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ABSTRACT 

Water resource management faces global challenges in allocation, quality, and sustainability. 

Despite extensive focus on quantity, water quality remains neglected, especially in developing 

nations, owing to data scarcity and funding issues. Water quantity modelling is more advanced, 

leaving water quality modelling lagging, as it requires finer spatiotemporal scales. Global water 

quality models, including those used in South Africa, encounter complexity and data 

requirements, and some proprietary models limit access. In South Africa, a water quality model 

is integrated with the less accessible Water Resources Yield Model (WRYM). However, 

WRYM's spatial lumping may not suffice for water quality assessment, emphasising the need for 

improvement. This study aims to address the gap in water quality modelling by transitioning from 

lumped, proprietary, and monthly time-step models applied in South Africa to more spatially 

distributed, user-friendly, transparent, fast models and daily time-step models, using the 

Grootdraai Dam Catchment in the Upper Vaal as a study region. The study examines providing 

water quality simulation for various variables under different tested scenarios, including (i) land-

use scenarios (e.g., urbanisation, industrialisation, population growth and expansion in 

agricultural areas); (ii) mixed scenarios (e.g., climate change, mine closure, and demand 

increase). The study proposed a framework shifting from the WRYM to a Python water resources 

(Pywr) model, linked with the Water Quality Systems Assessment Model (WQSAM) in the 

Grootdraai Dam Catchment. This integration, the Python water resources-Water Quality (Pywr-

WQ) model, was developed by the Water Research centre (WRc) in the United Kingdom. The 

study employed multiple regression models to develop land-use models, the outcomes of which 

were integrated into the Pywr-WQ model for medium and long term land-use scenario 

predictions. The study resulted in the following findings: (1) significant patterns emerge 

concerning the impacts of urbanisation, mining, and agricultural expansion on water quality; (2) 

urban areas exhibit elevated levels of nitrate plus nitrite and ammonium over the long term 

associated with human activities and infrastructure development; (3) increased cultivation leads 

to heightened phosphate levels, indicative of agricultural runoff and potential high fertiliser 

usage, while the expansion of mining activities results in elevated concentrations of sulphate and 

Total Dissolved Solids (TDS), attributed to the discharge of mine effluents; (4) noticeable 

declines in the concentrations of TDS and sulphate are evident in the medium to long term when 

compared to the baseline simulations. However, the worst-case scenario (i.e., a 70% abstraction 

increase) exhibits elevated peaks and concentrations compared to scenarios with more probable 

demand increases (e.g., a 5% increase).
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CHAPTER 1: GENERAL INTRODUCTION AND LITERATURE 

REVIEW 
 

1.1 Introduction 

Global water quality is on a continual decline (Ayana, 2019; Blanchon, 2003; Bouleau & Pont, 

2014; Cariou, 2015; Moyen-Orient & du Nord, 2007; Verdier & Viollet, 2015), primarily 

attributed to various human-induced factors such as urbanisation, industrialisation 

(Akamagwuna, 2021; Odume, 2011, 2014, 2017, 2020), and the expanding human population 

(Cropper & Griffiths, 1994; Cullis et al., 2018). In the next five decades, varied global scenarios 

are anticipated, including the potential for stagnation or decline in developed regions and 

continued rapid growth in less developed areas (Bongaarts, 2009). The human population growth 

will require increased food production, agricultural activities, and intensified land-use, which 

will, in turn, affect water health (Davis et al., 2015; FAO, 2006). Urbanisation has emerged as a 

factor contributing to the loss of biodiversity, increased eutrophication, and changes in aquatic 

biological communities which impact water quality and increase potential risks to public health 

(House et al., 1993). Climate, land-use, population density, and landscaping exert a significant 

influence on pollutant concentration, resulting in variable impacts (Bradford, 1977; House et al., 

1993; Pitt, 1979). Soil and water degradation are accelerated by inputs of nutrients, organics, and 

other forms of pollutants, including sediments and metals, into the stream and riverine 

ecosystems (Dickinson, 2003; Gwapedza et al., 2020; Wong, 2003; Zhu et al., 2013). For 

instance, mining activities pose a rising challenge to water quality management, negatively 

impacting the water environment by elevating suspended solids, mobilising minerals, and 

reducing the pH of the receiving water (Ochieng et al., 2010). Within the context of South Africa, 

mining activities are considered to be the major mobilizer of toxic metals in environmental 

landscapes (Okereafor et al., 2020).  

Models play a central role in managing water quantity and quality owing to their effectiveness in 

investigating future scenarios and the associated impacts on water resources, and in monitoring 

and supporting decision-making processes (Andreu et al., 1996; Cortés et al., 2003; Roberts, 

2003). These models exhibit variations in structure, time-step, accessibility, and methodologies 

(Xu & Singh, 1998, 2004). The ongoing development of models remains an active process, with 

new models and versions emerging annually. In the context of developing countries like South 

Africa, data scarcity presents a growing challenge for both research and practical applications in 

various industries (Baisch, 2009; Dinku, 2019). This scarcity underscores the need to establish 
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effective communication between the scientific community and policymakers, with models 

serving as crucial tools in facilitating this exchange. Consequently, leveraging existing models in 

these regions for improvement and adaptation is more efficient and feasible than developing a 

model from the ground up. 

The Water Resources Yield Model (WRYM) has been utilised in Southern African countries for 

over two decades (Juízo & Lidén, 2010; Nkwonta et al., 2017) and is frequently employed as a 

national water resource allocation tool in South Africa. Initially designed for water resource 

allocation, the WRYM has also been applied to generate water quantity data for water quality 

modelling in a previous study (e.g., Slaughter et al., 2018). The WRYM operates at a monthly 

time-step and is characterised as a black-box model as users do not have open access to the 

underlying code. Past application of WYRM to catchments in South Africa has adopted a lumped 

spatial structure as this has been deemed adequate for water quantity management. Consequently, 

while existing WRYM models may be effective for visualising the water operating system and for 

water quantity modelling, their structures may not be sufficiently detailed for the intricacies of 

water quality modelling. Water quality models require more intricate, distributed structures that 

consider both point and non-point pollution inputs from various water users (e.g., agricultural, 

industrial, and domestic) (Rode et al., 2010), including return flows, potential leakage, 

abstractions, and potential sewage, as well as land-uses, such as mining and agriculture. Since 

water quality processes also take place at fine temporal scales, water quality modelling should be 

conducted at a daily time-step as a minimum. At the same time, the existing WRYM model 

applications can continue to be of use for water quality modelling, despite the shortcomings 

mentioned above (Juízo & Lidén, 2010). Therefore, some way of converting them to a more 

distributed structure and operating at a finer temporal scale should be identified rather than 

creating new model applications from scratch.  

This study aims to establish a framework facilitating the shift from a monthly lumped model (i.e., 

WRYM) to a daily distributed model named the Python water resources (Pywr) model 

(Tomlinson et al., 2020). While previous applications of the Water Quality System Assessment 

Model (WQSAM) have read inflow data from the WRYM as input data, this study chose to use 

the Python water resources-Water Quality (Pywr-WQ) model : an adaptation in Pywr in which 

the water quality processes of WQSAM (Slaughter et al., 2012; Slaughter & Mantel, 2017) are 

dynamically integrated into Pywr. There are two advantages to this approach: (1) the time taken 

to transfer flow data from the yield model to WQSAM is avoided, which was of benefit, given the 

large number of scenarios investigated in this study; (2) while only touched on briefly in this 
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study, the dynamic integration allows water quality to inform water allocation in the Pywr model, 

which has several considerable advantages for future work, as discussed later (section 4.4.2).  

The rest of this chapter is devoted to a literature review. It is important to note that each subsequent 

chapter will include an in-depth literature review tailored to its specific focus and objectives. It 

commences with an exploration of water resource models in developing countries, specifically 

focusing on South Africa, and then proceeds to an examination of the National Water Resources 

Strategy (NWRS) version 1 and 2. The review delves into the drivers of water quality degradation, 

with an evaluation of both sources and impacts of pollutants. The concluding part of this chapter 

captures the rationale behind this study, articulates the study questions, and outlines the study's 

aim and objectives. An overview of the overall thesis structure is also provided. 

1.2 Water Resources Models  

Simulation models have historically played a crucial role in water resources management and 

planning applications. Previous studies have primarily focused on assessing the influence of 

water systems on economic development and designing efficiency (Maass et al., 1962; Loucks et 

al., 1981). System dynamics rely significantly on the integration of both quantitative and 

qualitative data to delineate feedback loops within complex systems (Forrester, 1968). These 

water resources models serve to enhance our current qualitative comprehension by incorporating 

supplementary quantitative information as highlighted by Loucks & van Beek (2017). Several 

simulation models have been developed by various authors and institutions (Andreu et al., 1996; 

Jha & Das Gupta, 2003; Draper et al., 2004; Sieber & Purkey, 2007; Sulis & Sechi, 2013), models 

that portray the water system network through the representation of edges and nodes as described 

by Tomlinson et al. (2020).  

There are two types of simulation models distinguished by their approach to water allocation. 

Shrestha et al. (1996) emphasise the significance of rules-based models in aiding decision-

making processes within water resource management. These models assist in prioritising 

allocation and identifying optimal strategies. Rules-based models can be integrated with 

optimisation to enhance their capacity for providing comprehensive solutions to complex 

challenges. In contrast, the second type of simulation model utilises mathematical programming 

to simulate water allocation in the resource network, transforming the water system 

representation into a mathematical optimisation problem as defined by Tomlinson et al. (2020). 

Simulation models such as Pywr exemplify the integration of simulation with optimisation. Pywr 

employs linear programming to minimise penalties at each time-step, illustrating the fusion of 
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simulation and optimisation to iteratively identify optimal solutions according to defined 

objectives and constraints (Tomlinson et al., 2020). 

Simulation models have faced challenges in incorporating parametric adjustments and 

alternative objectives, such as power capacity maintenance, into optimisation models for water 

resource systems (e.g., Labadie, 2004; Wurbs, 2005). Water allocation systems differ across 

simulation models. A wide range of such models has been developed, including Model based and 

Incremental Knowledge Engineering (MIKE) (Angele et al., 1992), the water balance network 

model (MODSIM) (Labadie, 2003), the Water Resources Integrated Modelling System 

(WRIMS) (Draper et al., 2004), and the Water Evaluation and Planning (WEAP) (Sieber & 

Purkey, 2007). These computational models demonstrated the capability to project hydrological 

parameters, encompassing river flows, reservoir storage, water abstractions, return flows, and 

related variables (Adgolign et al., 2016; Neubert, 1993). This projection incorporates inflow 

dynamics and operational regulations. In general, these models have utilised a node-link 

structure, where nodes represent various elements like reservoirs, boundary inflows, water 

demands, return flows, and reservoir discharge, while links represent connections such as river 

reaches and transfers. Most of these models facilitate the redistribution of water within a depicted 

system by assigning priority levels to various water allocations (Azevedo et al., 2000; Nabinejad 

et al., 2017; Yates et al., 2005). This prioritisation is mathematically formulated as the 

minimisation of a penalty, typically achieved through the application of linear programming 

algorithms (Can & Houck, 1984; Momoh et al., 1999). Water resource systems, characterised by 

their inherent complexity, are influenced by a myriad of qualitative and quantitative factors that 

collectively govern the availability of water resources (Raju & Pillai, 1999). In the context of 

transboundary river basins, water allocation can become a contentious issue, potentially leading 

to political sensitivities among countries sharing these resources. For example, disagreements 

among developing countries, such as South Africa, Swaziland, and Mozambique, regarding 

transboundary catchment management aspects like water allocation, environmental flow 

releases, and inter-basin transfers have persistently surfaced as a significant concern (Nkomo & 

van der Zaag, 2004). Furthermore, in the face of climate change, reservoir and resource 

management has become increasingly crucial, with research highlighting the challenges and 

issues prevalent in South Africa's water resource management (Savenije & van der Zaag, 2008).  

Lumped models based on the black-box approach have been commonly employed in 

hydrological studies according to Xu & Singh (2004). Black-box models are characterised by 

their ability to use inputs and outputs to generate useful information, without revealing the 
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internal workings of the model (Maeda et al., 2021). For instance, the WRYM is a process-based 

model that incorporates operating rules. Despite representing processes, it remains a black-box 

model because users cannot access its internal workings. The Pywr model is also process-based; 

however, Pywr distinguishes itself as an open-source platform, allowing users to access and 

understand how processes are represented within the model. 

Many of these models use the storage concepts as discussed in Fleming (1975). These lumped 

models have undergone substantial development over the past few decades, encompassing time-

steps from monthly to less than a day. For instance, monthly models such as the T-model 

(Thornthwaite, 1955), the abcd-model (Thomas Jr, 1981), and the P-model (Alley, 1984; Palmer, 

1965) conceptually describe hydrologic processes occurring on land, which are spatially 

averaged or lumped (Xu & Singh, 1998). In addition, daily lumped models have emerged in recent 

decades in Europe, the United States of America, Canada, and Asia, such as the Hydrologiska 

Byråns Vattenbalansavdelning (HBV) model (Bergström, 1992), the daily version of the Monash 

rainfall-runoff (HYDROLOG) model (Porter & McMahon, 1971) and the Xinanjiang model 

(Zhao, 1992). Nonetheless, notable challenges confronting monthly or daily lumped and 

distributed models are the scarcity, unavailability, and insufficiency of meteorological data (e.g., 

precipitation, temperature) (Baisch, 2009; Dinku, 2019), as these models depend heavily on such 

data to estimate hydrological parameters. These lumped models serve diverse purposes such as 

flood prediction, water resources assessment, studies on the impact of climate change, and water 

resources management, as outlined by Xu & Singh (2004).  

Within the context of Southern African countries, the WRYM has played a pivotal role as the 

primary tool in official joint water resources studies, as confirmed by Juízo & Lidén (2010). 

However, it is essential to recognise that water resources infrastructure alone may not be the sole 

determinant of water availability and equitable allocation between nations and various users 

within a shared river basin (Juízo & Lidén, 2010). Remarkably, WRYM has served as the 

cornerstone of water resources management in the region for over two decades, as documented 

by Nkwonta et al. (2017). It is imperative to acknowledge that a country's development is 

intricately intertwined with its management of water resources (Casey et al., 2017). Nevertheless, 

the prevailing reliance on the WRYM tool has resulted in a shift in the focus of discussions. 

Instead of primarily centring on strategies to enhance water resource allocation among Southern 

African countries, the conversation has transitioned towards an in-depth examination of the tool's 

inherent characteristics and limitations (Juízo & Lidén, 2010). This shift in emphasis may have 

contributed to the emergence of trust issues among Southern African countries engaged in 
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collaborative river-basin projects. The transparency and user-friendliness of the models are 

important factors in water resource allocation models (Horlitz, 2007; Juízo & Líden, 2008; 

Wurbs, 1993), with these two characteristics lacking in the most utilised water resource 

management model in Southern Africa.  

Previous study has underscored the significance of factors beyond technical complexity when 

evaluating the efficacy of water resource allocation models within shared river basins (Juízo & 

Líden, 2008). These factors include the integrity and transparency of the model developer, as well 

as the principles guiding allocation and prioritisation specific to the river basin in question. 

Within this context, it becomes evident that the WRYM poses certain challenges. The model's 

intricate nature and limited transparency often hinder stakeholders' comprehension and trust in 

the outcomes it produces. Furthermore, trust issues have arisen between the predominantly South 

African model developers and other governments acting as stakeholders in shared river basins 

(Juízo & Lidén, 2010). It is important to note that the utilisation of the WRYM requires 

authorisation, as it operates under licensing restrictions for water resource projects and research. 

The ensuing controversies regarding the model's performance can potentially spill over into 

disputes surrounding system analysis results (Juízo & Líden, 2008). Moreover, according to Xu 

& Singh (2004), in a lumped approach to runoff modelling, the catchment is regarded as a 

spatially singular entity with the role of converting rainfall excess into an outflow hydrograph, 

utilising a black-box approach to model various hydrological processes. The optimisation 

operation of the WRYM utilises a black-box approach as it considers the water wastage as 

outflows from the system (Nkwonta et al., 2017). Hence, in various instances (e.g., Arnold & 

Orlob, 1989; Paredes & Lund, 2006), water resource management tends to disregard the aspects 

related to water quality, often treating them exclusively as constraints rather than integral 

components of the management framework (Paredes-Arquiola et al., 2010). Lumped models, 

exemplified by the WRYM model, tend to route runoff directly to the catchment outlet without 

explicit consideration of interactions among runoff from diverse areas. The oversight of how 

these interactions impact solute export introduces uncertainties, with the spatial representation of 

the catchment being a notable concern, as highlighted by Neumann et al. (2007). This limitation 

could serve as a barrier to achieving sustainable and equitable water management and planning, 

particularly concerning water quality, a critical aspect, especially in developing countries. Hence, 

developing countries should consider implementing distributed daily models capable of 

reflecting water quantity dynamics and easily integrating with water quality models such as the 

Pywr model.  
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According to Tomlinson et al. (2020), Pywr is a computational library that enables modellers to 

construct water resource models and conduct multi-objective assessments. The modular model's 

architecture facilitates smooth deployment in high-performance and cloud computing 

environments. The Pywr algorithm operates with two key loops in simulations: an outer loop, 

progressing through time-steps (e.g., monthly, weekly, daily), and an inner loop, exploring 

scenarios within each time-step. The Pywr model uses directed graphs with core nodes like 

“input”, “output”, “storage” and “links”, and the Pywr library provides essential tools for 

modelling, organising, executing, and analysing resource systems.  

This versatile tool not only bridges the gap in cross-sectoral approaches to investment strategies 

but also facilitates an objective conceptualisation of the Water-Energy-Food (WEF) nexus (e.g., 

Gabriel & Palma, 2021). Moreover, Pywr's potential extends to guiding sustainable development 

by facilitating the design, operation and optimisation of Water-Energy-Food-Environment 

(WEFE) resource systems. Within the Volta River Basin, particularly in the context of Ghana 

(Gonzalez et al., 2021), Pywr served as a valued tool for analysing the consequences of proposed 

infrastructure development and operational strategies on the existing water supply system, 

ecosystem services, and conflicts among stakeholders. The flexibility of the Pywr model, coupled 

with its adaptability to simulate power systems in developing countries, as exemplified in the case 

study of Ghana (Gonzalez et al., 2021), has emerged as an instrumental factor in addressing the 

longstanding challenges identified in previous studies. In its application to a river basin in Chile 

(Vicuña et al., 2019), Pywr served as an essential tool in analysing various interventions, such as 

infrastructure development and policy changes. In the context of climate change, the Pywr model 

has proved its efficiency in evaluating and optimising adaptation measures for water supply, 

including storage infrastructure and water market extensions, with a specific application to the 

City of Santiago, Chile (Ricalde et al., 2022).  

The Pywr model has an excellent computational speed, with the time taken to run 160 scenarios 

only approximately four times that to run a single scenario (Tomlinson et al., 2020). Past studies 

showed that running multiple scenarios in one simulation is more efficient than running each 

scenario in separate parallel processes that do not share memory (e.g., Hybinette & Fujimoto, 

2001; Pinho et al., 2012; Tomlinson et al., 2020). Pywr was also employed in the optimisation of 

a land-cover design in a catchment area with multiple objectives, including flood propensity, total 

annual runoff volume, solar power potential, food production, and ecosystem health (Janus et al., 

2023). 
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1.3 National Water Resources Strategy (NWRS) 

In South Africa, the development of water policy has been influenced by political and technical 

factors, leading to the establishment of the National Water Act (NWA) in 1998 (de Coning, 2006), 

and the Water Services Act (No. 108 of 1997) (DWAF, 1997). The NWA and WSA aim to ensure 

equitable access to water for all South Africans ending all racial, class, and gender discrimination, 

protecting the environment, and promoting sustainable water management practices. 

Additionally, the WSA deals with the provision of water supply, sanitation services, and how to 

price water within the context of a municipal financing policy. 

Resource Directed Management (RDM) was developed by the Department of Water Affairs and 

Forestry (DWAF) in 2006 to ensure the sustainable management and protection of water 

resources, considering ecological, social, and economic considerations. Although the NWA does 

not explicitly mention RDM, it still recognizes the principle that water resources should not be 

exploited to the detriment of future users. RDM involves implementing strategies and actions 

aimed at managing factors that contribute to negative effects on water quality, guided by Resource 

Quality Objectives (RQOs) according to DWAF (2006). This includes Source Directed Control 

(SDC) to address the root causes of water quality issues. As part of RDM, Catchment 

Management Strategies (CMS) are developed, incorporating a water quality framework plan and 

a water quality allocation plan aligned with Resource Water Quality Objectives (RWQOs) to 

achieve RQOs (DWAF, 2006). According to DWA (2011), RDM measures are applied to address 

water quality issues in the Grootdraai Dam Catchment to mitigate the impact of urban, mining, 

and industrial areas, as well as dryland agriculture, and to protect the water quality in the dam.  

The NWA mandated the creation of the National Water Resources Strategy (NWRS), the 

inaugural version of which was released in 2004, followed by the second edition (NWRS2) in 

2013. The NWRS2 outlines various key aspects, including objectives, challenges, and proposed 

actions, as described by DWS (2013). However, some areas might be critical and need further 

exploration. While the NWRS2 underscores the importance of involving stakeholders in the 

decision-making process concerning water resources management and planning, such as local 

communities, industries, and environmental groups, a structured procedure, or tools, to facilitate 

this objective is not clearly defined. For instance, previous studies have identified this 

shortcoming as a barrier to achieving sustainable and equitable water resource management 

(Adom & Simatele, 2022; Anokye, 2013; Conallin et al., 2017; Megdal et al., 2017; Sigalla et al., 

2021). In addition, DWS (2013) affirmed that, in the majority of instances, deficiencies in water 

supply can be attributed not to inadequacies in water resources availability, but rather to 
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deficiencies in the management of water supply systems. For instance, there is an urgent need to 

improve water management practices and infrastructure maintenance to ensure more efficient 

and sustainable water resource management (Mothetho, 2018; Ruiters & Matji, 2015). The 

NWRS2 acknowledges that South Africa faces challenges related to climate change impacts, 

pollution, and poor governance, but the complex interaction between changes in water quantity 

and quality, along with their combined impacts, remains largely unexplored in South Africa 

(Schulze, 2010). Research into the influence of climate change on water quality remains in its 

nascent stage and requires further development (Ngcobo, 2013). Currently, there is limited 

integration of climate change scenarios into water quality modelling, and the capacity for 

conducting comprehensive assessments of climate change is insufficient (Ziervogel et al., 2014). 

Consequently, a critical gap exists in fully incorporating water quality considerations into long 

term planning to ensure water supply and quality security in South Africa, particularly under 

changing conditions.  

1.4 Key Drivers of Water Quality Degradation in South Africa 

South Africa grapples with water scarcity as the demand for and utilisation of water surpasses the 

natural resources available in various river basins (UNEP, 2009). Since 1994, the substantial 

increases in South Africa's population across multiple provinces have posed a substantial 

challenge, triggering concerns for water scarcity and security and leading to water quality-related 

risks to human health (Tempelhoff, 2009). Several factors contribute to water quality 

degradation, among them: (i) changes in land-use and land-cover; (ii) inadequate and unsuitable 

irrigation practices; (iii) lack of wastewater treatment; (iv) effluent from mines; (v) climate 

change. For instance, salinisation remains an ongoing water quality concern in South Africa, 

primarily attributed to the discharge of municipal and industrial effluents, the return flows from 

irrigation, urban stormwater runoff, the mobilisation of pollutants from mines and businesses, 

and seepage from waste disposal sites (Dikio, 2010; du Plessis, 2017; Lerotholi et al., 2004; 

Williams et al., 2003). In addition, unsustainable abstraction may contribute to water quality 

problems, leaving less water available for dilution. Chapman (2021) demonstrated the evolving 

significance of water quality issues from the 1850s to the post-1980s era, emphasising concerns 

such as organic pollution, metal pollution, eutrophication, nitrate pollution, and acid rain. These 

water quality issues may be caused by high population growth, economic development, and an 

increase in infrastructure development that induces changes in catchment hydrological response, 

such as dams or transfer schemes.  
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According to the DWA (2011), various water quality issues were identified within the Upper Vaal 

water management area including eutrophication, salinisation, turbidity, toxicants, and acid mine 

drainage. These issues primarily stem from factors such as Wastewater Treatment Works 

(WWTW), intensive agriculture, fertiliser application, and urban sewage, as well as operational 

and abandoned mines. In 2011, DWA warned that without effective mine water management, 

Grootdraai Dam's long term water quality is at risk, particularly during closures. Furthermore, the 

water quality in the Vaal River at Schmidtsdrift, which is upstream of Grootdraai Dam, was found 

to be unacceptable owing to high levels of salts and nutrients, especially high levels of ammonia.  

1.5 Rationale and Significance of the Study 

The Vaal River Catchment, particularly the Grootdraai Dam Catchment, plays a pivotal role in 

South Africa's socio-economic well-being (du Plessis et al., 2015). It serves as a crucial pillar for 

various industries, including manufacturing, mining, agriculture, tourism, and petrochemical 

production, all vital for the country's economic development (DWAF, 2004). These sectors 

heavily rely on the raw water supply from the Vaal and the Grootdraai Dam catchments to sustain 

their operations. Nonetheless, water quality in the catchment has shown a concerning decline 

over time (du Plessis et al., 2015). This deterioration has been attributed to a multitude of factors, 

encompassing non-point sources (Ncube, 2015; Ntshalintshali, 2019), like runoff from 

agricultural lands, and point sources, such as inadequately treated or untreated effluents 

discharged from municipal WWTW (du Plessis et al., 2015). The compounding effect of variable 

and evolving climate patterns, changes in land-use, and a lack of predictive tools for informed 

scenario analysis collectively contribute to the complex challenge. The catchment encompasses 

the upper Vaal River, its tributaries, and several smaller streams, receiving inflows from transfer 

schemes like Heyshoop and Zaaihoek, while also transferring water out to the Vaal-Olifants 

transfer scheme (Pitman et al., 2002).  

The poor raw water quality can escalate the cost of treating the abstracted water to meet industrial 

standards. This, in turn, may increase operational expenses for industries, potentially leading to 

job losses and endangering the sustainability of raw-water-dependent operations in the 

catchment. Ecologically, water quality degradation may result in increased biodiversity loss, 

reduced species diversity, and wetland degradation in the catchment (Akhtar et al., 2021). 

Addressing this issue requires technical solutions and decision-making frameworks to assist in 

informed decision-making which is currently lacking and one of the key drivers of poor water 

resource management, among which a predictive model can fulfil the crucial need to forecast 
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water quality changes. This study aligns with the broader framework of water quality 

management in South Africa, providing a contribution to academic research in the field. Hence, 

this study's contributions are presented in three pillars: (i) application of the open-source, free 

Pywr model, validated against the licensed, commonly employed WRYM for water quantity 

modelling, and the Pywr-WQ model for water quality modelling; (ii) examination of the 

dynamics in water quality under various scenarios (i.e., climate change, changes in land-use, and 

water use changes) over the medium and long term; (iii) development of water quantity-quality 

modelling frameworks for sustainable and equitable water resource management. 

1.6 Aim and Objectives 

1.6.1 Aim 

This study aimed to predict current and future water quality changes in the Grootdraai Dam 

Catchment due to various natural and anthropogenic factors, including land-use and land-cover 

changes, climate change, and planned demand increases, across medium and long term scenarios 

identified by stakeholders as possible. 

1.6.2 Objectives 

The study questions that prompted the specific objectives are as follows: 

i. What is the applicability and effectiveness of the Pywr model, known for its 

distributed structure, compared to the previously employed WRYM, within the 

Grootdraai Dam Catchment? 

ii. How well does the Pywr-WQ model perform in simulating and predicting water 

quality based on historical data in the Grootdraai Dam Catchment? 

iii. How do alterations in land-use and land-cover affect water quality in the medium and 

long term, and how can predictive input parameters derived from multiple regression 

models be integrated into the Pywr-WQ model to better understand these effects? 

iv. What are the implications of changes in water usage patterns, mine closures, and 

climate change scenarios for water quality in the Grootdraai Dam Catchment over the 

medium and long term? 

The overall aim of this study was achieved through the following objectives: 

i. To implement the Pywr model, followed by an assessment of its applicability through 

a rigorous validation process against the previously utilised WRYM, within the 

Grootdraai Dam Catchment. This is crucial to address the specific need for a more 

distributed model in this catchment area. 
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ii. To apply Pywr-WQ model, encompassing model calibration and subsequent 

validation against historical water quality datasets derived from the study area 

Grootdraai Dam Catchment. 

iii. To investigate the influence of alterations in land-use on water quality, particularly 

over the medium and long term.  

iv. To assess modifications in water usage patterns in conjunction with scenarios 

involving mine closure and climate change on water quality in the Grootdraai Dam 

Catchment over the medium and long term. 

1.7 Thesis Design 

Chapter 1: This chapter comprises the study's introduction and literature review. It encompasses 

the rationale and significance of this study, along with a detailed presentation of the study's aims 

and objectives. 

 

Chapter 2: This chapter introduces the pressing concern of water quality in the Grootdraai Dam 

Catchment, emphasising its importance to stakeholders. It delves into the geological, soil, and 

land-use characteristics of the region, highlighting their roles in water quality dynamics.  

 

Chapter 3: The Pywr model is introduced as an alternative to the WRYM for the Grootdraai Dam 

Catchment. The effectiveness and flexibility of Pywr are evaluated, showing its potential for 

enhanced water resource modelling when compared to WRYM. 

 

Chapter 4: This chapter directly addresses the critical global issue of water quality degradation 

by introducing the Pywr-WQ model, which seamlessly integrates water quality mechanisms from 

WQSAM. The Pywr-WQ model is dynamically linked to the Pywr model. With a focus on the 

Grootdraai Dam Catchment, the strategic objectives include catchment setup in the Pywr-WQ 

model; the statistical separation of baseflow; and the detailed calibration and validation of the 

Pywr-WQ model using historical data. 

 

Chapter 5: This chapter provides a study of water quality dynamics in the Grootdraai Dam 

Catchment. It highlights the challenges faced in water quality modelling, driven by limited data, 

technical gaps, and financial constraints. Using the Pywr-WQ model, the study focuses on 

improving non-point load modelling through the evaluation of land-use models and regression 
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analysis. The chapter aims to enhance our understanding of the relationship between land-cover 

and water quality.  

 

Chapter 6: The chapter delves into the consequences of a future scenario of increased 

abstraction, climate change, and decreased coal mining (or mining impacts) in the Grootdraai 

Dam Catchment. Amidst South Africa's prominence as a mining hub, exists a delicate balance 

between economic prosperity and sustainable development. To address these concerns, the study 

employs the Pywr-WQ model for a comprehensive assessment of how mining cessation affects 

water quality. It also probes the viability of this strategy against the backdrop of shifting climate 

patterns and rising water demands. 

 

Chapter 7: This chapter serves as the culmination of the study, offering a comprehensive 

discussion of the results, an in-depth critical evaluation of the study frameworks, and the 

implications within the water quality scientific community in South Africa. The chapter not only 

highlights the significance of the findings but also provides recommendations for addressing the 

challenges identified throughout this study.   
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CHAPTER 2: STUDY AREA BACKGROUND 
 

2.1 Introduction  

The study area has been an ongoing cause of concern for investigators and stakeholders 

(industries, government, and civil society) alike because of the varying water quality that poses a 

significant threat to industries, agricultural activities, public health, and ecological systems. that 

rely on it for water supplies. The Grootdraai Dam Catchment was selected for its socioeconomic 

and ecological importance (du Plessis et al., 2015). The location is under three different 

environments of contamination: air (Braune et al., 1987), soil, and water pollution (Ncube, 2014). 

This significant degradation of ecosystems in the area is due to human activities (Pörtner et al., 

2021), and as a result, the economic weight is one of the essential factors for site selection because 

it is associated with multiple and different actions related to the economy and generates serious 

degradation of water quality (du Plessis, 2017). This chapter focuses on these subject areas: i) 

geology and soil, ii) land-use, and iii) hydrology and climate of the Grootdraai Dam Catchment.  

2.2 Study Area Description  

The Grootdraai Dam Catchment is in the Mpumalanga Province (Figure 2.1), South Africa 

(Simpson et al., 2019), bounded by Limpopo Province to the north, Mozambique, and Swaziland 

to the east, KwaZulu-Natal and Free State provinces to the south, and Gauteng Province to the 

west. The Grootdraai Dam is situated northeast of the Upper Vaal, Gauteng Province, South 

Africa. As stated by Jeleni & Mare (2007), the Upper Vaal WMA has an advanced position of 

industrialisation and development with a high population density. It represents a significant 

WMA within South Africa in terms of water resource management compared to the Orange-Vaal 

WMAs. Jeleni & Mare (2007) affirmed that the Grootdraai Dam, Vaal Dam, Sterkfontein Dam, 

and Bloemhof Dam comprise the main Vaal system. The Grootdraai Dam Catchment is composed 

of twelve quaternary catchments and eleven towns, namely: Standerton, Bethal, Ermelo, 

Amersfoort, Volksrust, Davel, Breyten, Morgenzon, Perdekon, Thuthukani, and Camden. In this 

context, a quaternary catchment, classified as the fourth order in a hierarchical system, serves as 

a primary water management unit in South Africa, attempting to facilitate effective water 

resource management (DWS, 2011). Most of South Africa's coal-fired power stations are in 

Mpumalanga, strategically situated near the mines that supply coal (Simpson et al., 2019). There 

are four mines located upstream of the Grootdraai Dam, namely, the Vunene coal mine, Umlabu 

Colliery, Golfview mine, and Spitzkop mine. In addition, there are three mines located on the 

catchment boundaries: Penumbra Coal Mine, Thutsi Colliery, and New Denmark Colliery. In 
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addition, the Grootdraai Dam Catchment includes three power stations, namely the Camden, 

Majuba, and Tutuka power stations. 

 

Figure 2.1: Map displaying the geospatial location of the Grootdraai Dam Catchment within 
the broader Upper Vaal Catchment, South Africa. 

