihood of 

drought occurrence in the study area. 

 

Table 3.1 Location of stations in the Western Cape Province (Source: Based on field observation) 

Station Location Mean Annual 

Precipitation 

Daily Average 

Temperature (0C) 

Altitude 

(m) 

AEZ 

Long. (E) Lat. (N) (MAP) Minimum  Maximum 

MG 23.8 –32.0 310.6 2.0 29 1185 STCA 

BW 22.6 –32.4 252.2 3.0 30 849 STCSA 

MM 18.7 –33.5 638.1 6.0 32 203 

STCSH 
HM 19.3 –34.4 700.5 8.0 28 27 

CR 19.3 –33.4 716.3 6.0 31 457 

BD 20.1 –34.5 446.2 7.0 25 84 

LG 21.9 –32.8 133.1 3.0 32 555 

STWA 
LS 21.3 –33.5 364.7 5.0 31 544 

CW 18.9 –32.2 310.1 8.0 33 96 

PK 18.8 –32.9 388.1 6.0 32 203 

SW 20.4 –34.0 509.9 7.0 29 128 

STWSA SB 21.4 –34.4 435.1 7.0 26 36 

OD 22.2 –33.6 470.9 6.0 28 319 

MB 19.7 –33.4 311.0 4.0 29 2249 
STWSH 

PA 22.0 –33.2 354.3 4.0 29 633 

MG= Murraysburg, BW = Beaufort West, MM = Malmesbury, HM = Hermanus, CR = Ceres, BD = Bredasdorp, LG = Leew Gamka, 

LS = Ladismith, SB =Still Bay, OD = Oudtshoorn, SW = Swellendam, PK = Piketberg, MB = Matroosberg, CW = Clan William, MB= 

Matroosberg, PA = Prince Albert) 
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3.4 Data analysis  

 

The methodology involved assessing the historical (1980-2020) and future (2021-2050) spatio-

temporal characteristics of precipitation and drought trends and identifying climate anomalies. 

Secondly, drought vulnerability and water scarcity risk assessment (DRVA) were done using the 

reliance-resilience-vulnerability framework. After dataset acquisition, the historical daily 

precipitation datasets were transformed to monthly and mean annual precipitation resolutions. 

Precipitation time series datasets consist of three main components: residual noise, seasonal 

variations, and trend components (Das et al., 2019). To adequately analyze historical precipitation 

data, analysis techniques need to be applied. An overview of techniques applied in processing the 

historical precipitation datasets is given below. 

 

3.4.1 Trend-free pre-whitening 

 

The presence of residual noise components created a substantial challenge in identifying patterns of 

seasonality and trends in precipitation time series data, necessitating their removal through 

decomposition. Therefore, before evaluating the attributes of meteorological drought patterns, it was 

essential to evaluate the remaining interference component of precipitation data. The present study 

employed a pre-whitening procedure. The technique relied on the existence of both residual noise 

and a persistent trend in the time series data of precipitation. This allowed for the integration of a 

linear regression model with serially correlated residuals, as described in Eq. 3-1. 

 

𝛿𝑡 =  𝜇 + 𝑇𝑡 + 𝜀𝑡           3.1; 

 

Where δt is the precipitation at time t, Tt is the trend at time t, and εt is the residual noise at time t 

and μ is the constant term. By assuming a linear trend, Eq. 3-2 was abridged so that: 

 

𝛿𝑡 = 𝜔𝑡            3.2; 

 

Where ω was the slope of the linear region between precipitation and time. Similarly, the noise may 

be represented by Eq. 3-3: 

 

𝜀𝑡 = ∑ 𝜎𝑟𝜀𝑡−𝑟 + 𝜌𝑡
𝑚
𝑟=1           3.3; 
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Where σr represented the parameters of the auto-regressive process, m was the order of the regression, 

and ρt was the residual noise so that Eq. 3-4: 

𝛿𝑡 =  𝜇 + 𝜔𝑡 + 𝜎𝑟𝜀𝑡−𝑟 + 𝜌𝑡          3.4; 

 

Whereby lag-one autocorrelation, AR (1) was applied. 

 

3.4.2 Trend analysis  

 

The Mann– Kendall trend tests were utilized for trend analysis. A trend refers to a consistent and 

established pattern in climatic data that may indicate a changing trend across the duration of the study 

period (Ndebele et al., 2020). The Mann–Kendall test is highly recommended by the World 

Meteorological Organization (WMO) because climatic time series data is not necessarily required to 

conform to a normal distribution. The Mann–Kendall test exhibits limited sensitivity towards abrupt 

inconsistencies and discontinuities in the data (Alhaji et al., 2018). The Mann– Kendall trend analysis 

technique was used to analyze the ranked precipitation data, where the data was ranked from i = 1, 2 

…n– 1 and j = i+1, 2...n. Each individual data point served as a reference point and was compared to 

all other data points using Eq. 3.3 to Eq. 3.6 so that: 

 

𝑠𝑔𝑛(𝑥𝑗 − 𝑥𝑖  ) = {

+1, 𝑖𝑓 (𝑥𝑗 − 𝑥𝑖 ) > 0

0, 𝑖𝑓 (𝑥𝑗 − 𝑥𝑖  ) = 0

−1, 𝑖𝑓 (𝑥𝑗 − 𝑥𝑖 ) < 0

       3.5; 

 

The M– K test parameter was calculated by: 

 

𝑆 =  ∑ ∑ 𝑠𝑔𝑛(𝑥𝑗 − 𝑥𝑖 )
𝑛
𝑗=𝑖+1

𝑛−1
𝑡=1         3.6; 

 

Calculating the variation parameter involved: 

 

𝑉𝑎𝑟(𝑆) =  
1

18
[𝑛(𝑛 − 1)(2𝑛 + 5) − ∑ 𝑡𝑖(𝑡𝑖 − 1)(2𝑡𝑖 + 5)

𝑛−1
𝑖=1𝑛 ]    3.7; 

Where ti represents the measure of ties in the data series i, the test– statistic was calculated: 
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𝑍𝑠 = 

{
 

 
𝑆−1

√(𝑉𝑎𝑟(𝑆))
, 𝑖𝑓 𝑆 > 0

0,              𝑖𝑓 𝑆 = 0
𝑆+1

√(𝑉𝑎𝑟(𝑆))
, 𝑖𝑓 𝑆 < 0

         3.8; 

 

Where > 0 signifies a rising trend, whereas < 0 signifies a declining trend. Trend analyses are carried 

out at a particular significance level, α (Sonali & Nagesh Kumar, 2013). A significance level of α = 

0.05 was employed throughout the present study. At α = 0.05, the null hypothesis of no trend is 

excluded if |Zs| > 1.96. 

 

3.4.3 Meteorological drought characterisation  

 

The Palmer Drought Severity Index (Sheffield et al., 2012), Surface Water Supply Index (Shah & 

Mishra, 2020), Standardized Precipitation Index (McKee et al., 1993), Rainfall Anomaly Index (van 

Rooy, 1965), and Standardized Precipitation Evapotranspiration Index (Memon & Shah, 2019) are 

commonly used indices for assessing meteorological droughts. The current study utilized the 

Standardized Precipitation Index at 12-month timescales. The World Meteorological Organization 

(WMO) highly endorses the Standardized Precipitation Index (SPI) as a comprehensive global 

drought index, as stated by McKee et al. (1993). The system can evaluate the attributes of both arid 

and humid settings, and its computational requirements are solely based on past precipitation data 

(Morid et al., 2006). The SPI offers a comprehensive assessment of soil water surplus or deficit, 

depending on the time scale considered (Basak et al., 2022). Due to the non-normal distribution of 

long-term precipitation data, it was necessary to alter it to conform to a typical normal distribution. 

Therefore, the calculation of SPI values over different time periods (1, 3, 6, 12, 18, and 24 months) 

entailed using a gamma probability distribution function to determine the relative frequency 

distribution of the average rainfall recorded during the selected time frame. The Gamma Probability 

Distribution function was utilized to convert raw precipitation data into a standardized normal 

distribution function (Buttafuoco et al., 2018). The SPI index values were calculated by transforming 

the cumulative probability of precipitation data into the standard normal distribution using 

mathematical formulas 3.9 – 3.16 as shown below (AghaKouchak et al., 2015). 

𝛼 = 
1

4𝐴
(1 + √1 +

4𝐴

3
)         3.9; 
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𝐴 = 𝑙𝑛 𝑥̅ −
∑ 𝑙𝑛 𝑥̅

𝑛
          3.10; 

 

where α = shape parameter, x ̅= average monthly precipitation over assessment period, n number of 

precipitation values. 

𝛽 =  
𝑥̅

𝛼
            3.11; 

 

where β= scale factor,  

 

𝛤(𝛼) = ∫ 𝑥(𝛼−1)𝑒−𝑥
∞

0
𝑑𝑥         3.12; 

 

where Γ(α) = gamma function. The gamma probability density function (PDF) was then obtained 

using: 

 

𝑔(𝑥) =
1

((𝛽𝛼)(𝛤(𝛼))
𝑥(𝛼−1)𝑒

−
𝑥

𝛽  For 𝑥 > 0       3.13; 

The gamma cumulative distribution function (CDF) was obtained by integration of the PDF using the 

equations below: 

 

𝐺(𝑥) =  ∫ 𝑔(𝑥)𝑑𝑥 =  
1

((𝛽𝛼)(𝛤(𝛼))
∫ 𝑥(𝛼−1)𝑒

−
𝑥

𝛽  𝑑𝑥
𝑥

0

𝑥

0
 = 

1

𝛤(𝛼)
 ∫ 𝑦(𝛼−1)𝑒−𝑦
𝑥

0
   3.14; 

 

where 𝐺(𝑥)= CDF of the observed rainfall for each station and given that 𝑦 =  − (
𝑥

𝛽
) 3.15; 

 

As the gamma function is indefinite for x = 0, the cumulative probability function was analyzed as 

follows: 

 

𝐹(𝑥) = 𝑝 + (1 − 𝑝)𝐺(𝑥)         3.16; 

 

where p = probability of zero.  

 

However, the CDF may be obtained through statistical software and Microsoft Excel. The primary 

function of the SPI is to characterise the standardised nonconformity from the mean (SPI value of 

zero) of precipitation. SPI values greater than zero indicated wet periods, while SPI values less than 

zero indicated drought periods. The drought characterisation method, as determined by McKee et al. 

(1993), is illustrated in Table 3.2 below: 
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Table 3.2 Standardised Precipitation Index (SPI) classification (Source: McKee et al. 1993) 

SPI Interval Classification 

0 < SPI ≤ 2 Above Normal Condition 

– 1 < SPI ≤ 0 Mild Drought 

– 1.5 <SPI ≤ – 1 Moderate Drought 

– 2 <SPI ≤ – 1.5 Severe Drought 

SPI ≤ – 2.0 Extreme Drought 

 

According to McKee et al. (1993), the drought commenced immediately after the SPI value became 

negative and continued until the SPI reached a positive value. The drought's length is considered the 

epoch between drought onsets and offset. The drought evaluation indicators (severity, intensity, and 

frequency) were determined using a methodology developed by McKee et al. (1993). The magnitude 

(M), intensity (I), and frequency (F) of the meteorological drought were evaluated using the 

abovementioned SPI values. The equations 3.17- 3.19 were used to calculate characteristics: 

 

𝑀 = ∑ │𝐼𝑛𝑑𝑒𝑥𝑗 │𝑒
𝑚
𝑖=1          3.17 

 

𝐼 =
𝑀

𝑚
            3.18  

 

𝐹 =
𝑛𝑠

𝑁𝑠
× 100           3.19 

 

In Eq. 3.17, the subscript e corresponds to a drought event while j represents a drought year. In 

addition, Indexj  is the SPI value in year j, m is the duration of a drought event (e), while in equation 

3.19, ns is the number of drought events, Ns is the total number of years for the study period which in 

this research study was 41 years. This research determined the SPI values in the chosen 

meteorological stations in the AEZs of the WC Province and evaluated the drought evaluation 

indicators in both the historical and future precipitation datasets. 

 

Although the SPI is an important instrument in characterising drought and water availability scenarios, 

it can be a theoretical notion for decision–makers to use, because it vaguely relates drought 

characteristics to water availability. This research determined the precipitation thresholds for each of 

the selected precipitation records. In this regard, scholars such as (Hashimoto et al., 1982; Hazbavi et 
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al., 2018; Van Loon et al., 2016) recommended the use of a threshold-based approach for drought 

analysis. In applying this approach, a drought was considered as any occurrence where the SPI value 

dropped lower than the predetermined threshold. In this study, drought vulnerability and risk 

assessment used the 70th percentile as the threshold. Each meteorological station had a different 

threshold value based on the 70th percentile of the values of precipitation for the study period. 

Previous studies by scholars such as (Laaha et al., 2017); Van Loon (2013); Van Loon et al. (2014) 

have applied between 70th - 90th percentile ranges, however after evaluating several percentile values 

(70th, 80th and 90th percentile), we chose the 70th percentile as it clearly detected both moderate and 

severe droughts. The other percentiles were rejected for the reason that the high coefficient of rainfall 

variability found in the WC Province, they either had insufficient droughts or did not detect the key 

drought periods. The threshold evaluations were prepared through Microsoft Excel statistical 

functions.  

 

3.4.4 Downscaling and validation of GCM output 

 

There was uncertainty in analysing simulated precipitation coarse resolution GCM outputs to 

catchment based finer scale resolution. As such there was a requirement to downscale GCM output 

for practical needs such as precipitation projection for hydrologic operations in local basins under 

climate change. Downscaling of MIROC6 output was conducted to provide finer resolution 

precipitation datasets and evaluate the output with reanalysis data. The software package Climate 

Change for Water Modeling (CMhyd) software obtained from https://swat.tamu.edu/software/cmhyd 

was used for bias correction and statistical downscaling. Before processing and analysis was 

performed on the historical, reanalysis data and downscaled climatic data, it was crucial to verify 

homogeneity and to perform data quality checks. To verify the homogeneity of climatic data, gross 

error checking, and temporal and spatial coherency tests were carried out. The accuracy of MIROC6 

simulation to predict future precipitation data was evaluated using historical datasets to ensure their 

suitability before they were applied for calculating SPI indices. The percentage accuracy of the 

projected precipitation data was validated by comparing simulated reanalysis MIROC6 climate model 

data with historical CRU TS Version 4.07 precipitation data for the years 1980–2010. Results were 

evaluated in terms of mean absolute error (MAE), coefficient of determination (R2), mean absolute 

percent error (MAPE) using the equations 3.20 – 3.23 shown below:  

https://swat.tamu.edu/software/cmhyd
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𝑀𝐴𝐷 =
1

𝑛
 ∑ (𝐴𝑖 − 𝐹𝑖)

𝑛
1          3.20 

 

𝑀𝐴𝑃𝐸 = 
1

𝑛
 ∑ (

(𝐴𝑖−𝐹𝑖)

𝐴𝑖

𝑛
1 *100         3.21 

 

𝑅2 = 
∑ (𝐴𝑖−𝐹𝑖)(𝐹𝑖−𝐹𝑖)
𝑛
1

∑ [(𝐴𝑖−𝐹𝑖)
2)
0.5
]𝑛

1 [(𝐹𝑖−𝐹𝑖)
2)
0.5
]
        3.22  

 

𝑁𝑆𝐸 = 1 − (
∑ (𝐴𝑖−𝐹𝑖)

2𝑛
1

∑ ((𝐴𝑖−𝐹𝑖)
2)𝑛

1
)         3.23, 

 

where Ai is the observed precipitation at timescale i, Fi is the projected precipitation at timescale i, 

𝐹𝑖 is the mean projected precipitation during the study period, and n is the total number of the 

observed data. The NSE illustrates the percentage accuracy of the modeled data. Both R2 and MAPE 

are measures of best line of fit, while MAD illustrates the global climate model’s ability to correctly 

predict the future climate with respect to recorded data. It is assumed that the GCM simulation are 

correct when R2 and NSE evaluations are close to unit value, and when there is a lower MAPE value 

(Peng et al., 2023). A detailed explanation of techniques applied in the data analysis of the simulated 

precipitation data is in the sections below. 