2.3 Geology and Soil of the Grootdraai Dam Catchment  

The geology of Mpumalanga Province is rich owing to its historical significance, which led to 

extensive mining activity in the region. Mining operations in Mpumalanga extract a range of 

minerals and commodities, including coal, ferrochrome, ferromanganese, gold, iron ore, nickel, 

and platinum (Utembe et al., 2015). The Grootdraai Dam Catchment geology is underlain by four 

sub-groups: Volksrust, Beaufort, Karoo, and Vryheid. The Volksrust and Beaufort dominate the 

southeast part of the catchment, whereas the Vryheid is dominant in the northeast part of the 

catchment, and the Karoo Dolorite dominates most parts, as presented in Figure 2.2. Thus, the 

lithological characteristics of the catchment are composed of two main groups, intercalated 

arenaceous and, principally, argillaceous strata. This type of lithology is mainly composed of clay 

layers (Durmishyan, 1974), and it is known for its ability to absorb and retain water (Carretero, 

2002), and its capacity to adsorb pollutants such as organic or inorganic nutrients, heavy metals, 

and other types of pollutants (Uddin, 2017). The movement of water flow through strata pores 
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may facilitate the mobilisation of contaminants, leading to water quality degradation on a wide-

reaching scale across groundwater and surface-water bodies. 

 

Figure 2.2: Map displaying geological layer classification for the Grootdraai Dam Catchment 
within the broader Upper Vaal Catchment, South Africa. 

The soil data for the study was obtained from the Soil and Terrain Database for Southern Africa 

(SOTERSAF), a database hosted on Food and Agriculture Organisation (FAO) Africa soils, 

(https://library.mcmaster.ca/maps/geospatial/soil-and-terrain-database-southern-africa-

sotersaf). The soil type in the Grootdraai Dam Catchment, being a subset of Mpumalanga 

Province, is expected to exhibit similar characteristics as the broader region, which consists of 

varying ratios of clay, sand, and loam. According to DCOGTA (2019), there are various types of 

soil in the area, including soils with reddish colouration, soils with yellow colouration, soils 

classified as vertic and melanic, pedologically young soil, and exposed rock covering about 

18.7%, 0.9%, 17.7%, 22.0%, and 6.9% of the area, respectively. Loam soil dominates 

approximately 65% of the area, while sandy and clay soils account for 21.4% and 12.8%, 

respectively (Figure 2.3). Similar types of soil are observed in the catchment with varying 

percentages and distribution (Table 2.1). Sandy clay to clay soil is the dominant type, particularly 

downstream and towards the centre of the catchment. Sandy loam soil represents the second most 

prevalent type, with loamy sand to sandy loam, which is mostly found in the northeast of the 

https://library.mcmaster.ca/maps/geospatial/soil-and-terrain-database-southern-africa-sotersaf
https://library.mcmaster.ca/maps/geospatial/soil-and-terrain-database-southern-africa-sotersaf
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catchment. Poor land management, land-use change, and climate change may cause soil 

loosening, transport, and relocation, contributing to water quality degradation (Issaka & Ashraf, 

2017). The dominant type of soil has a strong adsorption capacity for phosphate, heavy metals, 

and organics (Song et al., 2021). Soil erosion may contribute to clay sediment relocation to water 

bodies, causing nutrients and heavy metal loading to waterbodies and wetlands, resulting in water 

eutrophication and disturbance of the aquatic environment (Issaka & Ashraf, 2017).  

 

Figure 2.3: Map displaying soil type classification for the Grootdraai Dam Catchment within 
the broader Upper Vaal Catchment, South Africa. In this map, "Lm" denotes loam, "Sa" 
signifies sand, and "Cl" represents clay. 

2.4 Land-Use of the Grootdraai Dam Catchment  

According to the land-cover distribution proportion for the year 2009, the Grootdraai Dam 

Catchment was dominated by cultivated land estimated to be more than 82%, with the remainder 

consisting of natural land, water bodies, mining, and forest (du Plessis et al., 2015). Figure 2.4 

provides a land-use and land-cover map for the year 2020 presenting different land-use classes 

such as urban areas, grassland, cultivated land, bare land, and water bodies (reservoirs, wetlands). 

The Landsat images were provided by the Southern African National Land-Cover SANLC 

programme for the year 2020 [https://egis.environment.gov.za/]. The predominant land-cover 

class in the area is grassland, accounting for approximately 49% of the total land-cover. The 
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second dominant land-use category is agricultural activity, including cultivated land, which 

accounts for 42% of the total land-cover and is mainly found in the northeast of the watershed, 

gradually extending downstream throughout the catchment. There is also a small portion 

estimated to be 5% of water bodies (i.e., dams and wetlands) and mining areas that form 

approximately less than 0.4% of the catchment landscape. Altogether urban and mining areas 

present a small fraction of land-use, less than 6% of the total land-cover (Table 2.1). Although 

mining areas present a small fraction (approximately less than 0.4% of the total land-cover), their 

effect on water quality may eventually be significant owing to their influence on the production 

of acid mine drainage (du Plessis et al., 2015).  

Table 2.1: Percentage composition of land-use and land-cover sub-features, and soil types in 
the Grootdraai Dam Catchment. 

Features Sub-features Area (Km2) % Grootdraai Dam 

Catchment 

Land-Cover and 

Land-Use classes 

Forest 128.5 1.45 
Shrub land < 1  < 1 
Grassland 4163.9 47.4 

Cultivated land 3750.5 42.7 
Barren land 17.9 0.21 

Urban built-up 163.1 1.85 
Water bodies 95.8 1.09 

Wetlands 435.9 4.97 
Mines-Quarries 29.4 0.33 

Soil 
Loamy sand 1271.2 14.4 
Sandy clay 4785.2 54.5 
Sandy loam 2728.6 31.1 
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Figure 2.4: Map displaying land-use and land-cover classification for the Grootdraai Dam 
Catchment within the broader Upper Vaal Catchment, South Africa. 

2.5 Hydrology and Climate of the Grootdraai Dam Catchment  

The Grootdraai Dam Catchment is situated in the C1 secondary catchment in the Vaal River 

Catchment areas. It comprises eleven quaternary catchments (i.e., C11M, C11L, C11K, C11G, 

C11J, C11E, C11H, C11A, C11B, C11C, C11D) with an area of about 8785 km2 and a perimeter 

length of 1532 km (Figure 2.5). The primary river stretches approximately 163.4 km in length. 

The study area has a low elevation band differences value ranging from 1500 m to 2029 m, 

decreasing from the southeast gradually towards the downstream of the catchment (Figure 2.5).  

The study area is characterised by a sub-humid climate (van Wyk, 2010), where the rainfall varies 

from 603 mm to 903 mm per annum (Figure 2.6). Climate variability may be considered one of 

the factors influencing water quality (Nazari-Sharabian et al., 2018; Ziervogel et al., 2014), but a 

study conducted by du Plessis et al. (2015) found that rainfall, evaporation, and water flow 

variability may not significantly contribute to water quality degradation in the Grootdraai Dam 

Catchment. 
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Figure 2.5: Map displaying the river network and elevation of the Grootdraai Dam Catchment 
within the broader Upper Vaal Catchment, South Africa. 

 

Figure 2.6: Boundaries of the major climate zones in Southern Africa (Van Wyk, 2010). 
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The Grootdraai Dam Catchment is a critical area with diverse geological, soil, and land-use 

characteristics. The catchment's complexity, from its mineral geology to its soil types and land 

uses, highlights the challenges and importance of effective water resource management. The 

region's hydrology and climate further influence its water quality dynamics. Understanding the 

interaction between water quantity and quality is important for comprehending the structure and 

functioning of the water system in the catchment. Additionally, exploring how these quantity-

quality relationships behave under anticipated scenarios, such as land-cover and land-use 

changes, climate change, and increased demand, are addressed in the upcoming chapters. 
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CHAPTER 3: PYWR, AN ALTERNATIVE MODEL TO THE WRYM: A 

CASE STUDY FOR THE GROOTDRAAI DAM CATCHMENT, UPPER 

VAAL, SOUTH AFRICA 
 

3.1 Introduction  

Water resource models are crucial tools for planning, managing, and governing water resources, 

and it is imperative to assess the extent to which these models can effectively address a diverse 

array of challenges (e.g., water quantity allocation). These models can act as informed decision-

making tools for effective water resource management. Nkwonta et al. (2017) described a water 

resource model as an environment to assess several scenarios and test the impact of implemented 

management operations, infrastructures, and policy measures. In addition, these models operate 

as useful tools to back up qualitative understanding with quantitative data (Loucks & van Beek, 

2017).  

In water resource management, a diverse array of approaches and models has been utilised 

globally, contributing to extensive research and evolving strategies for sustainable water 

management. Examples include the ad hoc approach (Rule-based) (Cetinkaya et al., 2008); 

algorithms like the 'out-kilter' algorithm that are applied for an efficient solution (Fulkerson, 

2006); and REALM (REsource Allocation Model) that allows users to develop specific water 

allocation models for various types of water supply systems (Perera et al., 2005). However, 

according to Ilich (2009), these approaches (e.g., mathematical optimisation algorithms) may 

cause problems, and caution is crucial when using this type of approach, including for handling 

flow constraints. These approaches may depend on expert input (Rizzo et al., 2016), which would 

constrain their use within a developing country such as South Africa, which contends with a 

deficiency in institutional capabilities and financial resources (Viljoen & van der Walt, 2018). 

Over time, different kinds of water allocation models, such as AQUATOOL (Andreu et al., 1996), 

Water Evaluation and Planning (WEAP) (Yates et al., 2009), and others have been developed and 

used. These models shaped the development of water management and planning by introducing 

a new approach to decision-making, namely Decision Making under Deep Uncertainty (DMDU) 

(Tomlinson et al., 2020). Yet the application of the approach of integrating only one or two 

different scenarios with similar data seems to be inefficient as it does not capture the full range of 

uncertainties, potentially leading to inefficient and inaccurate decision-making (Tomlinson et al., 

2020). Another difficulty resides in the sensitivity or robustness metrics (Herman et al., 2015). 
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The WRYM, which is part of the Water Resources System Model (WRSM) (Mallory et al., 2011), 

is a model used for yield analysis, and it has been considered a tool for managing South Africa's 

water resource for more than 20 years (Nkwonta et al., 2017). The WRYM is not an Open-Source 

model as the legal custodian of the WRYM is the Department of Water and Sanitation (DWS). 

Various critical uncertainties have been associated with the WRYM, among them, (1) 

assumptions that depend on the user; (2) the accuracy of the result is data-dependent; and (3) 

modelling software may not be user-friendly as it requires experts for configuration, 

interpretation, and testing (Nkwonta et al., 2017). In addition, Nkwonta et al. (2017) affirmed that 

the WRYM spatially lumped. For instance, the model cannot simulate evaporation losses 

accurately due to undefined relationships between surface area and storage volume for lumped 

storage units. The reliance on proprietary models such as WRYM in South Africa has led to 

capacity challenges due to limited training opportunities and associated costs. Many existing 

WRYM applications, dating back to the 2010s, are outdated and require urgent updates (Juízo & 

Lidén, 2010). In addition, in regions in which these models have been applied, a spatially lumped 

representation of a catchment has, historically, generally been sufficient for water quantity 

management requirements. However, with increasing emphasis on water quality management, 

there is an urgent need to generate more spatially distributed simulations of water quantity to drive 

water quality simulations. 

A recent water resource simulator was developed in a Python environment called Pywr 

(Tomlinson et al., 2020). The model used a linear programming approach and implemented 

advanced Decision-making under Deep Uncertainty (DMDU) by incorporating a many-scenario 

simulation methodology. Distinctive features set Pywr apart from other DMDU models 

(Tomlinson et al., 2020). These features include:  

i. Time-stepping optimisation; 

ii.  Multi-scenario simulation;  

iii. Cross-platform compatibility (e.g., it allows users to develop models on one operating 

system and run large simulation studies on another);  

iv. Clear separation of computational and interface layers (e.g., its deployment in high-

performance computing and cloud environments).  

Pywr is an Open-Source, free model, which makes it accessible to different stakeholders 

(academia and non-academic), the model is user-friendly and has flexibility in the spatiotemporal 

scale at which it is applied. Pywr gives the user access to add developing infrastructure to the 
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water supply and to investigate its impact on the water system. Thus, the model can aid 

stakeholders in reaching a common understanding of the water system and any system changes. 

The model promotes the use of advanced multi-criteria analysis, which means that its structure 

has an extension to apply climate change, climate adaptation, and climate mitigation scenarios for 

long term impact for a specific water system.  

This chapter aims to develop a daily time-step, spatially distributed water allocation model for the 

Grootdraai Dam Catchment based on an existing monthly-time-step, spatially lumped 

representation of the same catchment. The objectives of this chapter are to: 

i. Establish a Pywr spatially distributed and daily time-step water resource model of the 

Grootdraai Dam Catchment. 

ii. Calibrate and validate the Pywr model by comparing flow simulations against those 

of the WYRM. 

3.2 Methods and Materials 

3.2.1 Overview of the study area  

The Grootdraai Dam is part of the Grootdraai Dam Catchment (as illustrated in Figure 2.1 in 

Chapter 2) and forms an integral part of the Upper Vaal Catchment, South Africa. The reservoir, 

completed in 1982 with a capacity of 350 million cubic meters (DWAF, 2009), was originally 

built to fulfil the water requirements of the Sasol coal-to-liquid plant in Secunda, a critical facility 

in the region’s energy sector. The dam also plays a crucial role in supporting industries, such as 

electricity generation by Eskom at its Tutuka, Majuba, and Camden power stations, as well as coal 

mines. Spanning approximately 8785 km², the Grootdraai Dam Catchment is linked to inflowing 

transfer schemes, such as Heyshope and Zaaihoek, and the Vaal-Olifants outflow transfer 

scheme. 

3.2.2 Description of the lumped, monthly-time-step WRYM model for the Grootdraai Dam 

Catchment 

Figure 3.1 illustrates the monthly lumped model structure utilised within the WRYM in a 

previous project by Aurecon (2020). The WRYM represents water resource supply and demands 

through a flow network, using nodes and links, with natural monthly flows as its primary input 

(DWS, 2006). The WRYM model also represents water resource system behaviour, generating 

historical monthly inflow sequences to reservoirs and nodal points (Nkwonta et al., 2017). The 

WRYM facilitates system simulation and stochastic streamflow sequence generation for 

planning analyses (Coleman et al., 2007; Maass, 2017). Moreover, the model advocates for the 
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equitable utilisation of interdependent water resources, fostering sustainable water resource 

management within a catchment area and facilitating subsequent ecological assessments. Figure 

3.1 represents a systems diagram of the Grootdraai Dam Catchment representation in the 

WRYM. Figure 3.1 is taken from the larger representation of the Upper Vaal River Catchment in 

the study by Aurecon (2020).  

 

Figure 3.1: Water system diagram of the WRYM for the Grootdraai Catchment, Upper Vaal 
Catchment, South Africa, taken from the study by Aurecon (2020).  
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The WRYM has a node link structure, represented as circles connected by lines in Figure 3.1. 

Arrows with a central wave-shaped interruption represent natural inflow into the system, such as 

the example shown entering node 34. Node 34 accumulates natural inflow from specific 

quaternary catchments, including C11E, C11J, C11G, and C11F, as depicted in Figure 3.1. 

Return flows and demands are represented as arrows pointing to and away from nodes, 

respectively; for example, node 372 displays one arrow indicating demand (outward) and another 

indicating return flow (inward). These inward flows may originate from potential sewage, 

WWTW, or industrial activities in the vicinity. Water storage is represented as blue triangles. 

Apart from established reservoirs in the catchment, such as the Grootdraai Dam, the WRYM also 

represents the cumulative storage of multiple small dams used in agriculture and industry as 

‘dummy dams’, for example, dummy dam 200 in Figure 3.1. The WRYM adopts a lumped spatial 

structure. In this regard, circles around particular branches of the systems diagram, along with 

associated orange boxes, represent the quaternary catchments falling within that branch. The 

diamond shapes in Figure 3.1 represent gauges measuring return flow and in-stream river flow, 

which were used to establish return flows in the model and to validate the results of the WRYM, 

respectively. Transfers in and out are labelled in Figure 3.1 and depicted as arrows emanating 

from nodes. For instance, at the blue triangle labelled ‘GROOTDRAAI DAM’, an arrow extends 

outward into a box labelled ‘Vaal-Olifants Transfer Scheme’, indicating a transfer out of the 

catchment. Conversely, at node 7004, an arrow enters the node from a box representing a transfer 

from Heyshope Dam into the Grootdraai Dam Catchment. Additionally, the transfer into the 

catchment is illustrated at node 287, where an arrow arrives from a box denoting a transfer from 

Zaaihoek Dam into the Grootdraai Dam Catchment.   

3.2.3 Description of the daily time-step Pywr model for the Grootdraai Dam Catchment 

3.2.3.1 Data used 

Daily infilled rainfall data were obtained from a Water Research Commission product (Lynch, 

2004) for October 1920–September 2010. Water quantity data for October 1920–September 

2010 at a monthly time-step, including natural inflow, water demands, return flows, transfers in 

and out, and reservoir rainfall and evaporation were obtained from the established WRYM 

employed in a previous study (Aurecon, 2020). Locations of return flow in the catchment were 

obtained from the South African Department of Water and Sanitation (DWS) Resource Quality 

Information Services (RQIS) website (https://www.dws.gov.za/iwqs/report.aspx). These return 

flow locations were used to distribute lumped return flows from the WRYM to the distributed 

Pywr model. Table 3.1 displays flow gauges and their coordinates representing return flows 

https://www.dws.gov.za/iwqs/report.aspx
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included in the distributed Pywr water system model of the Grootdraai Dam Catchment. The 

return flows included in the Pywr model based on gauged return flows shown in Figure 3.1 were 

reconciled with the lumped return flows included in the WRYM model. The flow from a lumped 

return flow in the WRYM model encompassing multiple return flows in the distributed Pywr 

model was evenly allocated among the distributed return flows. Unfortunately, while the DWS 

gauges provide an indication of the position and water quality of return flow gauges, measured 

flows for these gauges are not publicly available. Therefore, the redistribution of return flows 

from a lumped to a distributed structure represents a source of uncertainty in the present study. 

Table 3.1: Summary of return flow gauges managed by the South African Department of Water 
and Sanitation and their coordinates within the Grootdraai Dam Catchment. 

Node Longitude Latitude Quat. DWS gauge Node description 

RR_1 29.77 −26.59 C11F  Lawful leakage 

RR_2 29.77 −26.60 C11F  Unlawful leakage 

RR_3 29.79 −26.61 C11F 177944/177897 Ermelo S/W final effluent to 

Klein Drinkwater Spruit 

(GDDC07)/SESW 

RR_4 29.64 −26.91 C11J 178890 Eskom Majuba WWTW 

effluent to Geelklipspruit 

RR_5 29.65 −26.92 C11J   

RR_6 29.32 −26.80 C11K  Denmark colliery effluent 

RR_7 29.33 −26.82 C11K 178902 Rand Water TUTU 

RR_8 29.35 −26.84 C11K 178907 Tutuka S/W to Leeuspruit 

RR_9 29.33 −26.97 C11L 1-1042/177963 Mine seepage 

RR_10 29.84 −26.82 C11G 177963 Amersfoort WWTW 

RR_11 29.53 −26.69 C11H 177944 Ermelo S/W final effluent to 

Klein Drinkwater Spruit 

(GDDC07) 

RR_12 29.57 −26.70 C11H 178899 The effluent at Bethal 

WWTW to Blesbokspruit 

*Quat. refers to the quaternary catchment. 

While the WRYM showed return flows linked to specific nodes, the absence of corresponding 

DWS gauges suggests that not all return flows are captured by the monitoring network. The DWS 



28 
 

gauges may not capture every single return flow due to potential resource constraints. In this case, 

the return flow from the WRYM was assigned to an equivalent node in the Pywr model 

representation.  

3.2.3.2 Preparation of daily flow data for input into the Pywr model 

The Pywr model can create rapid, flexible, and accurate models that reflect the reality of a water 

system in a specific area [https://www.waterstrategy.org/]. The model is considered a tool that 

can improve the understanding of the operating water system and convert that into a network of 

interconnected nodes and links (Figure 3.2). In Figure 3.2, input nodes are depicted in green, 

output nodes in orange, junction nodes in black, and storage-reservoir nodes in blue. The model 

operates in a time-step approach, where each iteration generates changes in a certain node.  

The state (volume at the level of nodes) is modified after each daily time-step iteration (Equation 

3.1), where Qint
i – Qout

i is the net flow, Vi is the volume stored in a storage node, Vi+1 is the updated 

storage volume for subsequent time-step ∆ti. 

𝑽𝒊+𝟏 =  𝑽𝒊  +  (𝑸𝒊
𝒊𝒏𝒕 −  𝑸𝒊

𝒐𝒖𝒕) 𝚫𝐭𝒊 (𝟑. 𝟏) 

The model integrates the mass balance approach, which considers input and output for each node 

to simulate the behaviour of the water system. For this reason, it is crucial to understand the 

overall structure of the model, where the most important items to consider are the nodes and the 

edges. The node can be identified by two main properties: its name and type 

[https://pywr.github.io/pywr/]. Two types of nodes are recognised in the Pywr model, i) non-

storage nodes, and ii) storage nodes.  

There are three different sub-types of non-storage nodes such as input, output, and link nodes 

where these nodes have two prior parameters that need to be included, namely maximum flow and 

cost. However, storage nodes have additional and different properties such as maximum, 

minimum, and initial volume, and other properties, including input (rainfall), and output 

(evaporation). 
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Figure 3.2: Visualisation of the water system in the Pywr environment (Tomlinson et al., 2020). 

Another significant property is cost, also known as penalty, which determines the node's 

importance to the water system. This property is assigned a negative or positive value; a high 

negative value indicates critical importance to the water system's functionality. Secondly, the 

links are used to describe the different connections that exist between nodes, defined by the names 

of nodes in order of flow direction.  

The creation of a daily time-step Pywr model for the Grootdraai Dam Catchment requires daily 

flow data, including natural flow, demand, and return flows, transfers in and out of the catchment, 

and reservoir rainfall and evaporation. This data is essential for accurately modelling and 

managing the water resource within the catchment, ensuring that the model reflects the dynamic 

interactions and variations in water availability. 

An important flow input is the natural flow into the catchment. Natural flow inputs into the 

WRYM are at a monthly time-step and are generally generated separately through hydrological 

models such as the Pitman Model (Pitman, 1973). Since the WRYM adopts a spatially lumped 

structure, natural flows are input at an aggregated catchment level (Figure 3.1). Generating 

natural flows for input into daily time-step Pywr required (1) disaggregation of the spatially 

lumped natural flow inputs of WRYM from monthly to daily, and (2) further separation of the 

daily spatially lumped natural flows to a finer, distributed spatial scale representative of a 

quaternary catchment level. In this context, a quaternary catchment, classified as the fourth order 
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in a hierarchical system, serves as a primary water management unit in South Africa, facilitating 

effective water resource management (DWS, 2011).  

For the first step, the method by Slaughter et al. (2015) was used to disaggregate monthly natural 

flows into daily. The process followed six steps, during which data were adjusted for variations, 

daily rainfall was converted to antecedent rainfall, and volume equivalence between 

disaggregated daily flow and monthly flow was ensured. The current study does not go into the 

finer details of this process and readers should refer to Slaughter et al. (2015) for more 

information. The study utilised rain gauges situated within the catchment boundary (e.g., 

441593W, 0441596A, and 0441596W). The values of parameters used in the disaggregation are 

listed in Table 3.2.  

Table 3.2: Optimised parameters and NSE values for the monthly to daily flow disaggregation 
process. 

Rain gauge weights Antecedent rainfall FDC parameters 

1 2 3 RT (mm) K A B C 

1 1 1 10  0.99 1 −0.9 0.6 

*FDC refer to Flow Duration Curve; RT refer to rainfall threshold; K refer to simple recession 

Each quaternary catchment was attributed an inflow node reflecting natural runoff, and the 

computation of the new fraction of runoff, named the surface ratio formula, was applied for each 

inflow node. Widely utilised in dam construction and network design for estimating runoff, this 

formula also finds application in designing hydrotechnical structures in ungauged areas. An 

underlying assumption is the requirement for homogenous and uniform rainfall distribution 

across the drained area, as indicated in previous studies (Guillot, 1967, 1981; Guillot & Duband, 

1980).  

The surface ratio physical formula is presented in Equation 3.2: 

𝑹𝟏

𝑺𝟏
=  

𝑹𝟐

𝑺𝟐
=  

𝑹𝟑

𝑺𝟑
=  … … … … . . =  

𝑹𝒏−𝟏

𝑺𝒏−𝟏
=  

𝑹𝒏

𝑺𝒏
=  

𝑹𝒏+𝟏

𝑺𝒏+𝟏
 (𝟑. 𝟐) 

where R signifies the runoff (Million m3/day), S designates the draining area (in Km2), and n 

stands for the number of adjacent basins.  

The diagram in Figure 3.1 provides insight into three different nodes presented as dummy dam 

200, node 373, and node 392. These nodes were addressed for the runoff distribution process 

because the other nodes such as dummy dam 381 have been assigned to receive runoff only from 
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C11H, and node 34 will also receive runoff only from C11F. This study concentrated on 

delineating the drainage area associated with runoff accumulation in specified nodes and 

reservoirs, as depicted by the circles with boxes in Figure 3.1. These drained surfaces were 

allocated to each node or reservoir receiving natural flow, as shown in Figure 3.1. The runoff 

fraction for new nodes responsible for channelling water to the original node was computed using 

the surface ratio formula. For example, the runoff fraction for the new node named ‘node 1’, 

intended to divert water from C11A to dummy dam 200 node, was determined through Equation 

3.3 as follows: 

𝑹𝒏𝒐𝒅𝒆 𝟏 =  
𝑹𝒅𝒖𝒎𝒎𝒚 𝒅𝒂𝒎 𝟐𝟎𝟎

𝑺𝒆𝒒
 ×  𝑺𝑪𝟏𝟏𝑨 (𝟑. 𝟑) 

Where, R node 1 denotes the runoff fraction for node 1 (%), Rdummy dam 200 represents the 

accumulated runoff fraction at the dummy dam 200 (%), SC11A signifies the draining area for node 

1 (in square kilometres), and S eq designates the cumulated area responsible for draining water to 

dummy dam 200 (in square kilometres).  

Other monthly flow inputs from the WRYM required disaggregation to daily for input into the 

Pywr model, namely demands, return flows, transfers in and out, reservoir rainfall, and 

evaporation. The current study adopted a simplified approach in which these monthly flows were 

disaggregated evenly across the month to daily, that is, under a 30-day month, the flow for each 

day in that month was the monthly flow divided by 30. Among the disaggregated flows, the mean 

demand flows range from 0.0018 to 0.029 Mm3/day, with corresponding standard deviations of 

0.00016 to 0.0066 Mm3/day; means of transfers in and out of the study area data vary from 0.033 

to 0.37 Mm3/day, with standard deviations of 0.017 to 0.043 Mm3/day. 

3.2.3.3 Setup of the daily time-step, distributed Pywr model representation of the 

Grootdraai Dam Catchment  

Pywr is a practical water resource modelling tool designed as a node-link model. Within the Pywr 

environment, inflows and outflows are treated as nodes, facilitating a comprehensive 

representation of the system. The model definition is structured in a JavaScript Object Notation 

(JSON) file, allowing a clear separation of model elements, such as nodes, links, parameters, and 

recorders. Notably, Pywr provides flexibility in handling model data; data can either be 

embedded directly in the JSON file or called from external data files. This modularity, coupled 

with the ability to specify time-steps and simulation windows that can be either a Million cubic 
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meters or litres per day, week, month, and year renders Pywr an efficient and adaptable tool for 

building water resource models (Tomlinson et al., 2020).  

Inflow nodes and rainfall into reservoirs are visually represented in Figure 3.3 as green circles; 

the directed interconnections between proximate nodes, appropriately designated as 'edges', are 

represented as orange lines; demands and evaporation out of reservoirs are represented as 

outflows, depicted as orange circles; return flows are depicted as red circles and have the prefix 

‘RR’; storage, including established single dams and dummy dams, are represented as blue 

triangles; links in the model representing junctions between nodes are depicted as black circles; 

transfers in and out of the catchment are labelled in Figure 3.3. 

 

Figure 3.3: Representation of the Grootdraai Dam Catchment within the broader Upper Vaal 
catchment in South Africa. The map provides geospatial coordinates for the nodes incorporated 
in the Pywr model. 

The current study used the online interface provided by Water Strategy (www.waterstrategy.org) 

to construct the distributed, daily time-step Pywr model. The platform allows model nodes and 

links to be georeferenced, and they can be easily dragged and dropped onto a map in the platform. 

The constructed Pywr model for the Grootdraai Dam Catchment following the system's structure 

is shown in Figure 3.4. 
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While the Water Strategy online interface allows model parameters and inflow data to be 

specified, as well as the model to be run, the current study chose to export the model definition 

file, after which these aspects of the model were performed locally, facilitating the incorporation 

of input data from external files, exploration of various scenarios, and generation of more 

sophisticated graphs than those available in the online interface. During this process, the model 

inflow data were established in external comma-separated (CSV) text files. The WRYM data are 

represented as m3/s, as is the standard for water resources modelling in South Africa. However, a 

feature of Pywr is that input data into the model must be at a rate consistent with the time-step of 

the model. Therefore, a monthly-, weekly-, and daily time-step Pywr model would need inflow 

data with units specified per month, per week, and per day, respectively. The current study 

therefore had to convert the m3/s data to a daily rate. The unit of Million m3/day was chosen.  

Python scripts were then created to update the model definition file for (i) defining model 

parameters; (ii) linking to the external model input files; (iii) defining model recorders, which 

record the model simulations of interest; (vi) the simulation time-step and simulation period. 

The Pywr model incorporates a penalty system in which penalties are assigned to water allocation 

nodes. During the model run, these penalties are activated if the water allocation takes place. In 

the Pywr model, large negative penalties are given to allocations that are deemed to be very 

important, such as allocations to important demand centres, or to allocations that must occur, such 

as evaporation from a reservoir. In contrast, large positive penalties are given to allocations that 

are deemed to be less optimal, such as a spill from a reservoir. The linear programme sums the 

penalties during model runtime, intending to minimise the total penalty (Tomlinson et al., 2020). 

Within the Pywr model of the Grootdraai Dam Catchment, each allocation to a demand centre was 

given a penalty of −500, whereas evaporation from reservoirs was assigned a penalty of −10000 

(Tomlinson et al., 2020). This penalty system ensures that critical water needs are prioritized, 

thereby ensuring equitable allocation and distribution of water. Moreover, to verify the model 

output, this study conducted a check to ensure that allocations were accurately executed. The 

reservoirs were configured to act as overtopping spill reservoirs, thereby eliminating the need for 

a reservoir release curve. 

3.2.3.4 Verification of the distributed Pywr model representation of the Grootdraai Dam 

Catchment against that of the lumped WRYM representation    

The Pywr model was run locally, with recorded model simulations depicted as time series and 

frequency distribution graphs in Jupyter Notebooks. The current study restricted verification of 
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Pywr simulations against that of the WRYM simulations for the Grootdraai Dam. This is because 

no sensible comparison between the two models could be achieved for a run-of-river node since 

the WRYM adopted a lumped structure and the Pywr model adopted a distributed structure.  

The current study assessed the model simulations of Grootdraai Dam quantity using key 

performance indicators, including: 

➢ Percent Bias (PBIAS) (Gupta et al., 1999; Seong et al., 2015) that measures the average 

tendency of the Pywr model to overestimate or underestimate the corresponding observed 

data (i.e., WRYM data), where a value of zero indicates no overall bias and positive or 

negative (±) values indicate over- and under-estimation bias, respectively. 

➢ Nash-Sutcliffe Efficiency (Nash & Sutcliffe, 1970) that evaluates the performance of a 

hydrological model's relative residual variances, expressed in a range from negative 

infinity to 1. 

➢  R-square (Nagelkerke, 1991) measures the correlation between observed and simulated 

data. 

➢ Root Sum Square Error (RSSE) (Chu & Shirmohammadi, 2004; Seong et al., 2015; Singh 

et al., 2005) used to simplify the relative comparison of RMSE values produced for 

estimations in different units and scales by normalising RMSE with the observed data's 

standard deviation.  

3.3 Results 

3.3.1 Runoff distribution  

The runoff percentages distribution for the Pywr model distributed structure (Figure 3.3), is 

presented in Table 3.3, with their position in the Grootdraai Dam Catchment. Table 3.3 reveals 

that inflows with higher surface area ratios tend to have higher runoff percentages. In addition, 

inflow nodes linked to quaternary catchments C11E and C11K have the highest runoff 

percentages (10.11% and 11.13% respectively), showing that these nodes contribute 

significantly to the overall runoff. Inflow nodes for quaternary catchments C11F and C11J, with 

the lowest surface area ratios, also have the lowest runoff percentages. 

Table 3.3: Runoff distribution for draining quaternary nodes. 

Node  Quat. 
Surface ratio 

(Km2/Km2)  
Runoff percentage (%) 

Inflow 1 C11A 0.346 8.15 
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Node  Quat. 
Surface ratio 

(Km2/Km2)  
Runoff percentage (%) 

Inflow 2 C11B 0.25 6.05 

Inflow 3 C11C 0.179 4.21 

Inflow 4 C11D 0.216 5.08 

Inflow 5 C11F 0.148 3.43 

Inflow 6 C11G 0.413 9.56 

Inflow 7 C11E 0.437 10.11 

Inflow 8 C11H 0.264 8.96 

Inflow 9 C11J 0.122 4.16 

Inflow 10 C11K 0.328 11.13 

Inflow 11 C11L 0.284 9.65 

*Quat. refer to the quaternary catchment. 

3.3.2 Pywr model setup  

The model's structure encompasses a network of nodes, including catchment, extraction, return-

flow, reservoirs, and links, interconnected by edges. Table 3.4 provides insights into 

links/reservoir nodes. Notably, abstraction nodes and return-flow nodes are maintained from 

Aurecon (2020), as illustrated in Figure 3.1. Figure 3.4 illustrates the typology of the distributed 

daily time-step Pywr model for the Grootdraai Dam Catchment within 

https://www.waterstrategy.org/ environment. 

Table 3.4: Original nodes in the WRYM against Pywr model nodes. 

Vaal Barrage diagram Pywr model 

34 Link_18 

372 Link_6 

373 Link_7 

7004 Transfer_1 

374 Link_12 

287 Transfer_2 

100 Link_9 

200 DD_200 

381 DD_381 

7005 Link_17 

https://www.waterstrategy.org/
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Vaal Barrage diagram Pywr model 

392 Link_13 

402 Link_16 

Grootdraai Dam Grootdraai Dam 

 

 

Figure 3.4: Python water resource model for the operating system in the Grootdraai Dam 
Catchment (GDC). https://hydra.org.uk/  

3.3.2.1 Inputs of flow data from WRYM to Pywr model  

Figure 3.5 depicts the breakdown of monthly flow data, originally derived from the WRYM as 

outlined by Aurecon (2020) into daily flow data by utilizing rainfall datasets accessible within the 

study area. Both the flow and rainfall datasets spanned the entire simulation period (1920–2010) 

and were instrumental in determining specific parameters (referenced in Table 3.2) that 

facilitated the conversion from monthly to daily variations in the flow dataset. Subsequently, 

these resulting flow datasets were redistributed across the quaternary catchment nodes. This 

graph displays a subset of the disaggregation process within the Grootdraai Dam from 1956 to 

1966. 

https://hydra.org.uk/network/project_number
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Figure 3.5: Disaggregation of monthly natural flows for the Grootdraai Dam Catchment to 
daily using the method developed by Slaughter et al. (2015). (A) presents a comparison 
between daily simulated incremental flow and monthly simulated incremental flow, while (B) 
displays the daily rainfall series employed for driving the disaggregation process. 

 

3.3.2.2 Storage variation in the WRYM and Pywr model for the Grootdraai Dam 

Catchment 

Figure 3.6 depicts the Grootdraai reservoir storage simulations conducted by both the WRYM 

and Pywr models, employing distinct time-steps of monthly and daily, respectively. The visual 

representation spans the entire simulation period from 1920 to 2010, along with a focused subset 

from 1980 to 2008.  
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Figure 3.6: Simulated monthly storage of the Grootdraai Reservoir by the WRYM versus 
simulated daily storage by the Pywr model. (A) displays simulation over the complete 
simulation period (1920–2010). (B) displays simulations over a specific segment of the 
simulation period (1984–2008). 

Figure 3.6 illustrates the comparison between the daily simulated data and the monthly simulated 

data generated by the WRYM. It is noteworthy that the Pywr model simulations demonstrate 

greater variability than the WRYM simulations. This heightened variability has the potential to 

significantly impact the goodness-of-fit statistics, thereby influencing the evaluation of model 

performance. The model exhibits a notably high NSE estimated at 0.87, alongside an excellent 

coefficient of determination (R2) estimated at 0.96. Moreover, there is significant agreement 

between the simulated reservoir volume under the Pywr and WRYM outcomes. However, it is 

worth mentioning that the Pywr model slightly overestimates the storage, albeit to a minor extent. 

3.4 Discussion 

The aim of Chapter 3 was to establish Pywr model for the Grootdraai Dam Catchment and 

evaluate its potential as an alternative to the WRYM. This was achieved in a three-step process: 

(1) establishing a Pywr model to reflect the topography of the catchment; and (2) validating the 
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Pywr model simulation for historical conditions against that of the WRYM. The validation results 

indicate a strong alignment between the Pywr model and WRYM datasets, suggesting Pywr is an 

effective alternative to WRYM. The Pywr model's daily time-step and spatially distributed nature 

allow for more detailed modelling of water quality within the catchment (Tomlinson et al., 2020). 

The transition from a spatially lumped to a distributed structure of the water system, including 

individual return flows, each represented with distinct water qualities, sufficiently captures water 

quality processes and simulates the complex dynamics within the catchment.  

The active involvement of stakeholders in decisions made by model developers is crucial. In 

certain models, like WRYM, where yield analysis may be influenced by user actions, 

transparency can be compromised. Trust becomes a pivotal factor when transparency or 

understanding is lacking (Chapman et al., 1995). In situations where stakeholders may not 

possess sufficient knowledge to comprehend the system, the lack of transparency raises concerns 

about the credibility and quality of WRYM's predictions. Despite being the sole model used in 

official water resources system analyses and junction projects in South Africa (Juízo & Lidén, 

2010), uncertainties surrounding WRYM's results are significant due to the considerable freedom 

granted to the model user.  

This chapter underscores the considerable advantages of Pywr as a viable alternative to WRYM, 

extending beyond its efficacy in South Africa. Pywr's flexibility, open-source accessibility, and 

cost-effectiveness render it a valuable tool for water resource management worldwide, 

particularly in regions with limited resources like many developing countries. The transition from 

traditional spatially lumped models to more sophisticated, spatially distributed ones holds 

significant importance in enhancing water management practices. This study not only highlights 

the applicability of Pywr within the South African context but also serves as a guide for water 

managers, academic scholars, and industry stakeholders, on transitioning from monthly, spatially 

lumped models to spatially distributed models operating on a daily time-step. This study offers a 

pathway toward more effective, transparent, and sustainable water resource management within 

the context of developing countries. 

When implementing a distinct penalty system approach in diverse water simulation models, it is 

essential to recognise that variations in predicted data may arise. For example, differences 

between WRYM and Pywr simulations can be attributed to variances in their penalty system 

approaches, structural disparities, level of spatial resolution, and the time-step employed. 
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3.5 Conclusion 

The results of this Chapter highlight the Pywr model's ability to provide robust simulations for the 

Grootdraai Dam Catchment. Through the application of a more distributed and detailed structure 

compared to the lumped structure used in the WRYM, the Pywr model effectively simulates daily 

datasets (i.e., flow, demands, and return flow). Additionally, the validation process demonstrated 

a strong alignment between the Pywr model and WRYM datasets, indicating Pywr's potential as 

a viable alternative to traditional models. 

Furthermore, the active involvement of stakeholders in decision-making processes is emphasised 

as crucial for ensuring transparency and trust in water resource management projects. 

Stakeholders can access and utilise the Pywr interface, allowing them to identify their activities 

within the model's structure and observe the penalties assigned to specific nodes associated with 

those activities. This ensures that stakeholders direct their attention towards the model's 

outcomes rather than questioning its capabilities, thus fostering greater trust in the model. 

The considerable advantages of Pywr, such as its flexibility, open-source accessibility, and cost-

effectiveness make it a valuable tool for water quantity management projects. The findings 

presented here contribute to advancing the understanding and implementation of water resource 

management models, highlighting the potential of the Pywr model to address complex challenges 

in water resource management. 
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CHAPTER 4: APPLICATION OF PYWR-WQ MODEL: A CASE STUDY 

FOR THE GROOTDRAAI DAM CATCHMENT, UPPER VAAL, SOUTH 

AFRICA 
 

4.1 Introduction 

Global water quality is currently a pressing environmental concern, particularly due to issues 

such as eutrophication (Khan & Mohammad, 2014), contamination from heavy metals (Ali et al., 

2021; Bharti & Sharma, 2022), salinisation (Cañedo-Argüelles et al., 2013), plastics 

contamination (Bhateria & Jain, 2016), and inadequate wastewater treatment (Edokpayi et al., 

2017). Heavy metal contamination is potentially caused by mining and industrial activities (Guan 

et al., 2014) as well as irrigation runoff (Su, 2014). In addition, ongoing population growth, 

socioeconomic growth, rural-urban migration, and urbanisation collectively exert detrimental 

impacts on water health, leading to the degradation of water quality, disturbance of aquatic 

ecosystems, and the loss of aquatic species. It can also contribute to water scarcity due to less 

water being available of a suitable quality. Contaminants of ecosystems primarily originate from 

point sources, such as discharge pipes and industrial effluent, as well as non-point sources, such 

as runoff from agricultural fields, which carry pesticides and fertilizers, and leakage from 

sewerage pipes, which introduces untreated sewage into the environment. Contaminants can 

include organic pollutants and inorganic pollutants, such as heavy metals. For example, over half 

of the larger reservoirs in South Africa are currently eutrophic or hypertrophic (Griffin, 2017; van 

Ginkel, 2011), which indicates severe nutrient pollution and poses significant risks to water 

quality, aquatic life, and human health. 

Efficient and sustainable management of water resources is essential for preserving both water 

quantity and quality. Yet, in South Africa, water management faces numerous challenges, 

including political and racial dynamics, limited resources, and a growing population (Molobela 

& Sinha, 2011). Water quality models have been employed by researchers to investigate water 

quality in numerous countries, for example, MIKE21 (Chapman, 1996) in South Korea and China 

(Jang, 2021; Xu et al., 2012), QUAL2K (Fang et al., 2008) in Iran, the United States (USA), India 

and Portugal (Burigato Costa et al., 2019; Idris et al., 2016; Oliveira et al., 2012; Rafiee et al., 

2014), WASP6 (Artioli et al., 2005) in Italy, and SWAT (Grizzetti et al., 2003) in Europe 

(Abbaspour et al., 2015). However, certain models, such as QUAL2E (Brown & Barnwell, 1987), 

Mike 11 (Tsakiris & Alexakis, 2012), and SIMCAT (Jacobs, 2007), exhibit some limitations, 

such as the omission of the denitrification process during their operation, as noted by Olowe & 

Kumarasamy (2018). SWAT possesses the capability to simulate the in-stream fate and transport 
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of a diverse range of pollutants (Ejigu, 2021), and, while SWAT is widely used, its reliability 

depends on extensive calibration and validation data, often posing challenges in regions with 

limited monitoring data (Qi & Grunwald, 2005), such as many developing countries. This 

limitation highlights a broader issue inherent in complex models: their reliance on extensive 

observed data inputs. Consequently, there is an increasing demand for models that prioritise 

simplicity and concentrate on representing fundamental water quality processes. Adopting a 

simplified approach that encompasses these essential processes can enable models to maintain 

effectiveness while requiring fewer observed data inputs. Furthermore, SWAT exhibits notable 

inaccuracies in predicting baseflow discharge, sediment, and soluble phosphorus and nitrate 

loadings in regions with substantial winter snow cover (Qi et al., 2016). 

Hence, according to Slaughter & Mantel (2017), research and modelling in the field of water 

quality in South Africa are not extensively developed. Water quality management tools in South 

Africa have remained in an immature state owing to various constraints, including a lack of 

observed data, and technical modelling expertise (Griffin et al., 2014; Pitman, 1973). The existing 

water quality models mentioned above, commonly developed in countries like the USA, are 

known for their complexity and their high demand for observed data for calibration and 

validation. However, in regions with limited data availability, such as South Africa, there is a 

pressing need for a model that prioritises simplicity and focuses solely on representing the key 

processes driving observed variations in water quality. The Water Quality Systems Assessment 

Model (WQSAM) (Hughes & Slaughter, 2016; Slaughter et al., 2015) is a water quality model 

used in South Africa for water quality investigation and management. The model was designed to 

address the challenge of limited observed data and has been utilised in multiple projects 

(Slaughter & Mantel, 2018; Slaughter et al., 2014). The WQSAM possesses several key 

characteristics. Firstly, it focuses solely on representing processes that contribute to the majority 

of observed variations in water quality, such as nitrification and denitrification. This emphasis on 

simplicity allows for a clear focus on essential water quality processes. Furthermore, the 

WQSAM seamlessly integrates with the WRYM, which is routinely used for water quantity 

modelling in South Africa (Juízo & Lidén, 2010).  

The Pywr model (Tomlinson et al., 2020), an Open-Source model, is a Python-based generalised 

network resource allocation model which offers flexibility and swift run times. The Pywr model's 

inherent flexibility, user-friendliness, transparency, and capacity for seamless integration with 

other models, including water quality models, render it a compelling choice for water quantity-

quality modelling. The Water Research centre (WRc) in the United Kingdom has integrated the 



43 
 

water quality processes of WQSAM into Pywr in a model called Pywr-WQ. This model is Open-

Source and freely available on Github.com at: https://github.com/WRC-Digital/pywr-wq. 

This chapter aims to represent the Grootdraai Dam Catchment in Pywr-WQ based on the Pywr 

representation of the catchment developed in Chapter 3 and to calibrate the model simulations of 

water quality for historical conditions. This chapter has several objectives: (1) to separate natural 

flow into flow fractions: surface flow, interflow, and groundwater flow; (2) to calibrate the model 

simulations of water quality against available monitoring data (baseline scenario), and (3) to 

evaluate the performance of the calibrated model. 

4.2 Methods and Materials 

4.2.1 Structure of the Pywr-WQ model representation of the Grootdraai Dam Catchment 

The Pywr-WQ model employed in this study implements dynamic water allocation-water quality 

modelling. In the modelling framework of Pywr-WQ, the system is characterised by the network 

structure resembling that of the Pywr representation (Figure 4.1). 

In this configuration, the model utilises flows generated by the Pywr model to simulate water 

quality. Nodes representing sub-catchments and reservoirs are distributed throughout the 

catchment, interconnected by links and edges, which are categorised into input and output nodes. 

Each node type corresponds to specific flows, such as hydrological flow, return flow, or reservoir 

releases. This categorisation enables the Pywr-WQ model to differentiate between various flow 

types and understand their respective impacts on water quality within the catchment. 

The conceptual structure of  Pywr-WQ is visually depicted in Figure 4.2 for clarity.  

The first tier (A in Figure 4.2) focuses on the breakdown of daily simulated incremental flow 

generated from the Pywr model into three flow fractions: surface water flow (SF), interflow (IF), 

and groundwater flow (GWF) in the Pywr-WQ model. This is achieved through a statistical 

baseflow separation method developed by Hughes et al. (2003). The method allows for 

differentiating between different flow fractions and their respective impacts on water quality, as 

each flow may be influenced by specific sources of pollution, such as groundwater flow 

influenced by aquifer lithology and chemical characteristics of rocks.  

https://github.com/WRC-Digital/pywr-wq
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Figure 4.1: Representation delineating the Grootdraai catchment within the Upper Vaal 
Catchment, South Africa. The map illustrates the georeferenced positions of nodes in the Pywr 
environment. 

 

Figure 4.2: Conceptual representation of the Pywr-WQ model.  
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The second tier (B in Figure 4.2) involves the simulation of daily separated flows, representing 

the dynamic allocation of water resource and management actions within a single time-step. This 

includes reservoir releases, reservoir storages, wastewater return flows, and reservoir 

evaporation. Daily flow simulation and water allocation are central to this tier. The final tier (C in 

Figure 4.2) represents the actual water quality simulation process within the Pywr-WQ model, 

occurring within a single time-step. Here, the model dynamically generates simulations based on 

the inputs and processes described in the previous tiers. This stage allows for the assessment of 

water quality dynamics within the modelled system, providing insights into the temporal 

variations and interactions between water quantity and quality. 

In the Pywr-WQ model, the simulation of non-point source and point source loads involves 

attributing water quality signatures to flow fractions, specifically surface flow, and interflow and 

groundwater flow fractions, across incremental flow. According to Slaughter et al. (2015), 

incremental flow is the monthly increase in streamflow or runoff produced by a hydrological 

model, representing the added flow from sub-catchments for each month rather than the total 

cumulative flow. When generating non-point loads, it is crucial to consider the characteristics of 

the surface, with a greater emphasis on surface flow for non-point nutrient loads and groundwater 

flow for non-point salt loads. Conversely, when addressing point sources, attention should be 

given to the signatures associated with the return flow from various water users, encompassing 

WWTW at power stations. Hence, a network of nodes focused on water quality is established in 

parallel with the Pywr node structure as presented in Figure 4.3. 

This water quality network autonomously simulates comprehensive aspects of water quality 

dynamics. The interconnection between the water quality network and the Pywr network is 

dynamic at each time-step, Pywr transmits the flow and reservoir storage data for each node to the 

water quality network. Subsequently, the water quality network employs these Pywr-derived 

flows as input data to conduct simulations on water quality. Notably, Pywr possesses the capacity 

to assess the water quality status at a specific node before making critical allocation decisions, 

such as reservoir abstraction. However, this capability was not explored in any detail in this study. 

Data descriptions of nodes are presented in Appendix A.  
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Figure 4.3: The dynamic interaction between the Pywr model and the water quality model. The 
model's integration resulted in the Pywr-WQ model.  

4.2.2 Disaggregation of incremental flow into surface water flow, interflow, and 

groundwater flow 

The baseflow separation component, as outlined by Hughes et al. (2003), was applied. For the 

modelling process, input data were employed from the Pywr model, comprising datasets related 

to incremental flow. The baseflow separation method divides the incremental flow into three 

categories namely, surface water flow, interflow, and groundwater flow (Figure 4.4). The 

baseflow separation method requires two parameters, denoted as αSF and αBF. However, 

establishing suitable values for these parameters in hydrological studies presents challenges 

attributed to various factors. These challenges, as highlighted by Kapangaziwiri et al. (2011), 

encompass the restricted availability of water quantity and quality data, uncertainties in surface-

groundwater interactions complicating the identification of the primary source of low flows, the 

intricate nature of hydrological processes involving near-surface and saturated groundwater 

storage, and limitations in resources that impede comprehensive field investigations. In the 

interest of simplicity, uniform and scientifically justified default values were assigned, drawing 

upon previous research conducted by Hughes et al. (2003). These values are as follows: 

αSF = 0.95 and αBF = 0.92 
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where: αSF corresponds to the alpha parameter governing the distinction between surface flow and 

subsurface flow, and αBF pertains to the parameter demarcating interflow from groundwater flow 

within the subsurface flow. 

As shown in Figure 4.4, the baseflow separation method demonstrates a slightly delayed response 

compared to interflow and groundwater flow. This delay aligns with the concept that groundwater 

reacts more slowly to rainfall and drought, showing less variation than surface flow and interflow. 

 

Figure 4.4: Categorization of incremental flow using the baseflow separation method into 
surface water flow, interflow, and groundwater flow. 

4.2.3 Transmission of water quality loads among nodes 

The Pywr-WQ model representation of the water system within the Grootdraai Dam Catchment 

consists of nodes and edges (links). Water quality processes are simulated within designated 

nodes in the model. Nodes corresponding to areas with agricultural or urban land in the catchment 

may be identified as recipients of non-point sources of nutrients or salts. Additionally, certain 

nodes are configured to simulate return flows from WWTW at industrial sources (e.g., ESKOM). 

Figure 4.5 conceptually illustrates diverse pollution sources within the Grootdraai Dam 

Catchment, including both point and non-point sources. 

In-stream processes are implemented within the links nodes (black), such as the chemical 

processes affecting nitrogen (i.e., nitrification/denitrification), sedimentation of nutrients, and 

uptake of nutrients by flora and evaporation. In the simulation of water quality processes within 

in-stream nodes, ammonification and nitrification are considered, using first-order reaction 

equations (Chapra, 2008). The water quality mechanisms adopted in the Pywr-WQ model are 

based on those from the WQSAM, as indicated by Slaughter et al. (2012). 
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Figure 4.5: Conceptual model of the various identified sources of pollution in the Grootdraai 
Dam Catchment. 

The in-stream processes occur at all nodes and operate on all water quality loads, whether they 

originate from point or non-point sources. The in-stream processes for reservoirs may be more 

complex than this for run-of-river nodes as they may include settling of loads to the reservoir 

bottom as well as re-suspension. Water quality variable loads are directed from nodes upstream 

to nodes downstream through shared links of nodes and edges.  

The incorporation of water quality considerations into the system requires careful attention to 

essential variables and processes. Key water quality variables, such as water temperature, salts, 

and nutrients, were integral to the implementation. Simultaneously, various processes have been 

introduced to augment the model's comprehensiveness. These processes encompass catchment 

flow separation, mass-balance calculations, nitrification-denitrification dynamics, and reservoir 

settling/re-suspension (Figure 4.6). Moreover, the modelling of reservoirs assumes complete 

mixing, enhancing the representation of water quality dynamics within the system. The complete 

mixing assumption simplifies the mixing process in reservoirs by largely disregarding depth as a 

factor, despite its influence on water quality, which varies seasonally in lakes/reservoirs (Lima 

Neto, 2023; Pal et al., 2020). Hence, eliminating these depth-related gradients, the complete 

mixing offers a simplified representation of the system's dynamics. 
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Figure 4.6: Reservoir settling and re-suspension processes within the Pywr-WQ model. 

4.2.4 Simulation of non-point, point sources, and reservoirs of water quality variables 

Previous studies have observed that nutrients originating from non-point sources exhibit an 

upward concentration trend with increasing flow, as documented by Jordan et al. (1997) and 

Ovalle et al. (2013). In contrast, nutrients stemming from point sources demonstrate a decreasing 

concentration pattern as flow escalates (Bowes et al., 2008). Nutrients derived from non-point 

sources are mobilised by runoff from the catchment (Lloyd et al., 2019). Consequently, their in-

stream concentration rises with increasing flow, as emphasised by Hughes & van Ginkel (1994). 

However, nutrients originating from relatively stable point sources experience dilution due to the 

augmented natural flow within the stream (Carey & Migliaccio, 2009; Haggard et al., 2005). 

Thus, the modelling approach for nutrients and salts (conservative and non-conservative water 

quality variables) employed in this study followed a node-by-node modelling (Slaughter et al., 

2012), starting from the upstream node and progressing towards the downstream node. 

4.2.4.1 Salts modelling  

The salts that have been incorporated into the Pywr-WQ model include chloride (Cl), calcium 

(Ca), potassium (K), magnesium (Mg), fluoride (F), sodium (Na), and sulphate (SO4). The Pywr-

WQ model offers flexibility in modifying input parameters for both non-point and point sources. 

The adjustment of salt signatures was carried out for surface water flow, interflow, and 

groundwater flow in non-point sources, as well as the signature for return flow in point sources. 
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The model allows for customisation and refinement of the model inputs, ensuring an accurate 

representation of water characteristics. 

Modelling conservative water quality variables (i.e., Total Dissolved Solids (TDS)), and other 

water quality variables (i.e., salts and nutrients) simultaneously has facilitated the running of the 

water quality model and brought less complication as different input parameters can be adjusted 

for the same node (point sources or non-point sources). The determination of TDS concentrations 

relied on the unique signatures associated with each water flow component, including 

incremental flows representing natural flows, as well as the contributions from return flows.  

4.2.4.2 Nutrients modelling 

The Pywr-WQ model incorporates several nutrients including nitrate plus nitrite (NO2-N+NO3-

N), ammonium (NH4-N), and phosphate (PO4-P) for comprehensive water quality modelling. 

Similar to the TDS modelling approach (section 4.2.4.1), the nutrient modelling followed a 

sequential procedure starting from the upstream node and considering the influence of parameter 

adjustments at each node on the downstream nodes along the water-flow direction. This 

sequential approach ensures an accurate representation of nutrient dynamics within the system. 

Integrating nutrient modelling within the shared frame of other water quality variables, such as 

TDS, enables comprehensive nutrient modelling at both point sources and non-point source 

nodes. 

Nutrients exhibit non-conservative behaviour in water quality, undergoing chemical 

transformations such as ammonia conversion to nitrates through nitrification and uptake by algae 

(Slaughter et al., 2012). Consequently, simulating nutrients in the Pywr-WQ model involves 

more complex processes than those for salts. Furthermore, water temperature influences the rates 

of these nutrient-related processes. In the Pywr-WQ model, water temperature was represented 

using a seasonal profile consisting of 12 values, each corresponding to a month. 

4.2.5 Present water quality monitoring system in the Grootdraai Dam Catchment 

System monitoring plays a crucial role in assessing the significance of system parameters and 

their temporal variations. It provides valuable insights for adaptive management and decision-

making processes (Mantel & Slaughter, 2014). In this study, water quality data were sourced from 

the Department of Water and Sanitation (DWS) [https://www.dws.gov.za/ 

iwqs/wms/data/C_reg_WMS_nobor.htm]. 

 Following a comprehensive examination of the data, a matching process was undertaken to 

establish the correspondence between each water quality gauge and its corresponding node in the 

https://www.dws.gov.za/iwqs/wms/data/C_reg_WMS_nobor.htm
https://www.dws.gov.za/iwqs/wms/data/C_reg_WMS_nobor.htm
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Pywr-WQ model, based on their geographical locations. Appendix B outlines the linkages 

between water quality monitoring points and their respective nodes in the Pywr-WQ model, 

including details on gauges for boundary conditions, such as transfers from Heyshope and 

Zaaihoek Dams. 

4.2.6 Executing the Pywr-WQ model 

The execution of the Pywr-WQ model involves an iterative process to simulate water quality 

dynamics within the interconnected network of nodes in the Grootdraai Dam Catchment. 

Initially, the model user loads the water quality model in a locale environment, laying the 

foundation for subsequent operations. The Pywr-WQ model contains crucial water quality 

parameters for various nodes, including catchment nodes, return flow nodes, and transfer nodes. 

These parameters encompass surface water flow, interflow, and groundwater flow signatures, 

playing a vital role in simulating water quality behaviour within the interconnected network. The 

water quality variables such as TDS, NO3-N + NO2-N, NH4-N, PO4-P, SO4, K, F, Ca, Mg, Cl, and 

Na were simulated.  

The initial phase entails a crucial step, which involves defining nodes, edges, and simulation days, 

and creating a list of "WaterQualityNode" objects to store water quality data throughout the 

simulation. Upon completion of the initial phase, the model enters the primary simulation loop. It 

starts by updating the water quality parameters for each node, distinctively handling output nodes 

based on flow time series and upstream contributions. For precipitation or evaporation nodes, all 

water quality parameters are set to zero since they are not involved in water quality calculations. 

Link nodes can implement in-stream water quality processes. However, these nodes do not have 

any point or non-point inputs. During the simulation process, the Pywr-WQ model continuously 

iterates and updates the water quality variables. This iterative updating occurs whenever the 

model user runs the model, triggering the recalculation of daily loads. After each simulation run, 

the model user can perform a calibration exercise to assess the accuracy of the simulation results 

by comparing the model's output with observed time series data and frequency simulations. 

4.2.7 Calibrating the Pywr-WQ model 

Within the context of water quality modelling, the intricate interplay of key variables is central to 

constructing accurate and insightful simulations. Firstly, the proportions of surface water flow, 

interflow, and groundwater flow to total flow form a foundational aspect. Assigning specific 

water quality signatures to each flow fraction allows for a nuanced representation, and their 

temporal variations can be determined through observed data. Secondly, the observed in-stream 
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and in-reservoir water temperature emerges as a critical factor regulating processes that influence 

nutrient behaviour. The Pywr-WQ model's flexibility in incorporating explicit temperature 

modelling based on air temperature enables a more accurate portrayal of water quality dynamics. 

However, we adopted a simplified approach of a seasonal water temperature profile (i.e., 12 

values, with each value corresponding to a specific month). Subsequently, another pivotal 

dimension in water quality modelling involves nutrient concentrations in natural inflows. 

Observed data for nutrients and salts in runoff and groundwater play a crucial role in calibrating 

the model, offering essential insights into in-stream water quality. The catchment's land-use 

pattern also holds significant importance in identifying and characterising non-point sources of 

nutrients in natural inflows. Equally critical are observed data for nutrients from point sources and 

transfers, which refine model simulations to align them with in-stream water quality dynamics. 

Iterative adjustments are made to the water quality parameters, involving incremental changes, 

model re-runs, and comparisons with observed data (Figure 4.7). This iterative process continues 

until a satisfactory level of accuracy is achieved, ensuring alignment between the model's outputs 

and the observed data.  

 

Figure 4.7: Calibration of Pywr-WQ model procedure.  

4.2.8 Model evaluation and performance 

Water quality models undergo evaluation to validate their output and ensure their accuracy, 

reliability, and precision (Ebert, 1972; Moriasi et al., 2012). To assess model performance, both 

graphical and statistical tests were employed. Graphical tests are used during the calibration 

process to establish agreement between observed and simulated data. A statistical test is 

conducted to evaluate model performance, employing one of the previously established 
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performance metrics discussed in Chapter 3. The metric includes the NSE (Nash & Sutcliffe, 

1970). 

4.3 Results 

All figures presented in this section pertain specifically to the Grootdraai Dam. 

4.3.1 Total dissolved solids (TDS) 

The simulations of TDS demonstrated a relatively accurate representation of observed data, as 

evidenced by an NSE value reaching 0.89.  

The calibrations for groundwater TDS signatures, associated with incremental flow, varied from 

279 to 2600 mg.l⁻¹. Conversely, the TDS signatures designated for interflow and surface water 

flow were notably modest, ranging approximately from 50 to 450 mg.l⁻¹, and from 7 to 50 mg.l⁻¹, 

respectively. Figure 4.8 shows the frequency distribution graph of observed versus simulated 

TDS for the Grootdraai Dam node over the full simulation period from 1920 to 2010.  

 

Figure 4.8: Comparison of observed TDS indicating salinity and daily simulated TDS produced 
by the Pywr-WQ model for the Grootdraai Dam node in the Upper Vaal River Catchment, 
South Africa, presented as frequency distribution graph for the full simulation period (1920–
2010). 

The signatures assigned to surface water flow, interflow, and groundwater flow in the catchment 

nodes upstream of Grootdraai Dam are higher than those assigned to catchment nodes 

downstream. The calibration of existing water quality data primarily guided the assignment of 

these signatures.  

4.3.2 Nitrate plus nitrite 

The signatures assigned to the surface water flow, interflow, and groundwater flow fractions had 

a significant effect on model simulations. For the catchment nodes from the southwest of 
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Grootdraai Dam, the signatures assigned to surface water flow, interflow, and groundwater flow 

ranged from 0.1 to 0.2 mg.l-1, 0.11 to 0.33 mg.l-1 and 0.15 to 0.62 mg.l-1, respectively. For the 

catchment nodes in the southeast of Grootdraai Dam, the signatures assigned to surface flow, 

interflow, and groundwater flow ranged from 0.01 to 0.15 mg.l-1, 0.025 to 0.25 mg.l-1 and 0.05 to 

0.95 mg.l-1, respectively. Figure 4.9 shows the frequency distribution graph of observed versus 

simulated nitrate plus nitrite for the Grootdraai Dam node over the full simulation period ranging 

from 1920 to 2010.  

While the simulations of nitrate plus nitrite demonstrated representativeness with observed data, 

indicated by an NSE value of 0.88, the model exhibits a duration curve closely resembling the 

observed data for concentrations below 0.8 mg.l⁻¹. However, at higher concentrations, the model 

fails to reach the observed high concentrations. This discrepancy may be attributed to the 

simulations struggling to capture the few points in the observed data with high concentrations, 

even though lower concentrations prevailing over the majority of the record were reasonably well 

represented. It is also possible that there were a few abnormally high observed points contributing 

to the frequency distribution. 

 

Figure 4.9: Comparison of observed nitrate plus nitrite to that simulated by the Pywr-WQ 
model for the Grootdraai Dam node in the Upper Vaal River Catchment, South Africa, 
presented as a frequency distribution graph over the entire period (1920–2010). 

4.3.3 Ammonium 

Similar to the case of nitrate plus nitrite, the signatures of incremental flow fractions had the most 

significant impact on the model simulations of ammonium. In the catchment nodes to the 

southwest of Grootdraai Dam, the signatures for surface water flow, interflow, and groundwater 

flow ranged from 0.5 to 2.5 mg.l⁻¹, 0.45 to 6.7 mg.l⁻¹, and 1.6 to 12 mg.l⁻¹, respectively. 

Conversely, for catchment nodes to the southeast of Grootdraai Dam, these signatures were set at 
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different ranges: 0.07 to 1.1 mg.l⁻¹ for surface water flow, 0.23 to 3 mg.l⁻¹ for interflow, and 0.45 

to 3.5 mg.l⁻¹ for groundwater flow. Figure 4.10 shows a frequency distribution graph of observed 

versus simulated ammonium for the Grootdraai Dam node over the full simulation period from 

1920 to 2010. While the simulations for ammonium showcased alignment with observed data, 

evident through an NSE value of 0.83, the model closely mirrors the duration curve of observed 

data for concentrations below 0.4 mg.l⁻¹. Nevertheless, when it comes to higher concentrations, 

the model does not quite reach the observed peaks. This deviation might stem from the 

simulations struggling to encompass the occasional data points with exceptionally high 

concentrations, even though the model adequately represented the more common lower 

concentrations found throughout the majority of the dataset.  

 

Figure 4.10: Comparison of observed ammonium to that simulated by the Pywr-WQ model for 
the Grootdraai Dam node in the Upper Vaal River Catchment, South Africa, presented as a 
frequency distribution graph over the entire period (1920–2010). 

4.3.4 Phosphate 

As with ammonium and nitrate plus nitrite, the incremental flow fraction signatures exerted a 

pronounced influence on the model simulations of phosphate.  

Calibration efforts aligning with observed phosphate data were deemed effective through the 

exclusive assignment of concentrations to the fractions associated with surface water flow, 

interflow, and groundwater flow. For the catchment nodes downstream of Grootdraai Dam, the 

assigned signatures for surface water flow, interflow, and groundwater flow varied within the 

ranges of 0.02 to 0.22 mg.l⁻¹, 0.05 to 0.4 mg.l⁻¹, and 0.65 to 1.2 mg.l⁻¹, respectively. Conversely, 

for the catchment nodes upstream of Grootdraai Dam, the assigned signatures for surface water 

flow, interflow, and groundwater flow ranged from 0.01 to 0.12 mg.l⁻¹, 0.05 to 0.3 mg.l⁻¹, and 

0.187 to 0.5 mg.l⁻¹, respectively. 
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Figure 4.11 depicts a frequency distribution graph comparing observed versus simulated 

phosphate for the Grootdraai Dam node over the entire simulation period from 1920 to 2010. The 

simulations for phosphate showcased a satisfactory alignment with observed data, evident 

through an NSE value of 0.65. Figure 4.11 demonstrates an overestimation of phosphate 

concentrations at low frequency levels, with this overestimation persisting across all but the 

highest frequency levels. 

 

Figure 4.11: Comparison of observed phosphate to that simulated by the Pywr-WQ model for 
the Grootdraai Dam node in the Upper Vaal River Catchment, South Africa, presented as a 
frequency distribution graph over the entire period (1920–2010). 

4.3.5 Salts  

The Pywr-WQ model incorporates processes related to various ions, including calcium, fluoride, 

potassium, chloride, sulphate, magnesium, and sodium. The simulations yielded favourable NSE 

results, with potassium, calcium, and sodium estimated at 0.83, 0.89, and 0.81, respectively. 

Figures 4.12 present frequency distribution graphs comparing observed versus simulated 

concentrations of potassium, calcium, and sodium for the Grootdraai Dam node throughout the 

entire simulation period from 1920 to 2010. However, the other simulated salts such as fluoride, 

chloride, magnesium, and sulphate showed different behaviour with fair to good NSE values 

estimated at 0.62, 0.66, 0.71, and 0.74, respectively.  
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Figure 4.12: Comparison of observed potassium, calcium, and sodium to that simulated by the 
Pywr-WQ model for the Grootdraai Dam node in the Upper Vaal River Catchment, South 
Africa, presented as a frequency distribution graph over the entire period (1920–2010). 
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Figure 4.13: Comparison of observed fluoride to that simulated by the Pywr-WQ model for the 
Grootdraai Dam node in the Upper Vaal River Catchment, South Africa, presented as a 
frequency distribution graph over the entire period (1920–2010). 

Figure 4.13 and Figure 4.14 present frequency distribution graphs comparing observed versus 

simulated concentrations of fluoride and chloride, magnesium, and sulphate for the Grootdraai 

Dam node throughout the entire simulation period from 1920 to 2010. 