 

3.4.5 Drought response dynamics (Reliability, Resilience and Vulnerability) 

 

As discussed above, it is essential for water resource managers to relate meteorological drought 

characteristics to potential risk to water scarcity in a region (McKee et al., 1993). The evaluation of 

water security risk, however, required understanding drought vulnerability and water scarcity risk 

assessment (DVRA). DVRA allowed for droughts occurrences to be related to water availability 

without having to consider various socio-economic indicators. Hazbavi et al. (2017) integrated 

climatic variables with reliability, resilience, and vulnerability (Rel ResVul) indicators to assess 

watershed health in Foyle Watershed in Northern Ireland, the Xarrama Watershed in Portugal, and 

the Shazand Watershed in Iran. Rel ResVul indicators assess different aspects of a watershed system. 

Reliability evaluates the frequency of the water resource system being in a satisfactory state during, 

resilience evaluates how quickly a water resource system recovers to a satisfactory state after reaching 

an unsatisfactory state and vulnerability measures how severe the unsatisfactory state is (Hazbavi et 



81 

 

 

al 2017). To this end, the methodology followed in current study to perform the joint distribution 

analysis is shown in Figure 3.4 below: 

 

 

Figure 3.4 Integration of reliance, resilience, and vulnerability indicators with SPI 

 

The risk indicators, Rel (frequency), Res (ability to respond) and Vul of each meteorological station of 

the WC province were computed from SPI values based on the methodologies proposed by 

Hashimoto et al. (1982) using equations 3.24 – 3.25 below: 

 

𝑅𝑒𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑅𝑒𝑙 = 1 − 
∑ 𝑑𝑗
𝑀
𝑗=1

𝑇
        3.24; 

 

𝑅𝑒𝑠𝑖𝑙𝑖𝑒𝑛𝑐𝑒 𝑅𝑒𝑠 = {
∑ 𝑑𝑗
𝑀
𝑗=1

𝑀
}
−1

         3.25; 

𝑉𝑢𝑙𝑛𝑒𝑟𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑉𝑢𝑙 = 
1

𝑀
∑ {[𝑆𝑃𝐼𝑜𝑏𝑠(𝑖) − 𝑆𝑃𝐼𝑠𝑡𝑑(𝑖)]𝐻[𝑆𝑃𝐼𝑜𝑏𝑠(𝑖) − 𝑆𝑃𝐼𝑡ℎ𝑟(𝑖)]}
𝑇
𝑖=1   3.26; 

 

where M is the number of failure events (the number of months that SPI falls below the threshold), 

is the duration of the jth failure event, T is the total number of time intervals (here 12), SPIobs (i) is 

the observed SPI at the ith time step, SPIthr (i) is the corresponding threshold value for the station, 

and H is the Heaviside Function which ensures that only failure events are involved in the 
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vulnerability calculation. The duration of the drought episodes was determined by the total number 

of consecutive months in which the variable's value was below the threshold. The Heaviside function 

is a mathematical and discontinuous function whose value is zero for an opposing argument and one 

for a positive argument. Reliability and Resilience follow a similar trend and were calculated on the 

probability scale, i.e., zero to one. 

 

3.4.6 Standardisation of RRV indicators based on drought entropy. 

 

To quantify uncertainty indicators associated with reliability, resilience, and vulnerability, we applied 

Equation 3.27- 3.28 proposed by Dong et al. (2010) so that we keep Rel, Res and Vul consistent,  

 

𝑌𝑖𝑗 = 
(𝑥𝑖𝑗−𝑚𝑖𝑛 (𝑥𝑖𝑗)

𝑚𝑎𝑥(𝑥𝑖𝑗)− 𝑚𝑖𝑛 (𝑥𝑖𝑗)
         3.27; 

 

while for Vul we applied, 

 

𝑌𝑖𝑗 =   
(𝑥𝑖𝑗)−𝑚𝑎𝑥(𝑥𝑖𝑗)

𝑚𝑎𝑥(𝑥𝑖𝑗)− 𝑚𝑖𝑛 (𝑥𝑖𝑗)
         3.28; 

 

Where Yij is the standardized indicator andxij, min(xij)and max (xij) are the actual, minimum, and 

maximum values of each indicator before standardization, respectively. 

 

3.4.7 Analysis of Sustainability Index (SI) 

 

To facilitate the analysis of the results, we use the standardised reliability, resilience, and vulnerability 

indicators to calculate the sustainability index. Since the geometric mean is more sensitive to changes 

in individual variables compared to other averages (Hazbavi et al., 2018), we applied Eq. 3-29 to 

determine the sustainability index; 

𝑆𝑢𝑠𝑡𝑎𝑖𝑛𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝐼𝑛𝑑𝑒𝑥 =  {∏ 𝑅𝑒𝑙  × 𝑅𝑒𝑠  × 𝑉𝑢𝑙
3
1 }

1

3       3.29 

 

Based on the sustainability index we divided the results into five classes, as proposed by (Hazbavi et 

al., 2018) (Table 3.3). The higher the health level, the better the health condition of the AEZ under 

SSP2-4.5 drought conditions. 

 

https://www.sciencedirect.com/science/article/pii/S0048969720339176#bb0140
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Table 3.3 Sustainability index classes (Source: Hazbavi et al., 2018) 

No.  Category  Classification 

1 Very high  0.81≤ SI<1 

2 High  0.61≤ SI < 0.81 

3 Moderate  0.41≤ SI < 0.61 

4 Low  0.21≤SI< 0.41 

5 Very low 0≤ SI < 0.21 

 

3.5 Methodological reflections  

 

Drought characterisation is neither exact nor precise. Appropriate and reliable climate data, 

particularly reanalysis data as well as regular forecasts, are crucial for decision-making. If used 

correctly, this knowledge can help mitigate the effects of drought and other extreme weather 

occurrences. DEWS can provide this information to decision-makers (Chandrasekar et al. 2018). 

However, due to the variation of drought spatiotemporal characteristics, it was difficult to monitor 

and assess the potential effects of droughts. While remote sensing techniques applied in this research 

provided an effective method to acquire real-time water availability conditions in agricultural 

environments affected by drought, the methodologies applied herein were fraught with constraints in 

the inconsistencies of the data gathered from various sensors, pre-processing raw data, drought 

variables used, and bias correction of GCM simulated datasets. The inconsistency between values 

derived from multiple satellite resulted in uncertainty in data integration attempts and this 

complicated data synthesis. The inconsistency between different satellite precipitation datasets 

further complicated dataset selection. A series of studies have attempted to intercompare these various 

precipitation datasets at regional to global scales, with most finding that multi-sensor ensemble 

products provide the highest quality (Sun et al., 2014). Some recent studies have used 

intercomparisons on drought monitoring using different precipitation products (Cai et al., 2021), with 

the authors highlighting the benefit of integrated precipitation data. In the present study pre-whitening 

techniques discussed in section 3.4.1 were therefore essential as the raw data contained irregularities, 

atmospheric noise, sensor-earth geometry changes, and other factors that affected the data accuracy 

necessitating corrections on the data. Accordingly, pre-whitening techniques were a crucial pre-

processing step. Another primary methodological drawback was the short record length of the many 

current accessible satellite datasets relative to meteorological stations. Some relevant satellite 

missions and sensors (e.g., GRACE) gave just a few years of data, while the research needed more 
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than thirty years for drought research from a climatological viewpoint. Furthermore, some satellite 

sensors were merely research instruments, and there was no assurance that equipment was sufficiently 

maintained. 

 

Given its role as a linking mechanism between the water and energy cycles, determining evaporation 

dynamics presented an important metric for integration of a range of water loss processes. However, 

the present study noted the use of evaporation as a parameter required the use of PSDI and SPEI 

which required long-term ET based indices derived from coarse spatial resolution (e.g., 0.5o grid cell 

size for SPEI, 2.5o grid cell size for PDSI) with monthly temporal resolution and which limit their 

applicability for drought monitoring. A range of different statistical downscaling models was 

calibrated using both observed and general circulation model (GCM) generated daily precipitation 

time series and intercompared. The GCM used was the MIROC6. In some instances, the SD 

techniques performed poorly because of a failure to simulate wet-day occurrence statistics adequately. 

Changes in precipitation between the past and future scenarios produced by the statistical 

downscaling methods were generally smaller than those produced directly by the GCM and were 

therefore judged not to be due primarily to changes in atmospheric circulation. 
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CHAPTER FOUR 

 

EVIDENCE OF INCREASING WATER SCARCITY DUE TO METEOROLOGICAL 

DROUGHT  

 

4.1 Introduction  

 

The chapter is structured and characterised around the research questions that were asked in section 

1.5 of this thesis. The chapter is organised to present findings on research question (i) that sought to 

provide insight into the historical patterns of precipitation and drought in the Western Cape and how 

they impact the availability of water resources; research question (ii) that sought to offer an 

understanding of the future (2021-2050) precipitation and drought characteristics in the WC Province 

under different climate change scenarios affect future water availability; research question (iii) that 

explored the optimal climate change scenario that could potentially foster development pathways that 

could ensure sustainable water availability between 2021 and 2050 and lastly research question (iv) 

which sought to analyse the implications of the findings of this study in a wider context, particularly 

in water stressed regions of sub-Saharan Africa and provide recommendation to proactive drought 

management. Part of the data presented in this chapter was used to develop three research manuscripts. 

The first manuscript titled “Agroecological based modelling of meteorological drought at 12–month 

timescale in the Western Cape Province of South Africa”1 (see appendix A) has been published in 

the scientific journal Earth Science Informatics (ESI) was devoted to an in–depth assessment and 

modelling of historical precipitation and drought trends in the Western Cape Province of South Africa. 

The second manuscript titled “Modeling future (2021–2050) meteorological droughts using CMIP6 

Scenarios in Western Cape Province, South Africa”2 (see appendix B) has been published in the 

scientific journal Modeling Earth Systems and Environment (MESE). Lastly, the final manuscript 

titled “Evidence of increasing water scarcity caused by frequent drought underSSP2-4.5 climate 

                                                 
1Ngwenya, M., Gidey, E., & Simatele, M. D. (2024). Agroecological-based modeling of meteorological drought at 12-

month time scale in the Western Cape Province of South Africa. Earth Science Informatics, 17(3), 1851-1865. 

https://doi.org/10.1007/s12145-023-01193-3. 

  
2Ngwenya, M., & Simatele, M. D. (2024). Modeling future (2021–2050) meteorological drought characteristics using 

CMIP6 climate scenarios in the Western Cape Province, South Africa. Modeling Earth Systems and Environment, 10(2), 

2957-2975. https://doi.org/10.1007/s40808-023-01937-6. 

 

 

https://doi.org/10.1007/s12145-023-01193-3
https://doi.org/10.1007/s40808-023-01937-6
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change scenario in the Western Cape Province, South Africa”3 (see appendix C), has been submitted 

to the Natural Hazards and is currently under review. The results obtained from the analysis of the 

datasets are presented in the following sections: 

 

4.2 Characterising meteorological drought at 12–month time scale in the Western Cape 

Province of South Africa 

 

This section presents results on the historical patterns of precipitation and drought in the Western 

Cape and how they impact the availability of water resources. To understand the historical impacts 

of drought on water availability in agricultural environments, it was crucial to analyse the historical 

drought characteristics as they aid in mitigating and establishment proactive water–use strategies. 

The study used the University of East Anglia's Climate Research Unit gridded time series (CRU TS 

Version 4.07) http://www.cru.uea.ac.uk/cru/data/hrg/ database to collect historical daily 

precipitation data from fifteen stations located across all the AEZs of the Western Cape Province. 

The data spanned from January 1, 1981, to December 31, 2020. The collection process involved 

utilizing the Google Earth engine interface. The results of the yearly precipitation trends across the 

AEZs in the Western Cape are presented in Table 4.1. Between 1980 and 2020, the STCSH (Ceres) 

agro–ecological zone experienced the highest recorded precipitation of 1084 mm, while the STWA 

(Leew–Gamka) agro– ecological zone had the lowest recorded precipitation of 76 mm. The findings 

suggest that stations located in the STCSA and STWA agro– ecological zones had considerably 

greater coefficients of variability compared to stations in the STCA, STCSH, STWSA, and STWSH 

agro– ecological zones. The STWA (Leew– Gamka) had the highest level of rainfall variance, 

measuring at 27%. In comparison, the STCSH Bredasdorp zone had a rainfall variability of 18%. 

Based on the results collected, all agro– ecological zones show a consistent and negative decline from 

year to year. The stations located in STCSH, specifically the Ceres and Hermanus districts, showed 

the most substantial negative trends at a substantial level of 0.05, with rates of – 7.8 mm/year and – 

6.5 mm/year, respectively. Following closely is Malmesbury with a rate of – 6.4 mm/year. 

                                                 

1. 3 Ngwenya, M., Busayo, E. T., & Simatele, M. D. (2024). Evidence of increasing water scarcity due to frequent 

drought under SSP2-4.5 climate change scenario in the Western Cape Province, South Africa. (This paper has been 

submitted and is currently online as a preprint and is at the final revision stages of review in preparation for 

publication). https://doi.org/10.21203/rs.3.rs-3943387/v1 

 

http://www.cru.uea.ac.uk/cru/data/hrg/
https://doi.org/10.21203/rs.3.rs-3943387/v1
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Table 4.1 Annual trends in precipitation (Source: Ngwenya et al. (2024) 

Station Min. Mean Max. Std. Dev. CV % 

Annual 

AEZ Trend 

(mm/year) 
Sig. 

MG 176 310.6 341 61 20 – 1 – 1.2 STCA 

BW 141 252.2 431 66 26 – 1 – 1.2 STCSA 

MM 364 638.1 933 131 20 – 6.4 – 2.7 

STCSH 
HM 424 700.5 1002 130 19 – 6.4 – 2.7 

CR 407 716.3 1084 148 21 – 7.7 – 2.7 

BD 294 446.2 626 78 18 – 4.1 – 2.2 

LG 76 133.1 130 36 27 – 4.2 – 2.3 
STWA 

LS 205 364.7 655 90 24 – 4.2 – 2.3 

SB 173 310.1 466 63 20 – 2.4 – 2.4 

STWSA 

OD 223 388.1 592 80 21 – 3.6 – 2.6 

SW 315 509.9 774 103 20 – 5.2 – 2.4 

PK 246 435.1 769 98 21 – 3.9 – 1.7 

CW 516 470.9 872 113 24 – 4.4 – 1.9 

MB 175 311 462 60 20 – 3.2 – 2.8 
STCA 

PA 197 354.3 651 89 25 – 3.4 – 3 

The unit of magnitude are mm while the intensity is mm/year. M = Magnitude, I = Intensity, MG= Murraysburg, BW = Beaufort West, 

MM = Malmesbury, HM = Hermanus, CR = Ceres, BD = Bredasdorp, LG = Leew– Gamka, LS = Ladismith, SB =Still Bay, OD = 

Oudtshoorn, SW = Swellendam, PK = Piketberg, MB = Matroosberg, CW = Clan William, MB= Matroosberg, PA = Prince Albert. 