According to Slaughter et al. (2017), the challenge of data scarcity is heightened, particularly 

concerning water quality data in South Africa. The discrepancies observed in simulated salts, 

possibly linked to data scarcity at specific nodes within the Grootdraai Dam Catchment, 

ultimately impacted the calibration at the Dam level. The salt signatures for surface water, 

interflow, and groundwater flow are presented in Appendix C.  
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Figure 4.14: A comparison of observed chloride, magnesium, and sulphate to that simulated by 
the Pywr-WQ model for the Grootdraai Dam node in the Upper Vaal River Catchment in South 
Africa, presented as a frequency distribution graph over the entire period (1920 – 2010). 

 

4.4 Discussion  

4.4.1 Uncertainties within the water quality representation 

The Pywr-WQ model relies on incremental flow fraction signatures (i.e., fractions of surface 

flow, interflow, and groundwater flow) to simulate non-point source loads. These signatures are 

concentration values assigned to different flow fractions that were determined by calibrating the 

model against observed data. While land-use exhibits a significant impact on water quality 

(Kändler et al., 2017), in particular, non-point source loads (Charbonneau & Kondolf, 1993; 

Cheng et al., 2018), the method of representing non-point sources is considered conceptually 

sound according to Slaughter et al. (2017). However, a notable uncertainty lies in the absence of 

observed return flow data in terms of flow, which could potentially affect model accuracy. 
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This study lacked enough water quality data to perform a split calibration-validation approach. 

Owing to this limitation, all available water quality data were used exclusively for the calibration 

exercise. It is worth noting that this approach, criticised by Thomann (1998), questions the logic 

of neatly dividing datasets into calibration and validation sets, emphasising that new insights 

continuously emerge with increasing data. 

4.4.2 The use of Pywr-WQ within water resource management 

The Pywr-WQ model holds significant promise for integration into water quality management 

practices in South Africa. Being an open-source and free tool, Pywr-WQ offers accessibility to a 

wide range of users. As demonstrated in Chapter 3, Pywr allows for the spatially distributed 

representation of catchments at a daily time-step, facilitating water quality modelling. Despite its 

complexity, the model remains relatively simple, enabling accurate simulations of water quality 

even with limited observed data. Notably, Pywr-WQ represents water quality as a frequency 

distribution, facilitating the assessment of how often water quality exceeds certain thresholds, 

such as Resource Quality Objectives (RQOs). This feature enhances decision-making processes 

by providing insights into potential water quality issues and aids in evaluating the feasibility of 

abstraction from specific nodes or reservoirs. To illustrate, Figure 4.16 presents the frequency 

distribution graphs of TDS, NO3-N + NO2-N, and NH4-N concentrations at Grootdraai Dam. 

According to Rand Water (2022), water quality guidelines for tributaries within the Grootdraai 

Dam Catchment (Appendix C) target various classifications, including concentrations under 

acceptable classification for TDS, NO3-N + NO2-N, and NH4-N of less than or equal to 150, 0.2, 

and 0.1 mg.l-1, respectively.  

It becomes apparent from Figure 4.15 that under historical management conditions, these 

thresholds are exceeded approximately 51%, 70%, and 15% of the time, respectively. 

Through scenario analysis and re-execution of the model involving various management 

interventions, such as the closure of mining areas to reduce mine effluent, the frequency 

distribution can be recalculated. Subsequently, managers are presented with a revised probability 

of exceeding this threshold. In addition to its primary functions, the Pywr-WQ model offers water 

managers a powerful tool for evaluating the influence of water abstraction on water quality within 

a given catchment.  

The Rand water quality guidelines for the Grootdraai Dam are presented in Appendix E. 
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Figure 4.15: Frequency distributions of modelled and observed TDS, nitrite + nitrate, and 
ammonium for the Grootdraai Dam node in the Upper Vaal River Catchment, South Africa. 
The green line represents how the frequency distribution of simulated concentrations enables 
water resource managers to assess the likelihood of surpassing specific management thresholds 
using the Rand Water (2022) classification. 
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While Pywr-WQ is designed as a fully dynamic model, it is important to note that this study did 

not extensively explore the capacity to utilise water quality data for allocation decisions. 

However, to illustrate this capability briefly, Figures 4.16 and 4.17 provide a glimpse into the 

potential of Pywr-WQ in integrating water quality considerations into resource allocation 

strategies. If a specific threshold is exceeded, the model adopts a binary on-off approach to water 

abstraction from that node, thereby preventing high concentrations and facilitating water quality 

enhancement by augmenting dilution capacity. However, Pywr-WQ 's flexibility allows for the 

implementation of more nuanced interactions between water quality and quantity. For instance, 

instead of a simple binary representation, the model can incorporate complex relationships where 

the degree of allocation curtailment by water quality follows a curve.  

 

Figure 4.16: Graph showing switching off abstraction at the Grootdraai Dam at thresholds of 
water quality of total dissolved solids of 150 mg.l-1 and NO3-N + NO2-N of 0.2 mg.l-1. 

Furthermore, Pywr-WQ can dynamically select water from different upstream sources to attain 

the desired water quality in downstream reservoirs. For example, by selecting different quantities 
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of water from distinct transfers into the Grootdraai Dam Catchment, each with differing water 

qualities, Pywr-WQ can adapt to achieve optimal water quality in the dam. Additionally, 

considerations such as cost reduction objectives can also be factored into the model's decision-

making process. 

 

Figure 4.17: Graph showing switching off abstraction at the Grootdraai Dam at thresholds of 
water quality of ammonium of 0.3 mg.l-1. 

4.5 Conclusion 

This study applies the Pywr-WQ, developed by the Water Research centre (WRc) in the United 

Kingdom, to the case study catchment. This model is designed for simplicity to necessitate 

minimal complexity and rely on available historical monitoring data for calibration. The Pywr-

WQ model operates on flow data generated by a transparent, open-source, daily system model. 

This study demonstrates that the Pywr-WQ model can accurately generate daily concentrations 

of salinity, salts, and nutrients suitable for water quality management. This model holds potential 

applications in water resource management for various developing countries confronting 

financial and data constraints. The successful integration observed in this study between the Pywr 

system model and the water quality model, resulting in the Pywr-WQ mode, suggests a seamless 

connection that could be replicated in similar contexts 
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CHAPTER 5: LAND-COVER MODELS TO PREDICT NON-POINT 

NUTRIENT AND SALT INPUTS FOR THE GROOTDRAAI DAM 

CATCHMENT, UPPER VAAL, SOUTH AFRICA 
 

5.1 Introduction 

Water quality models are used to simulate and forecast the concentrations, spatial distributions, 

and potential risks associated with chemical pollutants within surface water bodies (Wang et al., 

2013), and groundwater flow (Gao & Li, 2015). Water quality models are indispensable for 

managing water resources; they can offer a detailed understanding of hydrological processes and 

dynamics, enabling analysis of the impacts of climate change and land-use changes on water 

quality (Krysanova et al., 1998). Consequently, they can predict the behaviour of water systems 

and act as decision support systems (DSS) for addressing water management problems (Argent 

et al., 2009).  

In the South African context, the National Water Act (NWA) of 36 of 1998 acknowledges the 

significance of water quality protection and delineates procedures for establishing resource 

quality objectives (Makanda et al., 2022). This positions water quality models as valuable 

contributors to the development of policies and regulations. However, their application within 

South Africa faces critical challenges. The main constraints limiting the use of these models 

include the deficiency of essential competencies, a shortage of adequately skilled individuals, and 

the decrease in observed hydrological data, which raises significant concerns, particularly 

concerning issues related to water quality (Pitman, 2011). Additional challenges stem from the 

scarcity of observed data (Slaughter & Mantel, 2017), and limited financial resources, restricting 

the range of potential models that can be employed in the region (Ngubane et al., 2022).  

The Pywr-WQ model showcased the use of a collaborative approach between an open-source, 

fast, transparent, distributed, daily-step, and user-friendly water simulation model named the 

Pywr model, according to Tomlinson et al. (2020), and a water quality model. This dynamic 

integration resulted in the creation of the Pywr-WQ model. The Pywr-WQ model demonstrated 

its effectiveness in simulating nutrients and salts within the Grootdraai Dam Catchment.  

Non-point sources, exemplified by agricultural runoff, urban areas, and atmospheric deposition, 

pose a considerable challenge to water quality modelling and models in general, as indicated by 

various studies (León et al., 2001; Rudra et al., 2020; Shen et al., 2012). These sources present 

challenges due to their diverse and often untraceable origins. Unlike specific point sources 

isolated to a particular spatial point, and easily monitored (Vaughan & Russell, 1983), non-point 
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sources, such as nitrogen in the landscape, exhibit spatial variability distributed across 

landscapes, as evidenced in a study by Zhang & Huang (2011). Moreover, non-point sources are 

diffusive and are transported primarily by catchment rainfall-runoff and groundwater inputs, as 

demonstrated in a study by Xie et al. (2019). Incorporating spatial dimensions into water quality 

assessment, as affirmed by Mouri et al. (2011), enriches our comprehension of spatial patterns, 

with non-point sources displaying strong positive spatial autocorrelation. Consequently, 

understanding non-point source loads into water systems may hinge significantly on spatial-

temporal scales; however, existing water quality models may inadequately address this challenge 

(Slaughter & Mantel, 2017). The Pywr-WQ model may also encounter the aforementioned 

challenges, particularly in the parameterisation of non-point sources (such as flow fraction 

signatures) during the calibration exercise. This process introduces uncertainty, particularly due 

to the limited availability of observed water quality data at finer spatial and temporal scales in the 

region. 

Previous studies in South Africa have focused on understanding the correlation between non-

point sources of pollutants and distinct land-cover categories. For example, Slaughter & Mantel, 

(2013) devised a practical model to establish a link between in-stream nutrient concentrations and 

land-cover categories within a catchment. Nevertheless, their investigation revealed challenges 

in accurately quantifying non-point nutrient inputs, primarily due to the significant spatial and 

temporal variations in nutrient inputs. Slaughter & Mantel (2017) conducted a further study 

introducing a formal model that correlates nutrient signatures of incremental flow with land-

cover. However, their research was anchored in the simulation from the WQSAM linked to the 

WRYM, and the results of the regression model results used in the already calibrated WQSAM. 

Nonetheless, a challenge arises from the coarse classification of land-cover, contributing to the 

overall uncertainty in water quality modelling and the estimation of non-point inputs of pollutants 

into rivers.  

In response to the current context and challenges, this study aimed to contribute by examining the 

relationship between land-cover categories and the loads from non-point sources. The objectives 

of this study include: (1) creating land-cover models for the quaternary catchments within the 

study area; (2) examining the links between land cover and water quality signatures of 

incremental flow; and (3) evaluating land-use scenarios to understand their medium and long 

term effects on water quality in the Grootdraai Dam Catchment.  
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5.2 Methods and Materials  

5.2.1 Study catchment 

The Grootdraai Dam Catchment comprises 11 quaternary catchments, with each receiving 

incremental flow. Within the model representation, an inflow node is positioned within each 

quaternary catchment. Figure 5.1 illustrates the incremental nodes within the study area, denoted 

by the prefix ''Inflow_X'', where ''X'' ranges from 1 to 11, distributed across the study area (refer 

to Chapter 3, Section 3.2.3, for a detailed explanation of the model representation of the 

catchment).  

 

Figure 5.1: Representation of the Grootdraai Dam Catchment within the broader Upper Vaal 
catchment, South Africa. The map shows the quaternary catchments and provides geospatial 
coordinates for the inflow nodes incorporated in the Pywr-WQ model. 

The water quality of Grootdraai Dam is influenced by multiple quaternary catchments situated 

upstream of the reservoir. These catchments undergo various water quality processes, 

encompassing non-point loads, point source loads, and in-stream processes. It proves challenging 

to isolate non-point source loads; consequently, the selection process involved choosing each 

quaternary catchment that receives incremental flow, recognising that some of these catchments 

may be located within landscapes containing informal settlements, towns, or cities that could 

influence non-point source loads in river streams. Further, it was assumed that these selected 
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quaternary catchments experience sufficient rainfall-runoff, facilitating the mobilisation of non-

point source loads. As a presupposition, it is expected that the chosen quaternary catchments 

possess an adequate quantity of complete daily flow records and a substantial volume of available 

water quality data.  

Based on these assumptions, 11 quaternary catchments were identified as receivers of 

incremental flow and deemed suitable for the objectives of this study. Table 5.1 provides a list of 

the identified quaternary catchments, while Figure 5.2 presents the land-cover and land-use 

characteristics of the quaternary catchments corresponding to the designated nodes.  

Table 5.1: Properties of the incremental flow nodes in the study area. 

Node name Node coordinates Quat. 

Long Lat 

Inflow_1 30.17 −26.41 C11A 

Inflow_2 30.07 −26.57 C11B 

Inflow_3 30.14 −27.01 C11C 

Inflow_4 30.09 −26.89 C11D 

Inflow_5 29.83 −26.99 C11F 

Inflow_6 29.92 −26.66 C11G 

Inflow_7 29.94 −27.02 C11E 

Inflow_8 29.44 −26.57 C11H 

Inflow_9 29.75 −26.99 C11J 

Inflow_10 29.28 −26.74 C11K 

Inflow_11 29.58 −27.04 C11L 

 

5.2.2 Data 

The simulated daily flow datasets were generated for each incremental node within the period 

from 1920 to 2010. These datasets were acquired utilising the Pywr model, a water simulation 

model previously employed for the Grootdraai Dam Catchment (Chapter 3: Section 3.2.3.3). 

Concurrently, water quality data corresponding to each inflow node, sourced from the DWS 

monitoring data, were examined within the same temporal framework (Chapter 4). The focal 

point of this investigation revolved around nutrients and salts, with a specific emphasis on nitrate 

plus nitrite, ammonium, phosphate, TDS, sulphate, and calcium. These particular water quality 

variables were chosen owing to their prevalent association with non-point source loads 
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originating from urban areas, cultivated regions, mining areas, and potential undetected leakages 

from wastewater pipes. Recognised as key variables, they hold substantial significance in 

contributing to the eutrophication process (Payen et al., 2021; Yan et al., 2021), and to salinity and 

acidification contamination (Hintz et al., 2022; Hobbs et al., 2008). Land-cover data was obtained 

from the Landsat images provided by the Southern African National Land-cover (SANLC) [GIS 

Data Downloads | EGIS (environment.gov.za)] for the years 2013 and 2020. Land cover and land 

use for the Grootdraai Dam Catchment for 2020 are illustrated in Figure 5.2. 

The land-cover dataset was clipped by the positioned inflow node, and quaternary catchment's 

shapefile, for each catchment, and ArcMap 10.8 functions were utilised to compute the areas 

under each land-cover class in the catchment. The original dataset contained 42 land-cover 

classes which were grouped into eight categories for the present study (Table 5.2). The 

classification was done to avoid any uncertainty that could be imposed by the large number of 

land-cover classes on statistical analysis, such as multiple regression. Hence, land-cover classes 

that were similar were grouped, such as temporary crops, fallow land, and old fields. This study 

investigated the relationship between land-cover and non-point source loads considering all land-

cover within quaternary catchments. 

Table 5.2: Grouping land-cover categories from the South African National Land-cover 
Dataset (NLC 2013–2020) into more representative land-cover categories for the current study. 

Code Param 

Grouped 

land-cover 

category 

Original land-cover classes 

A α Barren land 

Barren land (natural, rock surfaces); barren land (dry pans); 

barren land (eroded lands); barren land (bare riverbed 

materials); barren land (other bare). 

B β 
Urban/ 

Built-Up 

Urban/built-up (residential, formal tree); urban/built-up 

(residential, formal bush); urban/built-up (residential, 

formal low vegetation); urban/built-up (residential, formal 

bare); urban/built-up (residential formal, grass 

combination); urban/built-up (industrial); urban/built-up 

(roads and rails). 

C γ 
Cultivated 

land 

Cultivated land (commercial, permanent orchards); 

cultivated land (commercial, annual crops, pivot irrigated); 

cultivated land (commercial, annual crops, non-pivot 

https://egis.environment.gov.za/data_egis/data_download/current
https://egis.environment.gov.za/data_egis/data_download/current
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Code Param 

Grouped 

land-cover 

category 

Original land-cover classes 

irrigated); cultivated land (commercial, annual crops, rain-

fed / dryland); cultivated land (fallow land and old field; e.g., 

trees, bush, grass, bare). 

D δ 
Forested 

land 

Forested land (contiguous forest); forested land (dense forest 

and woodland); forested land (open plantation forest); 

forested land (temporary unplanted forest). 

E ε Grassland Grassland (natural grassland). 

F ζ 
Mines and 

Quarries 
Mines and quarries (mines, extraction pits) 

G η Waterbodies 
Waterbodies (natural rivers); waterbodies (natural pans); 

waterbodies (artificial dams). 

H θ Wetlands Wetlands (herbaceous wetlands) 
 

5.2.3 Pywr-WQ model calibration 

The Pywr-WQ model setup was created for the Grootdraai Dam Catchment encompassing those 

quaternary catchments. The generated period of daily flow datasets for each quaternary 

catchment was used as flow data in the Pywr-WQ model to drive water quality simulations. 

Hence, the baseflow separation part (Hughes et al., 2003) is applied to the utilised flow datasets. 

The baseflow separation method separates incremental flow into three flow fractions: surface 

water flow, interflow, and groundwater flow, and the method requires the setting of two 

parameter values: αSF and αBF (Chapter 4). In this study, the investigation centred exclusively on 

establishing correlations between surface water flow, groundwater flow concentrations, and 

land-cover. While the relationships between land-cover and subsurface flow fractions are less 

certain and operate on distinct spatial and temporal scales compared to surface water (Slaughter 

& Mantel, 2017), this study addresses and delves into this challenging aspect.  

The Pywr-WQ model was utilised, and adjustments were made solely to parameters associated 

with the surface flow, groundwater flow fraction nutrient (SFN), and salts (GWFS) signatures. In 

the Pywr-WQ model, configuring the various flow signatures primarily constitutes a calibration 

exercise. This is essential to accurately represent the highly temporally variable water quality 

measures observed in the data. Adjustments to the surface flow nutrient signature (SFN) and 
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groundwater flow (GWFS) signatures enable the simulation to mirror these variations. After the 

calibration process with observed data concluded, the water quality signatures assigned to the 

surface water flow fraction in each catchment were gathered for subsequent analyses. The process 

of calibration is thoroughly explained in Chapter 4, specifically in Section 4.2.7. 

 

Figure 5.2: Land-cover and land-use of quaternary catchments within the study area. 
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5.2.4 Multiple regression model development 

Multiple regression was employed to investigate the intricate relationships between surface flow 

(SFN) (Eq 5.1), groundwater flow (GWFS) (Eq 5.2) water quality signatures, and land-cover 

components associated with nutrient and salt content. The distribution of land-cover types within 

each quaternary catchment was investigated in terms of their proportional representation 

concerning the total area. This approach aligns with previous studies, such as the work by 

Slaughter & Mantel (2017). The multiple regression models were conducted using regression 

equations with the general form of:  

SFN = α × A+ β × B+ γ× C+ δ × D+ ε× E+ ζ× F+ η × G+ θ × H (5.1) 

GWFs = α × A+ β × B+ γ× C+ δ × D+ ε× E+ ζ× F+  η × G+ θ × H (5.2) 

 

where: A-H represents the land-cover categories mentioned earlier, as fractions of the total area 

(see Table 5.1), α-θ represents the regression parameters applied to respective land-cover 

categories. The Chi-square statistic, serving as an evaluative metric for the goodness-of-fit of 

each regression, was employed.  

Equation 5.1 was employed to construct nutrient land-cover models for every quaternary 

catchment, while equation 5.2 was exclusively utilised to create salt land-cover models for 

specific quaternary catchments, namely C11A, C11B, C11F, and C11K. This selection was 

driven by the substantial prevalence of mining areas in these regions and the identified high 

groundwater flow signatures for TDS, sulphate, and calcium observed in these specific areas. 

5.2.5 Land-cover and land-use scenarios 

In the present study, the examination of land-cover scenarios centred on three primary drivers, as 

suggested by the catchment stakeholders. These drivers encompass (i) population growth, (ii) 

expansion of cultivated areas and (iii) intensive mining areas. Figure 5.3 illustrates the scenarios, 

pressure, state, and potential implications on water quality.  

Investigating various scenarios delineated in Figure 5.3, this study recognises distinctive 

stressors associated with each scenario. These stressors encompass escalated sewage levels, 

augmented mobilisation of fertilisers through runoff attributed to potentially unsupervised, 

illegal irrigation practices, and the spread of heavy metals through soil-water mobilisation 

stemming from acid mine drainage from coal mines within the study area. The identified stressors 

have direct ramifications for water quality, precipitating substantial influxes of nutrients, TDS, 



72 
 

and salts into the water. These phenomena engender challenges such as eutrophication, the excess 

of algal and plant growth, potential biodiversity loss, and other associated ecological damage. 

 

Figure 5.3: Analytical framework for land-cover model scenarios investigation.  

The proposed adjustments for each pertinent land-cover type were determined by meticulously 

comparing the earlier 2013 land-cover data with the most recent 2020 data. This enabled 

quantifying the potential range of growth that could be justified. Specific percentage values were 

then allocated to distinct land-cover categories (e.g., urban, mines, and cultivated) based on this 

assessment.  

Table 5.3: Scenario definitions and corresponding water quality variables. 

Scenario 
Scenario 

code 
Characteristics 

Investigated Water Quality 

Variables 

Urban 

increase 
A 

High population density. 

Intensive infrastructure. 

NO3-N+NO2-N, NH4-N, PO4-P TDS, 

SO4, Ca 

Cultivated 

increase 
B Agricultural land-use. NO3-N+NO2-N, NH4-N, PO4-P 

Mining 

increase 
C 

Industry activities rely 

on coal mines. 

NO3-N+NO2-N, NH4-N, PO4-P 

TDS, SO4, Ca 

 

To compute the growth rate of individual land-cover categories, a growth rate formula was 

employed. This formula involved subtracting the land-cover percentage of 2013 from that of 

2020 and dividing the resultant difference by the intervening seven years. The modelled growth 

is an expansion of observed growth rates from 2013 to 2020. Thus, Table 5.3 shows the 

investigated scenarios and their characteristics, and the investigated water quality variables in 

each scenario.  
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It is important to emphasise that when a specific land-cover class among the investigated 

scenarios experienced an increase, the other investigated land-cover classes remain unchanged, 

maintaining their 2020 percentages. For example, if there is an increase in the urban area by a 

certain percentage, the percentages for mining and cultivated land-cover classes will remain at 

their 2020 levels. This decision was made to prevent any conflicts in scenario investigations. 

Noteworthy changes will be more pronounced in other land-cover classes, such as forested land, 

barren land, wetlands, and water bodies.  

To illustrate, Table 5.4 shows an example of what has been already explained for all quaternary 

catchments located at the Grootdraai Dam Catchment.  

Table 5.4: Predictions of land-cover classes in the event of a certain rate growth %/year increase 
in urban (built-up), cultivated land, and mining land-cover within the quaternary catchments in 
the study area. 

Land-cover 

classes 

Average 

change rate 

per year (%) 

Current 

situation Medium term Long term 

2020 (%) Horizon 2050 

(%) 
Horizon 2099 

(%) 
C11A 

Scenario A 
Urban (built-up) 0.04 0.64 1.84 3.80 
Cultivated land - 42.44 42.44 42.44 

Mines - 0.33 0.33 0.33 
Forested land - 3.73 3.65 3.52 

Grassland - 44.93 43.98 42.42 
Wetland - 6.51 6.37 6.15 

Water bodies - 1.42 1.39 1.34 
Scenario B 

Urban (built-up) - 0.64 0.64 0.64 
Cultivated land 0.42 42.44 55.04 75.62 

Mines - 0.33 0.33 0.33 
Forested land - 3.73 2.90 1.54 

Grassland - 44.93 34.93 18.59 
Wetland - 6.51 5.06 2.69 

Water bodies - 1.42 1.10 0.59 
Scenario C 

Urban (built-up) - 0.64 0.64 0.64 
Cultivated land - 42.44 42.44 42.44 

Mines 0.03 0.33 1.23 2.70 
Forested land - 3.73 3.67 3.57 

Grassland - 44.93 44.22 43.05 
Wetland - 6.51 6.41 6.24 

Water bodies - 1.42 1.40 1.36 
C11B 

Scenario A 
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Land-cover 

classes 

Average 

change rate 

per year (%) 

Current 

situation Medium term Long term 

2020 (%) Horizon 2050 

(%) 
Horizon 2099 

(%) 
Urban (built-up) 0.03 1.58 2.48 3.59 
Cultivated land - 36.77 36.77 36.77 

Mines - 1.82 1.82 1.82 
Forested land - 2.56 2.52 2.47 

Grassland - 48.46 47.73 46.83 
Wetland - 7.44 7.33 7.19 

Water bodies - 1.16 1.14 1.12 
Barren land - 0.21 0.21 0.20 

Scenario B 
Urban (built-up) - 1.58 1.58 1.58 
Cultivated land 0.4 36.77 48.77 68.7 

Mines - 1.82 1.82 1.82 
Forested land - 2.56 2.05 1.19 

Grassland - 48.46 38.74 22.60 
Wetland - 7.44 5.95 3.47 

Water bodies - 1.16 0.93 0.54 
Barren land  0.21 0.17 0.10 

Scenario C 
Urban (built-up) - 1.58 1.58 1.58 
Cultivated land - 36.77 36.77 36.77 

Mines 0.001 1.82 1.85 1.90 
Forested land - 2.56 2.56 2.56 

Grassland - 48.46 48.44 48.40 
Wetland - 7.44 7.44 7.43 

Water bodies  1.16 1.16 1.16 
Barren land - 0.21 0.21 0.21 

C11C 
Scenario A 

Urban (built-up) 0.02 0.18 0.78 1.76 
Cultivated land - 38.35 38.35 38.35 

Mines - 0.033 0.033 0.033 
Forested land - 2.48 2.46 2.42 

Grassland - 52.75 52.23 51.39 
Wetland - 5.75 5.69 5.60 

Water bodies - 0.28 0.28 0.27 
Barren land - 0.177 0.18 0.17 

Scenario B 
Urban (built-up) - 0.18 0.18 0.18 
Cultivated land 0.5 38.35 53.35 77.85 

Mines - 0.033 0.033 0.033 
Forested land - 2.48 1.87 0.89 

Grassland - 52.75 39.87 18.84 
Wetland - 5.75 4.35 2.05 

Water bodies - 0.28 0.21 0.10 
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Land-cover 

classes 

Average 

change rate 

per year (%) 

Current 

situation Medium term Long term 

2020 (%) Horizon 2050 

(%) 
Horizon 2099 

(%) 
Barren land  0.177 0.13 0.06 

Scenario C 
Urban (built-up) - 0.18 0.18 0.18 
Cultivated land - 38.35 38.35 38.35 

Mines 0.001 0.033 0.06 0.11 
Forested land - 2.48 2.48 2.48 

Grassland - 52.75 52.73 52.68 
Wetland - 5.75 5.75 5.74 

Water bodies  0.28 0.28 0.28 
Barren land - 0.177 0.18 0.18 

C11D 
Scenario A 

Urban (built-up) 0.02 0.24 0.84 1.82 
Cultivated land - 36.55 36.55 36.55 

Mines - 0 0 0 
Forested land - 2.85 2.82 2.78 

Grassland - 54.33 53.81 52.97 
Wetland - 5.42 5.37 5.28 

Water bodies - 0.47 0.47 0.46 
Barren land - 0.14 0.14 0.14 

Scenario B 
Urban (built-up) - 0.24 0.24 0.24 
Cultivated land 0.46 36.55 50.35 72.89 

Mines - 0 0 0 
Forested land - 2.85 2.23 1.21 

Grassland - 54.33 42.47 23.10 
Wetland - 5.42 4.24 2.30 

Water bodies - 0.47 0.37 0.20 
Barren land  0.14 0.11 0.06 

Scenario C 
Urban (built-up) - 0.24 0.24 0.24 
Cultivated land - 36.55 36.55 36.55 

Mines 0.001 0 0.03 0.079 
Forested land - 2.85 2.85 2.85 

Grassland - 54.33 54.30 54.26 
Wetland - 5.42 5.42 5.41 

Water bodies  0.47 0.47 0.47 
Barren land - 0.14 0.14 0.14 

C11F 
Scenario A 

Urban (built-up) 0.1 3.0 6.0 10.9 
Cultivated land - 44.59 44.59 44.59 

Mines - 0.92 0.92 0.92 
Forested land - 2.37 2.23 2.01 
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Land-cover 

classes 

Average 

change rate 

per year (%) 

Current 

situation Medium term Long term 

2020 (%) Horizon 2050 

(%) 
Horizon 2099 

(%) 
Grassland - 42.81 40.32 36.24 
Wetland - 5.13 4.83 4.34 

Water bodies - 0.9 0.85 0.76 
Barren land - 0.28 0.26 0.24 

Scenario B 
Urban (built-up) - 3 3 3 
Cultivated land 0.4 44.59 56.59 76.19 

Mines - 0.92 0.92 0.92 
Forested land - 2.37 1.82 0.92 

Grassland - 42.81 32.83 16.54 
Wetland - 5.13 3.93 1.98 

Water bodies - 0.9 0.69 0.35 
Barren land  0.28 0.21 0.11 

Scenario C 
Urban (built-up) - 3 3 3 
Cultivated land - 44.59 44.59 44.59 

Mines 0.05 0.92 2.42 4.87 
Forested land - 2.37 2.30 2.19 

Grassland - 42.81 41.56 39.53 
Wetland - 5.13 4.98 4.74 

Water bodies  0.9 0.87 0.83 
Barren land - 0.28 0.27 0.26 

C11G 
Scenario A 

Urban (built-up) 0.03 0.42 1.32 2.79 
Cultivated land - 50.65 50.65 50.65 

Mines - 0.132 0.132 0.132 
Forested land - 1.22 1.20 1.16 

Grassland - 41.21 40.45 39.21 
Wetland - 5.53 5.43 5.26 

Water bodies - 0.59 0.58 0.56 
Barren land - 0.248 0.24 0.24 

Scenario B 
Urban (built-up) - 0.42 0.42 0.42 
Cultivated land 0.5 50.65 65.65 90.15 

Mines - 0.132 0.132 0.132 
Forested land - 1.22 0.84 0.23 

Grassland - 41.21 28.54 7.85 
Wetland - 5.53 3.83 1.05 

Water bodies - 0.59 0.41 0.11 
Barren land  0.248 0.17 0.05 

Scenario C 
Urban (built-up) - 0.42 0.42 0.42 
Cultivated land - 50.65 50.65 50.65 
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Land-cover 

classes 

Average 

change rate 

per year (%) 

Current 

situation Medium term Long term 

2020 (%) Horizon 2050 

(%) 
Horizon 2099 

(%) 
Mines 0.001 0.132 2.42 4.87 

Forested land - 1.22 1.16 1.10 
Grassland - 41.21 39.28 37.21 
Wetland - 5.53 5.27 4.99 

Water bodies  0.59 0.56 0.53 
Barren land - 0.248 0.24 0.22 

C11E 
Scenario A 

Urban (built-up) 0.1 4.0 7.0 11.9 
Cultivated land - 34.25 34.25 34.25 

Mines - 0.031 0.031 0.031 
Forested land - 1.088 1.04 0.95 

Grassland - 57.13 54.35 49.814 
Wetland - 2.87 2.73 2.50 

Water bodies - 0.356 0.34 0.31 
Barren land - 0.275 0.26 0.24 

Scenario B 
Urban (built-up) - 4.0 4.0 4.0 
Cultivated land 0.3 34.25 43.25 57.95 

Mines - 0.031 0.031 0.031 
Forested land - 1.088 0.93 0.67 

Grassland - 57.13 48.80 35.19 
Wetland - 2.87 2.45 1.77 

Water bodies - 0.356 0.30 0.22 
Barren land  0.275 0.23 0.17 

Scenario C 
Urban (built-up) - 4.0 4.0 4.0 
Cultivated land - 34.25 34.25 34.25 

Mines 0.01 0.031 0.33 0.82 
Forested land - 1.088 1.08 1.07 

Grassland - 57.13 56.85 56.40 
Wetland - 2.87 2.86 2.83 

Water bodies  0.356 0.35 0.35 
Barren land - 0.275 0.27 0.27 

C11H 
Scenario A 

Urban (built-up) 0.1 2.45 5.45 10.35 
Cultivated land - 45.23 45.23 45.23 

Mines - 0.011 0.011 0.011 
Forested land - 0.48 0.45 0.41 

Grassland - 45.15 42.56 38.33 
Wetland - 6.02 5.67 5.11 

Water bodies - 0.457 0.43 0.39 
Barren land - 0.202 0.19 0.17 
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Land-cover 

classes 

Average 

change rate 

per year (%) 

Current 

situation Medium term Long term 

2020 (%) Horizon 2050 

(%) 
Horizon 2099 

(%) 
Scenario B 

Urban (built-up) - 2.45 2.45 2.45 
Cultivated land 0.3 45.23 54.23 68.93 

Mines - 0.011 0.011 0.011 
Forested land - 0.48 0.40 0.26 

Grassland - 45.15 37.38 24.69 
Wetland - 6.02 4.98 3.29 

Water bodies - 0.457 0.38 0.25 
Barren land  0.18 0.17 0.11 

Scenario C 
Urban (built-up) - 2.45 2.45 2.45 
Cultivated land - 45.23 45.23 45.23 

Mines 0.01 0.011 0.31 0.80 
Forested land - 0.48 0.48 0.47 

Grassland - 45.15 44.89 44.47 
Wetland - 6.02 5.99 5.93 

Water bodies  0.457 0.45 0.45 
Barren land - 0.18 0.20 0.20 

C11L 
Scenario A 

Urban (built-up) 0.04 0.75 1.95 3.91 
Cultivated land - 47.66 47.66 47.66 

Mines - 0.186 0.186 0.186 
Forested land - 0.87 0.85 0.82 

Grassland - 42.11 41.13 39.52 
Wetland - 3.59 3.51 3.37 

Water bodies - 4.63 4.52 4.35 
Barren land - 0.2 0.20 0.19 

Scenario B 
Urban (built-up) - 0.75 0.75 0.75 
Cultivated land 0.2 47.66 53.66 63.46 

Mines - 0.186 0.186 0.186 
Forested land - 0.87 0.77 0.60 

Grassland - 42.11 37.19 29.17 
Wetland - 3.59 3.17 2.49 

Water bodies - 4.63 4.09 3.21 
Barren land  0.2 0.18 0.14 

Scenario C 
Urban (built-up) - 0.75 0.75 0.75 
Cultivated land - 47.66 47.66 47.66 

Mines 0.01 0.186 0.49 0.98 
Forested land - 0.87 0.86 0.86 

Grassland - 42.11 41.86 41.46 
Wetland - 3.59 3.57 3.53 
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Land-cover 

classes 

Average 

change rate 

per year (%) 

Current 

situation Medium term Long term 

2020 (%) Horizon 2050 

(%) 
Horizon 2099 

(%) 
Water bodies  4.63 4.60 4.56 
Barren land - 0.2 0.20 0.20 

C11J 
Scenario A 

Urban (built-up) 0.02 0.4 1.0 1.98 
Cultivated land - 36.73 36.73 36.73 

Mines - 0.31 0.31 0.31 
Forested land - 0.56 0.55 0.55 

Grassland - 58.12 57.56 56.65 
Wetland - 3.19 3.16 3.11 

Water bodies - 0.44 0.44 0.43 
Barren land - 0.25 0.25 0.24 

Scenario B 
Urban (built-up) - 0.4 0.4 0.4 
Cultivated land 0.3 36.73 45.73 60.43 

Mines - 0.31 0.31 0.31 
Forested land - 0.56 0.48 0.35 

Grassland - 58.12 49.76 36.10 
Wetland - 3.19 2.73 1.98 

Water bodies - 0.44 0.38 0.27 
Barren land  0.25 0.21 0.16 

Scenario C 
Urban (built-up) - 0.4 0.4 0.4 
Cultivated land - 36.73 36.73 36.73 

Mines 0.02 0.31 0.91 1.89 
Forested land - 0.56 0.55 0.55 

Grassland - 58.12 57.56 56.65 
Wetland - 3.19 3.16 3.11 

Water bodies  0.44 0.44 0.43 
Barren land - 0.25 0.25 0.24 

C11K 
Scenario A 

Urban (built-up) 0.04 1.30 2.50 4.46 
Cultivated land - 48.78 48.78 48.78 

Mines - 0.3 0.3 0.3 
Forested land - 0.33 0.32 0.31 

Grassland - 40.25 39.28 37.69 
Wetland - 8.32 8.12 7.79 

Water bodies - 0.58 0.57 0.54 
Barren land - 0.14 0.14 0.13 

Scenario B 
Urban (built-up) - 1.30 1.30 1.30 
Cultivated land 0.3 48.78 57.78 72.48 
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Land-cover 

classes 

Average 

change rate 

per year (%) 

Current 

situation Medium term Long term 

2020 (%) Horizon 2050 

(%) 
Horizon 2099 

(%) 
Mines - 0.3 0.3 0.3 

Forested land - 0.33 0.27 0.17 
Grassland - 40.25 32.95 21.03 
Wetland - 8.32 6.81 4.35 

Water bodies - 0.58 0.47 0.30 
Barren land  0.14 0.11 0.07 

Scenario C 
Urban (built-up) - 1.3 1.3 1.3 
Cultivated land - 48.78 48.78 48.78 

Mines 0.04 0.3 1.50 3.46 
Forested land - 0.33 0.32 0.31 

Grassland - 40.25 39.28 37.69 
Wetland - 8.32 8.12 7.79 

Water bodies  0.58 0.57 0.54 
Barren land - 0.14 0.14 0.13 

 

Figure 5.4 depicts the methodology used in this chapter, presenting the study phases as a 

flowchart that depicts the step-by-step approach. 

 

Figure 5.4: Methodology flow chart for linking multiple regression results into the calibrated 
Pywr-WQ model to assess the impacts of land-use change on water quality in the Grootdraai 
Dam Catchment. 
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5.2.6 Land-cover models' performance  

The current study assessed the developed land-cover model simulations of the Grootdraai Dam's 

water quality using the NSE (Nash & Sutcliffe, 1970) performance metric, gauged overall 

accuracy, with an NSE above 0.9 considered excellent. 

5.3 Results 

5.3.1 Results of multiple regression 

Table 5.5 presents the outcomes of the multiple regression analysis, illustrating the α-θ values 

corresponding to each incremental flow within every quaternary catchment. To authenticate the 

findings derived from the multiple regression, the SFN values obtained from these regressions 

were cross-referenced with those acquired through the calibration of the Pywr-WQ model (refer 

to Chapter 4) against observed data. 

Table 5.5: Parameter values for the multiple regression equation (see Eq.5.1). 

Par. NO2-N + NO3-N NH4-N PO4-P Par. NO2-N + NO3-N NH4-N PO4-P 

C11A: Inflow_1 C11D: Inflow_4 

α 0.00 0.00 0.00 α 0.66 3.56 34.72 

β 1.05 0.00 0.16 β 0.00 0.00 0.00 

γ 5.22 1.72 0.29 γ 0.42 1.78 0.13 

δ 0.00 0.00 0.00 δ 0.00 0.00 0.00 

ε 0.00 0.00 0.00 ε 0.00 0.00 0.00 

ζ 5.56 2.80 7.97 ζ 0.89 5.59 151.51 

η 0.00 0.00 0.00 η 0.00 0.00 0.00 

θ 0.00 0.00 0.00 θ 0.00 0.00 0.00 

C11B: Inflow_2 C11F: Inflow_5 

α 0.00 0.00 0.00 α 0.00 0.00 0.00 

β 6.47 9.57 4.70 β 12.79 11.38 2.66 

γ 0.00 0.00 0.00 γ 0.00 0.00 0.00 
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Par. NO2-N + NO3-N NH4-N PO4-P Par. NO2-N + NO3-N NH4-N PO4-P 

δ 0.00 0.00 0.00 δ 0.00 0.00 0.00 

ε 0.00 0.00 0.00 ε 0.00 0.00 0.00 

ζ 2.47 10 5.49 ζ 2.91 8.63 9.56 

η 0.00 0.00 0.00 η 0.00 0.00 0.00 

θ 6.21 5.18 1.34 θ 3.42 2.40 1.16 

C11C: Inflow_3 C11G: Inflow_6 

α 0.00 0.00 0.00 α 0.00 0.00 0.00 

β 20.83 0.10 20.83 β 9.76 4.76 11.19 

γ 0.14 1.07 0.136 γ 0.15 0.17 0.21 

δ 0.00 0.00 0.00 δ 0.00 0.00 0.00 

ε 0.00 0.00 0.00 ε 0.00 0.00 0.00 

ζ 0.00 0.00 0.00 ζ 0.00 0.00 0.00 

η 0.00 0.00 0.00 η 0.00 0.00 0.00 

θ 0.00 0.00 0.00 θ 0.00 0.00 0.00 

C11E: Inflow_7 C11K: Inflow_10 

α 0.00 0.00 0.00 α 0.00 0.00 0.00 

β 7.10 0.00 0.00 β 18.30 25.84 8.35 

γ 2.29 0.61 3.1 γ 0.00 0.00 0.00 

δ 0.00 0.00 0.00 δ 0.00 0.00 0.00 

ε 0.00 0.00 0.00 ε 0.00 0.00 0.00 

ζ 2.49 0.56 19.67 ζ 30.80 16.02 14.10 

η 0.00 0.00 0.00 η 0.00 0.00 0.00 
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Par. NO2-N + NO3-N NH4-N PO4-P Par. NO2-N + NO3-N NH4-N PO4-P 

θ 0.00 0.00 0.00 θ 0.00 0.00 0.00 

C11H: Inflow_8 C11L: Inflow_11 

α 0.00 0.00 0.00 α 0.00 0.00 0.00 

β 4.00 23.87 0.40 β 0.00 0.00 0.00 

γ 0.00 0.00 0.00 γ 1.05 1.10 0.02 

δ 0.00 0.00 0.00 δ 0.00 0.00 0.00 

ε 0.00 0.00 0.00 ε 0.00 0.00 0.00 

ζ 5.86 4.17 2974.1 ζ 0.00 0.00 0.00 

η 0.00 0.00 0.00 η 0.88 1.07 0.25 

θ 0.00 0.00 0.00 θ 0.00 0.00 0.00 

C11J: Inflow_9 

- 

α 0.00 0.00 0.00 

β 0.00 0.00 0.00 

γ 0.61 0.61 0.00 

δ 0.00 0.00 0.00 

ε 0.00 0.00 0.00 

ζ 0.00 0.00 3.54 

η 0.00 0.00 0.00 

θ 0.56 0.56 0.56 

*Par. refer to multiple regression parameters as described in Equation 5.1. 

Figure 5.5 illustrates the comparison of simulated water quality at the Grootdraai Dam. This 

comparison includes (1) surface flow nutrient concentrations (SFN) obtained from the Pywr-WQ 

model calibration against observed data, where the water quality signature for non-point sources 

in the model was set by calibrating model simulations with observed water quality data; and (2) 
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surface flow nutrient concentrations derived from multiple regression equations, where the 

independent data were areas of different land-use. The frequency distribution graphs indicated 

very good performance, particularly for ammonium and phosphate. The duration curves 

generated by the land-cover simulation closely resembled those from the calibrated Pywr-WQ 

simulation. High NSE values, ranging from 0.96 for ammonium to 0.98 for phosphate, 

underscored the accuracy of the model. However, some disparities were observed for nitrate plus 

nitrite between the two duration curves, with the NSE estimated at 0.9.  

 

 

 



85 
 

 

Figure 5.5: The values of surface flow nutrient concentrations (SFN) as estimated through 
multiple regression and showing the corresponding SFN values estimated by calibration of the 
Pywr-WQ model at the Grootdraai Dam to observed data, used as input into the Pywr-WQ 
model setups for the quaternary catchments. Shown are the simulations by the Pywr-WQ model 
for the calibration against observed data, as well as the simulation obtained when the SFN value 
obtained through multiple regression was used as the parameter value instead. The comparisons 
are shown as frequency distributions.  

Table 5.6 presents the outcomes of the multiple regression analysis, illustrating the α-θ values 

corresponding to each incremental flow within every quaternary catchment. To authenticate the 

findings derived from the multiple regression, the GWFS values obtained from these regressions 

were cross-referenced with those acquired through the calibration of the Pywr-WQ model (refer 

to Chapter 4) against observed data. 

Table 5.6: Parameter values for the multiple regression equation (see Eq.5.2). 

Par. TDS SO4 Ca Par. TDS SO4 Ca 

C11A: Inflow_1 C11F: Inflow_5 

α 0.00 0.00 0.00 α 0.00 0.00 0.00 

β 200.61 58.50 35.00 β 14300.00 1800.00 420.00 

γ 689.20 120.00 80.00 γ 0.00 0.00 0.00 

δ 0.00 0.00 0.00 δ 0.00 0.00 0.00 

ε 0.00 0.00 0.00 ε 0.00 0.00 0.00 

ζ 17514.97 400.00 988.02 ζ 70000.00 6000.00 1119.56 

η 0.00 0.00 0.00 η 0.00 0.00 0.00 
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Par. TDS SO4 Ca Par. TDS SO4 Ca 

θ 0.00 0.00 0.00 θ 6376.00 1400.00 600.00 

C11B: Inflow_2 C11K: Inflow_10 

α 0.00 0.00 0.00 α 0.00 0.00 0.00 

β 49638.00 45000.00 330.00 β 15500.00 4500.00 560.76 

γ 0.00 0.00 0.00 γ 0.00 0.00 0.00 

δ 0.00 0.00 0.00 δ 0.00 0.00 0.00 

ε 0.00 0.00 0.00 ε 0.00 0.00 0.00 

ζ 27000.00 15000.00 500.00 ζ 45833.34 10000.00 2432.04 

η 0.00 0.00 0.00 η 0.00 0.00 0.00 

θ 17800.00 13000.00 850.00 θ 0.00 0.00 0.00 

*Par. refer to multiple regression parameters as described in Equation 5.2. 

Figure 5.6 and Figure 5.7 illustrate the comparison between groundwater flow TDS, sulphate, and 

calcium concentrations (GWFS) obtained from multiple regression and those derived from the 

Pywr-WQ model calibration at the Grootdraai Dam against observed data. The frequency 

distribution graphs demonstrated excellent performance, especially for TDS and sulphate. The 

duration curves derived from the land-cover simulation closely mirrored those produced by the 

calibrated Pywr-WQ simulation. The model's accuracy was supported by high NSE values, 

reaching 0.99 for TDS and sulphate, and 0.95 for calcium. Multiple regression analysis was 

conducted to assess the relationship between water quality variables (nutrients, TDS, sulphate, 

and calcium) and land-use classes (refer to Table 5.5 and Table 5.6).  
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Figure 5.6: The values of groundwater flow TDS and sulphate concentrations (GWFS) as 
estimated through multiple regression and showing the corresponding GWFS values estimated 
by calibration of the Pywr-WQ model at the Grootdraai Dam to observed data, were used as 
input into the Pywr-WQ model setups for the quaternary catchments. Shown are the 
simulations by the Pywr-WQ model for the calibration against observed data, as well as the 
simulation obtained when the GWFS value obtained through multiple regression was used as 
the parameter value instead. The comparisons are shown as frequency distributions. 

The objective was to ascertain the significance of their influence on water quality and employ the 

developed models for scenario analysis. 
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Figure 5.7: The values of groundwater flow calcium concentrations (GWFS) as estimated 
through multiple regression and showing the corresponding GWFS values estimated by 
calibration of the Pywr-WQ model at the Grootdraai Dam to observed data, were used as input 
into the Pywr-WQ model setups for the quaternary catchments. Shown are the simulations by 
the Pywr-WQ model for the calibration against observed data, as well as the simulation 
obtained when the GWFS value obtained through multiple regression was used as the parameter 
value instead. The comparisons are shown as frequency distributions. 

This study's findings highlight the dominant impact of land-cover classes on water quality 

variables. Each parameter (α, β, γ, δ, ε, ζ, η, and θ) contributes to the overall SFN and GWFS values. 

Higher values indicate a substantial contribution to surface flow nutrient signatures or 

groundwater flow signatures. In addition, parameters may have zero values, indicating no 

influence between a water quality variable and a land-use class. Specifically, concerning 

nutrients, certain parameters consistently demonstrate high magnitudes across quaternary 

catchments. Notably, ζ (mines and quarries) exhibits the highest magnitude, followed by β (urban 

areas), and γ (cultivated areas). These consistently high magnitudes suggest a significant impact 

on SFN. However, this order may differ from one quaternary catchment to another. For instance, 

in C11F, urban areas have a significant impact on nitrate plus nitrite, compared to C11K, where 

mines and quarries have a substantial impact on ammonium. Mines and quarries demonstrate a 

predominant influence on TDS, sulphate, and calcium in quaternary catchments, with urban areas 

following suit, possibly attributed to intense mining activities and potential sewage impacts. 

These results align with observed groundwater flow salt signatures during calibration. 

5.3.2 Land-cover scenarios 

In scenarios A, B, and C, the heightened impact on water quality variables is explored in urban, 

cultivated, and mining areas. The percentage increase varies among quaternary catchments, 

determined by the average observed increase in each class through a comparison of land-cover 

between 2013 and 2020.  
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5.3.2.1 Scenario A: increase in urban areas 

Scenario A (the increase in urban areas) explores urban area increases with a distinguished 

percentage impact on water quality at the Grootdraai Dam Catchment. Figure 5.8 illustrates the 

duration curve of ammonium for Scenario A at Grootdraai Dam, closely resembling the baseline 

simulation. The slight increase in pollutant levels at high frequencies suggests some impact from 

urban expansion at Grootdraai Dam. However, the similarities between baseline and Scenario A 

duration curves at moderate to lower frequencies indicate effective dilution capabilities within 

the dam. The duration curves of nitrate plus nitrite in Scenario A at Grootdraai Dam exhibited 

higher values than those in the baseline simulation at lower frequencies and a closer alignment at 

higher frequencies. This divergence could be attributed to urban development, or potential 

alterations linked to the rise in urban areas, possibly leading to increased mobilisation of 

pollutants through runoff. Furthermore, the duration curve for phosphate in Scenario A (increase 

in urban areas) at Grootdraai Dam exhibited higher values than the baseline simulation at both 

low and high frequencies. The concentration of phosphate may be affected by the nutrient 

signature carried by surface flow, potentially arising from urban expansion, which could result in 

sewage drainage and wastewater leakage. It is crucial to acknowledge that, when assessing the 

impact of increased urban areas on water quality, other land-use categories are also considered. 

These factors may contribute to the elevated phosphate levels observed at Grootdraai Dam. 
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Figure 5.8: The surface flow nutrient concentrations (SFN) were estimated using multiple 
regression prediction under Scenario A (referring to the increase in urban areas). These 
estimated SFN values, along with corresponding SFN values obtained by calibrating the Pywr-
WQ model to observed data, were utilised as input for the Pywr-WQ model in the respective 
quaternary catchments. The comparisons are presented as frequency distributions for the 
Grootdraai Dam over the long term. 
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Figure 5.9: Monthly averaged simulated nitrate plus nitrite, ammonium, and phosphate for the 
Grootdraai Dam under baseline conditions (1920-2010) and under Scenario A (increase in 
urban areas) (2020-2099). 

Figure 5.9 illustrates the seasonal fluctuations in nitrate plus nitrite, ammonium, and phosphate 

concentrations within the baseline (1920–2010) and Scenario A (referring to the increase in urban 

areas) (2020–2099) contexts for the Grootdraai Dam. The data highlights that nitrate plus nitrite 

concentrations reach their peak during the months (October – Mars), followed by a decline from 

April to September, and then commence an upward trend in October. Similarly, phosphate 

exhibits a comparable seasonal pattern, with a notable increase in monthly variation when 

compared to the Scenario A simulation. Conversely, a substantial reduction in ammonium 

concentration is evident from April to September, indicating a significant and closely aligned 

variation between baseline and Scenario A simulations. The peak levels of nitrate plus nitrite, 

ammonium, and phosphate are observed between February and March. This seasonal fluctuation 

is primarily attributed to variations in surface water flow, as the model parameters remain static. 

Conversely, the lowest values are recorded in September. These patterns can be attributed to 

diverse factors, one of which is the surface nutrient signature assigned to each node upstream of 
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the Grootdraai Dam as a consequence of the predicted land-cover model. For instance, the dataset 

for nitrate plus nitrite concentrations under Scenario A reveals notable extremes. The highest 

concentration occurs in February 2075, reaching 1.07 mg.l-1. In contrast, the lowest concentration 

is recorded in October 2066, measuring 0.08 mg.l-1. The consistent low values across months in 

2066 suggest a sustained trend, as presented in Figure 5.10. 

 

 

Figure 5.10: Nitrate plus nitrite monthly variation under Scenario A (increase in urban areas) 
at the Grootdraai Dam over the long term (2020–2099), shown as a heatmap. 
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Figure 5.11: The groundwater flow salts concentrations (GWFS) were estimated using multiple 
regression prediction under Scenario A (increase in urban areas). These estimated GWFS 
values, along with corresponding GWFS values obtained by calibrating the Pywr-WQ model 
to observed data, were utilised as input for the Pywr-WQ model in the respective quaternary 
catchments. The comparisons are presented as frequency distributions for the Grootdraai Dam 
over the long term. 

Figure 5.11 illustrates the duration curve of TDS, sulphate, and calcium for Scenario A (increase 

in urban areas) at Grootdraai Dam, showing values higher than those in the baseline simulation 

across identical values across very high frequencies.  

The graphs highlight a notable influence of increased urban areas on these salts, possibly 

correlated with the coefficients assigned to urban areas, where it ranks as the second land-use 

class with high β values. It is essential to note that while the rise in urban areas may contribute to 

the elevated levels of salts, it does not necessarily imply that urban areas are the sole factor 

influencing these concentrations. Although other land-use types may not be experiencing an 

increase, they could still contribute to the elevated levels, highlighting the complex nature of 

these influences.  
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Figure 5.12: Monthly averaged simulated TDS, sulphate, and calcium for the Grootdraai Dam 
under baseline conditions (1920–2010) and Scenario A (increase in urban areas) (2020–2099). 

Figure 5.12 illustrates the seasonal fluctuations in TDS, sulphate, and calcium concentrations 

within the baseline (1920–2010) and Scenario A (increase in urban areas) (2020–2099) contexts 

for the Grootdraai Dam. The graphs depict minimal variation or, in some cases, no visible change 

across the months for the salts. This limited variation can be attributed to the reduced seasonal 

variation in groundwater flow. For instance, there is a marginal increase in salts observed from 
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April to May, followed by a slight decrease until November, after which they begin to rise once 

more.  

The TDS monthly variation shown in Figure 5.13, reveals that the monthly variations in Scenario 

A exhibit notable extremes. The highest concentration occurs in May 2094, reaching 241.8 mg.l-

1. In contrast, the lowest concentration is in February 2039, measuring 53.4 mg.l-1. The 

consistently low values across months in 2055 suggest a sustained trend. 

 

Figure 5.13: TDS monthly variation under Scenario A (increase in urban areas) at the 
Grootdraai Dam over the long term (2020–2099), shown as a heatmap. 

5.3.2.2 Scenario B: increase in cultivated areas 

Scenario B (increase in cultivated areas) examines an increase in cultivated areas with a 

distinguished percentage impact on water quality in the Grootdraai Dam Catchment. Figure 5.14 

illustrates the duration curves of nitrate plus nitrite, ammonium, and phosphate for scenario B at 

Grootdraai Dam.  

Figure 5.14, which illustrates nitrate plus nitrite concentrations under Scenario B, reveals 

heightened values compared to the baseline simulation, particularly at lower frequencies, while 

exhibiting minimal differences at higher frequencies. This observation can be attributed to the 

influence of increased cultivated areas, associated with the intensified application of fertilisers 

and agricultural products, contributing to the observed increase.  
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Figure 5.14: The surface flow nutrient concentrations (SFN) were estimated using multiple 
regression prediction under Scenario B (referring to the increase in cultivated areas). These 
estimated SFN values, along with corresponding SFN values obtained by calibrating the Pywr-
WQ model to observed data, were utilised as input for the Pywr-WQ model in the respective 
quaternary catchments. The comparisons are presented as frequency distributions for the 
Grootdraai Dam over the long term. No comparison for ammonium is shown as there was a 
0% discrepancy between the baseline simulation and Scenario B simulation.  

Furthermore, runoff could potentially facilitate the mobilisation of these contaminants through 

the soil-water interface, potentially further contributing to the likelihood of elevated 

concentrations. In addition, the phosphate duration curve under Scenario B demonstrated 

simulation patterns that are high at both lower and higher frequencies, with significant elevations 

observed in the intermediate frequency range. 

Figure 5.15 presents the monthly average distribution of nitrate plus nitrite and phosphate 

concentrations in the Grootdraai Dam under Scenario B (increase in cultivated areas) over the 

long term. Nitrate plus nitrite exhibited elevated values in March, contrasting with lower values 

observed in October. Conversely, phosphate demonstrated heightened concentrations in 

February and diminished levels in October. Figure 5.15 highlights February as the month 
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characterised by a significant difference between the baseline and simulated Scenario B, while 

September exhibits the minimum difference.  

 

 

Figure 5.15: Monthly averaged simulated nitrate plus nitrite and phosphate for the Grootdraai 
Dam under baseline conditions (1920–2010) and under Scenario B (increase in cultivated 
areas) (2020–2099). 

Figure 5.16 illustrates the monthly variation in nitrate plus nitrite concentrations under Scenario 

B through a heatmap, revealing distinct extremes. The peak concentration was observed in April 

2044, reaching 0.9 mg.l-1. Conversely, the lowest concentration occurred in October 2066, 

measuring 0.07 mg.l-1. The sustained low values throughout the months of 2066 indicate a 

persistent trend. 
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Figure 5.16: Nitrate plus nitrite monthly variation under Scenario B (increase in cultivated 
areas) at the Grootdraai Dam over the long term (2020–2099), shown as a heatmap. 

5.3.2.3 Scenario C: increase in mining areas 

Scenario C (increase in mining areas) examines the impact of increased mining activities on water 

quality in the Grootdraai Dam Catchment. Figure 5.17 shows duration curves for nitrate plus 

nitrite, ammonium, and phosphate in Scenario C for the Grootdraai Dam. Nitrate plus nitrite 

concentrations closely align with the baseline at higher frequencies but exhibit higher levels at 

moderate to lower frequencies. This variation may be attributed to the influence of related land-

cover classes, such as cultivated areas, which vary from 34% to more than 50% of the Grootdraai 

Dam Catchment. Despite the minimal expansion of mines, the persistent influence of cultivated 

areas remains significant. Phosphate levels in Scenario C closely resemble the baseline, showing 

slight increases at very low frequencies. The marginal impact of mines on phosphate, indicated 

by coefficients, explains the similarities between simulated phosphate under Scenario C and the 

baseline simulation. 
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Figure 5.17: The surface flow nutrient concentrations (SFN) were estimated using multiple 
regression prediction under Scenario C (increase in mining areas). These estimated SFN values, 
along with corresponding SFN values obtained by calibrating the Pywr-WQ model to observed 
data, were used as input for the Pywr-WQ model in the respective quaternary catchments. The 
comparisons are presented as frequency distributions for the Grootdraai Dam over the long 
term. No comparison for ammonium is shown as there was a 0% discrepancy between the 
baseline simulation and Scenario C simulation. 

Figure 5.18 illustrates the long term monthly average distribution of nitrate plus nitrite and 

phosphate concentrations in the Grootdraai Dam in Scenario C (increase in mining areas). Higher 

values for phosphate and nitrate plus nitrite are evident, particularly in February and March. This 

observed seasonal variation might be attributed to a potential increase in runoff during flood 

episodes, potentially facilitating the mobilisation of contaminants from soil to water. Conversely, 

in October, there appears to be a tendency towards very low concentrations, suggesting the 

possibility of the Grootdraai Dam exhibiting a capacity for dilution. Furthermore, the low 

concentrations may be attributed to algae and other organisms, which assist with removing 

nutrients. 



100 
 

 

 

Figure 5.18: Monthly averaged simulated nitrate plus nitrite and phosphate for the Grootdraai 
Dam under baseline conditions (1920–2010) and in Scenario C (2020–2099). 

Figure 5.19 illustrates the duration curves of TDS, sulphate, and calcium for Scenario C (increase 

in mining areas) at Grootdraai Dam compared to the baseline scenario over the long term. The 

concentrations in Scenario C surpass those in the baseline simulation and remain consistently 

elevated, especially at very high frequencies. Notably, TDS concentration exceeds 300 mg.l-1, a 

level not observed in Scenario A. Sulphate concentration also exceeds 50 mg.l-1 at low 

frequencies, contrasting with Scenario A. Calcium exhibits considerable variations, diverging 

from both the baseline simulation and Scenario A. The elevated levels of TDS, sulphate, and 

calcium in Scenario C might be associated with the expansion of mining areas. Various factors 

may contribute to the release of these salts, including potential changes in geological formations. 

Moreover, the breakdown of pyrite in the presence of water and oxygen results in elevated 

sulphate levels, known as Acid Mine Drainage (AMD), and lime treatment of AMD leads to an 

increase in calcium levels. The impact of AMD from mining activities could be a significant 

factor, as runoff from these areas may transport contaminants through sediments, potentially 

leading to an increase in salt concentrations at the Dam. 
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Figure 5.19: The groundwater flow salts concentrations (GWFS) were estimated using multiple 
regression prediction under Scenario C (increase in mining areas). These estimated GWFS 
values, along with corresponding GWFS values obtained by calibrating the Pywr-WQ model 
to observed data, were used as input for the Pywr-WQ model in the respective quaternary 
catchments. The comparisons are presented as frequency distributions for the Grootdraai Dam 
over the long term. 

Figures 5.20 and 5.21 depict the monthly variations of TDS and sulphate in Scenario C for 

Grootdraai Dam over the long term.  
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The peak TDS value occurred in May 2094, reaching a value of 330.5 mg.l-1, while the lowest 

values were recorded in  February 2039, with a value of 65 mg.l-1. The year 2055 appears to exhibit 

the least variability in TDS concentrations.  

 

Figure 5.20: TDS monthly variation in Scenario C (increase in mining areas) at the Grootdraai 
Dam over the long term (2020–2099), shown as a heatmap. 

 

Figure 5.21: Sulphate monthly variation in Scenario C (increase in mining areas) at the 
Grootdraai Dam over the long term (2020–2099), shown as a heatmap. 
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High TDS values occurring at the beginning of the dry season may reflect the lack of dilution 

capacity, which can be impacted by the reservoir volume accumulation. In May 2094, the 

sulphate concentration was predicted to peak at 53.5 mg.l-1, whereas the lowest values, recorded 

in February 2039, predicted 10.3 mg.l-1. Interestingly, the year 2055 displays minimal variability 

in sulphate concentrations. The synchronicity between the variations in sulphate and TDS implies 

a potential correlation between these two variables. The reasons for these extreme values may 

align with those identified in the TDS variation, emphasising common contributing factors. 

5.3.3 Land-cover scenarios - water quality implications in the short term 

Table 5.6 (section 5.2.1) displays the water quality status for the Grootdraai Dam node located 

downstream of the catchment over the next 5, 10, and 20 years for each scenario, starting from the 

year 2020. The categorisation of water quality data in each scenario adheres to the criteria 

outlined in the Grootdraai Dam Catchment-specific water quality guidelines established by Rand 

Water (2022). It is important to note that these guidelines can differ among rivers within the 

Grootdraai Dam Catchment. To ensure accurate guideline selection, certain conditions were 

taken into account. Firstly, the selected node should not receive any return flows to prevent 

potential alterations and disturbances to the variation. Secondly, the node should be close to the 

rivers specified in the water quality guidelines. Water quality guidelines from Rand Water 

encompass various water quality variables, including TDS, sulphate, nitrate plus nitrite, 

ammonium, phosphate, chloride, and fluoride. This study specifically focused on the water 

quality variables listed in Table 5.3 for each investigated scenario. The classification of calcium 

concentration was constrained by the availability of water quality guidelines, which limited the 

visualization options.  

Table 5.7 illustrates diverse trends in nitrate plus nitrite, ammonium, phosphate, TDS, and 

sulphate compliance percentages across investigated scenarios over the upcoming 5, 10, and 20 

years, starting from the year 2020. In Scenario A (increase in urban areas), nitrate plus nitrite 

compliance percentages depict a general increase with fluctuations beneath the acceptable level. 

Scenario B (increase in cultivated areas) shows an upward trajectory in acceptable and tolerable 

levels, along with a decrease in unacceptable concentrations. Scenario C mirrors B, presenting a 

notable drop in unacceptable levels at the 20-year scale. Ammonium compliance percentages in 

Scenario A display a general upward trend with temporal fluctuations below the acceptable level. 

Conversely, Scenario B showcases escalating acceptable and tolerable levels, coupled with a 

reduction in unacceptable concentrations.  



104 
 

Table 5.7: Water quality compliance percentages under different classifications for the Grootdraai Dam node over the next 5, 10, and 20 years. 
Each colour corresponds to a specific classification type: red indicates an unacceptable level, yellow indicates a tolerable level, green indicates an 
acceptable level, and blue indicates an ideal level. 
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Scenario A 

Grootdraai Dam 

5 13.7 41.1 45.2 31.7 68.3 48.8 51.2 78 22 20.6 73.8 5.6 

10 28.5 42.3 29.2 42.4 57.6 45.3 54.7 85.2 14.8 22.1 75 2.9 

20 33.07 38.4 28.5 40 60 43.1 56.9 89.6 10.4 17.9 80.6 1.5 

Scenario B 

Grootdraai Dam 

5 17.1 44.3 38.6 32.4 67.6 50.1 49.9 

- 10 33.3 42.9 23.8 43.5 56.5 46.7 53.3 

20 38.4 39.8 22 41 59 43.5 56.5 

Scenario C 

Grootdraai Dam 

5 18.2 44.4 37.4 32.2 67.8 46.1 53.9 27.5 72.5 38.3 56.8 4.9 

10 34.4 42.7 22.9 43.1 56.9 41.6 58.4 14.4 85.6 67.3 29.9 2.5 

20 39.3 39.6 21.1 40.7 59.4 36.7 63.3 8.7 91.3 71.3 27.4 1.3 
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Notably, Scenario C (increase in mining areas) mirrors the trends observed in Scenario B, 

highlighting a significant decrease in unacceptable levels at the 20-year scale. Furthermore, 

phosphate compliance percentages in Scenario A exhibit a decline, Scenario B maintains 

stabilised levels around the acceptable range, while Scenario C consistently decreases.  

The TDS compliance trends in Scenarios A, B, and C over 5, 10, and 20 years from 2020 reveal 

that Scenario A exhibits a gradual increase, reaching a peak at 20 years within acceptable limits. 

In Scenario C, a decline in acceptable levels is evident, accompanied by a significant increase in 

tolerable levels. Hence, sulphate compliance trends in Scenarios A, B, and C over 5, 10, and 20 

years from 2020 reveal that Scenario A's levels fluctuate within tolerable, acceptable, and ideal 

limits. Meanwhile, in Scenario C, a notable decrease in acceptable and ideal levels is evident, yet 

there is a significant increase in tolerable levels.  

5.3.4 Water quality assessment under land-use changes 

The assessment of nitrate plus nitrite concentrations under the urban area increase scenario 

(referred to as Scenario A) uses water quality guidelines (acceptable classification) established 

by Rand Water (2022) for the Grootdraai Dam, as illustrated in Figure 5.22. 

 

Figure 5.22: The Pywr-WQ model simulated nitrate plus nitrite at the Grootdraai Dam node 
under urban areas increase scenario (Scenario A) alongside the baseline simulation, which is 
depicted through frequency distributions. These distributions are juxtaposed with the numerical 
limits established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the 
acceptable level is denoted by green lines. 

The plot reveals that simulated nitrate plus nitrite levels in Scenario A surpass the numerical limit 

considered acceptable 66.9% of the time, compared to 53.3% under the baseline scenario. Figure 

5.23 shows that ammonium concentration Scenario A surpasses the numerical limit considered 

acceptable (0.1 mg.l-1) for 15.7% of the time, compared to 14.6% under the baseline scenario.  
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Figure 5.23: The Pywr-WQ model simulated ammonium at the Grootdraai Dam node under 
urban areas increase scenario (Scenario A) alongside the baseline simulation, is depicted 
through frequency distributions. These distributions are juxtaposed with the numerical limits 
established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the acceptable 
level is denoted by green lines. 

 

 

Figure 5.24: Pywr-WQ model simulated phosphate at the Grootdraai Dam node under 
cultivated areas increase scenario (Scenario B) alongside the baseline simulation, is depicted 
through frequency distributions. These distributions are juxtaposed with the numerical limits 
established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the acceptable 
level is denoted by green lines. 