 

Similarly, the changes over time illustrated in Figure 4.1 indicated that the years 2016, 2017, and 

2019 experienced the least amount of rainfall during the study period, whereas 1983, 1989, and 1996 

were the years with the highest precipitation levels. In general, the yearly pattern of precipitation in 

the studied area from 1980 to 2020 shows a continuous decrease in rainfall throughout all agro– 

ecological zones in the Western Cape Province. 
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Figure 4.1 Annual precipitation distribution between 1980 and 2020 across the study area (Source: 

Based on field data) 

 

4.2.1 Historical seasonal precipitation trends 

 

Table 4.2 shows the seasonal trends in precipitation in the agro– ecological zones of the Western 

Cape during a span of 41 years (1980– 2020). In the summer (DJF) season, thirteen stations located 

in the agro– ecological zones of STCSH, STWA, STWSA, and STWSH exhibited a decline in 

precipitation. Only two stations, Murraysburg (STCA) and Beaufort West (STCSA), showed a 

positive trend in precipitation, but this trend was not statistically substantial at the p < 0.05 

significance level. Among the thirteen stations that showed a decline in precipitation, Matroosberg in 

STCSH and STWSA (Piketberg and Swellendam) as well as the stations in STCSH (Malmesbury, 

Hermanus, Bredasdorp, and Ceres) demonstrated statistically substantial negative trends. In autumn 

(MAM), the agro– ecological zones of STCSA, STCSH, STWA, STWSA, and STWSH all had a 

decrease in precipitation, except for Murraysburg (STCA), which had a little increase in precipitation 

that was not statistically substantial at the 0.05 significance level. During the winter season (June, 

July, and August), all the different agro– ecological zones had a decrease in precipitation. However, 

only two stations, Malmesbury and Ceres, located in the STCSH agro– ecological zone, showed a 
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statistically substantial decrease in precipitation. In spring (SON), all agro– ecological zones 

experienced a decline in precipitation. Specifically, eleven stations (Malmesbury, Piketberg, 

Matroosberg, Ceres, Clan– William, Prince Albert, Ladismith, Beaufort West, Leew– Gamka, 

Murraysburg, and Still Bay) showed statistically substantial negative trends at the 0.05 significance 

level. 

 
Table 4.2 Seasonal trends in precipitation (mm/year) (Source: Based on field data) 

Station Summer Autumn Winter Spring 
AEZ 

Trend Sig. Trend Sig. Trend Sig. Trend Sig. 

MG 0.4 0.8 0.3 0.5 – 0.3 – 1.5 – 1.0 – 2.5 STCA 

BW 0.2 0.5 – 0.0 – 0.1 – 0.2 – 1.0 – 1.0 – 2.8 STCSA 

MM – 1.0 – 2.8 – 2.6 – 3.2 – 1.9 – 2.1 – 1.2 – 2.1 

STCSH 
HM – 1.4 – 3.1 – 2.6 – 3.6 – 1.4 – 1.3 – 1.0 – 1.1 

CR – 1.2 – 2.6 – 2.9 – 3.3 – 2.2 – 2.0 – 1.6 – 2.4 

BD – 0.9 – 3.0 – 1.8 – 3.1 – 0.6 – 1.3 – 0.6 – 1.7 

LG – 0.1 – 0.3 – 0.5 – 2.1 – 0.1 – 1.2 – 0.5 – 2.7 
STWA 

LS – 0.5 – 1.6 – 1.5 – 2.5 – 0.2 – 0.7 – 1.3 – 2.5 

SB – 0.3 – 1.7 – 0.8 – 1.2 – 0.4 – 0.6 – 0.7 – 2.9 

STWSA 

OD – 0.4 – 2.1 – 1.7 – 2.5 – 0.6 – 1.1 – 0.8 – 2.3 

SW – 1.1 – 2.6 – 0.4 – 1.6 – 0.8 – 1.1 – 1.0 – 1.9 

PK – 0.6 – 1.6 – 1.1 – 1.9 – 0.3 – 0.8 – 1.4 – 2.4 

CW – 0.5 – 1.1 – 1.1 – 1.5 – 0.5 – 1.1 – 1.6 – 2.6 

MB – 0.6 – 2.7 – 1.3 – 3.6 – 0.8 – 1.7 – 0.6 – 2.2 
STWSH 

PA – 0.3 – 0.5 – 1.0 – 1.9 – 0.4 – 1.3 – 1.2 – 2.8 

 

4.2.2 Historical meteorological drought characteristics (SPI– 12) 

 

Figure 4.2 illustrates the annual precipitation distribution between 1980 and 2020 across the study 

area. The interpolated SPI values were used as input to assess the values of SPI in each district and 

determine the changes in spatio– temporal distribution of historical meteorological drought across 

the study period. The results illustrated the interpolated annual SPI–12 patterns between the years 

1980 and 2020. The results indicate that the eastern (STWA, STCA) and northern (STCSH, STCSA) 

parts of the Western Cape province underwent regular cycles of mild annual drought between 1980 

and 2020 study period. Districts around the STWSH and STWSA agroecological zones, including 

Hermanus, Bredasdorp, and Malmesbury, saw average to high levels of precipitation throughout the 

study period, in contrast to districts located in the eastern (STWA, STCA) and northern (STCSH, 

STCSA) agro– ecological zones. The data shows that the years 2014, 2015, 2016, and 2017 had the 
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lowest Standardized Precipitation Index (SPI) values, indicating severe drought conditions. These 

conditions were mainly observed in regions near Leew– Gamka, Murraysburg, and Beaufort West. 

The findings suggest that the years 1980, 1984, and 1987 exhibited relatively milder drought 

conditions over the research area, as measured by the SPI 12. In general, the SPI– 12 values used in 

the model clearly divide the Western Cape Province into two regions: the southern half, which is 

wetter and includes STWSH and STCSH, and the drier northeastern zones, which include STCSA, 

STWA, and STCA. 
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 Figure 4.2 Annual precipitation distribution between 1980 and 2020 (Source: Based on field data) 
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4.2.3 Historical drought frequency, trends, and statistics 

 

Table 4.3 shows the variance (var), skewness (skw), and kurtosis (Kur) values for meteorological 

drought, as determined by the SPI– 12, across the research region from 1980 to 2020. The drought 

categorization findings were obtained by applying the McKee et al. (1993) method of meteorological 

drought classification, as described in Table 4.3. Meteorological droughts are detected using the 

Standardized Precipitation Index (SPI) when it falls below zero, according to the meteorological 

drought categorization technique. Moreover, the intensity of the drought worsens as the Standardized 

Precipitation Index (SPI) value falls below zero (Alam et al., 2023). The occurrence rate of mild 

droughts in STWSH (Matroosberg, Prince Albert), STWA (Ladismith), and STWSA (Clan William, 

Piketberg) exceeded 80%, while STCSH (Malmesbury, Hermanus, Ceres) did not encounter any 

occurrences of mild drought. The STCA, situated in Murraysburg, registered a rate of 50%, whereas 

the STCSA, situated in Beaufort West, reported a rate of 30%. The prevalence of moderate drought 

was documented at a frequency of 70% in STCSA (Beaufort West), 10% in STWA (Leew–Gamka), 

and 30% in STCA (Murraysburg). Conversely, the remaining agro-ecological zones (AEZs) 

encountered a moderate occurrence of droughts for the entire duration of the study. The area 

exhibiting the greatest occurrence of severe drought (SD) was observed in STWA (Leew– Gamka), 

with STCA (Murraysburg) following closely after at a rate of 10%. Conversely, the remaining zones 

did not encounter any substantial drought occurrences. STWA (Leew–Gamka) experienced an 

instance of severe drought just 10% of the time. To summarize, we calculated the total frequency of 

drought (F). STWA (Leew–Gamka) and STWSH (Matroosberg) experienced continuous drought 

conditions over the entire period. STCA (Murraysburg), STCSA (Beaufort West), STWA 

(Ladismith), and STWSH (Prince Albert) saw a drought occurrence rate exceeding 90%. The regions 

of Malmesbury, Hermanus, and Ceres, together known as STCSH, encountered drought conditions 

that ranged from normal to above– average intensity. The Murraysburg weather station (STCA) 

experienced a negative trend in total drought frequency of – 0.5. The Hermanus weather station 

(STCSH) had a trend of – 0.4, while the Matroosberg weather station (STWSH) had a trend of – 0.3. 

Conversely, the other AEZs exhibited favourable trends in drought frequency. 

 

The statistical analysis of drought features showed that the least variance of 0.0 was observed in 

STCSH (Matroosberg), STSWA (Swellendam), STWA (Leew–Gamka), and STCSH (Hermanus), 
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while the largest variance of 0.6 was found in STCA (Murraysburg). The range of values for skewness 

is between – 0.9 and 2.5, with STCA (Murraysburg), STCSA (Beaufort West), STWA (Leew–

Gamka, Ladismith), STWSH (Prince Albert, Matroosberg), and STWSA (Oudtshoorn, Still Bay, 

Swellendam) agro– ecological zones exhibiting positive skewness, while STCSH (Malmesbury, 

Hermanus, Ceres) and STWSA (Clan William and Piketberg) depicted negative skewness. According 

to Kurtosis results, the SPI–12 values reveal a leptokurtic distribution in STCA, STCSA, and STWSH 

zones and a platykurtic distribution in three districts (Clan–Williams, Leew–Gamka, and Bredasdorp) 

on a 12–month timescale. Analysis of the Kurtosis statistics revealed that temporal drought patterns 

in the Western Cape illustrate a leptokurtic pattern. Overall analysis of the results indicates that the 

SPI– 12 values exhibit persistent mild drought frequency across all agro– ecological zones except in 

Malmesbury, Hermanus, Ceres, and Swellendam, which had normal to above– very– wet conditions 

across the study period of 1980–2020. 

 
Table 4.3 Drought frequency, trends, and statistics (Source: Based on field data) 

Station 
% Drought frequency   

Trends Var. Skew. Kur. AEZ 
N MiD MoD SD ED F 

MG 10 50 30 10 0 90 – 0.5 0.6 1.3 1.4 STCA 

BW 0 30 70 0 0 100 0.8 0.1 2.5 9.2 STCSA 

MM 100 0 0 0 0 0 1.4 0.1 –  0.8 0.8 

STCSH 
HM 100 0 0 0 0 0 – 0.4 0 –  0.9 1.1 

CR 100 0 0 0 0 0 1.1 0.1 –  0.9 1.9 

BD 70 30 0 0 0 30 1.9 0 0.3 –  0.4 

LG 0 0 10 80 10 100 0.2 0 0.4 –  0.3 
STWA 

LS 10 90 0 0 0 90 1.4 0.1 1.5 2.4 

SB 0 90 0 0 0 90 1.3 0.1 –  0.2 –  0.5 

STWSA 

OD 20 80 0 0 0 80 1.2 0.1 –  0.2 0.5 

SW 100 0 0 0 0 0 0.5 0 0.5 0.2 

PK 60 40 0 0 0 40 0.3 0.1 0.8 1.4 

CW 80 20 0 0 0 20 2.4 0.2 0.9 1.3 

MB 0 100 0 0 0 100 – 0.3 0 0.3 0.3 
STWSH 

PA 30 90 0 0 0 90 1.3 0.1 1.4 2.1 

 

4.2.4 Historical drought magnitude (M) and intensity (I) 

 

Table 4.4 presents the measurements of the magnitude (M) and intensity (I) in millimetres per year 

of the meteorological drought, which were estimated during a period of five years based on the SPI– 

12 readings. The assessment of the extent and severity of drought was determined every five years in 
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accordance with the national development plans that include five–year periods. The magnitude 

analysis reveals that the maximum drought magnitude in STCA (Murraysburg) was 7mm over the 

period from 1980 to 1985. However, from 2016 to 2020, there was no recorded drought magnitude. 

The agro– ecological zone known as STCSA saw the most severe drought with a magnitude of 5.9mm 

between 1991 and 1995. In contrast, the lowest drought magnitude of 4.2mm was recorded in 1996 

and 2000, spanning the whole study period. The STCSH (Leew–Gamka) did not encounter any 

drought intensity throughout the study period. The STWA documented the most severe drought 

intensity of 9.1mm from 2001 to 2005, whereas Ladismith experienced the least severe drought 

magnitude of 1mm from 1991 to 1995.  

 

During the periods of 1996 to 2005 and 2011 to 2020, STSWA (Oudtshoorn) saw no substantial 

drought events. Prince Albert had the lowest level of drought intensity throughout the study period, 

in contrast to Matroosberg, which is in the same agro– ecological Zone (AEZ). The drought intensity 

in Murraysburg (STCA) and in Malmesbury, Hermanus, Ceres, and Bredasdorp (STCSH) as well as 

in Swellendam (STSWA) showed no signs of drought between the years 2016 and 2020. Malmesbury, 

Hermanus, Ceres, Bredasdorp, and Swellendam saw wet conditions that were either normal or above 

normal. The analysis of drought intensity reveals that the highest level of drought, measuring 1.9 

mm/year, was seen in the STWA (Leew–Gamka) area of the Western Cape across all six agro– 

ecological Zones (AEZs). Overall, the analysis of drought intensity indicates that STWA exhibited 

the highest level of drought intensity compared to all other districts in the research area. 
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Table 4.4 Temporal variability of drought magnitude (M) and intensity (I) (Source: Based on field data) 

Station 

 1980 – 

1985 

1986 – 

1990 

1991 

– 

1995 

1996 

– 

2000 

2001 

– 

2005 

2006 

– 

2010 

2011 

– 

2015 

2016 

– 

2020 
AEZ 

 M I M I M I M I M I M I M I M I 

MG  7 1 5.1 1 5 1 5 1 3 1 3 1 2 0 0 0 STCA 

BW  5.1 1 4.3 1 6 1 4 1 5 1 5 1 5 1 5 1 STCSA 

MM  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

STCSH 
HM  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

CR  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

BD  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

LG  8.1 2 7.7 2 8 2 9 2 9 2 9 2 10 2 10 2 
STWA 

LS  1.3 1 1.9 0 1 0 2 0 2 0 2 1 2 0 3 1 

SB  0.8 0 1 0 0 0 0 0 0 0 1 0 0 0 1 0 

STWSA 

OD  0.3 0 3.2 1 0 0 0 0 0 0 0 0 0 0 0 0 

SW  0.3 0 3.2 1 0 0 0 0 0 0 0 0 0 0 0 0 

PK  1.7 1 0.8 0 1 0 1 0 1 0 1 0 2 0 2 0 

CW  3.9 1 3.1 1 4 1 4 1 3 1 3 1 4 1 4 1 

MB  3.1 1 2.8 1 3 1 4 1 4 1 3 1 4 1 4 1 
STWSH 

PA  1.5 1 2.7 1 2 3 2 0 3 1 3 1 2 0 3 1 

 

4.3 Assessing future (2021– 2050) meteorological droughts using CMIP 6 scenarios in 

Western Cape Province, South Africa 

 

This section presents the empirical evidence on the future (2021-2050) patterns of precipitation and 

drought in the Western Cape and how they were anticipated to impact the availability of water 

resources under three different projected climate scenarios. Accurate drought prediction provided an 

opportunity to implement efficient water management practices within the projected shared 

socioeconomic– representative concentration pathway (SSP–RCP). Projected meteorological drought 

hazards for 2021–2050 was conducted under three scenarios: SSP5– 8.5, SSP2– 4.5, and SSP1– 2.6. 

Two forms of datasets were employed in the study: observational data and model simulations. 

Observed precipitation data (1980–2020), were gathered from the University of East Anglia’s 

Climate Research Unit gridded Time Series (CRU TS Version 4.07) 

https://www.cru.uea.ac.uk/cru/data/hrg/ database using Google Earth engine interface, while future 

precipitation datasets (2021–2050) under SSP5–8.5, SSP2–4.5 and SSP1–2.6 climate scenarios were 

generated by https://esgf–node.llnl.gov/search/cmip6/ using the sixth version of Model for 

Interdisciplinary Research on Climate, (MIROC6). CRU TS Version 4.07 datasets have 0.50 by 0.50 

https://www.cru.uea.ac.uk/cru/data/hrg/
https://esgf–node.llnl.gov/search/cmip6/
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resolution and are available across all regions except Antarctica (Harris et al., 2020). The spatial 

resolution of the precipitation data generated by the MIROC6 model is 0.110 in latitude and longitude 

(12.5km×12.5km). Drought duration, severity, intensity, frequency, of future droughts were 

examined in the AEZ. MIROC6 predicted precipitation for SSP5–8.5, SSP2–4.5, and SSP1–2.6 

scenarios. SPI was calculated annually. The Mann–Kendall (M– K) test was employed to assess 

precipitation trends and SPI values at a significance threshold of p < 0.05. The section validated the 

simulated precipitation datasets, assessed the future annual and seasonal precipitation trends under 

the three climate scenarios, the future drought characteristics as determined by the SPI–12, predicted 

the impacts of drought incidence based on the different climate scenarios and lastly ranked the 

projected drought incidences using the duration and intensity. 

 

4.3.1 Validation 

 

Table 4.5 lists the validation metrics that were used when validating the simulated precipitation 

datasets; the Mean Absolute Deviation (MAD), Coefficient of Determination (R2), Mean Absolute 

Percent Error (MAPE) and Nash–Sutcliffe Efficiency (NSE) model. The results of validation metrics 

of near–term precipitation data (2021–2050) with the reanalysis precipitation data (1991–2010) in 

the agroecological zones of the study area gave a good insight on the accuracy of the projected 

precipitation data with the observed data (Table 4.5). The results indicate that the lowest MAD of 

22.6mm was observed in Leew–Gamka located in the STCSA, while the highest MAD was observed 

in Hermanus at 134.3mm. Stations in the sub–humid zones had higher MAD values compared to 

stations in the arid zones. Results from Table 4.5 illustrate that MAPE values ranged from 15.75% in 

Beaufort West located in the STCSA to 21.50% in Prince Albert found in STWSH. The coefficient 

of determination results indicates a minimum value 0.83 at Beaufort West located in STCSA while 

0.89 was recorded in STWSA (Still Bay) (Table 4.5). The NSE model of the projected precipitation 

measured in the study period (2021–2050) was illustrated to be greater than seventy percent (70%), 

with greatest value recorded at Beaufort West while Prince Albert recorded the lowest value at 78.5% 

(Table 4.5). 
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Table 4.5 Validation metrics of projected precipitation (Source: Based on field data) 

Station 

Mean Absolute 

Deviation 

(MAD) (mm) 

Coefficient of 

Determination 

(R2) 

Mean absolute 

Percent Error 

(MAPE) 

NSE 

Model 
AEZ 

MG 59.6 0.87 19.18 80.83 STCA 

BW 39.7 0.83 15.75 84.25 STCSA 

MM 108.3 0.86 16.97 83.03 

STCSH 
HM 134.3 0.87 19.18 80.83 

CR 116.1 0.88 16.22 83.79 

BD 124.0 0.88 16.58 83.42 

LG 22.6 0.87 16.97 83.03 
STWA 

LS 71.1 0.86 19.49 80.51 

CW 51.4 0.88 16.56 83.44 

STWSA 

PK 62.9 0.86 16.22 83.79 

SW 99.4 0.87 19.50 80.50 

SB 84.8 0.89 19.49 80.51 

OD 94.1 0.87 19.99 80.01 

MB 111.8 0.87 16.66 83.34 
STWSH 

PA 132.1 0.86 21.50 78.50 

 

4.3.2 Future annual precipitation trends 

 

Table 4.6 illustrates the calculated values of the MAP, CV, and precipitation trends between 2021 

and 2050 under the SSP5–8.5, SSP2–4.5, and SSP1–2.6 climate change scenarios. The results of 

long–term annual precipitation variability in the agroecological zones of Western Cape Province 

provided a good understanding on how to cope with recurrent droughts. The results from Table 4.6 

reveal that under the SSP5–8.5 climate scenario the mean annual precipitation is predicted to be 

between 98 mm in Leew–Gamka in STCSA and 314mm in Malmesbury found in STCSH. The results 

from Table 4.6 reveal that under the SSP2–4.5 climate scenario the mean annual precipitation is 

predicted to be between 250mm in Beaufort West in STWA and 252mm in Murraysburg found in 

STCA. The results from Table 4.6 also reveal that under the SSP1–2.6 climate scenario the mean 

annual precipitation is predicted to be between 224mm in Leew–Gamka in STWA and 311mm in 

Murraysburg found in STCA (Table 4.6). Overall, the results indicate that STCSA recorded the 

lowest mean annual precipitation under the three climate change scenarios (Table 4.6). The results 

from Table 4.5 reveal that under the SSP5–8.5 climate scenario the coefficient of variability is 



98 

 

 

predicted to be between 58% in Swellendam in STWSA and 32% in Hermanus found in STCSH. The 

results from Table 4.6 reveal that under the SSP2–4.5 climate scenario the coefficient of variability 

is predicted to be between 35% in Murraysburg in STCA and 48% in Bredasdorp found in STCSH. 

The results from Table 4.6 reveal that under the SSP1–2.6 climate scenario the coefficient of 

variability is predicted to be between 40% in Ceres in STCSH and 47% in Hermanus found in STCSH. 

Overall, the results from Table 4.6 indicate that Leew–Gamka recorded the lowest mean annual 

precipitation under the three climate change scenarios. The results illustrate that under the SSP5–8.5 

the precipitation trends across all AEZs were predicted to be statistically significant negative trends 

(Table 4.6). Maximum statistically negative trends of –7.6mm/year were recorded at Ceres in STCSH 

while minimum values of –2.9mm/year were observed in Beaufort West in STCSA (Table 4.6). These 

findings from Table 4.6 indicate a steady improvement from –7.8mm/year under the observation 

period 1980–2020 and a worsening trend in Beaufort West in STCSA from –1.0mm/year also under 

the observational period (1980–2020).  

 

The results from Table 4.6 illustrate that under the SSP2–4.5 climate change scenario the precipitation 

trends were predicted to be both negative and positive trends across the AEZs. Maximum statistically 

significant negative trends of –2.2mm/year were observed at Prince Albert in STWSH while 

statistically insignificant trends of 1.9mm/year were observed in Malmesbury in STCSH. These 

findings from Table 4.6 indicate a progressive improvement from –3.4mm/year and –6.4mm/year in 

the same regions respectively under the historical trends observed between 1980 and 2020 (Table 

4.6). Under the SSP1–2.6 scenario the result indicates that the precipitation trends were predicted to 

be both negative and positive trends (Table 4.6). Maximum statistically insignificant negative trends 

of –1.2mm/year were recorded at Matroosberg in STWSH while maximum positive trends of 

0.3mm/year were observed in Still Bay in STWSA and Malmesbury in STCSH (Table 4.6). Overall, 

the findings from indicate a progressive improvement across the climate change scenarios with SSP5–

8.5 indicating statistically significantly negative trends while both the SSP2–4.5 and SSP1–2.6 

indicated mostly positive insignificant precipitation trends in the near term (2021–2050). 
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Table 4.6 Changes in projected precipitation (Source: Based on field data) 

Station 

Mean Annual 

Precipitation (mm) 

Coefficient of 

Variation (% CV) 
Trends (Sig.) 

AEZ 

SSP5–

8.5 

SSP2–

4.5 

SSP1–

2.6 

SSP5–

8.5 

SSP2–

4.5 

SSP1–

2.6 
Observation SSP5–8.5 SSP2–4.5 SSP1–2.6 

MG 252 261 311 42 35 42 –1.0 (–1.2) –3.5 (–2.1) –1.7 (–2.0) –0.4 (0.0) STCA 

BW 110 250 226 45 36 42 –1.0 (–1.2) –2.9 (–2.0) –1.2 (–1.1) –0.1 (1.0) STCSA 

MM 98 314 254 40 37 43 –6.4 (–2.7) –5.9 (–2.1) 1.9 (–0.7) 0.3 (1.1) 

STCSH 
HM 120 303 277 32 40 47 –6.5 (–2.7) –6.6 (–2.2) –1.5 (–2.1) –0.1 (0.3) 

CR 111 283 234 39 48 40 –7.8 (–2.7) –7.6 (–2.5) –1.1 (–2.1) –0.3 (0.1) 

BD 107 300 268 56 48 46 –4.1 (–2.3) –5.2 (–2.1) –0.8 (–0.4) 0.1 (0.1) 

LG 120 250 224 53 37 45 –4.2 (–2.3) –4.8 (–2.2) 0.3 (–0.7) –0.3 (–0.1) 
STWA 

LS 98 277 245 43 37 44 –4.2 (–2.3) –4.9 (–2.1) –1.2 (–2.1) 0.2 (0.1) 

CW 109 281 235 46 37 45 –2.4 (–2.4) –3.8 (–2.0) –0.2 (0.0) 0.2 (0.0) 

STWSA 

PK 105 291 240 56 38 45 –3.6 (–2.6) –3.7 (–2.2) –1.3 (–1.2) 0.1 (0.1) 

SW 110 266 227 58 39 46 –5.2 (–2.4) –5.4 (–2.1) –1.4 (–2.2) –0.3 (–0.1) 

SB 104 300 268 43 37 46 –3.9 (–1.7) –4.2 (1.9) –0.6 (–0.1) 0.2 (–0.1) 

OD 120 276 246 41 37 45 –4.4 (–1.9) –4.0 (–2.3) –0.2 (0.2) –0.1 (–0.1) 

MB 109 283 235 43 37 44 –3.2 (–2.8) –4.6 (3.1) –0.2 (–0.2) –1.2 (0.1) 
STWSH 

PA 107 257 228 46 38 46 –3.4 (–3.0) –4.6 (–2.7) –2.2 (–2.1) 0.0 (0.1) 

 

4.3.3 Future meteorological droughts prediction based on SPI–12 

 

The results of drought prediction were based on Figure 4.3-5 illustrate the temporal variation of future 

meteorological drought events derived through the SPI–12 across all the AEZs. Values of SPI < 0 

across the study area indicated drought periods at various severity levels, while SPI > 0 indicated wet 

periods according to the McKee et al. (1993) categorization method. The results were analysed across 

each climate scenario for each AEZ. 

 

4.3.4 Drought prediction based on SSP5– 8.5 

 

In the STWSA zone under the SSP5– 8.5 climate scenario, the results suggest that throughout the 

study period drought episodes were predicted, in Oudtshoorn with the most severe drought occurring 

in 2021, 2025 – 2028 and 2041 (Figure 4.3). The results indicate that Piketberg is anticipated to 

observe longer duration droughts in the years 2029 to 2033; 2037, 2040, 2042 and 2047 being the 

only years were normal to above normal conditions were experienced (Figure 4.3). Clan William and 

Still Bay were predicted to experience less drought incidences compared to other stations in STWSA, 

with Still Bay projected to experience mild drought only four times across the study period (Figure 

4.3). In the STCSH zone, the results indicate that Ceres experienced sustained drought periods 
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throughout the study period, with the most extreme drought incident taking place in 2022 and 2044 

(Figure 4.4). Similarly, Hermanus is projected to suffer from longer drought periods, starting off as 

mild drought in the years 2026 to 2038, 2039 to 2040 and 2045 to 2050, while the years 2024 and 

2025 are projected to be wet (Figure 4.4). Malmesbury and Bredasdorp largely experienced wet 

conditions during the study period with Malmesbury only experiencing mild drought conditions in 

2024, 2039 and 2042, while Bredasdorp is anticipated to observe moderate drought in 2025 (Figure 

4.4). In the STCSA the results indicate that Beaufort West will observe drought thought the study 

period (Figure 4.4). The results indicate that in the STCA, Murraysburg experienced predominantly 

normal to wet conditions, while during the years 2025, 2027, 2038, 2042, 2044 there was mild 

drought (Figure 4.5). In STWA the results project predominantly drought conditions in Ladismith 

with only the years 2025– 2026, 2037, 2042 and 2042– 2045 predicted to be wet (Figure 4.5). In 

STWSH, sustained drought periods are expected in Murraysburg while in Prince Albert, multi– year 

drought periods are projected particularly between 2027 and 2037 (Figure 4.5). 

 

4.3.5 Drought prediction based on SSP2– 4.5 

 

In the STWSA zone under the SSP2– 4.5 climate scenario, the findings indicate that throughout the 

study period drought episodes were projected in Oudtshoorn with the most severe drought occurring 

in 2041 as well as in 2045 (Figure 4.3). The findings from Figure 4.3 indicate that the next region to 

be severely affected by drought is Piketberg. The results indicate that Piketberg will also undergo 

severe in 2043, while Clan William and Still Bay were projected to experience predominantly wet 

conditions (Figure 4.3). The results indicate that Still Bay will have droughts only during the years 

2034, 2040– 2041 and 2046. In the STCSH, the results indicate that Ceres experienced sustained 

drought periods with wet conditions in 2030 – 2031, 2041, 2043 and 2050 (Figure 4.4). Hermanus is 

projected to experience more frequent drought conditions, however the drought episodes appear to 

be less compared to the ones anticipated under the SSP5– 8.5 climate scenario (Figure 4.4). 

Malmesbury is also expected to experience largely wet conditions like the results obtained under 

climate scenario SSP5– 8.5 (Figure 4.4). Bredasdorp experienced more drought events compared to 

the SSP5– 8.5 climate scenario. In the STCSA zone the results indicate that Beaufort West will 

observe drought thought the study period (Figure 4.4). In the STCA, Murraysburg experienced 

predominantly normal to wet conditions, particularly between the years 2021 – 2028, 2033 – 2037 
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2045 to 2047 (Figure 4.5). In STWA the results project predominantly wet conditions in Ladismith 

with moderate drought conditions expected in 2025, 2040 and 2042 (Figure 4.5). In STWSH zone 

sustained drought periods are expected in Matroosberg, with only wet conditions expected in 2028, 

2040– 2041 and 2046 while in Prince Albert, there is going to be more frequent drought periods with 

a mild drought after every two years (Figure 4.5). 

 

4.3.6 Drought prediction based on SSP1– 2.6 

 

In the STWSA zone under the SSP1– 2.6 climate scenario the results suggest that throughout the 

study period drought episodes were predicted, in Oudtshoorn with the most severe drought occurring 

between 2033 and 2034 (Figure 4.3). The results indicate that Piketberg is anticipated to observe 

longer duration of drought episodes in the years 2024 to 2032; 2037 to 2041 and between 2042 and 

2049 (Figure 4.3). The years 2024, 2033– 2034, 2037 and 2050 are anticipated to be wet years in 

Piketberg. In Clan William it is predicted that less severe drought incidences will take place compared 

to climate scenarios SSP5– 8.5 and SSP2– 4.5 (Figure 4.3). Still Bay is projected to experience wet 

conditions across the study period (Figure 4.3). In the STCSH zone, the results indicate that Ceres 

experienced sustained severe drought periods throughout the study period (Figure 4.4). Similarly, 

Hermanus is predicted to suffer from longer drought periods starting from the year 2021 to 2033, 

2036 to 2042 and 2044 to 2049 while the years 2034 to 2035, 2037 and 2050 are years that are 

expected to be wet (Figure 4.4). Malmesbury and Bredasdorp largely experienced wet conditions 

during the study period with Bredasdorp only recording mild drought conditions in 2036, 2042 and 

2050 (Figure 4.4). In the STCSA the results indicate that Beaufort West will observe drought thought 

the study period (Figure 4.4). The results indicate that in the STCA zone, Murraysburg experienced 

predominantly wet conditions, particularly between the years 2021 to 2033and 2045–2049, while in 

the years 2034, 2036, 2040 and 2050 severe drought conditions were anticipated (Figure 4.5). In the 

STWA zone the results project predominantly wet conditions in Ladismith with 8 drought incidences 

throughout the 30-year study period, while Leew–Gamka is expected to undergo mild to severe 

drought conditions with the year 2032– 2033, 2036 and 2050 expected to be wet years (Figure 4.5). 