Phosphate concentrations escalate under cultivated areas increase (referred to as Scenario B), 

exceeding the numerical limit deemed acceptable (0.15 mg.l-1) for 4.5% of the time, compared to 

0.17% under the baseline scenario (Figure 5.24). Furthermore, phosphate concentrations in 
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Scenario B surpass the numerical limit considered ideal (0.04 mg.l-1) 71.1% of the time, 

compared to 43% in the baseline scenario (Figure 5.25). 

 

Figure 5.25: Pywr-WQ model simulated phosphate at the Grootdraai Dam node under 
cultivated areas increase scenario (Scenario B) alongside the baseline simulation, is depicted 
through frequency distributions. These distributions are juxtaposed with the numerical limits 
established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the ideal level 
is denoted by blue lines. 

 

 

Figure 5.26: The Pywr-WQ model simulated TDS at the Grootdraai Dam node under mining 
areas increase (Scenario C) alongside the baseline simulation, which is depicted through 
frequency distributions. These distributions are juxtaposed with the numerical limits 
established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the acceptable 
level is denoted by green lines. 

The TDS concentrations increase as mining areas expand (referred to as Scenario C), exceeding 

the numerical limit deemed acceptable (195 mg.l-1) 94.5% of the time, compared to 0.54% under 

the baseline scenario (Figure 5.26).  
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Sulphate concentrations, too, escalate under mining areas increase, exceeding the numerical limit 

deemed acceptable (25 mg.l-1) for 98% of the time, compared to 80.7% under the baseline 

scenario (Figure 5.27).  

 

Figure 5.27: The Pywr-WQ model simulated sulphate at the Grootdraai Dam node under 
mining areas increase (Scenario C) alongside the baseline simulation, which is depicted 
through frequency distributions. These distributions are juxtaposed with the numerical limits 
established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the acceptable 
level is denoted by green lines. 

 

 

Figure 5.28: Compliance percentages for nitrate plus nitrite, ammonium, phosphate, TDS, and 
sulphate were evaluated across various classifications at the Grootdraai Dam node over the 
short term (2010–2050), in the urban increase scenario. 
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Figure 5.29: Compliance percentages for nitrate plus nitrite, ammonium, phosphate, TDS, and 
sulphate were evaluated across various classifications at the Grootdraai Dam node over the 
long term (2050–2099), in the urban increase scenario. 

Figures 5.28 and 5.29 illustrate compliance percentages for nitrate plus nitrite, ammonium, 

phosphate, TDS, and sulphate over short and long term periods in the urban increase scenario 

(referred to as Scenario A). The graphs indicate an increase in tolerable levels and a decrease in 

unacceptable levels of nitrate plus nitrite over the long term compared to the short term. 

Conversely, TDS and sulphate exhibit high tolerable levels and a decrease in acceptable levels 

over the long term compared to the short term. These findings indicate a potential deterioration 

in water quality standards for TDS and sulphate, alongside a potential improvement for nitrate 

plus nitrite, ammonium, and phosphate in the long term in the urban increase scenario. 

Figures 5.30 and 5.31 illustrate compliance percentages for nitrate plus nitrite, ammonium, and 

phosphate over short and long term periods, respectively, in the cultivated increase scenario 

(referred to as Scenario B). The graphs show a rise in tolerable levels and a decline in unacceptable 

levels of nitrate plus nitrite over the long term compared to the short term. Conversely, phosphate 

shows a fraction of tolerable levels in the short term and an increase in ideal levels in the long term. 

These trends suggest potential improvements in water quality conditions over time, particularly 

for nitrate plus nitrite and phosphate. 
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Figure 5.30: Compliance percentages for nitrate plus nitrite, ammonium, and phosphate were 
evaluated across various classifications at the Grootdraai Dam node over the short-term (2010–
2050), in the cultivated increase scenario. 

 

 

Figure 5.31: Compliance percentages for nitrate plus nitrite, ammonium, and phosphate were 
evaluated across various classifications at the Grootdraai Dam node over the long term (2010–
2099), in the cultivated increase scenario. 

Figures 5.32 and 5.33 depict compliance percentages for nitrate plus nitrite, ammonium, 

phosphate, TDS, and sulphate over short and long term periods, respectively, in the mining 

increase scenario (referred to as Scenario C). The graphs indicate degradation in TDS and 

sulphate concentrations over the long term, with unacceptable levels emerging which were not 
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observed in the short term. Additionally, there are differences in nutrient concentrations between 

the short and long term; for example, unacceptable levels of nitrate plus nitrite appear to be higher 

in the short term than in the long term. 

 

Figure 5.32: Compliance percentages for nitrate plus nitrite, ammonium, phosphate, TDS, and 
sulphate were evaluated across various classifications at the Grootdraai Dam node over the 
short term (2010–2050), in the mining increase scenario.  

 

Figure 5.33: Compliance percentages for nitrate plus nitrite, ammonium, phosphate, TDS, and 
sulphate were evaluated across various classifications at the Grootdraai Dam node over the 
long term (2050–2099), in the mining increase scenario. 
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5.4 Discussion  

This section delves into the implications of the study's findings, focusing on how land-cover 

changes within the Grootdraai Dam Catchment affect water quality. This section explores the 

relationships between various land-cover categories such as urban areas, cultivated lands, and 

mining activities, and their impact on specific water quality parameters. 

5.4.1 Land-cover model parameterisation  

The land-cover models were developed for the Grootdraai Dam Catchment using a multiple 

regression approach. Each quaternary catchment produced various coefficients linked to specific 

land-cover classes, as shown in Tables 5.5 and 5.6. Across different inflows within quaternary 

catchments, certain parameters consistently showed higher values, particularly in and of 

downstream urban, cultivated, and mining areas. Among all inflow nodes, major land-cover 

categories influencing water quality in terms of nitrate plus nitrite included urban areas, 

cultivated areas, barren lands, wetlands, and mining areas. For ammonium, cultivated areas and 

mining were influential, followed by urban areas, wetlands, and barren lands. In the case of 

phosphate, urban and mining areas were most influential, followed by cultivated areas. Although 

mining areas had a high influence, their land-cover percentages were not as significant as other 

land-cover classes. In addition, salts such as TDS, sulphate, and calcium appeared to be 

dominated by mining and urban areas in a few selected quaternary catchments. For salts, these 

relationships make conceptual sense, as most of these land-cover categories are traditionally 

associated with non-point input of salts. Therefore, certain challenges arise in connection with 

nutrient inputs. For instance, the seemingly unusually predominant association of phosphate 

input with mining areas poses a notable consideration.  

Prior investigations in South Africa have deemed mining areas as plausible contributors to 

phosphate levels, as well as wastewater treatment (Ashton & Dabrowski, 2010; Griffin et al., 

2014). However, a significant phosphate load was identified, primarily from detergents, 

especially washing powders (Quayle et al., 2010). As a result of phosphate enrichment, 

eutrophication may occur, leading to the excessive growth of microscopic green plants, algae, and 

cyanobacteria, which pose a toxic threat to aquatic life and human water users (DEAT, 2006). 

5.4.2 Land-cover scenarios and water quality implications 

This study provides long term water quality variation predictions built on land-cover changes in 

the Grootdraai Dam Catchment located in the Upper Vaal in South Africa. This study looked at 
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water quality impacts, particularly in terms of changes that might be anticipated in response to 

changes in likely land-cover and land-use classes.  

Increased urban areas scenario, showed high nitrate plus nitrite, ammonium, and a marginal 

increase in phosphate levels compared to the baseline scenario at the Grootdraai Dam. Nitrogen 

sources in South Africa are potentially related to agriculture, wastewater, and domestic water 

(Schoeman & Steyn, 2003). Within the Upper and Middle Vaal regions where industries, 

agriculture, and urban areas are present, nutrient levels were notably higher, as indicated by 

Ntshalintshali (2019). Similarly, an investigation conducted by Chen et al. (2020) revealed that 

rapid urbanisation has caused substantial alterations in nitrogen transport within the northern 

Taihu Basin in China from 1990 to 2017. The predictions indicate a high likelihood of nitrate plus 

nitrite levels remaining unacceptable over the next 5 to 20 years. Conversely, ammonium exhibits 

a relatively stable distribution, maintaining a balance between acceptable and ideal water quality 

classifications. The change in inorganic nitrogen loads to the Grootdraai Dam results in the 

possibility of promoting the growth of blooms of blue-green algae and other aquatic plants 

resulting in eutrophication. These algal blooms may include species that are toxic to humans, 

livestock, and wildlife (DWAF, 1996). Elevated nutrient levels may also cause ecological 

damage including loss in fish population, morphological modifications in both fish and 

invertebrate fauna, shifts in faunal composition, and an overall decline in biodiversity (Camargo 

et al., 2005; Idris et al., 2016; Odume & Muller, 2011; van Ginkel, 2011).  

Scenario B, regarding an increase in cultivated areas over the long term, showed high 

concentrations of phosphate compared to the baseline simulations. Phosphate sources in South 

Africa can be related to different potential sources such as agricultural activities (Villiers & 

Thiart, 2007). A recent study suggests that the intensification of agriculture may lead to an 

elevated concentration of phosphorus in water bodies (Mng’ong’o et al., 2022). Hence, 

agricultural non-point source pollution can damage water quality status within reservoirs, such as 

is the case of the Miyun Reservoir in China (Xie et al., 2019). Phosphates are used in the 

processing and preservation of agricultural products (Soceanu et al., 2009), which could be a 

reason for the high concentration in the Grootdraai Dam, linked to the expansion of irrigated 

areas. The enrichment of phosphates is frequently (though not always) responsible for freshwater 

eutrophication (Griffin, 2017). As a result, an increase in phosphate concentrations may 

contribute to the production of eutrophication, leading to changes in the aquatic environment and 

potential loss of biodiversity. 
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The increase in mining areas in certain quaternary catchments over the long term showed 

troubling results for both TDS and sulphate. Compliance percentages for TDS and sulphate in 

Scenario C show a rising trend within tolerable levels at Grootdraai Dam over the next 5, 10, and 

20 years while reaching unacceptable levels upstream of the Grootdraai Dam, potentially due to 

dense mining activities. As per the predictions, the expansion of mining areas produces 

disquieting variations in sulphate and TDS concentrations, ranging from 12 to 650 mg.l-1 for the 

mean value upstream to downstream and from 242 to 2720 mg.l-1, respectively. Mining activities 

are expected to increase the input of TDS and sulphate in groundwater, which may threaten 

aquatic life and ecosystem habitats, and cause potential damage to biodiversity within river 

systems. The TDS and sulphate can be impacted by cultivated areas as this category has been also 

observed in the developed land-cover model for TDS and sulphate, along urban areas and 

waterbody categories. du Plessis et al. (2015) confirmed that the expansion of mining areas is 

anticipated to increase sulphate and EC concentrations within the Grootdraai Dam Catchment.  

5.5 Conclusion 

South Africa, as a developing country, faces constraints in water resources. The Grootdraai Dam, 

situated in the Upper Vaal region, plays a pivotal role in supporting various water users, including 

industrial, agricultural, domestic, and others, to meet their water requirements. The water quality 

status within the Grootdraai Dam Catchment, especially the reservoir, is of principal importance. 

The quality of water directly impacts the availability of water resource, influencing the needs of 

diverse water users. The quantification of non-point inputs within the Pywr-WQ model is linked 

to flow fraction signatures, encompassing both surface water and sub-surface water (including 

groundwater and interflow) signatures. However, the parameters defining these signatures may 

exhibit variability based on the knowledge and expertise of the model user. In response to this 

challenge, the current study aimed to establish relationships between land-cover categories and 

water quality variables. Specifically, the investigation concentrates on nitrate plus nitrite, 

ammonium, phosphate, sulphate, calcium, and TDS. These developed relationships facilitate the 

estimation of changes in water quality in response to variations in specific land cover classes, 

whether increasing or decreasing. Hence, future conditions of water quality can be predicted 

through the employment of the developed multiple regression model equations based on land-

cover changes. 

With the expansion of mining areas, the Grootdraai Dam is projected to experience high levels of 

sulphate, TDS, and calcium within the acceptable to ideal range in the reservoir. However, 

unacceptable values will be concentrated both upstream and in certain parts of the downstream 
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area of the catchment. While this study examined the effects of expanded mining areas, it is worth 

noting that coal mining is expected to decline as part of the Just Energy Transition Project (JETP) 

in response to climate change. The likelihood of increased mining is diminishing (World Bank, 

2023).  

In the scenario of urban area expansion, the Grootdraai Dam is expected to encounter high levels 

of nitrate plus nitrite and ammonium ranging from unacceptable to ideal standards. Additionally, 

an increase in cultivated areas is likely to lead to elevated phosphate values, ranging from 

acceptable to ideal standards, in the Grootdraai Dam. 

Future studies could investigate the inclusion of additional variables in land-cover models, such 

as precipitation, irrigation, and the frequency of fertiliser application. These variables have the 

potential to influence the hydrological characteristics of the catchment, potentially resulting in 

modifications or alterations in water quality and the mobilisation of pesticides. Ultimately, such 

changes can impact the health of soil-water, aquatic life, ecosystem habitats, and the overall 

biodiversity of the river system within the catchment. 
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CHAPTER 6: POTENTIAL FUTURE SCENARIO FOR THE 

GROOTDRAAI DAM CATCHMENT  
 

6.1 Introduction 

South Africa is considered the leading country in Africa in terms of mining production (Stilwell 

et al., 2000). The country faces a critical decision: adopt a circular economy for sustainable 

development aligned with SDGs or opt for short-term economic stability reliant on high-risk 

energy sources, like mining, endangering both the environment and human well-being. The 

South African government's steadfast commitment to coal mining presents a significant hurdle, 

with many South Africans perceiving coal combustion as a conventional practice (Chiumia, 

2021). Mining areas situated in the Grootdraai Dam Catchment area play a substantial role in the 

deterioration of water quality (du Plessis et al., 2015; Naidoo, 2017). Power generation and the 

Sasol-Secunda (coal-to-liquid) plant consume coal, and many coal mines are present in the 

catchment. Beyond the potential risks of acidification, salinisation, and increased metal solubility 

attributed to coal-related acid mine drainage and discharge, the combustion or gasification of coal 

within the catchment area may introduce additional challenges to water quality. These include 

rain acidification (Munawer, 2018) and the potential for heavy metal contamination (CSIR, 

2010). In this regard, coal combustion in South Africa is a significant source of mercury in 

freshwater systems (Dabrowski et al., 2008). Considering the limited availability of water quality 

data in South Africa (Slaughter et al., 2017), investigating heavy metal decomposition within 

river systems presents a substantial challenge.  

There has been a notable rise in water demand since the dam's commissioning, and there are 

projections of further increases in water consumption by Sasol-Secunda (DWS, 2018). South 

Africa's dual challenges of coal-related environmental risks and its pursuit of sustainable 

development underscore the urgent need for robust water quality models. The coal industry in 

South Africa is identified as a major driver of environmental inequality and injustice, which goes 

against the principles of the Paris Agreement, according to Cock (2019). Eskom is responsible for 

electricity production in South Africa, with coal-fired plants being the predominant source of 

electricity (Votteler & Brent, 2016). Eskom failed to capitalise on the potential transition to green 

energy. Instead, it allegedly employed delaying tactics, leveraged information asymmetry and 

exploited its monopoly status to obstruct the signing of power purchase agreements with 

renewable energy developers (Ting & Byrne, 2020). According to Akinbami et al. (2021), South 
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Africa is progressively advancing its renewable energy sector to reduce CO2 emissions, with a 

particular emphasis on developing biomass, wind, and solar energy industries. Moreover, South 

Africa showed favourable behaviour in addressing the transition from coal to renewable energy. 

For instance, Eskom's JETP, a project funded by the World Bank approved in 2022 with a $497 

million budget at the request of the Government of South Africa (World Bank, 2023). The project 

supports the transition to a low-carbon, resilient economy by 2050, as outlined in the Just 

Transition Framework (JTF) and the Integrated Resource Plan (IRP) 2019 (DMRE, 2019). In 

addition, it is consistent with the country's updated Nationally Determined Commitments 

(NDCs) to mitigate carbon emissions (PCC, 2021). Hence, Eskom is considering a potential shift 

from coal-based power stations to green energy sources like solar power within the Upper Vaal 

region, which includes the study area. 

This current study employed the Pywr-WQ model to investigate the combined impacts on water 

quality of climate change, mining closure, and escalating water demand. This chapter delves into 

an examination of the combined impacts of various environmental changes, including the closure 

of mining activities, on water quality. It aims to evaluate the feasibility of adapting to these 

changes as part of a sustainable, long term strategy for improving water quality in the study area. 

This evaluation considers evolving climate conditions and the growing pressure on water 

resource, presenting a plausible scenario for the future. 

6.2 Methods and Materials 

This study explores two potential future scenarios for the Grootdraai Dam Catchment, each 

reflecting different levels of water abstraction under the influence of climate change and mining 

closures. These scenarios, referred to as "low abstraction" and "high abstraction" are developed 

to understand the long term impacts on water quality in the catchment.  

6.2.1 Investigated scenarios 

The investigation into these scenarios stemmed from several factors: a projected rise in Sasol-

Secunda water abstraction (DWS, 2018), climate change, and the close of mining areas due to a 

transition from coal-based to renewable power generation sources.  

This chapter explored two potential future scenarios for the Grootdraai Dam Catchment, denoted 

as low and high abstraction. Both scenarios shared two common factors: the closure of mining 

areas and the utilisation of climate change flow datasets. In addition, the Pywr model, originally 

calibrated for historical conditions, now incorporates climate change inflows. The sole 

distinction between low and high abstraction lies in the applied increased percentage of water 
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abstraction. Specifically, the study considered two different increased water abstraction 

percentages: a 5% increase, representing a scenario highly probable to occur in the long term, and 

a 70% increase in water abstraction, deemed highly improbable over the long term to assess the 

effects of extreme levels of abstraction. 

Table 6.1 depicts the scenarios explored in this study, which are connected to the potential future 

of the Grootdraai Dam Catchment over the long term. 

Table 6.1: Scenario definitions and corresponding water quality variables. 

Scenario code Scenario Investigated WQ variables 

Low abstraction 
Climate change dataset 

Mining closure 
5% increase in water abstraction 

NO2-N + NO3-N, NH4-N 
PO4-P, TDS, SO4, Ca, K, 

Cl, F, Na, Mg 

High abstraction 
Climate change 
Mining closure 

70% increase in water abstraction 

NO2-N + NO3-N, NH4-N 
PO4-P, TDS, SO4, Ca, K, 

Cl, F, Na, Mg 
 

6.2.1.1 Climate change datasets  

The climate change flow datasets used in this study originated from a prior project conducted in 

the Vaal Dam Catchment, which examined the effects of climate change on water quality in the 

area (Aurecon, 2020). These datasets, aimed at understanding the alterations in water quality 

patterns due to climate change, were derived from the application of the Pitman hydrological 

model (1973) in conjunction with downscaled projected climate models. The study utilised one 

of the generated flow datasets under a climate change scenario as it is; no changes were executed 

on those flow datasets for the Grootdraai Dam Catchment. 

The climate change datasets were available for every incremental node (natural flow input) 

located in the Grootdraai Dam Catchment. The new Pywr-WQ model incorporated these datasets 

as input to assess changes in water quality variables amid shifting climate conditions. These 

incremental flow datasets were separated into three distinct flow fractions: surface water flow, 

interflow, and groundwater flow (refer to Chapter 4; Section 4.2.2). Each flow fraction was 

associated with a specific water quality signature, including a surface flow signature for nutrients 

and salts (SFN and SFsalts), an interflow signature for nutrients and salts (IFN and IFsalts), and a 

groundwater flow signature for nutrients and salts (GWFN and GWFsalts). Notably, the signatures 

assigned to nutrients and salts such as magnesium, potassium, fluoride, chloride, and sodium 

remained consistent with those derived during the calibration process (refer to Chapter 4; Section 
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4.2.7). This decision was driven by the study's focus on the impact of mine closure on selected 

water quality variables including TDS, sulphate, and calcium while maintaining the signatures of 

other water quality variables as observed in the calibration exercise. Hence, the climate change 

datasets encompassed only incremental flows. It was assumed that the maximum and minimum 

air temperatures remained consistent with historical data, as variations in these temperatures can 

impact water temperature, which was presumed to remain unchanged under changing climate 

conditions. The present study operates under the assumption that in the event of climate change, 

there will be no alteration in the percentages of land-cover classes, implying that the land-cover 

will remain consistent compared to the baseline scenario.  

Statistical tests were employed to assess and characterise the climate change flow datasets 

concerning the baseline flow datasets including the Seasonal Kendall Test (Helsel & Frans, 2006; 

Hirsch et al., 1982) and a paired Prentice-Wilcoxon test for paired data (O’Brien & Fleming, 

1987). The Seasonal Kendall Test was employed to examine potential trends, whether increasing 

or decreasing, within the climate change datasets, under the null hypothesis of no significant 

monotonic trend in the data. The flow datasets from each incremental flow node within the 

quaternary catchments of the Grootdraai Dam Catchment were collected into two distinct 

seasons: wet and dry. In the Mpumalanga Province, the wet season primarily occurs from October 

to March, while the dry season extends from April to September (Rusere et al., 2023). In addition, 

the Seasonal Kendall Test was employed on the simulated water quality datasets generated by the 

Pywr-WQ model under changing climate conditions. The water quality datasets for the 

Grootdraai Dam node for each water quality variable under low and high abstraction scenarios 

were collected across two primary seasons: wet and dry seasons. The analysis aimed to assess 

whether there were significant seasonal trends in water quality variables between the low and 

high abstraction scenarios during both wet and dry seasons. The null hypothesis posits that there 

exists no statistically significant seasonal trend of water quality variables in the low and high 

abstraction scenarios throughout both wet and dry seasons.  

The paired Prentice-Wilcoxon test was used to determine whether significant differences existed 

between the average monthly climate change flow datasets and the corresponding baseline 

average monthly flow datasets for the incremental nodes in the Grootdraai Dam Catchment. The 

paired Prentice-Wilcoxon test was conducted on the water quality simulations generated under 

both high and low abstraction scenarios. This test aimed to determine whether there was a 

significant difference between the monthly baseline scenario (1920–2010) simulation datasets 
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and the simulated water quality variables datasets over the long term (2010–2099) for the 

Grootdraai Dam node. 

6.2.1.2 Water abstraction increase scenario 

Insufficient data regarding the potential long term increase percentage in Sasol-Secunda water 

abstraction prompted this study to consider two distinct escalation scenarios that may or may not 

occur in the future. The 70% increase scenario, while unlikely and extreme, functions as a worst-

case scenario for modelling, capturing the range of uncertainties. In contrast, the 5% increase in 

water abstraction represents a more probable scenario. These percentages were chosen to 

simulate water quality responses under diverse scenarios, spanning from the more plausible to the 

least probable occurrences. Sasol-Secunda's water abstraction operates based on a rule outlined 

by Stone (2009), stipulating that Sasol-Secunda abstracts water only when the Dam reaches 90% 

of its full capacity. However, recent discussions with Sasol partners have confirmed a change in 

the rule, allowing Sasol to abstract water when the Dam is at only 75% of its full capacity. 

Therefore, the model integrated the new rule as a parameter, setting forth that abstraction would 

occur if the dam reached 75% of its capacity; otherwise, no abstraction would take place, thus 

taking advantage of the dynamic integration between water quantity and quality in Pywr-WQ 

model.  

6.2.1.3 Mining closure scenario 

The mining closure scenario is built on the attribution of salt groundwater flow signature to 

quaternary catchments located in the study area. According to Mulopo (2015), mining effluent is 

associated with high TDS, sulphate, and heavy metals, as well as the release of mining industry 

effluents, known for their elevated calcium concentrations (Motaung et al., 2008). To explore the 

effects of mining closure, the study aimed to identify groundwater signatures representing 

relatively unimpacted catchments within the Grootdraai Dam Catchment. These signatures, 

characterised by minimum TDS, sulphate, and calcium concentrations, were presumed to reflect 

catchments less affected by mining activities. Specifically, the study focused on quaternary 

catchments C11A, C11B, C11K, and C11F, which exhibited elevated groundwater signatures 

during the calibration phase (see Chapter 4). It is anticipated that the closure of mines will lead to 

the long term recovery of groundwater to levels resembling those of unimpacted catchments. 

6.2.2 Statistical analysis of investigated scenarios 

To assess potential annual and monthly trends and differences in water quality between simulated 

scenarios and baseline data, several analyses were employed. These analyses included the Mann-
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Kendall trend test (McLeod, 2005) and a paired Prentice-Wilcoxon test for paired data (O’Brien 

& Fleming, 1987). The Mann-Kendall test was used to investigate potential trends either 

increasing or decreasing within the daily water quality dataset (2010–2099), assuming a null 

hypothesis of no monotonic trend in the data. The paired Prentice-Wilcoxon test was used to 

determine whether significant differences existed between the average monthly concentrations 

of water quality data and their corresponding baseline averages.  

6.3 Results 

This section presents the key findings of this study, highlighting the impact of future scenarios on 

water quality within the context of climate change. 

6.3.1 Annual and seasonal climate change's flow dataset variation  

Table 6.2 shows the average flow and the standard deviation for each incremental flow located in 

different quaternary catchments in the study area.  

Table 6.2: Comparison of the average flow and standard deviation between climate change 
spanning 2010 to 2099 and the baseline datasets covering the years 1920 to 2010, for quaternary 
catchments within the Grootdraai Dam Catchment, Upper Vaal, South Africa. 

Node Quat. Baseline dataset Climate change dataset 
mean (Mm3/day) std mean 

(Mm3/day) 
std 

Inflow_1 C11A 0.092 0.366 0.078 0.321 
Inflow_2 C11B 0.068 0.272 0.048 0.196 
Inflow_3 C11C 0.057 0.228 0.094 0.388 
Inflow_4 C11D 0.048 0.189 0.033 0.134 
Inflow_5 C11F 0.138 0.548 0.167 0.687 
Inflow_6 C11G 0.064 0.255 0.060 0.248 
Inflow_7 C11E 0.171 0.681 0.199 0.817 
Inflow_8 C11H 0.156 0.620 0.148 0.610 
Inflow_9 C11J 0.147 0.586 0.099 0.406 
Inflow_10 C11K 0.050 0.197 0.041 0.168 
Inflow_11 C11L 0.138 0.550 0.109 0.448 

Grootdraai Dam 

Catchment 
0.102 0.408 0.097 0.402 

*Quat. refers to the quaternary catchment. 

Table 6.2 presents the mean and standard deviation values for various nodes under both the 

baseline and climate change datasets. It is apparent that, across most nodes, the mean values in the 

climate change dataset are slightly lower than those in the baseline dataset.  
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Figure 6.1: The variation in annual average flow within the Grootdraai Dam Catchment was 
plotted against time (2010–2099). (A) illustrates the annual average flow variation at 
quaternary catchment C11A, situated in the upstream area, while (B) depicts the annual average 
flow variation at quaternary catchment C11L, positioned in the downstream area of the 
Grootdraai Dam Catchment. 

Furthermore, the standard deviation indicates that the baseline dataset tends to exhibit higher 

variability than the climate dataset. In specific cases, such as Inflow_3 (C11C) and Inflow_7 

(C11E), the standard deviation values in the climate change dataset are noticeably higher than 

those in the baseline dataset. 

A. 

B. 
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For instance, Figure 6.1 illustrates a disparity between the annual average climate change and 

baseline flow datasets in both quaternary catchments C11A and C11L, situated upstream and 

downstream of the Grootdraai Dam Catchment, respectively. Pairwise comparison supports this 

observation, as there is a significant difference between the climate dataset and the baseline 

dataset (p < 0.001) for C11A and C11L, and for the remaining quaternary catchments that were 

tested as well. The Seasonal Kendall Test was applied to the daily climate change flow dataset for 

all quaternary catchments, examining trends separately for the winter and summer seasons. The 

results consistently revealed a negative trend in the climate change data during the wet season 

(p<0.001), contrasting with a positive trend observed during the dry season (p<0.001). 

6.3.2 Water abstraction increase scenarios 

Figure 6.2 demonstrates the behaviour of the Pywr-WQ model when the 75% threshold for water 

abstraction is considered. The model considers the enforced rule, where if the available volume 

in the dam equals or exceeds 262.5 Mm3, there will be abstraction from the dam.  
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Figure 6.2: Sasol-Secunda abstraction volumes, contingent on adherence to the 75% operating 
rule. According to this rule, abstraction occurs when the dam's capacity reaches or exceeds 
75% of its full capacity. If the storage falls below 262.5 Mm3, abstraction ceases, exhibiting 
varying volumes depending on the abstraction. 

However, if the current available volume in the Dam surpasses 262.5 Mm3 (approximately 75% 

of the full Dam capacity), there will be no abstraction from the Grootdraai Dam. 

 

Figure 6.3: Sasol-Secunda water demand is shown as frequency distributions across varied 
increase rates of 5% and 70% over the long term (2010–2099). 
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Two distinct increase percentages were applied to the abstraction node at the Grootdraai Dam 

level to depict two scenarios: one representing a scenario highly likely to occur with an increasing 

percentage of 5%, and the other representing a scenario unlikely to occur with a 70% increase over 

the long term. Figure 6.3 illustrates the abstracted volume from Sasol-Secunda under these 

applied scenarios.  

6.3.3 Future scenarios and water quality implications 

6.3.3.1 Nutrients 

Figure 6.4 presents the daily variation of nitrate plus nitrite levels over the long term within the 

Grootdraai Dam. It shows the time series distribution and compares future scenario simulations 

with baseline simulations using frequency distributions.  

 

 

Figure 6.4: The daily variation of nitrate plus nitrite is depicted in the future scenario 
simulation, presented as a time series distribution over the long term (2010–2099). A 
comparison between the future scenario simulation and baseline simulation is illustrated 
through frequency distributions for the Grootdraai Dam. There was no distinction observed 
between the nitrate plus nitrite outputs under low and high abstraction scenarios, as they yielded 
identical simulations.  
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Simulations under low and high abstraction scenarios yielded similar outputs, indicating no 

variation in nitrate plus nitrite levels between the two simulations. The Seasonal Kendall Test 

revealed a significant decreasing trend (p < 0.001) in nitrate plus nitrite levels across both wet and 

dry seasons throughout the entire simulation period (2010–2099). The duration curve closely 

resembles the baseline curve, particularly at both low and high frequencies, indicating a nearly 

identical pattern across the dataset. 

Figure 6.5 presents the daily variation of ammonium levels over the long term within the 

Grootdraai Dam. It displays the time series distribution and compares future scenario simulations 

with baseline simulations using frequency distributions.  

 

 

Figure 6.5: The daily variation of ammonium in the future scenario simulation, presented as a 
time series distribution over the long term (2010–2099). A comparison between the future 
scenario simulation and baseline simulation is illustrated through frequency distributions for 
the Grootdraai Dam. There was no distinction observed between the ammonium outputs under 
low and high abstraction scenarios, as they yielded identical simulations. 

The simulations conducted under low and high abstraction scenarios resulted in similar 

outcomes, implying a consistent pattern in ammonium levels across both simulation scenarios. 
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The model incorporates nitrification, a process of converting ammonia to nitrate. This suggests 

that ammonia levels might persist at low levels across scenarios, owing to the conversion of 

ammonia to nitrate through nitrification. The Seasonal Kendall Test indicated that ammonium 

demonstrates a decreasing trend (p < 0.001) across both wet and dry seasons over the entire 

simulation period (2010–2099) under low and high abstraction scenarios. A comparison of the 

duration curves between the simulated and baseline datasets shows a remarkably similar pattern 

at both low and high frequencies. Figure 6.6 presents the daily variation of phosphate levels over 

the long term within the Grootdraai Dam. It gives the time series distribution and compares future 

scenario simulations with baseline simulations using frequency distributions.  

 

 

Figure 6.6: The daily variation of phosphate depicted in the future scenario simulation, 
presented as a time series distribution over the long term (2010–2099). A comparison between 
the future scenario simulation and baseline simulation is illustrated through frequency 
distributions for the Grootdraai Dam. There was no distinction observed between the phosphate 
outputs under low and high abstraction scenarios, as they yielded identical simulations. 

The simulations conducted under low and high abstraction scenarios exhibited identical 

outcomes, suggesting a lack of variance in phosphate levels between the two scenarios. Similar to 
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the trend observed in nitrate plus nitrite, the Seasonal Kendall Test revealed a decreasing trend 

within the simulated phosphate dataset under low and high abstraction scenarios (p < 0.001) 

across both wet and dry seasons over the full simulation period (2010–2099). The pairwise test 

uncovered a significant disparity between the distributions of the two datasets (p < 0.001), and the 

simulated data exhibited a lower mean value than the baseline dataset, with values of 0.03 mg.l-1 

and 0.04 mg.l-1, respectively. 

 

6.3.3.2 Salts 

Simulations conducted under low and high abstraction scenarios produced identical outputs, 

suggesting a lack of variation in the levels of potassium, sodium, fluoride, chloride, and 

magnesium between the two simulations.  

 

 

Figure 6.7: The daily variation of potassium over the long term in the future scenario 
simulation, presented as a time series distribution (2010–2099). A comparison between the 
future scenario simulation and baseline simulation is illustrated through frequency distributions 
for the Grootdraai Dam.  
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Figure 6.7 illustrates the daily variation of potassium levels over the long term within the 

Grootdraai Dam. It displays the time series distribution and compares future scenario simulations 

with baseline simulations using frequency distributions. The Seasonal Kendall Test indicates a 

weak increasing trend in potassium simulated data under low and high abstraction scenarios (p < 

0.001) across both wet and dry seasons over the full simulation period (2010–2099). The pairwise 

simulation shows a significant difference between simulated and baseline potassium datasets 

with mean values of 3.5 and 3.3 mg.l-1, respectively.  

Figure 6.8 presents the daily variation of sodium levels over the long term within the Grootdraai 

Dam. It shows the time series distribution and compares future scenario simulations with baseline 

simulations using frequency distributions. The Seasonal Kendall Test indicates a subtle but 

significant uptrend in the simulated sodium data across both wet and dry seasons under both low 

and high abstraction simulation scenarios (p < 0.001).  

 

 

Figure 6.8: The daily variation of sodium over the long term is depicted in the future scenario 
simulation, presented as a time series distribution (2010–2099). A comparison between the 
future scenario simulation and baseline simulation is illustrated through frequency distributions 
for the Grootdraai Dam.  
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This trend persists throughout the entire simulation period (2010–2099). The distribution 

curves exhibit a close alignment at low frequencies and are virtually identical at very high 

frequencies. 