In the STWSH zone sustained drought periods are expected in Matroosberg while in Prince Albert, 

multi– year drought periods are projected particularly between 2025 and 2032 and 2045 to 2048 

(Figure 4.5). 
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Figure 4.3 Temporal variation of future meteorological drought events (Source Based on field 

data) 
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Figure 4.4 Temporal variation of future meteorological drought events (Source: Based on 

field data) 
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Figure 4.5 Temporal variation of future meteorological drought events (Source: Based on 

field data) 
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4.3.7 Future drought magnitude, intensity, and frequency 

 

Table 4.7 gives the findings of the magnitude (M), intensity (I) and frequency (F) of the 

meteorological drought calculated over the study period (2021–2050). The magnitude, intensity and 

frequency of future drought calculated using the SPI–12 based on projected values of precipitation 

from MIROC6 was particularly crucial in the assessment of projected water availability in streams in 

the various AEZs. The results from Table 4.7 illustrate that in areas around STCA maximum drought 

magnitude and frequency of 10.1mm and 1mm/year were predicted under the SSP2–4.5 climate 

change scenario while the greatest drought frequency was also predicted to be 33% (Table 4.7). The 

results indicate that in STCSA the SSP1–2.6 was the worst with a drought magnitude of 28.5mm 

while the drought intensity and frequency were expected to be maximum at 1.0mm/year and 100% 

respectively (Table 4.6). In the STCSH regions, Ceres district was predicted to have the greatest 

drought magnitude and intensity of 24.6mm and 0.85mm/year under the SSP1–2.6 climate change 

scenario while the greatest drought frequency was expected under the SSP2–4.5 climate change 

scenario at 100% (Table 4.7).  

 

The results from Table 4.7 illustrate that in the STWA regions the greatest drought magnitude was 

predicted to be in Leew-Gamka at 19.6mm, with a maximum intensity of 0.9mm/year under the 

SSP5–8.5 climate scenario while the greatest frequency was expected in under the SSP1–2.6 climate 

scenario. The results indicated that under STWSA regions Oudtshoorn recorded the greatest drought 

magnitude of 22.4mm under the SSP1–2.6 climate scenario with a frequency of 100% (Table 4.7). 

The drought intensity was expected to be greatest in Piketberg under the SSP5–8.5 climate scenario. 

Meanwhile in the STWSH regions Matroosberg had the greatest drought magnitude, intensity, and 

frequency at 24.9mm,1.0mm/year and 100% respectively (Table 4.7). Overall, the results indicate 

that across all the AEZs of the Western Cape, the most severe drought and ultimately greatest water 

availability challenges were predicted in Beaufort West under the SSP1–2.6 climate scenario with a 

drought magnitude of 28.5mm while the drought intensity and frequency were expected to be 

1.0mm/year and 100% respectively (Table 4.7).  
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Table 4.7 Predicted drought magnitude, intensity, and frequency (Source: Based on field data) 

Station 

SSP5–8.5 SSP2–4.5 SSP1–2.6 

AEZ 
M (mm) I F (%) M I (mm) F (%) 

M 

(mm) 
I F (%) 

MG 3.33 0.7 20 10.1 1.0 33 3.6 0.7 17 STCA 

BW 27.5 0.9 100 26.6 0.9 100 28.5 1.0 100 STCSA 

MM 0.8 0.3 10 0.8 0.2 0.2 0.0 0.0 0 

STCSH 
HM 15.5 0.6 80 12.6 0.6 67 17.7 0.7 80 

CR 22.4 0.7 100 19.6 0.8 83.3 24.6 1.0 97 

BD 2.5 0.5 17 10.2 1.0 30 1.0 0.3 10 

LG 19.6 0.9 77 12.9 0.6 70 17.9 0.7 87 
STWA 

LS 4.4 0.4 37 6.7 0.5 46 3.7 0.3 43 

CW 8.3 0.6 46 5.3 0.4 46 5.8 0.4 47 

STWSA 

PK 15.6 0.8 77 12.2 0.6 0.7 17.4 0.7 80 

SW 3.3 0.3 40 4.1 0.3 50 2.9 0.2 50 

SB 0.7 0.2 16 0.8 0.2 17 0.0 0.0 0.0 

OD 20.4 0.7 100 20.4 0.1 100 22.4 0.7 100 

MB 23.2 0.9 86 24.2 0.9 83 24.9 1.0 100 
STWSH 

PA 14.4 0.7 70 11.2 0.7 53 14.2 0.6 80 

MG= Murraysburg, BW = Beaufort West, MM = Malmesbury, HM = Hermanus, CR = Ceres, BD = Bredasdorp, LG = Leew Gamka, 

LS = Ladismith, SB =Still Bay, OD = Oudtshoorn, SW = Swellendam, PK = Piketberg, MB = Matroosberg, CW = Clan William, MB= 

Matroosberg, PA = Prince Albert) 

 

4.3.8 Drought ranking 

 

Table 4.8 and Table 4.9 present the characteristics of five high–ranked droughts in the AEZs based 

on maximum drought magnitude (Mmax) and maximum drought intensity (Imax) respectively across 

the study period (2021–2050). The results from Table 4.8 indicate that the top three greatest drought 

magnitudes will take place in the STCSA (BW). The results indicate that the greatest drought 

magnitude of 28.5mm will occur under SSP1–2.6 climate change scenario. Similarly, in the STWSH 

and STCSH regions the fourth (24.9mm) and fifth (24.6mm) ranked drought magnitudes in 

Matroosberg and Ceres are occurring under the SSP1–2.6 climate scenario (Table 4.8). For drought 

events classified by their magnitude, there appears to be a logical positive correlation between the 

magnitude and frequency of drought for all events. The greatest future drought magnitude (Mmax = 
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28.6mm) is projected to elongate for as long as 620 days and the lowest magnitude future drought 

(Mmin = 24.6mm) in the top five ranked drought lasted only for 317 days as presented in (Table 4.8).  

 
Table 4.8 Drought ranking by magnitude (Source: Based on field data) 

Ranking 
Magnitude 

(mm) 
AEZ (Station) Scenario 

Most Extreme Drought Period Between 2021–2050 

Start Date End Date Duration (days) 

1 28.5 STCSA (BW) SSP1–2.6 11 August 2023 22 March 2025 620 

2 27.5 STCSA (BW) SSP5–8.5 15 June 2044 30 August 2045 441 

2 26.6 STCSA (BW) SSP2–4.5  21 April 2026 13 May 2027 387 

4 24.9 STWSH (MB) SSP1–2.6 03 July 2036 10 April 2037 281 

5 24.6 STCSH (CR) SSP1–2.6 29 June 2028 11 May 2029 317 

 

Meanwhile the results from Table 4.9 illustrated the characteristics of the top five drought events 

based on the intensity of the drought event calculated across the near 2021–2050 together with the 

duration of the most intense drought between 2021 and 2050. The results from Table 4.9 indicate that 

the top five ranked intense droughts are predicted to occur at 1.0mm/year. Results from Table 4.9 

indicate that 60% of these most intense drought events are expected to occur under the SSP1–2.6 

climate scenario. The most affected regions are STCSH (BD and CR), STCA (MG), STWSH (MB) 

and STCSA (BW). The duration of the most intense drought event is expected to be 558 days in 

STCSA in Beaufort West while the least intense drought will have a duration of 638 days in STWSH 

(MB) (Table 4.9). Importantly Table 4.9 this event far exceeds the threshold of a severe drought for 

which the SPI–12 value is less than –1.5. 

 

Table 4.9 Drought ranking by intensity (Source: Based on field data) 

Ranking 
Intensity 

(mm/year) 
AEZ (Station) Scenario 

Most Intense Drought Period Between 2021–2050 

Start Date End Date Duration (days) 

1 1.0 STCSA (BW) SSP1–2.6 11 August 2023 22 March 2025 620 

2 1.0 STCSH (BD) SSP2–4.5  21 April 2030 13 May 2031 388 

3 1.0 STCSH (CR) SSP1–2.6 29 June 2028 11 May 2029 317 

4 1.0 STWSH (MB) SSP1–2.6 03 July 2036 10 April 2037 281 

5 1.0 STCA (MG) SSP2–4.5 17 September 2039 30 June 2040 287 

 

4.4 Exploring optimal water management scenarios under drought conditions.  
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This section presented evidence of increasing water scarcity caused by frequent drought under SSP2-

4.5 climate change scenario in the Western Cape Province, South Africa. A commonly used risk 

assessment approach based on the reliance, resilience, and vulnerability framework using future 

precipitation datasets (2021–2050) under the SSP5– 8.5 climate scenario and sustainability index (SI) 

was used to assess the variability of water shortages in WC under drought conditions. Reliability 

indicators were defined as a region's probability of being in the range of satisfactory Standardized 

Precipitation Index (SPI) values. Resilience was defined as the speed of recovery from an 

unsatisfactory condition. Vulnerability was defined using the SPI as a function of the exposure of a 

region to climate change and variation. RRV assessments were done by analysing SPI threshold 

values, the drought entropy method and RRV indicators. The findings in this section can aid 

policymakers in designing a drought early warning system to reduce risk and thus develop resilience 

in vulnerable communities towards recurrent meteorological drought. 

 

4.4.1 Precipitation characteristics under SSP2-4.5 climate change  

 

Table 4.10 shows the findings of the validation metrics for the simulated precipitation, the mean 

annual precipitation (MAP), the coefficient of variation (CV) and the respective percentage changes 

between the base period and the SSP2-4.5 climate scenario. The results indicate that STWA (Leew 

Gamka) exhibited the lowest MAD of 22.6mm, while STCSH (Hermanus) observed the highest MAD 

of 134.3mm. Stations in the sub–humid zones exhibited greater MAD values against stations in the 

arid zones. The MAPE values ranged from 15.8% in STCSA (Beaufort West) to 21.5% in STWSH 

(Prince Albert). The R2 results exhibited a minimum value 0.83 in STCSA (Beaufort West while 

STWSA (Still Bay) exhibited the highest R2 of 0.89. The results from the NSE model were greater 

than seventy percent (70%), with the highest and lowest values of 84.25% and 78.50% recorded at 

STCSA (Beaufort West) and STWSH (Prince Albert respectively. Accordingly, the highest MAP of 

252mm and lowest MAP of 213 under the influence of the SSP2-4.5 climate scenario was observed 

in STCA (Malmesbury) and STCSA (Beaufort West) respectively. The greatest change is expected 

in STCSH (Malmesbury) at -28.16% while in STCA (Murraysburg) minimal change of 3.57% is 

expected under SSP2-4.5 compared to the base period. Meanwhile, the greatest change in CV is 

expected STCSH (Bredasdorp) at 30% while the least change is expected at 9% in STCSA (Beaufort 

West). Overall, the results indicate that under the SSP2-4.5 climate scenario there will be a decrease 
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in expected precipitation across all districts, with the greatest decrease expected in sub-tropical cool 

sub humid zone (STCSH). 

 
Table 4.10 Characteristic values of MAD, MAPE, R2, NSE, MAP and CV (Source: Based on field 

data) 

Stat

ion 
MAD MAPE R2 NSE 

MAP %Coefficient of variation 

AEZ Base 

Period 

SSP2-

4.5 

% 

Change 

Base 

Period 

SSP2-

4.5 

% 

Change 

1 59.6 19.18 0.87 80.83 261 252 -3.57 20 35 15 STCA 

2 39.7 15.75 0.83 84.25 250 218 -14.68 24 37 9 STCSA 

3 108.3 16.97 0.86 83.03 314 245 -28.16 20 37 17 

STCSH 

4 134.3 19.18 0.87 80.83 303 264 -14.77 19 40 21 

5 116.1 16.22 0.88 83.79 283 227 -24.67 21 48 27 

6 124.0 16.58 0.88 83.42 300 243 -23.46 18 48 30 

7 22.6 16.97 0.87 83.03 252 213 -17.37 27 37 10 
STWA 

8 71.1 19.49 0.86 80.51 277 233 -18.88 24 37 13 

9 51.4 16.56 0.88 83.44 281 224 -25.45 20 37 17 

STWSA 

10 62.9 16.22 0.86 83.79 291 232 -25.43 21 38 17 

11 99.4 19.50 0.87 80.50 266 217 -22.58 20 39 19 

12 84.8 19.49 0.89 80.51 300 255 -17.65 21 37 16 

13 94.1 19.99 0.87 80.01 276 236 -16.95 24 37 13 

14 111.8 16.66 0.87 83.34 283 227 -24.67 20 37 17 
STWSH 

15 132.1 21.50 0.86 78.50 257 218 -17.89 25 38 13 

 

4.4.2 SPI characteristics under SSP2-4.5 climate change 

 

Figure 4.6 and Figure 4.7 illustrate both the spatial and temporal variations of SPI−12 in the base 

period and the SSP2-4.5 climate scenario. According to Figure 4.6 the highest SPI−12 value in the 

base period was obtained in STCSH (Bredasdorp) at 4.3, while the lowest SPI−12 value was obtained 

in STCSA (Beaufort West) at -2.3. The SSP2−4.5 index variation shows that STWSA (Clan William) 

is expected to exhibit the highest SPI−12 value of 2,5 while the lowest SPI−12 value under the SSP2-

4.5 climate scenario is expected to be in STCSA (Beaufort West). A comparison of the of the base 

period and SSP2-4.5 climate scenario SPI-12 values indicates that STCSA (Beaufort West) and 

STWSH (Matroosberg) will exhibit the lowest values of −2.37 and −2.41 respectively. Spatial 

changes in SPI−12 values suggest that in the SSP2−4.5 climate scenario stations such as STCSA 

(Beaufort West), STWA (Leew Gamka), STWSA (Oudtshoorn) and STWSH (Matroosberg) that 
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observed extreme drought events under the base will likely have less severe drought conditions under 

the SSP2−4.5 climate scenario.  

 

 

Figure 4.6 Spatial variation of SPI-12 values across the study area (Source: Based on field data) 

 

Meanwhile, according to Figure 4.7 the highest SPI-12 value in the WCP in the base period was 

obtained in the years 1998 and 2001 at 3.81 and 3.80 respectively, while the lowest SPI-12 values 

were obtained in the years 2001and 2008 at -2.0. On the other hand, the SSP2-4.5 index variation 

shows that highest SPI-12 values are expected in 2033 and 2038 at 2.41 and 2.39 respectively, while 

the lowest values are expected in 2031 and 2037 at -2.00. Overall, the results indicate that under the 

SSP2-4.5 climate scenario there will be more severe drought conditions compared to the historical 

observations. 

 

 

Figure 4.7 Temporal variation of SPI-12 values across the study period (Source: Based on field data) 
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4.4.3 Characteristics of reliance, resilience, and vulnerability indicators under SSP2-4.5 

scenario  

 

In Figure 4.8, the spatial variation of the Rel index across the study area and the quantitative changes 

between the baseline period and under the influence of SSP2−4.5 climate scenario are presented. The 

maximum Rel index in the base period is 0.83 observed in STCSA (Beaufort West), while the 

minimum value of 0.34 were observed in STCSH (Ceres; Bredasdorp). However, under the SSP2−4.5 

climate scenario, maximum values of 0.71 were expected in STCA (Murraysburg), while the lowest 

values of 0.32 were expected in STCSH (Hermanus). Both positive and negative percentage changes 

are projected. The highest positive percentage change is expected to be observed in STCSH 

(Hermanus) at 42.86%, while the greatest negative percentage change is expected in STCSH (Ceres) 

at −35.29%. The average Rel index across the study area in the base period was calculated to be 0.53, 

which changed to 0.49 in the SSP2−4.5 scenario, a decrease of 1.43%. 

 

 

Figure 4.8 Spatial variation of reliance indicators (Source: Based on field data) 

 

In Figure 4.8, the spatial variation of the Res index across the study area and the quantitative changes 

between the base period and under the influence of SSP2−4.5 climate scenario are presented. The 

results show that the maximum Res index in the base period is 0.58 were observed in STCSA 

(Beaufort West), while the minimum value was observed in STWA (Ladismith) at 0.27. However, 

under the SSP2−4.5 climate scenario, maximum Res index values of 0.67 were expected in STCA 

(Murraysburg), while the lowest Res index values of 0.36 were expected in STWSA (Clan William). 

The highest and lowest changes in resilience are projected at −51.11% in STWSA (Still Bay) and 50% 

in STWSA (Clan William) respectively. There was no change in average Res index across the study 

area for both base period and SSP2−4.5 climate scenario, calculated to be 0.42. 
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Figure 4.9 Spatial variation of resilience indicators (Source: Based on field data) 

 

In Figure 4.9, the spatial variation of the Vul index across the study area and the quantitative changes 

between the base period and under the influence of SSP2−4.5 climate scenario are presented. Results 

indicate that the maximum Vul index in the base period value was 0.76 observed in STCA 

(Murraysburg), while the minimum value was observed in STCSH (Hermanus) at 0.33. Under the 

SSP2−4.5 climate scenario, the highest resilience values of 0.71 were expected in STCA 

(Murraysburg), while the lowest values were observed again in STCSH (Hermanus) at 0.29. The 

highest and lowest changes in vulnerability are projected at −32.35% in STCSH (Bredasdorp) and 

28.88% in STCSH (Malmesbury) respectively. The average Vul index across the study area in the 

base period was calculated to be 0.51, which changed to 0.47 in the SSP2−4.5 scenario, an increase 

of 7.08%. 

 

 

Figure 4.10 Spatial variation of vulnerability indicators across the study area (Source: Based on field 

data) 
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indicate that the highest sustainability index (SI) value in the base period was 0.75 observed in STWA 

(Ladismith), while the lowest value was recorded in STWSA (Swellendam) at 0.49. However, under 

the SSP2−4.5 climate scenario maximum SI values of 0.79 were expected in STCA (Murraysburg), 

while the lowest SI values of 0.39 were expected in STWSH (Prince Albert). The highest and lowest 

changes in SI values are projected at 32.76% in STWSH (Prince Albert) and −9.72% in STCA 

(Murraysburg), respectively. Overall, the results indicate that under the SSP2−4.5 climate scenario 

there will be an increase in the SI values across all districts, with all stations excluding STCA 

(Murraysburg) and STCSH (Malmesbury) expected to have higher SI values compared to the base 

period. 

 

Figure 4.11 Spatial variation of sustainability index across study area (Source: Based on field data) 

 

 

Figure 4.12 and 4.13 presents the mapped sustainability index across the study area between the base 

period and under the SSP2−8.5 climate scenario. The interpolated sustainability index values were 

used to evaluate the values in each district and determine the projected spatio−temporal 

characteristics of Rel.Res.Vul index values and consequently water resources availability across the 

study period. The results in the base period show that the years 1994, 2012, 2015, 2017 and 2020 had 

the lowest sustainability index values, of 0.17 indicating normal to above normal water shortages. 

The highest value of SI values of 0.98 and 0.92 were observed in the years 2007 and 2014, mainly in 

eastern parts of the WCP. The results also show that under the SSP2−4.5 climate scenario the lowest 

value of 0.24 was observed in the year 2036. Similarly, the results indicate that the highest value of 

0.83 was observed in the year 2035 and 2047. These conditions were mainly observed in regions near 

Leew Overall, the surface maps of the Rel.Res.Vul index clearly separate the Western Cape Province 
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into two regions: the western half, which is projected to experience and includes STWSH and STCSH, 

and the drier eastern zones, which include STCSA, STWA, and STCA. 

 

Figure 4.12 Spatial variation of SI in the base period across the study area (Source: Based on field 

data) 
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Figure 4.13 Spatial variation of SI between 2021 and 2050 across the study area (Source: Based on 

field data) 
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4.4.5 Trends 

 

Table 4.11 shows the trends in reliance, resilience and vulnerability indicators expected in the AEZs 

between 2021 and 2050. The results indicate that for the reliance indicator, nine stations located in 

STCA (Murraysburg), STCSH, STWSA (Oudtshoorn; Piketberg), and STWSH (Matroosberg; 

Piketberg) are expected to experience negative trends across the study period. The remaining stations 

are expected to experience non−significant positive trends in reliance. Of the stations that exhibited 

negative trend in the reliance indicator, only three stations, Ceres (STCSH) and STWSA (Oudtshoorn; 

Swellendam) exhibited statistically significant trends (z >1.96). The results indicate that for the 

resilience indicator, thirteen stations are expected to exhibit negative trends, however only four 

station STWSH (Prince Albert), STWSA (Piketberg; Oudtshoorn) and STCSH (Hermanus) exhibited 

statistically significant negative trends. In terms of vulnerability, the results indicate that twelve 

stations exhibited negative trends, with STCSH (Malmesbury, Ceres) expected to be significant at 5% 

significance level. STWSA (Oudtshoorn, Swellendam) and STWSA (Prince Albert) exhibited 

non−significant positive trends for the vulnerability indicators. Meanwhile, the results from 

Rel.Res.Vul trend analysis suggest that ten station were expected to experience negative trends, with 

six stations STCA (Murraysburg), STCSA (Beaufort West), STCSH (Ceres), STWA (Leew Gamka, 

Ladismith) and STWSA indicating significant negative trends at 5% significant testing. 

 

Table 4.11 Trends (mm/year)  

Station Rel. Res. Vul. Sustainability Index. AEZ 

Trend Sig. Trend Sig. Trend Sig. Trend Sig. 

1 −0.31 0.87 0.33 0.57 −1.33 −1.05 −1.10 −2.15 STCA 

2 0.57 0.58 −0.20 −0.13 −0.25 −1.07 −1.50 −2.86 STCSA 

3 −1.43 −2.48 −2.67 −1.27 −1.91 −2.14 1.23 2.21 

STCSH 
4 −0.48 −1.11 −2.65 −3.68 −1.42 1.37 1.60 −1.41 

5 −1.29 −2.66 −2.49 −1.73 −2.28 −2.80 −1.26 −2.44 

6 0.19 3.10 −1.18 −3.12 −0.62 1.32 0.63 −1.72 

7 1.12 0.38 −0.52 −1.18 −0.17 −1.25 −0.56 −2.17 
STWA 

8 0.15 −1.26 −1.56 −1.51 −0.21 0.17 1.13 −2.55 

9 0.35 −1.71 −0.85 −1.23 −0.49 −0.63 −0.17 −2.29 

STWSA 

10 −0.49 −2.11 −1.75 −2.50 0.56 −1.17 −0.84 −2.13 

11 1.12 −2.62 0.47 −1.63 0.87 −1.16 −1.30 −1.29 

12 −0.56 −1.35 −2.98 −1.92 −0.32 0.58 −1.43 −2.42 

13 −0.15 −1.16 −1.61 −1.58 −0.50 −1.13 −1.26 2.16 

14 −0.64 −1.47 −1.33 −1.65 −0.84 1.67 0.61 −2.23 
STWSH 

15 −0.34 −0.57 −1.01 −2.98 0.45 −1.33 −1.32 −2.28 
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CHAPTER FIVE 

 

ANALYSIS AND DISCUSSION 

 

5.1 Overview 

 

This chapter is dedicated to the analysis and discussion of the results presented in chapter four. The 

primary aim of this chapter is to interpret and discuss the implication of the findings in relation to 

drought incidence and the associated impacts on water availability and agricultural productivity, 

while elucidating on any new insights in research. The chapter is structured and organised into three 

sections that draw on the overarching aim and objectives of the study. Section 5.2 seeks to discuss 

and address research objective (i) which was to examine the variations in severity, intensity, and 

frequency of meteorological drought across different AEZs in the Western Cape Province. The 

section identified the intersectionality of observed (1980-2020) hydroclimatic variability trends with 

water scarcity the six AEZs. Section 5.3 seeks to discuss and address research objective (ii) and (iii) 

that aimed to downscale, and bias correct three climate change scenario (SSP5–8.5, SSP2–4.5 and 

SSP1–2.6) datasets projected from the sixth version of Model for Interdisciplinary Research on 

Climate (MIROC6) and consequently evaluate the spatiotemporal trends in projected water 

availability in the AEZs. Additionally, a sub-section is dedicated to discussing the most severe future 

drought episodes through ranking the drought events according to intensity and duration to determine 

the best future mitigation pathway. Finally, section 5.4 seeks to address research objective (iii) and 

(iv) through providing evidence of increasing water scarcity caused by frequent drought under SSP2-

4.5 climate change scenario in the Western Cape Province, South Africa. 

 

5.2 Lesson learnt from observed climate variability and water scarcity in WC Province 

 

This section analyses findings from research objective (i) that examined the variations in severity, 

intensity, and frequency of meteorological drought across different AEZs in the Western Cape 

Province. To this end, the current investigation employed two classifications of drought indicators 

derived from precipitation datasets (1980–2020) obtained from 15 meteorological stations located in 

the Western Cape Province, South Africa. The initial classification pertained to the accumulation of 

the Standardized Precipitation Index (SPI) over a period of 12 months. The second category has three 

indicators for evaluating drought: drought magnitude, intensity, and frequency. The examination of 
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SPI– 12 reveals that from 1980 to 2020, the Western Cape Province consistently encountered mild 

meteorological drought conditions, characterized by regional and temporal fluctuations. This implies 

that the present drought circumstances in the Western Cape Province are an indirect result of previous 

drought conditions. The sole distinction between previous and current drought circumstances lies in 

the fact that the Western Cape Province has now seen the longest or most enduring period of drought. 

Moreover, examination of patterns in drought assessment measures reveals a significant spatial– 

temporal correlation, with the southern and western areas of the province encountering more frequent, 

intense, and severe droughts in comparison to the eastern portions of the Western Cape Province. In 

general, the persistent drought in the Western Cape Province has had a negative influence on 

agricultural productivity.  

 

The findings from addressing observed drought characteristics implied that because of drought in the 

Western Cape Province there was a reduction in water levels in reservoirs whilst some rivers may run 

dry resulting in direct slowing down of agricultural production. Some impacts of drought will be 

visible in the short-term whilst other impacts take longer to appear. Whereas surface water levels in 

rivers and streams will reflect the absence of rainfall in the short-term, groundwater levels may not 

fall until a year later. The results from the study suggest that poor drought impacts may lead to 

artificial shortages and demand for water in certain regions. Overgrazing and over cultivation cause 

land degradation which, in the long term, may lead to desertification. Thus, impacts of drought are a 

function of the vulnerability of a region to precipitation deficiency (AMS, 1997) and other socio-

physical variables. Precipitation is a key meteorological variable in SSA countries as it influences 

agricultural patterns for food security and sustainable livelihoods. In addition, the research findings 

suggest that water availability of a region is heavily dependent on its rainfall climatology. Thus, 

precipitation will be a critical factor in determining agricultural yields in SSA, particularly South 

Africa where there are limited irrigation technologies.  

 

The results indicated substantial negative trends in annual precipitation across all AEZs. An 

examination of seasonal precipitation patterns revealed a rise in summer precipitation in subtropical 

cool– arid regions and subtropical warm semi– arid regions, with increases of 0.4 and 0.2 mm/year, 

respectively. Conversely, the overall annual precipitation trend fell by – 1.0 mm/year in both AEZs. 

The SPI values consistently fell within the range of – 2 to 0 in the subtropical warm– arid, subtropical 
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cool– arid, and subtropical cool– arid zones. Conversely, the SPI values were consistently positive in 

the subtropical warm– arid, subtropical cool– humid, and subtropical warm– humid zones. This 

finding suggests that there will be persistent drought conditions that will affect agricultural production, 

surface flows in rivers, and groundwater levels across the WC province. The findings provided fresh 

insights into the characteristics of meteorological droughts and their correlation with surface flows in 

rivers, and groundwater levels in the Western Cape Province. The research’s characterization of 

meteorological drought differed from that of other scholars who focused on drought characterisation 

using alternative approaches. Nevertheless, the findings of the research aligned with the outcomes of 

prior research conducted by researchers including Botai et al. (2017), Orimoloye et al. (2019), Otto 

et al. (2018), and De Kock et al. (2022). For instance, the observed – 4.2mm/year statistically 

substantial trends in STCA (Murraysburg) align with prior findings by Botai et al. (2017), which 

indicated that the same areas within the Tsitsikamma water management region might anticipate 

reduced precipitation. The observed decline in the SPI values across all the AEZs aligns with the 

findings of Botai et al. (2017), who also identified negative trends in precipitation. The current study 

found that there were severe and intense drought conditions from 2015 to 2017. The minimum 

Standardized Precipitation Index (SPI) value was – 2.0 in 2014 and 2015, which is consistent with 

the findings of Orimoloye et al. (2019), who used remotely sensed data from the United States 

Geological Survey (USGS) repository and Geographic Information Systems (GIS) from 2014 to 2018 

to evaluate the severity of drought in the WC region. The study conducted by Orimoloye et al. (2019) 

identified substantial land– use changes, with a decrease in vegetation, water bodies, and bare surface 

area from 2095 km2 to 141 km2, 616 km2 to 167 km2, and 2 337 km2 to 1 381 km2, respectively. 

 

Equally, the analysis of drought frequency, amplitude, and intensity revealed a consistent upward 

trend across the entire region. These findings are consistent with the conclusions found by Otto et al. 

(2018), who examined how human activities contributed to the occurrence of the 2015– 2017 WC 

droughts. The findings of Otto et al. (2018) also indicated that the Western Cape (WC) can anticipate 

the persistence of more severe, frequent, and intense drought conditions, consistent with the scientific 

understanding of the effects of climate change. Furthermore, the findings of this study suggest that 

there is a rising pattern of summer rainfall at STCA and STCSA, with an increase of 0.4 and 0.2 mm 

per year respectively. In contrast, the overall trend of yearly precipitation has fallen by – 1.0 mm per 

year. These findings can be attributed to De Kock et al. (2022), who examined the broad– scale 
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processes associated with unusually wet summers in the southern Cape, South Africa. According to 

De Kock et al. (2022), they proposed that this phenomenon may be caused by increased incidences 

of summer rainy days associated with abnormalities in cyclones over the STCSA and STCA, as well 

as enhanced moisture flow from the west across the mid– latitude South Atlantic. The findings of the 

current study, which showed a high coefficient of variability, align with similar observations made 

in other regions of Africa and with the variability in precipitation witnessed in Kenya in recent years 

according to a study by Raphael Muli Wambua et al. (2018). The study's findings indicate that a rise 

in drought occurrence could have consequences for food production in the AEZs. Additionally, there 

is a pressing need for more focused and comprehensive research on the future variations of drought 

in agricultural settings. Overall, the findings of this study indicate that extended periods of drought 

in the study region will substantially affect the water supply and consequently, agricultural 

productivity. The study findings also emphasize the need for the development of proactive strategies 

for managing drought and the creation of accurate tools for predicting drought.  