Figure 6.9 presents the daily variation of fluoride levels over the long term within the Grootdraai 

Dam. It displays the time series distribution and compares future scenario simulations with 

baseline simulations using frequency distributions. The Seasonal Kendall Test reveals a weak 

increasing trend in fluoride simulated data under low and high abstraction scenarios simulations 

(p < 0.001) across both wet and dry seasons. The average simulated fluoride concentration was 

calculated to be 0.25 mg.l-1, surpassing the baseline value of 0.21 mg.l-1. It is noteworthy that in 

2045, there was minimal variation observed in calcium concentration. 

 

 

Figure 6.9: The daily variation of fluoride over the long term is depicted in the future scenario 
simulation, presented as a time series distribution (2010–2099). A comparison between the 
future scenario simulation and baseline simulation is illustrated through frequency distributions 
for the Grootdraai Dam.  



131 
 

Figure 6.10 presents the daily variation of chloride levels over the long term within the Grootdraai 

Dam. It displays the time series distribution and compares future scenario simulations with 

baseline simulations using frequency distributions. The Seasonal Kendall Test reveals a slight 

upward trend (p < 0.001) in chloride concentrations under both low and high abstraction scenarios 

across both wet and dry seasons throughout the entire simulation period (2010-2099). 

Furthermore, the pairwise test indicates a significant difference between the two datasets (p < 

0.001), characterised by a baseline dataset mean value of 10.2 mg.l-1 compared to a simulated 

mean value of 9.1 mg.l-1. In May 2084, the chloride concentration is estimated to have peaked at 

13.5 mg.l-1, whereas the lowest level of 2.28 mg.l-1 was recorded in February 2029. 

 

 

Figure 6.10: The daily variation of chloride over the long term is depicted in the future scenario 
simulation, presented as a time series distribution. A comparison between the future scenario 
simulation and baseline simulation is illustrated through frequency distributions.  

Figure 6.11 presents the daily variation of magnesium levels over the long term within the 

Grootdraai Dam. It displays the time series distribution and compares future scenario simulations 

with baseline simulations using frequency distributions. The Seasonal Kendall Test suggests a 

rising trend in simulated magnesium concentrations under both low and high abstraction 
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scenarios (p < 0.001) during both wet and dry seasons. However, it is worth noting that the 

baseline dataset generally shows higher mean values than the simulated dataset, estimated at 10.1 

mg.l-1 and 8.7 mg.l-1, respectively.  

 

 

Figure 6.11: The daily variation of magnesium over the long term is depicted in the future 
scenario simulation, presented as a time series distribution (2010–2099). A comparison 
between the future scenario simulation and baseline simulation is illustrated through frequency 
distributions for the Grootdraai Dam.  

The salts (i.e., potassium, sodium, fluoride, chloride, and magnesium) simulation presented in the 

above sections revealed no distinction between low and high abstraction scenarios, likely 

attributable to several factors. Both scenarios employed identical flow fraction signatures, 

including surface water flow, interflow, and groundwater flow to the signatures identified 

through the calibration exercise (see Chapter 4). The absence of variation in these parameter 

values may have influenced the observed behaviour. Notably, the only salts exhibiting 

differences between low and high abstraction scenario simulations were TDS, sulphate, and 

calcium. These specific variables had their signatures changed to explore the effects of mining 

closure on water quality under changing climate and certain abstraction increases. 
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Figure 6.12 presents the daily variation of sulphate levels over the long term (2010–2099) within 

the Grootdraai Dam in a low abstraction scenario. It displays the time series distribution and 

compares low abstraction scenario simulations with baseline simulations using frequency 

distributions. The Seasonal Kendall Test showed a weak increasing trend (p < 0.001) in sulphate 

concentrations in the low abstraction scenario across both wet and dry seasons. The pairwise test 

showed a significant difference between baseline and simulated sulphate (p < 0.001). 

Specifically, the mean of the baseline dataset estimated to be 27.15 mg.l-1 is notably higher than 

the simulated sulphate, which has a mean value of 17.7 mg.l-1. Figure 6.12 shows that simulated 

sulphate in the low abstraction scenario closely resembles the baseline simulation, particularly in 

very high frequencies.  

 

 

Figure 6.12: The daily variation of sulphate over the long term is depicted in the low abstraction 
(F1) scenario simulation, presented as a time series distribution (2010–2099). A comparison 
between the low abstraction scenario simulation and the baseline simulation is illustrated 
through frequency distributions for the Grootdraai Dam. 

Figure 6.13 presents the daily variation of calcium levels over the long term (2010–2099) within 

the Grootdraai Dam in a low abstraction scenario. It shows the time series distribution and 
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compares the low abstraction scenario simulations with the baseline simulations using frequency 

distributions. The Seasonal Kendall Test showed a weak increase trend (p < 0.001) in calcium 

concentration in the low abstraction scenario across both wet and dry seasons. The pairwise test 

showed a significant difference between baseline and simulated calcium (p < 0.001). 

Specifically, the mean of the baseline dataset estimated to be 14.4 mg.l-1 is notably higher than the 

simulated calcium, which has a mean value of 10.09 mg.l-1.  

 

 

Figure 6.13: The daily variation of calcium over the long term is depicted in the low abstraction 
(F1) scenario simulation, presented as a time series distribution (2010–2099). A comparison 
between the low abstraction scenario simulation and the baseline simulation is illustrated 
through frequency distributions for the Grootdraai Dam. 

Figure 6.14 presents the daily variation of TDS levels over the long term (2010–2099) within the 

Grootdraai Dam in the low abstraction scenario. It displays the time series distribution and 

compares the low abstraction scenario simulations with the baseline simulations using frequency 

distributions. The Seasonal Kendall Test showed a weak increase trend (p < 0.001) in TDS 

concentration in the low abstraction scenario across both wet and dry seasons. The pairwise test 

showed a significant difference between baseline and simulated calcium (p < 0.001). Between 
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2080 and 2090, the peak TDS value is estimated to have reached 125.16 mg.l-1. The estimated 

peak TDS concentration of 125.6 mg.l-1 occurred in April 2081, while the lowest TDS level of 

33.63 mg.l-1 occurred in February 2029.  

 

 

Figure 6.14: The daily variation of TDS over the long term is depicted in the low abstraction 
(F1) scenario simulation, presented as a time series distribution (2010–2099). A comparison 
between the low abstraction scenario simulation and the baseline simulation is illustrated 
through frequency distributions for the Grootdraai Dam. 

Figure 6.15 presents a comparison between simulated TDS, calcium, and sulphate in a high 

abstraction scenario and the baseline scenario over the long term (2010–2099) for the Grootdraai 

Dam. The Seasonal Kendall Test showed an increasing trend within TDS, calcium, and sulphate 

concentrations in the high abstraction scenario (p < 0.001) at the Grootdraai Dam level across 

both wet and dry seasons. The pairwise test showed a significant difference between simulated 

data in the high abstraction scenario and the baseline (p < 0.001). There is a significant difference 

in the mean and standard deviation of simulated TDS, calcium, and sulphate in the high 

abstraction scenario compared to the baseline scenario. Specifically, in the high abstraction 

scenario, the mean values are estimated at 100.4 (TDS), 10.3 (calcium), and 18.1 mg.l-1 



136 
 

(sulphate). In contrast, the baseline scenario shows higher mean values of 149.6 (TDS), 10.09 

(calcium), and 27.15 mg.l-1 (sulphate). The highest concentrations of TDS and sulphate occurred 

in September and June of 2084, reaching peak values of 136.83 and 24.41 mg.l-1, respectively. 

The maximum calcium concentration was estimated to reach 14.8 mg.l-1 in November 2085.  

 

 

 

Figure 6.15: Comparison of the high abstraction (F2) scenario simulation and the baseline 
simulation shown as frequency distributions of sulphate, calcium, and TDS over the long term 
(2010–2099) for the Grootdraai Dam.  
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6.3.4 Classification of mixed scenarios: short, medium, and long term perspectives 

6.3.4.1 Water quality implication 

The study utilised the Rand Water (2022) water quality guidelines tailored for the Grootdraai 

Dam. These guidelines specifically address TDS, sulphate, calcium, nitrate plus nitrite, 

ammonium, phosphate, fluoride, and chloride. Each water quality variable is categorised into 

four levels: ideal, acceptable, tolerable, and unacceptable. The numerical thresholds for these 

classifications vary between levels. The same numerical thresholds were applied for classifying 

the simulated nutrients and salts in both low and high abstraction scenarios. It is important to note 

that nitrate plus nitrite, ammonium, phosphate, chloride, and fluoride exhibited consistent 

behaviour across low and high abstraction simulations, displaying no discernible differences. 

These water quality variables maintained similar patterns throughout the simulations conducted 

for the Grootdraai Dam node over the long term (2010–2099). This may be attributed to the 

absence of consideration for potential increases in wastewater release linked to heightened 

abstractions. The return flows are assumed to remain at baseline levels, even if abstractions are 

increased. If the abstractions are for domestic water demand, there will likely be increased 

releases of domestic wastewater, which would then impact nutrients. This aspect could be 

attributed to the model's assumption regarding constant return flows, regardless of variations in 

abstractions. 

 

Figure 6.16: The Pywr-WQ model simulated nitrate plus nitrite at the Grootdraai Dam node in 
future scenarios (low and high abstraction), alongside the baseline simulation, is depicted 
through frequency distributions. These distributions are juxtaposed with the numerical limits 
established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the acceptable 
level is denoted by green lines. 

However, TDS, calcium, and sulphate demonstrated varying behaviours between low and high 

abstraction scenarios simulations. In Figure 6.16, the frequency distributions for nitrate plus 
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nitrite at Grootdraai Dam illustrate the established numerical limits at Leeuspruit, the location of 

this node. The plot indicates that simulated water quality exceeds the numerical limit under 

acceptable levels 48.4% of the time. Additionally, it surpasses the tolerable and unacceptable 

levels for 7% and 1% of the time, respectively. In comparison, the baseline scenario indicates 

these levels for 53%, 9%, and 2% of the time, respectively.  

In Figure 6.17, the frequency distributions for ammonium at Grootdraai Dam depict the 

established numerical limits at Leeuspruit, where this node is situated. The plot reveals that the 

simulated water quality exceeds the numerical limit in the ideal level for 56% of the time, 

compared to the baseline scenario, which accounts for 59% of the time.  

 

Figure 6.17: The Pywr-WQ model simulated ammonium at the Grootdraai Dam node in future 
scenarios (low and high abstraction), alongside the baseline simulation, is depicted through 
frequency distributions. These distributions are juxtaposed with the numerical limits 
established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the ideal level 
is denoted by blue lines. 

In Figure 6.18, the frequency distributions for phosphate at Grootdraai Dam depict the 

established numerical limits at Leeuspruit, where this node is situated. The plot reveals that the 

simulated water quality exceeds the numerical limit in the ideal level for 21% of the time, 

compared to the baseline scenario, which accounts for 30% of the time. 
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Figure 6.18: The Pywr-WQ model simulated phosphate at the Grootdraai Dam node in future 
scenarios (low and high abstraction), alongside the baseline simulation, is depicted through 
frequency distributions. These distributions are juxtaposed with the numerical limits 
established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the ideal level 
is denoted by blue lines. 

In Figure 6.19, the frequency distributions for fluoride at Grootdraai Dam depict the established 

numerical limits at Leeuspruit, where this node is situated. The plot reveals that the simulated 

water quality exceeds the numerical limit at the acceptable level for 90% of the time.  

 

Figure 6.19: The Pywr-WQ model simulated fluoride at the Grootdraai Dam node in future 
scenarios (low and high abstraction), alongside the baseline simulation, is depicted through 
frequency distributions. These distributions are juxtaposed with the numerical limits 
established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the acceptable 
level is denoted by green lines. 

In Figure 6.20, the frequency distributions for chloride at Grootdraai Dam depict the established 

numerical limits at Leeuspruit, where this node is situated. The plot reveals that the simulated 

water quality exceeds the numerical limit at the ideal level for 25% of the time. 
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Figure 6.20: The Pywr-WQ model simulated chloride at the Grootdraai Dam node in future 
scenarios (low and high abstraction), alongside the baseline simulation, is depicted through 
frequency distributions. These distributions are juxtaposed with the numerical limits 
established at the Grootdraai Dam node (Rand Water, 2022). The threshold for the ideal level 
is denoted by blue lines. 

Figure 6.21 illustrates the frequency distributions of TDS in low and high abstraction scenario 

simulations, respectively, at Grootdraai Dam, showcasing the designated numerical limits at 

Leeuspruit, the node's location. The graphs show that the simulated water quality surpasses the 

numerical limit set for the ideal level, accounting for 56% and 64% of the time, compared to the 

baseline scenario, which accounts for 99% of the time. 

In Figure 6.22, the frequency distributions of sulphate in low and high abstraction scenarios 

simulations are presented at Grootdraai Dam, showcasing the designated numerical limits at 

Leeuspruit, the node's location. The graphs reveal that the simulated water quality surpasses the 

numerical limit set for the ideal level, accounting for 95% and 96% of the time, respectively, 

compared to the baselines, which account for 99% of the time. Even though there is a significant 

drop in sulphate under the low and high abstraction scenarios, the concentrations remain above 

the ideal threshold. 
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Figure 6.21: The Pywr-WQ model simulated TDS at the Grootdraai Dam node under future 
scenarios, alongside the baseline simulation, are illustrated through frequency distributions. 
Graph A showcases the simulated TDS levels in the low abstraction scenario simulation, while 
graph B illustrates TDS levels in the high abstraction scenario simulations. These distributions 
are contrasted with the numerical limits established at the Grootdraai Dam node (Rand Water, 
2022). The threshold for the ideal level is denoted by blue lines. 

A. 

B. 
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Figure 6.22: The Pywr-WQ model simulated sulphate at the Grootdraai Dam node in future 
scenarios, alongside the baseline simulation, are illustrated through frequency distributions. 
Graph A showcases the simulated sulphate levels under the low abstraction scenario 
simulation, while graph B illustrates sulphate levels under the high abstraction scenario 
simulations. These distributions are contrasted with the numerical limits established at the 
Grootdraai Dam node (Rand Water, 2022). The threshold for the ideal level is denoted by blue 
lines.  

6.3.4.2 Focus on short term trends 

Figure 6.23 depicts the categorisation of nitrate plus nitrite, ammonium, and phosphate 

concentrations in future scenarios (low and high abstraction) for the Grootdraai Dam, projected 

over the next 10, 20, and 30 years starting from 2010, using the Rand Water (2022) water quality 

guidelines. There were no discernible differences observed in the simulation of nutrients between 

the low and high abstraction scenarios. 

A. 

B. 
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Figure 6.23: Compliance percentages for nitrate plus nitrite, ammonium, and phosphate are 
assessed across different classifications at the Grootdraai Dam node over the next 10, 20, and 
30 years, beginning in 2010, in future scenarios (low and high abstraction). There are no 
disparities observed in the simulation of nutrients between low and high abstraction scenarios. 
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In response to climate change, increased water abstraction (5%–70%), and the scenario of 

decreased mining activity, nitrate plus nitrite exhibits a transition from unacceptable levels to 

tolerable and acceptable levels. However, the percentage of tolerable levels shows a gradual 

increase over time. Compliance percentages for ammonium demonstrate a smooth transition 

from ideal levels to acceptable levels. Conversely, phosphate indicates a decreasing trend in 

acceptable levels and an increasing trend in ideal levels. It is noteworthy that the short term 

classification influenced by the modelling assumptions did not account for the potential influence 

of increased return flows, a factor that could significantly affect the observed trends in nitrate plus 

nitrite, ammonium, and phosphate levels.  

 

 

Figure 6.24: Compliance percentages for chloride and fluoride are assessed across different 
classifications at the Grootdraai Dam node over the next 10, 20, and 30 years, beginning in 
2010, in future scenarios (low and high abstraction). There are no disparities observed in the 
simulation of nutrients between low and high abstraction scenarios. 
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Figure 6.24 presents the categorisation of chloride and fluoride concentrations in future scenarios 

(low and high abstraction) for the Grootdraai Dam projected over the next 10, 20, and 30 years 

starting from 2010, based on the Rand Water (2022) water quality guidelines. The simulation 

results for chloride and fluoride exhibited no disparity between the low and high abstraction 

scenarios. The compliance percentages for fluoride exhibit an increasing trend in tolerable levels 

and a decreasing trend in acceptable levels, indicating a shift from acceptable to tolerable levels 

over the next 30 years. Conversely, chloride displays a positive trajectory, with ideal levels 

showing an increasing trend and acceptable levels showing a decreasing trend, suggesting a 

transition from acceptable to ideal levels. 

 

 

Figure 6.25: Compliance percentages for TDS were evaluated across various classifications at 
the Grootdraai Dam node over the next 10, 20, and 30 years, starting in 2010, in the low 
abstraction and the high abstraction scenarios. 
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Figure 6.25 presents the categorisation of TDS concentrations in future scenarios (low and high 

abstraction) for the Grootdraai Dam projected over the next 10, 20, and 30 years starting from 

2010, based on the Rand Water (2022) water quality guidelines. The compliance percentages for 

TDS indicate that ideal levels in the high abstraction scenario are higher than those in the low 

abstraction scenario, with ideal percentages showing an increasing trend while acceptable levels 

show a decreasing trend, suggesting a potential transition from acceptable to ideal levels. Similar 

observations were made in the high abstraction scenario, except that ideal percentages are 

marginally higher than those observed in the low abstraction scenario. Figure 6.26 illustrates the 

categorisation of sulphate concentrations in future scenarios (F1 and F2) for the Grootdraai Dam 

projected over the next 10, 20, and 30 years starting from 2010, based on the Rand Water (2022) 

water quality guidelines.  

 

 

Figure 6.26: Compliance percentages for sulphate were evaluated across various classifications 
at the Grootdraai Dam node over the next 10, 20, and 30 years, starting in 2010, in low and 
high abstraction scenarios. 
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Sulphate compliance percentages show that in both low and high abstraction scenarios, 

acceptable levels seem to dominate the simulation, as the highest percentages are at the acceptable 

level, compared to the ideal level. Sulphate exhibits a similar compliance percentage distribution 

between the low and high abstraction scenarios, with fluctuations within acceptable levels. Ideal 

levels decrease followed by an increase in the subsequent period. 

6.3.4.3 Focus on medium and long term trends 

Figure 6.27 illustrates compliance percentages for nitrate plus nitrite, ammonium, phosphate, 

fluoride, and chloride over the short term (2010–2050) in future simulation scenarios (low and 

high abstraction). The graph illustrates significant occurrences within the tolerable classification 

for fluoride, alongside prominent chloride variations, with over 80% of the data exceeding the 

ideal level. Fluoride, conversely, registers over 85% of the data falling within the tolerable level. 

In Figure 6.28, the compliance percentages for nitrate plus nitrite, ammonium, phosphate, 

fluoride, and chloride are illustrated for the long term period (2050–2099) in the future simulation 

scenarios (low and high abstraction). The data indicate that fluoride consistently maintains 

compliance levels exceeding 90%, remaining within tolerable limits throughout the simulation 

period. Conversely, chloride demonstrates a lower compliance percentage, approximately 67%, 

in comparison to the short term results. Moreover, there are notable positive changes observed in 

nutrients such as nitrate plus nitrite, ammonium, and phosphate, with more data falling under 

acceptable and ideal levels compared to the short term results. The results indicate a positive trend 

towards enhanced compliance with water quality standards over the long term, especially for 

specific nutrient components. However, the situation differs for fluoride, where the trend towards 

improved compliance is not as pronounced. 
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Figure 6.27: Compliance percentages for nitrate plus nitrite, ammonium, phosphate, fluoride, 
and chloride were evaluated across various classifications at the Grootdraai Dam node over the 
short term (2010–2050), in the future simulation scenario (low and high abstraction). 

 

Figure 6.28: Compliance percentages for nitrate plus nitrite, ammonium, phosphate, fluoride, 
and chloride were evaluated across various classifications at the Grootdraai Dam node over the 
long term (2050–2099), in the future simulation scenario (low and high abstraction). 

Figure 6.29 and Figure 6.30 illustrate compliance percentages for TDS and sulphate at the 

Grootdraai Dam in the short term (2010–2050) and long term (2050–2099) periods, in low and 

high abstraction scenarios. The graphs reveal that TDS exhibits high acceptable levels and low 

ideal levels in both low and high abstraction scenarios in the long term compared to the short term, 

which presents a contrasting pattern. However, high abstraction appears to be the scenario with 

high acceptable levels and low ideal levels in both the short and long term. These findings suggest 

that mine closure has a significant effect on TDS and sulphate, while water abstraction can also 
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influence these levels, especially in the long term where simulations indicate a high level of 

acceptability.  

 

Figure 6.29: Compliance percentages for TDS and sulphate were evaluated across various 
classifications at the Grootdraai Dam node over the short term (2010–2050), in the future 
simulation scenario (low and high abstraction). 

 

Figure 6.30: Compliance percentages for TDS and sulphate were evaluated across various 
classifications at the Grootdraai Dam node over the long term (2050–2099), in the future 
simulation scenario (low and high abstraction).  

6.4 Discussion  

The present chapter aimed to investigate two primary scenarios referred to as low and high 

abstraction. Low abstraction entails a combination of climate change data, mining closure, and a 

5% increase in water abstraction, which is highly likely to occur in the future. Conversely, high 

abstraction comprises climate change data, mining closure, and a 70% increase in water 

abstraction, which is less likely to happen in the future, but allows some measure of uncertainty to 

be considered in the modelling. The chapter relies on the Pywr-WQ model to assess the impact of 

these scenarios on water quality fluctuations over the long term. 
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The simulation output revealed no discernible difference in nutrient behaviour, including nitrate 

plus nitrite, ammonium, and phosphate, between simulations of low and high abstraction. This 

lack of variation may stem from various factors, including the consistent calibration of flow 

fraction signatures for these water quality variables; the dilution capacity of the dam, influenced 

by varying abstraction levels, which likely played a role; and the unchanged signatures of return 

flows from WWTW within the study area. The model assumes constant return flows at baseline 

levels, regardless of increased water abstractions, not acknowledging potential impacts on 

nutrient levels from increased releases of domestic wastewater. This limitation stems from 

uncertainties regarding future advancements in water treatment technology, making it 

challenging to predict the exact effects of increased wastewater return flows on nutrient levels. 

Addressing this limitation in future studies would provide a more comprehensive understanding 

of how changes in wastewater management practices could influence water quality dynamics. 

The consistent similarities observed in nutrient levels and several salts (e.g., potassium, 

magnesium, sodium, chloride, fluoride) during simulations of both low- and high-water 

abstraction scenarios prompted an inquiry into the reliability of the Pywr-WQ model's outputs.  

Consequently, an additional abstraction threshold was applied to the Grootdraai Dam to assess 

the behaviour of these water quality variables under this improbable abstraction condition. The 

simulations revealed minimal changes in nutrient levels and salts, notwithstanding the 

implementation of a highly unusual 90% abstraction increase percentage. Despite the 

unconventional nature of this increase, the response of these water quality variables remained 

relatively insignificant. Thus, these findings suggest that the simulations of water quality 

variables, including nutrients and select salts, under a 70% abstraction increase are adequately 

justified. According to Salimi et al. (2021), changes in precipitation patterns and hydrology can 

influence the release of nutrients, potentially leading to nutrient enrichment in surface water. In 

addition, warmer conditions can lead to higher microbial activity and increased nitrification and 

denitrification rates, resulting in higher nitrous oxide emissions (Huang et al., 2013). Yet, the 

study utilised a climate change flow dataset, while keeping water temperature consistent with 

historical conditions. This might account for the similar patterns seen in simulated nitrate plus 

nitrite and ammonium levels between the baseline and future scenarios (i.e., low and high 

abstraction scenarios), which could be regarded as a limitation of the study.  

Furthermore, the output of fluoride simulation in future scenarios (i.e., low and high abstraction) 

indicates that over 85% of the simulated fluoride falls within the tolerable level. South Africa is 

one of the countries in sub-Saharan Africa where high fluoride levels in groundwater have been 
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reported (Kut et al., 2016). Elevated fluoride levels can promote algae growth, influenced by 

factors such as concentration and exposure time, while also posing a significant toxicity risk to 

fish (Camargo, 2003).  

TDS, sulphate, and calcium exhibited a significant decrease over the long term, primarily 

attributable to mining closure. This reduction is linked to the assignment of very low groundwater 

flow signatures to the quaternary catchments, which release the high TDS, sulphate, and calcium 

signatures observed during the calibration process. Although the salts demonstrated a notable 

decrease compared to the baseline scenario, differences between low and high abstraction 

scenarios were apparent. This disparity may stem from the applied increase in abstraction levels, 

with higher abstraction levels (high abstraction, featuring a 70% increase) resulting in elevated 

concentrations of these salts, while lower abstraction levels (low abstraction, with a 5% increase) 

led to dilution and salt conservatism. The assumption utilised may be deemed unrealistic since 

mining closure does not necessarily imply low TDS, sulphate, and calcium signatures. For 

instance, in the case of the Pebble Mine Project in Alaska, the closure of the mine could have 

substantial negative impacts on the environment. These consequences encompass the potential 

dissolution of secondary minerals, the leaching of wall rock and pyritic acid-generating waste, 

and the cumulative effects of multiple metals on fish toxicity (Maest et al., 2020). According to 

Ndaguba & Marais (2023), the ecological and social effects of mining, encompassing closure, 

persist beyond the operational phase of mining activities. Post-closure of mines can lead to 

various environmental threats according to Ochieng et al. (2010), such as the decline in valued 

recreational fish species, contamination of drinking water and agricultural lands, as well as 

disrupted growth and reproduction of aquatic plants and animals if left untreated. In South Africa, 

mining activities can have detrimental impacts on water quality, presenting a substantial risk to 

water resources (DWAF, 2008a). Therefore, adopting effective management practices to prevent 

or mitigate water pollution is essential for ensuring the sustainability of mining operations. 

Moreover, DWAF (2008b) reported that the successful closure of mines necessitates a 

multifaceted strategy that includes (1) implementing a risk-based approach with contingency 

measures; (2) prioritising pollution prevention throughout the mine's life-cycle; and (3) 

conducting risk assessments and involving stakeholders in risk management. In the context of 

long term environmental management, the anticipation typically revolves around the reversion of 

environmental conditions to their pre-disturbance state after the cessation of mining activities. 

However, a limitation within the scope of this study pertains to the absence of an approach to 

delineating a gradual reduction in groundwater signatures. The assumption underlying this 
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limitation posits an immediate amelioration in groundwater salinity levels upon the closure of 

mining operations, a premise that diverges from the complexities in real-world scenarios. The 

envisaged trajectory of significant improvement in groundwater quality, while conceptually 

convenient, disregards the temporal dynamics and intricacies involved in the process. 

Consequently, it underscores the imperative for forthcoming investigations to adopt a more 

realistic approach capable of delineating the gradual attenuation of groundwater salinity 

following mining closure, thereby aligning with the empirical realities of environmental 

rehabilitation. 

According to González-Quirós & Fernández-Álvarez (2019), the effects of mining closure also 

include groundwater rebound and the restoration of water levels in the mine. Groundwater 

contamination following mine closure can have implications on surface water, contributing to 

environmental degradation. A recent study conducted by Alexander & Ndambuki (2023) found 

that mine closures may lead to unstable and altered groundwater quality, marked by increased 

acidity levels and concentrations of salts in the vicinity of the mines. Insufficient efforts in post-

mining areas can perturb the hydrodynamic equilibrium within groundwater systems, 

manifesting in uncontrolled outflows and alterations in the positions of spring pools (Potrykus et 

al., 2022). In addition, the closure of mines can release accumulated pollutants such as heavy 

metals, according to Liu et al. (2020). However, it is essential to acknowledge a notable limitation 

within the current study: the non-consideration of potential increases in return flows associated 

with increased abstraction represents a significant constraint in the study's scope.  

6.5 Conclusion  

The Pywr-WQ model stands as a crucial tool for water managers, facilitating comprehensive 

water resource management and quality assessment. It enables the simulation of water quality 

dynamics across various scenarios, including future climate changes, potential increases in 

demand such as abstraction volume, and economic-related decisions like mining closure 

scenarios.  

In the current study, the Pywr-WQ model played a pivotal role in evaluating the potential impacts 

of future climate change, mining closure, and varying degrees of water abstraction increase (i.e., 

5% and 70% increase in abstraction). Through simulations provided by the Pywr-WQ model, the 

study classified water quality variables, including nitrate plus nitrite, ammonium, phosphate, 

magnesium, potassium, fluoride, chloride, sodium, sulphate, and TDS, into unacceptable, 

tolerable, acceptable, and ideal levels. Projections for the next 30 years in a worst-case scenario 
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involving climate change, mining closure, and a 70% increase in water abstraction indicated 

favourable outcomes for TDS concentrations, with over 50% falling within the ideal 

classification. Similarly, sulphate levels were predicted to be more than 90% within acceptable 

levels. However, fluoride presented unsettling findings, with over 85% of simulated fluoride 

concentrations falling below the tolerable level, in contrast with chloride, where more than 85% 

of simulated concentrations were deemed ideal. Nutrient levels generally yielded positive 

outcomes, except for nitrate plus nitrite, which exceeded 5% under unacceptable levels and 

approximately 45% under tolerable levels. In contrast, phosphate levels show more than 70% 

within the ideal range. 

Future studies should adopt a comprehensive approach to address key assumptions in this study. 

Firstly, considering the influence of climate change, studies should explore variations in water 

temperature. Secondly, future studies could delve into the phased closure of mining areas, 

studying the individual contributions of different mining sites to changes in salt concentrations. 

Studies could explore the continuous drainage of salts from mining areas over time, considering 

the gradual reduction of salt levels. Furthermore, future studies should investigate the potential 

impacts of increased wastewater return flows resulting from escalated abstractions, particularly 

concerning nutrient levels. Future studies should aim to address the limitations of assuming 

constant return flows and explore how advancements in water treatment technology may 

influence these impacts over time. 

Hence, a developed version of the Pywr-WQ model that incorporates progressive shifts from 

initial salt signatures to recommended salt signatures would facilitate a more realistic 

representation of salt concentration changes over time, and engaging with stakeholders, 

including power stations, can provide valuable insights and data related to mining closures, post-

closure practices, and the broader impact of mining closure on water quality. 
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CHAPTER 7: DISCUSSION, CONCLUSIONS AND RECOMMEND-
ATIONS 
 

7.1 Introduction 

Water quality models encompass descriptions of physical, chemical, and biological mechanisms 

that influence the fate and transport of pollutants (Cho et al., 2020), and they serve several 

important purposes in the field of water resource management and environmental protection. 

These models have various purposes such as assessing and predicting pollutant transport (Huang 

et al., 2012), investigating the long term quality of surface water and conducting environmental 

impact assessments in various pollution scenarios, assisting in the standardisation and consistent 

application of models for regulatory purposes (Wang et al., 2013), and modelling complex 

processes within aquatic ecosystems (Liu, 2018). According to du Plessis (2019), within the 

context of South Africa, the 2014 National Water Resource Strategy of the country recognised 

that the water resources do not receive the necessary attention and recognition they merit, with 

widespread issues of wastage, pollution, and degradation prevailing. As noted by the DWS 

(2016), key issues encompassed salinisation, nutrient enrichment due to urban runoff pollution, 

and microbial contamination. There is considerable focus on point source pollution and its 

influence on water quality. However, there is a scarcity of studies on non-point source pollution 

and its environmental impact (Adu & Kumarasamy, 2018; Lu et al., 2023; Xue et al., 2022; Yang 

et al., 2017). 

This study utilised the Pywr model to simulate water dynamics and reflect water quality changes 

in the Grootdraai Dam Catchment situated within the Upper Vaal region of South Africa. The 

Pywr-WQ model, in conjunction with multiple regression models, was employed to evaluate the 

effects of the various scenarios investigated, including land-use and land-cover alterations, 

climate change, and mining activity closures, as well as increased water abstraction, on water 

quality variables such as nitrate plus nitrite, ammonium, phosphate, chloride, fluoride, 

magnesium, potassium, sodium, calcium, and sulphate. This chapter presents an overview of the 

thesis findings, aligns them with the overarching objectives, draws conclusions from this study 

and inquiries posed by this study, and offers a comparative analysis of the study's results, their 

implications, and their significance within the context of water quality modelling in South Africa. 

Finally, the chapter discusses the limitations of the models and methodologies employed in the 

study and concludes by suggesting recommendations for future studies. 
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7.2 Water Quantity Models within Developing Countries 

This study introduced a framework (Figure 7.1) to transition from monthly lumped models, 

specifically the commonly used WRYM in Southern African countries, to an open-source, finely 

spatially distributed model using the Pywr model. The framework outlines a structured approach 

for this transition. Initially, a comprehensive understanding of the study area, encompassing 

physiographical characteristics, is essential, along with grasping the lumped structure of the 

existing monthly model. This forms the basis for creating an updated, detailed, and distributed 

version of the operational water system. The current structure comprises hydrological nodes that 

collect runoff from various quaternary catchments. This study primarily focuses on redistributing 

the runoff received from different quaternary catchments to multiple nodes rather than 

consolidating it into one node. Each quaternary catchment is associated with a specific natural 

inflow node, which receives runoff determined using surface ratio theory. The drained surfaces 

vary depending on the lumped structure within WRYM (as discussed in Chapter 3). A monthly to 

daily disaggregation method was applied, followed by a conversion from m3/s to Mm3/day, as the 

new simulation model accepts data in Mm3 or ML, and follows daily, weekly, or yearly time-

steps. The upgraded iteration of the operational water system was then merged with the Pywr 

environment, forming its foundational topology. The model's typology was acquired in JSON 

code format from the Waterstrategy.org website. Although Waterstrategy.org provides the 

option to execute the Pywr model within its interface, this study opted to download the model 

setup file and conduct simulations locally using the local run-time environment. After obtaining 

the model setup file code, the updated version, incorporating external data sources like 

precipitation, evaporation, and natural flow time series, was executed. The model was run for the 

study area, generating a comprehensive dataset comprising daily flow data, storage levels, 

transfers, reservoir releases, and abstraction values. 

The framework shows potential applications for Water-Energy-Food (WEF) nexus projects. 