 

The findings presented in this study indicate that the Western Cape Province has been undergoing a 

period of moderate drought conditions from 1980 to 2020. The Western Cape exhibits a distinct 

climatic variation from other provinces in South Africa, owing to its Mediterranean climate. The 

province's rainfall patterns facilitate the cultivation of diverse crops such as pome fruit (apples and 

pears), stone fruit (apricots, peaches, nectarines, and plums), table grapes, and viticulture. 

Consequently, the prolonged duration of droughts has had an impact on the cultivation of these crops. 

Furthermore, agriculture plays a crucial role in the economy of the Western Cape. Consequently, the 

continued presence of drought conditions will have an adverse impact on the region. Specifically, the 

agriculture sector serves as the primary source of employment in the province. This sector also 

ensures the sustainability of South Africa's food security status, ensuring that citizens have access to 

the required food for a healthy and prosperous existence. Consequently, a rise in drought conditions 

will significantly affect the agricultural industry, resulting in unemployment, a surge in food costs, 

and several socio– economic consequences. Furthermore, a reduction in precipitation combined with 

other severe climatic elements (such as temperature and evapotranspiration), specifically in the 

Leew–Gamka and Beaufort West regions, will worsen drought conditions, resulting in a significant 

decrease in the available water in the water reservoirs of the Western Cape Province. Overall, the 

study's findings on observed drought dynamics suggest the following conclusions: i) The Western 
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Cape Province has consistently suffered droughts of different intensities and frequencies over the past 

thirty years; ii) The current drought circumstances in the Western Cape Province seem to be a 

recurring natural phenomenon. Despite the drought circumstances in the 21st century, the province 

has consistently seen recurring drought patterns during the 20th century (iii) analysing historical 

drought characteristics using drought indicators is a crucial initial step in: (i) contextualizing the 

current drought conditions; (ii) facilitating action and responses for drought preparedness; and (iii) 

establishing the basis for drought monitoring and the creation of early warning systems. 

 

5.3 Future climate variability and water scarcity in WC Province. 

 

This section discusses findings that sought to address research objective (ii) and (iii) of assessing the 

spatio–temporal characteristics of future meteorological drought in the near term (2021–2050) on the 

agroecological zones of the Western Cape Province in South Africa under the SSP5–8.5, SSP2–4.5 

and SSP1–2.6 climate scenarios. These findings from the analysis indicated a progressive 

improvement from 1980 to 2020, from a 7.8– millimeter decline to a 6.4– millimeter rise in the 

STCSH and STCA zones. The SSP2–4.5 scenario predicts a – 2 to – 1.5 Standardized Precipitation 

Index (SPI) reduction in Bredasdorp between 2042 and 2044. However, the SSP5–8.5 scenario 

predicts an SPI over –2 for Matroosberg in 2038. The assessment sought to augment studies carried 

out by other scholars such as Orimoloye et al. (2019); Otto et al. (2018); Ziervogel (2019); Ziervogel 

et al. (2022) by assessing the seasonality of the projected precipitation trends as well as understanding 

the perceptions of the communities on the future drought incidence. The drought magnitude, intensity 

frequency and drought ranking based on the magnitude and intensity was investigated in the near 

term (2021–2050) under the three climate change scenarios. The results of trend analysis of projected 

precipitation indicated a progressive improvement across the SSP5–8.5, SSP2–4.5 and SSP1–2.6 

climate change scenarios. 

 

The research findings implied that climate change and anthropogenic activities have considerably 

aggravated the prospects of sustained future drought incidence, there remains little awareness on this 

phenomenon from communities in countries in the global south. This research served as a prelude to 

possibilities of more detailed analyses to come. Although the best readily available regional 

projections of climate change were used here, it was admittedly an incomplete comparison. The 

drought prediction findings from the current study revealed that this trend will significantly affect 
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water availability and consequently affect agricultural production in agro–ecological regions. Trend 

analysis results from previous research revealed a projected decline in precipitation received across 

all the climate change scenarios as well as in drought incidence across all AEZs. This enthused the 

present study to focus on precipitation as the single most important variable from which to predict 

the effects of human induced climate change on water availability and agricultural production in the 

Western Cape. The negative trend in annual precipitation revealed by the research in the AEZs mean 

less available water for crops amplifying the gap between water supply and demand in crop 

production for farmers. The impact of drought in the agroecological zones will increase the water 

stress and consequently water related conflicts from farmers withdrawing water from the same 

reservoirs because of competition for the same resource. Conclusively, while the Western Cape 

Province averted ‘Day Zero’, at the cost of agricultural production the predicted drought incidence in 

the present study, the dependence on domestic and agricultural water supply from rain– fed reservoirs 

coupled with population growth, provides a need to review the current water governance frameworks 

to adapt to changing risks. Possible solutions include expanding existing domestic water sources 

through desalination and groundwater abstraction along with nature–based solutions that ensure 

natural groundwater recharge. Furthermore, this study proposes more research that seeks to gain more 

insight on the role of not only precipitation but also temperature on future drought prediction and the 

associated impacts on water availability and agricultural production. 

 

The results obtained under the SSP5–8.5 implied statistically significantly negative trends while both 

the SSP2–4.5 and SSP1–2.6 indicated mostly positive insignificant precipitation trends in the near 

term (2021–2050). The negative trends in projected precipitation under the SSP5–8.5 indicated 

protracted drought across all the AEZs of the Western Cape Province. These results are in parity with 

those reported by Engelbrecht & Monteiro (2021), that suggested that not only will there be universal 

decreases in precipitation over southern Africa under the SSP5–8.5 climate change regime but 

recurrent droughts are also predicted to take place. Similarly, both negative and positive in SSP2–4.5 

and SSP1–2.6 climate scenarios were expected to ease off the drought periods across the study period. 

These findings implied that in the near term, agricultural production in the agroecological zones was 

expected to substantially decline particularly in areas that relied mostly on rainfed agriculture. These 

findings were also in agreement with studies by Thomson et al. (2011) who reported on the RCP4.5 

as a stabilization pathway to climate change. The study noted that the probable source of negative 
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trends in precipitation could be climate change and anthropogenic activities such as increased 

population growth and urbanisation as suggested by scholars such as Park et al. (2015) who have 

under taken similar studies in Korea. 

 

Based on the SPI–12 results regions in STWSH (Matroosberg), STCSA (Beaufort West) and STWSA 

(Oudtshoorn) were predicted to have sustained drought period throughout the near term across the 

climate change scenarios. This implied that these AEZs were expected to have chronic water 

shortages as will be evidenced through reduced stream–flows. The greatest drought magnitude was 

predicted to happen in the STCSA (Beaufort West) under the SSP1–2.6 climate change scenario. This 

projection was almost similar with the projection suggested by Botai et al. (2017) who used historical 

observed station data and reported that in the near term the Western Cape was expected to experience 

more severe drought incidences unless strict climate change mitigation strategies were implemented. 

The AEZs that were found close to coastal regions of South Africa revealed mostly positive SPI 

values, although future drought episodes appeared to become milder, particularly in the western coast 

because of changes in land–use and land cover patterns. This finding was in contrast with other 

findings from previous studies by scholars such as Otto et al. (2018) and thus necessitates further 

focused investigation.  

 

Based on analysis of the results of the SPI–12 a maximum intensity of 0.5 – 1.0mm/year was deducted 

for most agroecological zones. This finding concurred with the projected increase in drought intensity 

previously found by Orimoloye et al. (2019) using geospatial datasets. Another important outcome 

of this study was the numerical predictability of drought in the Western Cape using the SPI within 

the framework of global climate model (MIROC6) under the three climate change scenarios used in 

the present study. The results from this study also indicated that community members within the 

agroecological zones were not fully aware of when future drought episodes will occur, and this 

affected their adaptive capacity to the impacts of projected frequent, severe, and intense drought 

events. These results were in parity with studies undertaken by Baudoin et al. (2017), which suggested 

that early warning signals were generally not reliable. Conclusively, future drought characterisation 

in the WC province of South Africa provided suitable reference information for judicious monitoring 

and prediction of drought incidence based on a suitable index (e.g., SPI–12) and household survey. 

A blend of drought evaluation indicators was useful to assess the relative impacts of drought in 
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different AEZs of future drought incidence, support proactive agricultural planning to reduce the 

influences of recurrent drought on sustainable livelihoods. 

 

5.4 Evidence of increasing water scarcity under SSP2-4.5 climate scenario 

 

This section provides evidence that water resource management systems in the Western Cape 

Province are likely to become progressively vulnerable to more frequent and severe drought events 

under future climate change. Summarily, the findings of the present study provided new insights into 

the response to drought impacts in terms of reliance, resilience and vulnerability offered by water 

resource systems in the Western Cape Province. The present study's assessment of drought impacts 

on water availability differs from that of previous studies by scholars such as Bhaga et al. (2023); De 

Kock et al. (2022); Naik & Abiodun (2020); Pires de Souza Araujo et al. (2021); Thomson et al. 

(2011) who focused on drought characterisation using either SPI or SPEI values. Nevertheless, the 

study findings were in general agreement with the findings of these scholars, indicating that the 

proposed research approach is effective. For instance. in terms of reliance the current study findings 

suggested that because of frequent and severe droughts, the probability of drought conditions over 

the next three decades (2021-2050) will gradually increase, particularly from the south-western parts 

to the north-eastern parts of the Western Cape Province (the most water shortages are projected to 

occur in Leew Gamka). These findings aligned with a study conducted by Bhaga et al. (2021) who 

monitored surface water variability through the Normalized Difference Water Index (NDWI) in the 

drought prone WC and reported that the results indicated that while surface waterbodies varied 

spatially over time, there was declining trend in the storage levels. In terms of the resilience, the 

present study findings revealed that speed of recovery from an unsatisfactory condition from future 

water shortages in the Western Cape is projected to be impaired by increasing drought intensity, and 

this increase will lead to decreases in surface water availability, water reservoir levels and 

consequently food security. 

 

The current study findings revealed that proactive drought management strategies are crucial in 

diminishing water scarcity challenges in arid and semi−arid areas, especially in the Western Cape 

Province. The study finding revealed that fully understanding water scarcity and water resource 

system reliance, resilience and vulnerability under drought conditions is crucial in alleviating the 
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primary impacts of drought. Furthermore, while catchment reliance, resilience and vulnerability play 

a vital role in shaping the drought response, it is also essential to study seasonality and autocorrelation 

of soil moisture and surface flow caused by infiltration and evaporation. Therefore, analysing the 

impacts of drought on water security through the hydrological cycle and incorporating the sub-surface 

water resources component would afford a complete depiction and assessment of the satisfactory and 

non-satisfactory state of water resources and consequently agricultural production in a region. In 

addition, the impact of seasonality on drought propagation should be further investigated. Seasonality 

is essential for the proliferation from meteorological to hydrological drought. Finally, the limited 

availability of hydrological records for observation−based drought studies is a limitation as we 

anticipate that the analysis period (2021–2050) does not capture the full range of hydrological 

variability. We anticipate that longer historical records could shed more light on the accumulation 

periods presented here, although the same regional picture and propagation characteristics would 

likely emerge. In addition, using simulated data has introduced some uncertainty into the analysis 

that does not represent transient flow processes typical in dry regions. The dataset tends to 

overestimate/underestimate the streamflow in arid and semi−arid areas. Therefore, a modelling 

Rel.Res.Vul index framework is crucial for (semi−) arid areas where hydrological processes differ 

from those in humid regions. This model has been used to investigate the role of gridded precipitation 

resolution in rainfed agroecological zones that rely on water stores from streamflow soil moisture and 

groundwater recharge to make water balance predictions based on seasonal climate projections in the 

WC. However, a more catchment-based version of this model would provide a better alternative for 

follow−up studies given the limitations associated with global climate model predictions. 

 

The findings of this research study suggest that the impacts of future climate change induced drought 

and natural climatic variability will produce more frequent severe water scarcity for higher tier 

(SSP5–8.5) than is estimated for low tier future climate scenarios (SSP2– 4.5 and SSP3– 7.0) models. 

The findings of the research suggest an increased vulnerability to severe drought driven water 

shortages, with increases in both frequency and duration. This is due to a combination of increases in 

summer temperatures that might lead to an increase in potential evapotranspiration leading to a 

decline summer rainfall that will exacerbate the probability of summer water shortages. Although the 

DMA is the authority under which identification, monitoring and reporting on the risks and impacts 

of cross-scale drought characteristics are triggered, these processes establish the DMA's reactive 
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approach to disaster risk reduction. However, the DMA encourages provinces, researchers, and other 

stakeholders to assess risks and prevent the occurrence of disaster by using early warning information 

and implementing preventive measures such as using water-saving irrigation systems or setting up 

saving schemes. Additionally, the DMA stresses the need to have operational weather equipment 

across the country that can assist in diminishing the impacts of droughts –such as a water storage 

reservoirs and bulk water supply pipelines to transfer water from surplus regions to scarcity regions 

during droughts. 

 

The findings aligned with findings from Naik & Abiodun (2019) who assessed the impacts of drought 

in the WC province using both the SPI and Standardised Evapotranspiration Index (SPEI) and 

identified that droughts have gradually had far-reaching consequences on water availability in the 

WC province and this continues to cause catastrophic consequences on the environment, society, and 

economy. While in terms of vulnerability the present study findings revealed a progressive weakening 

of water resources system between the 2021 and 2050 and this was expected to result in lower than 

anticipated agricultural yields as the province relied heavily on rainfed agriculture for its sustenance. 

The results concurred with the reported by Theron et al. (2023) who assessed agricultural resilience 

and adaptive capacity in the Western Cape during drought conditions and found out that there was a 

gradual weakening of the natural and physical capital between 2015 and 2015 and argued that this 

trend was projected to increase unless drought mitigation strategies were implement. 

 

Furthermore, findings of the study indicated that the SI values calculated for the AEZs in arid climates 

(STWA and STCA) was in the moderate water shortage category (0.6–0.8) with values ranging 

between 0.62 and 0.71; in the semiarid climate (STCSA and STWSA) it was in the mild water 

shortage category (0.2–0.4) with values ranging between 0.52 and 0.58, while in the humid climates 

(STWSH & STCSH) it was in the normal to above normal water condition category with values 

ranging between 0.08 and 0.19. The findings agree with findings by Ngwenya et al. (2024) who 

investigated the impacts of meteorological drought using the SPI calculated at 12-months’ timescale 

and reported that the WC can expect the more frequent and severe drought impacts on water 

availability, in line with the scientific appreciation of the consequences of climate change. These 

findings presented in the study suggest that the vast majority of Western Cape Province is projected 

to significantly (p > 0.05) be affected by chronic water shortage conditions (particularly in the STWA, 
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STCA, STCSA and STWSA). Overall, the findings suggested that higher vulnerability and lower 

reliability and resilience indicators are projected to lead to a higher threat of drought conditions and 

water resource availability in the AEZs. This implies that natural climate variability will exacerbate 

vulnerability to drought driven water shortages and this will have severe implications for water 

resource systems in the western and interior parts of South Africa. 

 

Consequently, the findings presented in this study suggest that water resource managers should focus 

on strengthening the recovery from persistent drought to diminish the consequences of drought in 

water stressed AEZs. The study findings suggest that climate change impacts will lead to 

environmental, societal, and economic degradation because of a decline in agricultural yields and this 

could be mitigated by the cultivation of drought-resistant and cost-effective crops in these AEZs. The 

study findings suggest that unmitigated water shortages will result in food shortages, and in severe 

cases they can trigger water related conflicts. Moreover, in the past few decades the WC province has 

experienced massive growth in terms of urbanization and irrigated agriculture, and this has increased 

the water requirements and reduced the soil moisture availability and surface runoff resulting in 

discernible environment degradation. Therefore, failure to mitigate the negative impacts of drought 

will considerably affect food security resulting in widespread famine, an increase in food prices and 

numerous socio-economic concerns. Additionally, a decrease in projected precipitation combined 

with increases in temperature and evapotranspiration, specifically in the agricultural environments, 

will cause considerable decline in water storage reservoirs. While numerous water storage reservoirs 

have been built in the WC province to store water and diminish the impacts of drought, these 

reservoirs have reduced the downstream flow. In this regard the present study recommends that water 

resource managers in the WC should also consider anthropological activities such as over abstraction 

by water users upstream to ensure equitable, efficient, and sustainable availability of water to all users. 

 

For instance, it is crucial for water resource managers to reflect on the effect of upstream water 

abstraction on downstream water users. Upstream irrigation water requirements particularly in 

dryland environments affect river flow yield and reliability. Similarly, fluctuations in inflow 

discharge patterns due to upstream irrigation demands can pointedly impact agricultural production 

downstream. Therefore, legislative frameworks are required to set restrictions on water use, so as to 

preserve healthy river systems and environmental health.  
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CHAPTER SIX 

 

CONCLUSION AND RECOMMENDATIONS 

 

6.1 Introduction 

 

This chapter of the thesis concludes the research by synthesizing the key findings of the research and 

proposing recommendations for future research on the subject area. The first section 6.2 summarizes 

the key findings of the study and how they align with or diverge from the research questions that 

framed the project. The second section 6.3 outlines recommendations for practitioners, policy makers 

and academia. The third section 6.4 presents areas of possible future research informed by identified 

knowledge gaps and then lastly section 6.5 concludes the thesis.  

 

6.2 Summary of Key Findings  

 

This study was motivated by four research questions, namely (i) what are the historical patterns 

(1980-2020) of precipitation and drought characteristics in the WC Province and how do they impact 

the availability of water resources;(ii) how will the future (2021-2050) precipitation and drought 

characteristics in the WC Province under different climate change scenarios affect future water 

availability; (iii) which climate change scenario will enable sustainable water availability between 

2021 and 2050, through which proactive and risk-based water resources management strategies could 

be pursued to deal with drought related water scarcity in agricultural environments and (iv) what will 

be the implications of the findings of this study in a wider context, particularly in water stressed 

regions of sub-Saharan Africa. Finding answers to these research questions involved exploring 

historical and future climate datasets from satellites and global climate models.  

 

6.2.1 Historical precipitation and drought trends  

 

In response to research question (i), the results of long–term historical (1980-2020) annual 

precipitation variability in the agroecological zones of Western Cape Province provided a good 

understanding on how to cope with recurrent droughts. The key findings of the study suggested that 

between 1980 and 2020, stations located in the STCSA and STWA agro-ecological zones had 

considerably greater coefficients of variability compared to stations in the STCA, STCSH, STWSA, 
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and STWSH agro-ecological zones. The agro-ecological zone STWA (Leew Gamka) had the highest 

level of rainfall variance, measuring at 27%. In comparison, the STCSH Bredasdorp zone had a 

rainfall variability of 18%. Based on the results collected, all agro-ecological zones show a consistent 

and negative decline from year to year. The stations located in STCSH, specifically the Ceres and 

Hermanus districts, showed the most substantial negative trends at a substantial level of 0.05, with 

rates of -7.8 mm/year and -6.5 mm/year, respectively. Following closely was Malmesbury with a rate 

of -6.4 mm/year. The findings of this study indicate that extended periods of drought in the study 

region will substantially affect the water supply and consequently, agricultural productivity. The 

study findings also emphasize the need for the development of proactive strategies for managing 

drought and the creation of accurate tools for predicting drought.  

 

6.2.2 Future precipitation and drought trends  

 

In response to research question (ii), the findings of long-term future (2020-2050) annual precipitation 

variability revealed that under the SSP5–8.5 climate scenario, precipitation is predicted to be between 

98 mm in Leew Gamka in STCSA and 314mm in Malmesbury found in STCSH, under the SSP2–

4.5 climate scenario the mean annual precipitation was found to be between 250mm in Beaufort West 

in STWA and 252mm in Murraysburg found in STCA, whilst under the SSP1–2.6 climate scenario 

the mean annual precipitation was projected to be between 224mm in Leew Gamka in STWA and 

311mm in Murraysburg found in STCA. Overall, the results projected that STCSA will likely have 

the lowest mean annual precipitation under the three climate change scenarios. These results are in 

parity with those reported by Engelbrecht & Monteiro (2021), that suggested that not only will there 

be universal decreases in precipitation over southern Africa under the SSP5–8.5 climate change 

regime but recurrent droughts are also predicted to take place. Similarly, both negative and positive 

in SSP2–4.5 and SSP1–2.6 climate scenarios were expected to ease off the drought periods across the 

study period, however the key was that the under the SSP2-4.5 climate scenario less frequent and 

milder drought and water scarcity conditions were anticipated. These findings implied that in the near 

term, water availability and consequently agricultural production in the agroecological zones was 

expected to be substantially better under the SSP2-4.5 climate change scenario in areas that relied 

mostly on rainfed agriculture. 
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As such, based on the precipitation trend analysis under the SSP2-4.5 climate change scenario results 

regions in STWSH (Matroosberg), STCSA (Beaufort West) and STWSA (Oudtshoorn) were 

predicted to have optimal water availability throughout the near term. The greatest drought magnitude 

was predicted to happen in the STCSA (Beaufort West) under the SSP2–4.5 climate change scenario. 

This projection was almost similar with the projection suggested by Botai et al. (2017) who used 

historical observed station data and reported that in the near term the Western Cape was expected to 

experience more severe drought incidences unless strict climate change mitigation strategies were 

implemented. The AEZs that were found close to coastal regions of South Africa revealed mostly 

positive SPI values, although future drought episodes appeared to become milder, particularly in the 

western coast because of changes in land–use and land cover patterns. 

 

6.2.3 Proactive and optimal water availability strategies pursued under SSP2-4.5  

 

In response to question (iii) of the research study, both historical (1991-2020) and future (2021-2050) 

precipitation datasets under the SSP2-4.5 climate scenario were obtained from the sixth version of 

Model for Interdisciplinary Research on Climate, (MIROC6). Using the Reliability (Rel.) −Resilience 

(Res.) −Vulnerability (Vul.) framework and Standardized Precipitation Index (SPI), the sustainability 

index (SI) quantified water availability condition in different agroecological zones (AEZs) using the 

geometric mean method. The key findings from research questions (i) and (ii) suggested that between 

2021 and 2050 under the SSP2-4.5 climate scenario drought conditions will aggravate water 

availability in AEZs compared to the historical observations better than in other climate scenarios. 

Spatial assessment of SPI−12 values under the SSP2−4.5 climate scenario implied that in stations 

such as STCSA (Beaufort West), STWA (Leew Gamka), STWSA (Oudtshoorn) and STWSH 

(Matroosberg) observed extreme drought events will likely have less severe drought conditions under 

the SSP2−4.5 climate scenario. The findings indicated that in arid climates, future SI, exhibited 

moderate water shortage (0.60< SI <0.80), while in semiarid climates future SI values, exhibited mild 

water shortages (0.62< SI <0.71); while in the humid climates future SI values projected normal to 

above normal water availability condition (0.52 < SI <0.58). Overall, trend analysis indicated non-

insignificant positive vulnerability trends and significant negative trends for both reliability and 

resilience indicator. 
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6.3 Recommendations on key findings of this study in a wider context 

 

In view of the key findings presented above, the study recommends that: 

 

i. Restoring arid regions provides a huge opportunity to address climate change in this drought 

prone environment. It is recommended that actions such as preserving soil health can be 

realised by increasing vegetative plant cover. It is recommended that the crucial element to 

climate change adaptation in drought prone regions is understanding the importance of local 

authorities in building resilience. Similarly, other climate adaptation strategies could possibly 

include planting drought resistant crops, water use efficient cropping practice, crop 

diversification. 

 

ii. Integrated drought management strategies need to be adopted by water resource managers in 

South Africa in response to persistent drought challenges to build resilience to climate change 

and achieve food security. One of the strategies involved the implementation of a three-pillar 

drought management plan that involved: (i) drought monitoring and early warning systems 

(DEWS) This view is supported by Pulwarty and Sivakumar (2014), who added that drought 

monitoring must be coupled with indigenous knowledge and communication to enhance 

drought preparedness and early warning systems. Similarly, Glantz (2004) suggested that 

effective drought monitoring must answer five questions which can be used to mitigate the 

primary impacts: (i) what are the historical drought characteristics, (ii) which key economic 

sectors are expected to be affected, (iii) when is it expected to impact, (iv) where are the areas 

that are more vulnerable, and (v) who are the people most at risk who need to be warned. As 

such, the evaluation of historical drought characteristics in the present study provided the 

foundation of a drought plan that enhanced proactive response, and triggers mitigation efforts. 

The presented study provided timely data and an opportunity for information acquisition, 

synthesis, and analysis by water resources manager to trigger drought and water scarcity 

mitigation strategies within a drought management plan. The present study employed drought 

indicators and indices to provide drought information for water resource managers and 

farmers, through simplifying complex GCM outputs. The indicators and indices were 

appropriate for quantitative assessment of drought intensity, duration, and spatial extent. 

However, indigenous knowledge systems, including traditional knowledge of farmers and 
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pastoralists, could have been incorporated into drought information systems to enhance 

community-based solutions. 

 

iii. Drought impacts on water scarcity indicated by the research study even under the SSP2-4.5 

climate scenario, heightened the requirement for more robust drought vulnerability and water 

scarcity risk assessments. In this regard, the current study proposed that drought vulnerability 

and risk assessment be viewed as emanating from climatological influences or processes that 

exacerbated proneness of the WC Province water resource system to the impact of drought. 

Drought vulnerability and water scarcity assessment in the present focused on providing 

insight on natural processes (system reliance, resilience, and vulnerability of the WC 

Province). However, the study noted from a review of literature that despite various 

government programs, and the development of new tools and technologies, the costs resulting 

from droughts around the world are still high and rising, indicating growing societal 

vulnerability to drought, and argued for more research studies in drought vulnerability and 

water scarcity assessment. The study conducted water sustainability index mapping for 

vulnerable agroecological zones to assess water scarcity hotspot and recommend mitigation 

strategies. The DVRA included assessing (i) the frequency or probability of the system being 

in a satisfactory state during the total assessment period (reliance) (ii) how quickly, on average, 

a system rebounds to a satisfactory state after reaching an unsatisfactory state; the likely 

damage to the system caused as a result of an unsatisfactory state (vulnerability). However, 

drought vulnerability studies are enhanced are enhanced by identifying vulnerable population 

groups and communities that include gender, age, ethnicity, dependency on agriculture and 

livestock, poverty level, and education level). Therefore, the study further recommended the 

use of integrated approach to analysing water scarcity under drought conditions can provide 

insight into ecosystem response under changing and undesirable climatic conditions such as 

drought. 

 

iv. To promote resilience and eradicate or significantly lessen water scarcity, the research study 

suggests mitigation and response strategies for drought risk management. The study 

recommends that national drought management agencies must classify drought mitigation 

strategies as either structural (growing drought-resistant crops, building hydraulic 
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infrastructure) or non-structural (policies, laws, and operational procedures that are put in 

place to lessen the adverse effects of drought). To meet the immediate or short-term life 

preservation and basic subsistence needs of those affected, the study suggests non-structural 

strategies to drought management, such as offering support during or immediately after a 

drought disaster. One can categorize mitigation and response actions into three-time frames: 

medium, short, and long. Long-term mitigation and response plans need to be developed, 

according to recommended mitigation strategies, and these plans need to be routinely 

reviewed. Medium-term strategies are intended to mitigate impacts before they arise and are 

executed in response to triggers (e.g., preset thresholds of particular drought index values that 

are supplied by monitoring in early warning systems). In accordance with the long-term 

strategy for managing drought, immediate relief is provided through the implementation of 

emergency response or short-term measures in the event of a sudden occurrence of severe to 

extreme drought. 

 

6.4 Areas of possible future research work 

 

In the present study, one of the constraints was the reliance on the SPI as the sole measure for 

assessing drought features. The SPI exclusively considers precipitation as a climate variable and 

disregards other influential factors like temperature, humidity, and wind speed that impact 

atmospheric water availability. It is therefore recommended that comparable future research 

endeavors employ alternative metrics such as the Standardized Precipitation Evapotranspiration 

Index (SPEI), which integrates temperature as an additional factor to evaluate drought attributes. 

Similarly, other limitations of investigating the impacts of future drought dynamics on water 

resources were that projections used were not wholly consistent with historical observed data and in 

terms of periods and boundary forcing. A more consistent set of projections was not available, which 

is a common state for climate science in the developing world. The most extensive sets of consistently 

produced climate projections currently existing have been made for Europe. However, an initiative 

is underway to provide an extensive quality– controlled dataset of future regional climate projections 

for other regions around the globe—the Coordinated Regional Climate Downscaling Experiment 

organised under the World Climate Research Programme (WCRP). Africa is a priority region within 

CORDEX. With a more extensive and consistent set of future climate projections, more detailed 
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analyses can be performed for assessing impacts on hydrology and water resources, including 

improved methods to prioritise or weigh results within the ensemble of outcomes. 

 

Another caveat to modelling using the reliance-resilience and vulnerability approach was the 

assumption that the climate process is stationary. The precipitation time series modelling approach 

adopts a stationary 1000-year timeline for the SSP5-8.5 climate scenario. However, climate 

simulations are a quasi-stationary process that change in pseudo-random manner. Despite addressing 

uncertainties in the quantification of the contribution of the reliability, resilience and vulnerability 

indicators using the drought entropy method uncertainty was present in other modelling processes. 

For instance, uncertainties in the climate change scenario were aggregated to by precipitation 

simulation as well uncertainties in the estimates of the impacts of climate change. Future modelling 

approach could address the quantification of uncertainty in all the projected stages. Future work 

should focus on investigating the sensitivity of the Rel.Res.Vul. Index framework using the SPEI 

thresholds to assess the effectiveness of the methodology to differentiate failure (drought) and non-

failure (wet) conditions as determined by the SPI. Furthermore, it is crucial to assess the compound 

effects of other factors such as human activities on the AEZs. 

 

6.5 Conclusions 

 

To this end, the impact of drought in South Africa, particularly on water availability has prompted 

various short- and long-term response strategies from disaster management institutions, most of them 

humanitarian in nature. The South African government, the private sector, and non-profit 

organizations (NPOs) need to support and encourage early detection, monitoring, prediction, and 

warning on a variety of weather-, climate-, and water-scarcity hazards. Furthermore, capacity 

development initiatives on National Drought Management Policies (NDMP) as implemented by 

WMO, FAO, UNCCD, and the Convention on Biological Diversity (CBD) in partnership with the 

UN-Water Decade Programme on Capacity Development (UNW-DPC) need to be adopted. 

Increasing the ability of developing and transitioning nations, particularly South Africa, to create risk-

based national drought management policies needs to be the primary objective of collaborative efforts.  

Likewise, the best data from functional and trustworthy drought monitoring instruments that offer 

unbiased information for almost real-time drought risk management are necessary for an efficient, 

proactive risk management strategy. Nevertheless, drought prone nation may have different 
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requirements for what constitutes a drought, how to monitor drought using climatological and 

environmental factors, and which kind of drought index to use. Therefore, sharing effective practices 

for early warning and drought monitoring in drought-affected countries can also act as a model for 

other nations.  
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