Regarding the WEF application within developing countries, process-making may be delayed, 

slowed, and interrupted (Mitchell et al., 2015) due to various problems, such as the shortage of 

data (Purwanto et al., 2021), involvement of many stakeholders (Wichelns, 2017), and the 

limitations of water simulation models used in the WEF nexus (Soleimanian et al., 2022). The 

framework illustrated in Figure 7.1 addresses limitations observed in various simulation models, 

such as the absence of simulation reservoir operation rules and massive required data 

(Soleimanian et al., 2022) within GSFLOW, C2Vsim, and CWatM models (Alam et al., 2019; 

Burek et al., 2019; Sun et al., 2018). The SWAT model (Arnold et al., 2012) cannot consider 
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reservoir operation rule and return flow (Soleimanian et al., 2022), and the WEAP model (Yates 

et al., 2009) is a licensed model that cannot be used freely by policymakers and stakeholders, 

limiting their capabilities for such applications. The developed framework serves as a practical 

tool to address the previously mentioned limitations and contribute to WEF nexus applications in 

developing countries. The simulation model employed in the framework has been actively 

employed in case studies within developing countries for WEF nexus purposes, including Ghana 

(Gonzalez et al., 2021) and a transboundary case involving three East African countries: Egypt, 

Sudan, and Ethiopia (Basheer et al., 2023). Applying this framework in developing countries, 

such as those in Southern Africa, facilitates work on WEF nexus applications and contributes to 

identifying optimised trade-offs within water-energy to enhance water resilience.  

The framework developed (Figure 7.1) in this study holds various implications for addressing the 

challenges highlighted in previous reviews. For example, its potential ability to be integrated with 

ecosystem services (ES) models. One significant barrier in comprehending the dynamic 

interactions among multiple ecosystem services is the absence of an accurate water yield model, 

as pointed out by Agudelo et al. (2020). The current limitations of existing yield models within 

ES models include their inability to accurately represent complex processes in natural systems, 

neglecting the impact of land-use change on water availability, and overlooking the effects of 

climate change on water availability. In response, our framework introduces a more detailed and 

distributed structure for the water system, considering both current and planned land-use 

modifications (Agudelo et al., 2020; De Groot et al., 2010; Zheng et al., 2019). Additionally, 

utilising the Pywr environment incorporated within the framework enables simultaneous 

scenario simulations with different time-steps, and it contributes to existing research aimed at 

understanding the resilience of ecosystems and their capacity to consistently provide multiple 

services over time (e.g., Posner et al., 2016; Zhao et al., 2020). 

In the context of contemporary climate change studies (e.g., Leavesley, 1994; Wilby, 2005), 

particularly within developing countries, various constraints manifest in the models utilised to 

examine the influence of climate change on water resources. These limitations encompass scale, 

climate scenario generation, data, and model structures. Moreover, climate change studies are 

packaged with different uncertainties related to methods of translating global climate changes to 

regional scales, and uncertainties in water resource models used for climate change impact 

assessment according to Wilby (2005). Kusangaya et al. (2014) recognised the imperative for 

additional research to enhance comprehension of the potential ramifications of climate change on 

water availability, accessibility, and demand within Southern African regions. The established 
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framework facilitates research in developing countries by employing a more intricate, distributed 

structure with a finer temporal scale (daily, weekly, and yearly). Notably, the framework is devoid 

of any limitations pertaining to surface area restrictions in its application; the employed water 

resources tool used in the framework has significant speed-up characteristics, approaching four 

times the equivalent single scenario run-time with 160 scenarios (Tomlinson et al., 2020). These 

characteristics enable the generation of temporal flow data for diverse climate change scenarios 

in a single run. 

The overall conclusion regarding the presented framework relies on its various capabilities, 

including: 

i. The transition from licensed lumped monthly models to daily distributed, open-

source models, adopting the actualised structure of the operating water system to 

reflect the current and planned land-use of the study area.  

ii. The ability to seamlessly transition from a broader spatiotemporal scale to a finer 

resolution. 

iii. The potential for use in post-hydrological modelling studies, climate change 

investigations on water quantity management under changing conditions, and water 

infrastructure investments. 

While the developed framework offers an effective step-by-step methodology to enhance current 

water quantity management within developing countries, in particular South Africa, there are still 

potential recommendations, including: 

i. Investigating the viability of implementing the framework across all of South 

Africa's water management areas (WMAs) to shift from the WRYM to the open-

source Pywr model and incorporate it as a National-Scale Water Resources 

Simulation Model. 

ii. Exploring the potential use of remote sensing data as input for data-scarce regions, 

such as rural areas, and assessing the framework's performance with climatic 

parameters, including precipitation, temperature, and evaporation datasets. 
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Figure 7.1: A research framework for the application of the Pywr model within a catchment in 
a developing country, namely the Grootdraai Dam catchment located in Upper Vaal, South 
Africa. The framework works as a step-by-step guide to shift from a monthly, lumped model 
to a daily, spatially finer model.  

7.3 Application of the Pywr-WQ for Dynamic Integration of Water Quality Systems 

Assessment within the Grootdraai Dam Catchment 

In South Africa, rivers typically receive waste from deficient wastewater infrastructure, mining 

areas, and agricultural activities (Ngubane et al., 2022). Water scarcity is influenced not only by 

the quantity of available resources but also by the ongoing degradation of water quality due to 

urbanisation, industrialisation, and agricultural practices, which limits the availability of 

freshwater for safe use as noted by Giri (2021). In the context of South Africa, three potential 

constraints pose challenges within water quality modelling: (i) the scarcity of data and the non-

availability of water quantity and quality data in some river catchments; (ii) the lack of 
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institutional resources, professional skills, and funding necessary to apply widely used models 

worldwide, even if data are available; and (iii) limitations within current water simulation models 

linked to water quality models. Chapter 4 introduces the Pywr-WQ model, an implementation of 

the WQSAM processes into a Pywr environment. The Pywr-WQ model dynamically linked to the 

Pywr model mirrors the water quantity aspect of the operating water system within the Grootdraai 

Dam Catchment.  

The model serves as a water quantity-quality tool, aiding in the water management process by 

enabling risk assessment (see Figure 4.15, Chapter 4) and assisting decision-making regarding 

compliance with water quality guidelines (Figure 4.16, Chapter 4) within specific abstraction 

nodes in the Grootdraai Dam area. In South Africa, water quality management faces several 

challenges related to ineffective knowledge and information management due to limited 

technical capacity, and gaps in monitoring systems according to the National Water Resource 

Strategy (NWRS-3) formulated by DWS (2021). The present study contributes to enhancing 

water quality assessment by introducing a tool designed to assist water managers in their 

monitoring missions within the context of water resource, thereby facilitating effective 

knowledge production and decision-making.  

water quality management regards abstraction as a critical factor in water resource management 

owing to its impact on both water quantity and quality (DWAF, 2001; DWS, 2017). For instance, 

abstraction can exacerbate water quality issues by reducing dilution capacity, potentially leading 

to increased concentrations of pollutants at specific points. Similarly, return flows, which may 

carry pollutants from various sources, can further contribute to high concentrations and degrade 

water quality. This shift can cause pollutant levels to transition from ideal to acceptable, tolerable, 

or even unacceptable levels. By employing the Pywr-WQ model, water managers can prioritise 

water quality over quantity at specific abstraction points, such as reservoirs, storage facilities, or 

in-stream river nodes. The knowledge conveyed in the present study (refer to Chapter 4) 

addresses the gaps outlined in the 6th strategic objective of the NWRS-3. The Pywr-WQ model 

represents a significant advancement in water quality management by addressing limitations 

inherent in models such as the WRYM. Unlike traditional approaches that focus solely on 

determining the usable yield of a catchment for water resource planning, Pywr-WQ takes into 

account both water quantity and quality considerations. This holistic approach ensures more 

realistic estimations of usable water, thereby enabling more informed decision-making in water 

allocation and management.  
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Figure 7.2: This proposal explores the application of the Pywr-WQ model within the framework of Integrated Water Quality Management (IWQM), 
considering strategic goals, issues, and actions as outlined by DWS (2017) and DWS (2023). 
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Figure 7.2 depicts the actions and objectives extracted from the Integrated Water Quality 

Management (IWQM) Strategy report by DWS (2017). It highlights the effective utilisation of 

the Pywr-WQ model in water quality monitoring, analysis, and management.  

One key advantage of Pywr-WQ is its ability to facilitate optimal choices among different water 

sources to achieve target water quality standards. For instance, in the Grootdraai Catchment, 

which receives multiple inflowing transfers with varying water quality signatures, Pywr-WQ can 

inform decision-makers on how much water should be abstracted from each transfer and at what 

times to achieve desired water quality levels in the Grootdraai Dam. This capability enhances 

regulation, compliance, and enforcement in water quality management, aligning with the 

objectives of the NWRS-3 and contributing to the achievement of SDG 6 targets. The Pywr-WQ 

model exhibits considerable potential, not only aligning with the first objective of the NWRS-3, 

emphasising sustainable and equitable management, protection, use, development, conservation, 

and control of water (DWS, 2023), but also contributes to the achievement of SDG 6 targets as 

outlined in Stats SA (2019). 

The Pywr-WQ model can be adopted as a tool for identifying trends and patterns in water quality 

parameters and facilitating regulatory compliance assessments. Furthermore, the model can 

assist in refining regulatory frameworks by simulating the effects of diverse water quality 

guidelines and standards on pollutant variations across finer scales and different timeframes. This 

support enables policymakers and water managers to make well-informed decisions regarding 

regulatory adjustments. 

7.4 Land-use Changes and Water Quality Implications 

While building upon a prior study conducted by Slaughter & Mantel (2017), this study adopted a 

similar approach to assess both surface water and groundwater quality. It established correlations 

between surface water quality and nutrient concentrations, and groundwater quality and salts 

such as TDS, sulphate, and calcium. Sadeghi et al. (2021) discovered no significant relationship 

between rainfall rates, land-use changes, and groundwater quality, suggesting that alterations in 

groundwater quality were not solely attributable to these factors. However, past studies have 

drawn different conclusions, highlighting a strong correlation between land-cover classes and 

water quality variables. For instance, a study concentrating on eight distinct cities in South and 

Southeast Asia concludes that the importance of land-use and land-cover change is a significant 

driver and pressure impacting water quality, and urges its consideration in decision-making 

processes (Kumar, 2019). A separate study carried out in South Carolina 
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, particularly in the Waccamaw River at Conway Marina, emphasised that watershed 

characteristics, such as land-use, play a crucial role in regulating stream water quality indicators 

(Mishra et al., 2021). When regression analysis techniques were extensively employed to model 

the relationship between land-use/land-cover and water quality, the analysis revealed significant 

correlations between land-cover classes such as urban areas, forested land, and others with 

nutrients, turbidity, and related water quality parameters (e.g., Amiri & Nakane, 2008; Boeder & 

Chang, 2008; Huang et al., 2013; Paul & Meyer, 2001; Rothenberger et al., 2009; Sliva & Dudley 

Williams, 2001). Yet, the complex nature of water quality data necessitates novel statistical 

approaches capable of revealing spatiotemporal variability, as noted by Afed Ullah et al. (2018).  

The ongoing processes of urbanisation, industrialisation, and agricultural activities will persist in 

exerting adverse effects on water quality across various scales (Camara et al., 2019). Land-use 

alteration may influence the stream ecosystem through different measures and scales, and 

contribute to ecosystem degradation (Pereira, 2020). For instance, deforestation, urbanisation, 

and agriculture raise stream sediment levels, harming aquatic life and food webs (Sutherland et 

al., 2002; Wood & Armitage, 1997). Agricultural activities can lead to nutrient pollution in 

streams, fostering algae growth and altering species composition toward less native, more 

resilient types (Delong & Brusven, 1998; Niyogi et al., 2003). Moreover, urban land-use changes 

can introduce heavy metals, synthetic chemicals, and toxic organics into streams, harming 

aquatic life with deformities, higher mortality rates, and disruptions in growth and reproduction 

(Kolpin et al., 2002). The omission of critical factors such as climate change, land-use and cover 

changes and population growth could have a profound impact on water resources, resulting in 

exacerbating issues related to water quantity and quality as noted by Zy Harifidy et al. (2022).  

The present study (refer to Chapter 5) examines the influence of land-use changes on water 

quality parameters across varied scenarios within three distinct categories: mining areas, urban 

areas, and cultivated areas over the long term (2020–2099) under historical climate conditions. 

Water quality parameters investigated in mining and urban areas encompassed nitrate plus nitrite, 

ammonium, phosphate, sulphate, calcium, and TDS. Conversely, cultivated areas were examined 

solely for nutrient levels, including nitrate plus nitrite, ammonium, and phosphate. This study 

employed the Pywr-WQ model along with multiple regression to investigate the land-use change 

scenarios. It is important to note that while increasing one land-cover class, other remaining land-

cover classes may also impact the simulations. When urban and cultivated areas increased, the 

simulations showed elevated levels of nitrate plus nitrite at the Grootdraai Dam compared to the 

mining scenario, surpassing acceptable water quality standards (refer to Chapter 5, Table 5.7). 
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Ammonium levels remained within acceptable limits in the urban area increase scenario, while 

phosphate levels remained acceptable in the cultivated area increase scenario. Multiple studies 

indicate that the substantial nutrient inputs from agricultural and urban areas have significantly 

degraded the water quality of rivers and streams (Delkash et al., 2018; Foote et al., 2015; Ludwig 

et al., 2009; Nie et al., 2018), and past research has demonstrated positive correlations between 

anthropogenic factors such as agriculture and urbanisation, and the concentration of nutrients like 

nitrogen and phosphorus (Giri & Qiu, 2016; Lintern et al., 2018).  

Simulated salts such as TDS and sulphate in mining areas showed very high concentrations 

classified under tolerable and acceptable levels (refer to Chapter 5, Table 5.7) although mines 

cover small areas over the quaternary catchments. A study conducted in Brazil observed that 

mining, despite covering a small percentage of the territory, has a significant impact on water 

quality, leading to high turbidity, and heavy metals contamination (de Mello et al., 2020). Active 

coal mining operations exhibit negative impacts on ecosystem services, while some positive 

impacts were related to restoration activities (Boldy et al., 2021). For instance, mining can harm 

aquatic organisms by elevating metal and pollutant concentrations, adversely affecting fish, 

macroinvertebrates, and algae, as noted by Jain & Das (2017).  

Chapter 5, referenced from Figure 5.22 to Figure 5.27, illustrates the advantages of employing the 

Pywr-WQ model to explore scenarios and assess the risk impact on water quality variables. It 

indicates that the increased urban areas scenario (referred to as Scenario A) poses risks of 

exceeding acceptable levels for nitrate plus nitrite and ammonium concentrations at the 

Grootdraai Dam over the long term (2020–2099), with relative increases in exceedance compared 

to the historical scenario at 25% and 8%, respectively. The elevated phosphate levels in the 

increased cultivated areas scenario (referred to as Scenario B) exhibit a relative increase in 

exceedance of phosphate's ideal level compared to the historical scenario, estimated at 65%. The 

relative increase in exceedance of acceptable levels for sulphate in Scenario C (referred to as 

mining areas increase) compared to the historical scenario is estimated at 21%. In contrast, the 

relative increase in exceedance of acceptable levels for TDS in Scenario C compared to the 

historical scenario exceeds 100%, revealing the alarming impact of increased mining activities 

on TDS concentrations due to multiple regression parameters for groundwater signatures and 

applied increase percentages per quaternary catchment. Previous studies have demonstrated that 

nitrate concentration typically displays a statistically significant positive correlation with urban 

density (Krause et al., 2008). Moreover, urban land-use contributes to nutrient loads of surface 

water runoff through wash-off (Lee et al., 2009). du Plessis & van Veelen (1991), Liu et al. (2014), 
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and Villiers & Thiart (2007) indicated that phosphates sourced mainly from agricultural activities 

and agricultural land-use strongly influence phosphorus. 

While Chapter 5 did not explore heavy metals dynamics owing to limited datasets, it aligns with 

the National Water Resources Strategy-2 outlined in DWS (2013). This study highlights the 

impact of various factors, including mining operations (resulting in elevated TDS, sulphate, and 

calcium levels), urban expansion (leading to increased salinity, nitrate plus nitrite, and 

ammonium levels), and agricultural expansion (potentially causing sediment accumulation and 

elevated phosphate runoff) and agrees with the resulting issues from these land-use changes as 

outlined in NWRS-2 and NWRS-3. 

The junction between the Pywr-WQ model and regression models aimed to address the 

knowledge gap in understanding the impact of specific land-use changes on water quality within 

the South African context. Integrating the Pywr-WQ model with statistical approaches like 

multiple regression, we demonstrated the capability of the Pywr-WQ model to complement and 

simulate the outputs of statistical models. However, the heterogeneity and diversity of the 

landscape pose challenges and can significantly impact the output of regression models. Recently 

highlighted the challenge of understanding the spatial and temporal patterns of water quality 

variables concerning land-use and land-cover in Beijing, China (Chen et al., 2016).  

The current study fails to introduce and consider the effect of the expansion of urban areas on 

hydrological dynamics, which could ultimately affect water quality. For instance, changes in 

slopes, elevations, soils, and vegetation coverage alter how rainfall is captured, stored, and 

released within hydrological systems (McGrane, 2016). These modifications may influence 

runoff production and result in the mobilisation of contaminants across the river system within 

the study area. Study conducted by Miller & Hutchins (2017) in the United Kingdom revealed that 

urbanisation can lead to changes in the temperature of receiving watercourses. This aspect can be 

considered as another limitation of the study, as the current study assumes historical climate 

conditions without accounting for changes in water temperature.  

7.5 Enhancing Water Quality amid Uncertain Futures 

Chapter 6 of the study outlined the future outlook for water quality within the Grootdraai Dam, 

taking into account several influential factors. These factors included climate change, potential 

increases in abstraction volume from Grootdraai Dam, and the closure of mines in the area, all of 

which are relevant to the potential transition toward sustainable energy sources, such as solar 

power, for power generation purposes. This study examined the impact of mine closures on 
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specific quaternary catchments within the Grootdraai Dam Catchment. These quaternary 

catchments were chosen due to their high levels of TDS, sulphate, and calcium found during the 

calibration process. 

Analysis indicated that under the improbable 70% increase in water abstraction from the 

Grootdraai Dam by Sasol-Secunda, concentrations of TDS and sulphate were notably elevated 

compared to the more plausible scenario, which entailed a 5% increase in water abstraction. 

Nevertheless, visible differences between the two simulated datasets were not observed in the 

short term (2010–2050). In the subsequent 30-year period (starting from 2020), TDS levels in 

both the scenarios of a 5% and 70% increase in abstraction volume depicted a respective 54% and 

51% decrease in the acceptable level fraction compared to the baseline simulation. Additionally, 

there was a significant rise in the fraction of simulated data falling under the ideal level. These 

findings underscore an enhancement in water quality in the mines closure scenario, attributable 

to the decrease in groundwater signatures exerting a noticeable influence on this favourable trend. 

Even in the event of the worst-case scenario (70% increase), the levels exhibit visible 

improvements in TDS levels. However, sulphate demonstrated only a marginal relative decrease 

in the acceptable fraction, estimated at 10% for both scenarios, in contrast to the significant 

change observed in TDS levels. 

The current study linked the closure of mines to a reduction in TDS, sulphate, and calcium 

groundwater signatures. However, Alexander & Ndambuki (2023) highlight that the magnitude 

and extent of the impact of mine closure on water resources, particularly groundwater, remain 

poorly defined. In addition, their study found that after mine closure in the Westrand Basin 

(WRB) in South Africa, the natural groundwater neutralising processes were overwhelmed, 

leading to the release of large quantities of acidified water from mineral deposits into the 

groundwater system. Yet, DWAF (2008a, 2008b) stated that after the mine closure phase, third-

party entities are tasked with executing post-closure monitoring and maintenance programmes, 

and this phase will persist until the remaining impact of the mine reaches acceptable levels. This 

highlights the necessity of ensuring that following mine rehabilitation, mine effluents conform to 

acceptable levels of particular pollutants, notably TDS and sulphate, given that their pronounced 

concentrations within specific quaternary catchments include mine operations. The study 

findings align with the statement by the DWAF (2008b), as TDS and sulphate levels fall 

predominantly within the ideal and acceptable ranges. 
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This part of the study is limited by the use of the same historical water temperature data under 

climate change conditions. By keeping water temperature constant and only altering flow 

datasets, the direction of the model's outputs may be affected. Moreover, the scenarios of low and 

high abstractions did not account for increased return flows, particularly from domestic 

wastewater, which could have impacted nutrients. This omission could have led to deceptive 

results regarding the minimal impact of nutrients observed in the study. Additionally, assigning 

low groundwater signatures may not accurately reflect real-world conditions, as mine closure and 

rehabilitation processes take time, and mine closures in the study area are unlikely to occur 

simultaneously. The assumption that mine closure would result in an immediate improvement in 

groundwater salts is unrealistic. In reality, it may take decades for groundwater quality to return 

to pre-mining levels. As a result, the short term and long term trends in the simulations presented 

in the study are probably unrealistic. 

Addressing these limitations could be a focus of future studies. For instance, in the climate change 

scenario, water temperature could be computed based on the corresponding air temperature 

projections. Furthermore, engaging stakeholders from Eskom could facilitate discussions on the 

mine closure process, enabling more accurate reflection in the modelling aspect. 

7.6 Limitations and Future Studies 

The present study encountered several challenges, which may be considered limitations, and 

uncertainties regarding the generated predictions for water quality variables in the medium and 

long term. For instance, certain quaternary catchments lacked water quality datasets, affecting the 

simulation of specific salts and resulting in unsatisfactory NSE values. In other quaternary 

catchments, peak values in the observed dataset may be attributed to potential instrument errors 

influencing the simulations. Furthermore, the climate change datasets utilised in the study were 

only available in terms of flow datasets, while air temperature datasets, which impact water 

temperature and subsequently the simulations, were not available. Additionally, return flows are 

assumed to remain at baseline levels, even if abstractions are increased. The study acknowledges 

a limitation concerning the implementation of a graded decrease in groundwater signatures. It 

assumed that mine closure would lead to an immediate improvement in groundwater salt 

signatures, which is unrealistic, as mine closure requires time for rehabilitation and is contingent 

upon the adopted policy and arrangement for closure. 

Future studies could explore several paths based on the findings and limitations highlighted in the 

current study: 
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i. The prospective application of developed methodologies to establish relationships 

between land-use categories and water quality signatures, while considering additional 

influential factors such as fertiliser application rates, precipitation intensity and 

frequency, and irrigation duration. 

ii. Conducting hydrological study (preliminary water quality investigation) to produce 

climate change runoff datasets utilising projected climate change models (e.g., the 

business-as-usual scenario). This includes considering anticipated alterations in air 

temperature, which may impact both water temperature and subsequent variations in 

water quality. 

iii. Focus on the impacts of increased wastewater return flows resulting from assumed 

abstractions for domestic water demand. Specifically, investigate how advancements in 

water treatment technology might influence these impacts, as this aspect was not fully 

considered in the current study. 

iv. Implement a graded decrease in groundwater signatures to better reflect the realistic 

process of mine closure and its impact on groundwater quality. 

v. Incorporate advanced functionalities of the Pywr-WQ model to serve as a standalone 

water quantity-quality model. For example, if the water quality of a transfer is deemed low 

(e.g., ranging from tolerable to unacceptable), the model can implement a condition 

preventing the transfer from occurring either to or from the Grootdraai Dam. 

Additionally, the model can trigger alerts or actions if specific thresholds for water quality 

variables are exceeded. 

vi. Apply the Pywr-WQ model in managing water quality in complex river systems with 

multiple upstream sources of varying quality. For instance, consider a scenario where a 

downstream dam receives water from five upstream dams through pipes, each with 

dramatically different water quality. The Pywr-WQ model could be employed to optimise 

the selection and blending of water from these upstream sources. By regulating the 

opening and closing of pipes from each dam, the Pywr-WQ model could determine the 

optimal combination of upstream water sources, the quantity of water to extract from each 

source, and the timing of withdrawals to attain a specific water quality target in the 

downstream dam. This capability could prove invaluable in ensuring the availability of 

safe and suitable water for various downstream uses, such as drinking water supply, 

agriculture, and environmental conservation. 
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7.7 Conclusions 

This study addresses a notable gap in current water allocation models utilised in South Africa and 

water quality research. This study has developed a framework that can assist and support water 

managers and researchers in transitioning from monthly lumped models like WRYM to more 

efficient, open-source, rapid, spatially distributed, and transparent models. Moreover, it 

facilitates stronger connections between industry partners, policymakers, and scientific panels by 

fostering trust, engagement, and collaboration. This study presents significant benefits, notably 

in terms of time and cost savings. The Pywr-WQ model demonstrates significant efficacy in 

tackling water quality issues within South Africa, including risk assessment and abstraction 

management, ensuring that water quantity considerations do not overshadow concerns related to 

water quality. The study established a connection between the Pywr-WQ model and land-use 

models to explore the impact of land-use changes on water quality. While the Pywr-WQ model 

dynamically incorporates changes in water quantity that affect water quality, the integration with 

land-use models involved examining predetermined land-use scenarios and generating 

corresponding water quality parameter sets for the Pywr-WQ model. It is important to note that 

the Pywr-WQ model, in its current state, does not have the capability to inform land-use changes 

in real-time to achieve specific management objectives. It showed the classification of water 

quality variables under varying land-use conditions based on water quality guidelines, 

facilitating the visualisation of how specific water quality variables behave within different land-

use changes.  

The investigation indicates that water quality within the Grootdraai Dam Catchment, located in 

South Africa's Upper Vaal region, is declining owing to a variety of factors. These factors include 

dominant land-use classes, which display diverse impacts on the water quality variables 

examined in the study. This study examined the increased water abstraction from the Grootdraai 

Dam and mine closure, which is anticipated due to the potential transition from coal to green 

energy as a source of power generation under changing climate conditions. The scenarios 

investigated suggest that urban area expansion may have a significant impact on nitrate plus 

nitrite and ammonium levels, while phosphate levels are more sensitive to cultivated area 

expansion. Conversely, the expansion of mines appears to have a significant influence on 

sulphate, calcium, and TDS levels. This study emphasises the long term impact of mine closures 

on water quality variables. Across both scenarios of increased abstraction percentages, there was 

a notably positive change in the levels of TDS, calcium, and sulphate, with reduced variability 

compared to the baseline scenario. However, the scenarios underline that at very high abstraction 
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percentages, the levels of TDS, sulphate, and calcium surpass those at low abstraction 

percentages. This study marks the innovative use of the Pywr model in South Africa, integrating 

it with a local water quality model to create the dynamic Pywr-WQ model. 
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APPENDICES 
Appendix A: Node attributes (i.e., inputs data) in the dynamic Pywr-WQ model. 

Name Type Description 

Daily flows Time 

Series 
Contains daily flows obtained from the Pywr model 

(m3.s-1). 

Daily evaporation Time 

Series 
Contains daily evaporation obtained from the Pywr 

model (m3.d-1). 

Daily inflows Time 

Series 
Daily flows into a node obtained from the Pywr model 

(m3.d-1). 

Daily outflows Time 

Series 
Daily flows out of a node obtained from the Pywr model 

(m3.d-1). 

Daily return flow Time 

Series 
Daily return flows obtained from the Pywr model 

(m3.d-1). 

Daily storage Time 

Series 
Daily reservoir storage obtained from the Pywr model 

(m3.d-1). 

Downstream node Text The downstream node is linked for routing water 

quality variables. 

Monthly storage Time 

Series 

The volume (106 m3) is held within nodes which are 

storage nodes (dummy dams and Grootdraai Dam). 
Each value represents the storage within a node at the 

beginning of a month. 
Daily incremental 

flows 
Time 

Series 
Daily incremental flows obtained from the Pywr model 

(m3.d-1). 
Node name Text Identifier for the nodes. 

Quantity parameters Array Parameters required by Pywr-WQ to perform water 

quantity modelling such as baseflow separation. 
Reservoir water 

quality parameters Array Water quality parameters for simulation of water 

quality in reservoirs. 

Observed Ca Time 

Series 
Daily observed calcium concentrations for a particular 

node (mg.l−1). 

Observed Cl Time 

Series 
Daily observed chlorine concentrations for a particular 

node (mg.l−1). 

Observed F Time 

Series 
Daily observed fluorine concentrations for a particular 

node (mg. l−1). 

Observed K Time 

Series 
Daily observed potassium concentrations for a 

particular node (mg.l−1). 

Observed Mg Time 

Series 
Daily observed magnesium concentrations for a 

particular node (mg.l−1). 

Observed Na Time 

Series 
Daily observed sodium concentrations for a particular 

node (mg.l−1). 
Observed NH4-N 

 
Time 

Series 
Daily observed ammonium concentrations for a 

particular node (mg. l−1). 
Observed 

NO3-N+NO2-N 
Time 

Series 
Daily observed nitrate concentrations for a particular 

node (mg. l−1). 

Observed PO4-P Time 

Series 
Daily observed phosphate concentrations for a 

particular node (mg.l−1). 
Observed TDS Time 

Series 
Daily observed total dissolved solids concentrations for 

a particular node (mg.l−1). 
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Name Type Description 
Boundary condition 

Ca 
Time 

Series 
Daily boundary condition calcium concentrations for a 

particular node (mg.l−1). 
Boundary condition 

Cl 
Time 

Series 
Daily boundary condition chlorine concentrations for a 

particular node (mg.l−1). 
Boundary condition 

F 
Time 

Series 
Daily boundary condition fluorine concentrations for a 

particular node (mg.l−1). 
Boundary condition 

K 
Time 

Series 
Daily boundary condition potassium concentrations for 

a particular node (mg.l−1). 
Boundary condition 

Mg 
Time 

Series 
Daily boundary condition magnesium concentrations 

for a particular node (mg.l−1). 
Boundary condition 

Na 
Time 

Series 
Daily boundary condition sodium concentrations for a 

particular node (mg.l−1). 
Boundary condition 

NH4-N 
Time 

Series 
Daily boundary condition ammonium concentrations 

for a particular node (mg.l−1). 
Boundary condition 

NO3-N+NO2-N 
Time 

Series 
Daily boundary condition nitrate concentrations for a 

particular node (mg.l−1). 
Boundary condition 

PO4-P 
Time 

Series 
Daily boundary condition phosphate concentrations for 

a particular node (mg.l−1). 
Boundary condition 

SO4 
Time 

Series 
Daily boundary condition sulphate concentrations for a 

particular node (mg.l−1). 
Boundary condition 

TDS 
Time 

Series 
Daily boundary condition salinity concentrations for a 

particular node (mg.l−1). 
Observed water 

temperature 
Time 

Series 
Daily observed water temperature for a particular node 

(°C). 
Boundary condition 

NO3-N+NO2-N 
Time 

Series 
Daily boundary condition nitrate concentrations for a 

particular node (mg.l−1). 
Boundary condition 

PO4-P 
Time 

Series 
Daily boundary condition phosphate concentrations for 

a particular node (mg.l−1). 
Boundary condition 

SO4 
Time 

Series 
Daily boundary condition sulphate concentrations for a 

particular node (mg.l−1). 
Boundary condition 

TDS 
Time 

Series 
Daily boundary condition salinity concentrations for a 

particular node (mg.l−1). 
Observed water 

temperature 
Time 

Series 
Daily observed water temperature for a particular node 

(°C). 
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Appendix B: Assigning DWS station for different nodes located in the distributed structures 
within the Pywr-WQ model. 

Model Node Station ID Sample 
Link_4 1-1153 125 

Inflow_1 VS1 201 
Link_2 VS2 252 

Inflow_2 177947 218 
Inflow_5 1-1042 197 
Link_7 C1H027 1067 
Link_9 C1H007 2573 

Inflow_8 177956 204 
Link_17 C1H006 1947 
Link_16 VS2-4 236 

Grootdraai_Dam C1R002 2893 
Link_7 W5R003Q01 1067 
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Appendix C: Salts signatures for flow fractions (i.e., surface water, interflow, and groundwater flow) allocated through calibration exercise within 
the Pywr-WQ model.  

Node 
SO4 Cl F K Mg 

SFs IFs GFs SFs IFs GFs SFs IFs GFs SFs IFs GFs SFs IFs GFs 

Inflow 1 3 20 52 3 9 23 0 0.29 0.87 1 3.25 10.5 0 2.75 15 

Inflow 2 3.5 20 1950 2.5 21 33.5 0.55 0.6 0.765 6.5 7 9 16 35 220 

Inflow 3 1 5 37 0.3 9.6 17 0 0.17 4.25 0.2 2 50 3 5 19 

Inflow 4 0.6 3 48 3 13.6 30 0 0.55 1.7 0.25 6.5 20 4 15 20 

Inflow 5 1 4 180 0.15 1 82 0.2 0.7 1.45 4 8 18 2.5 9 19 

Inflow 6 1.5 8 130 0.3 0.5 69 0 0.55 0.81 7 9 10 12 21 33 

Inflow 7 8 11 18.66 0.5 1.5 2.5 0.12 0.33 0.89 1.1 2.1 3.45 4 5.3 8 

Inflow 8 9 46.5 165 4 7.5 18 0.12 0.33 0.89 1.5 3.9 10.5 4 15 80 

Inflow 9 1.8 10 180 0.4 1.5 59 0.015 0.3 0.5 1.1 2.1 3.45 2 9 13 

Inflow 10 0.1 55 90 0.2 1 63 0 0.065 0.1525 0.4 4 7.5 10 20 49 

Inflow 11 0.2 65 120 0.1 1 53 0 0.042 0.125 0.34 4 7.5 14 36 69 
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Appendix D: Salts signatures for flow fractions (i.e., surface water, interflow, and groundwater 
flow) allocated through calibration exercise within the Pywr-WQ model.  

Node 
Na Ca 

SFs IFs GFs SFs IFs GFs 

Inflow 1 6 11 35 7 11 37 

Inflow 2 22 24 31 22 24 31 

Inflow 3 5 7 176 0.1 8.5 177 

Inflow 4 4 22 106 1 23 110 

Inflow 5 7 28 63 8 29 64 

Inflow 6 24 31 35 25 32 36 

Inflow 7 4 7 12 4 7.5 13 

Inflow 8 5 13 37 5.5 14 38 

Inflow 9 1 10 30 8.5 24 46 

Inflow 10 4.5 8 19 0 20 33 

Inflow 11 5 11 22 0 23 36 
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Appendix E: Water quality guidelines for the Grootdraai Dam adopted in this study (Rand 
Water, 2022). 

Variables Measured 

as 

Ideal 

catchment 

background 

Acceptable 

management 

target 

Tolerable 

interim 

target 
Unacceptable 

TDS 

mg.l-1 

< 97.5 97.5 - 195 195 – 325 > 325 
NH4-N < 0.02 0.02 – 0.5 0.5 – 1 > 1 

NO3-N +NO2-N < 0.05 0.05 – 0.25 0.25 – 0. 5 > 0.5 
Cl < 10 10 - 20 20 - 30 > 30 
F < 0.05 0.05 – 0.2 0.2 – 0.4 > 0.4 

PO4-P < 0.05 0.05 – 0.25 0.25 – 0.5 > 0.5 
SO4 < 15 15 - 35 35 - 50 > 50 
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Appendix F: Ethical clearance letter.  

 


