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ABSTRACT

Erosion and sediment transport are natural catchment processes that play an essential role in
ecosystem functioning by providing habitat for aquatic organisms and contributing to the health
of wetlands. However, excessive erosion and sedimentation, mostly driven by anthropogenic
activity, lead to ecosystem degradation, loss of agricultural land, water quality problems, reduced
reservoir storage capacity and damage to physical infrastructure. It is reported that up to 25% of
dams in South Africa have lost approximately 30% of their initial storage capacity to
sedimentation. Therefore, excessive sedimentation transcends from an ecological problem to a

health, livelihood and water security issue.

Erosion and sedimentation occur at variable temporal and spatial scales; therefore, monitoring of
these processes can be difficult and expensive. Regardless of all these prohibiting factors,
information on erosion and sediment remains an urgent requirement for the sustainable
management of catchments. Models have evolved as tools to replicate and simulate complex
natural processes to understand and manage these systems. Several models have been developed
globally to simulate erosion and sediment transport. However, these models are not always
applicable in Africa because 1) the conditions under which they were developed are not as
relevant for African catchments 2) they have high data requirements and cannot be applied with
ease in our data-scarce African catchments 3) they are sometimes complicated, and there are little
training available or potential users simply have no time to dedicate towards learning these
models. To respond to the problems of erosion, sedimentation, water quality and unavailability
of applicable models, the current research further develops, applies and evaluates an erosion and
sediment transport model, the Water Quality and Sediment Model (WQSED), for integration
within the existing water resources framework in South Africa and application for practical
catchment management. The WQSED was developed to simulate daily suspended sediment loads
that are vital for water quality and quantity assessments. The WQSED was developed based on
the Modified Universal Soil Loss Equation (MUSLE), and the Pitman model is a primary
hydrological model providing forcing data, although flow data from independent sources may be
used to drive the WQSED model. The MUSLE was developed in the United States of America,
and this research attempts to improve the applicability of the MUSLE by identifying key issues

that may impede its performance.



Assessments conducted within the current research can be divided into scale assessment and
application and evaluation assessment. The scale assessment involved evaluating spatial and
temporal scale issues associated with the MUSLE. Spatial scale assessments were conducted
using analytical and mathematical assessments on a hypothetical catchment. Temporal scale
issues were assessed in terms of the vegetation cover (C) factor within the Tsitsa River catchment
in South Africa. Model application and evaluation involved applying and calibrating the model
to simulate daily time-series sediment yield. The model was applied to calibrated and validated
(split-sample validation) in two catchments in South Africa, two catchments in Zimbabwe and
three catchments were selected from the USA and associated territories for further testing as
continuous daily time-series observed sediment data could not be readily accessed for catchments
in the Southern African region. The catchments where the model was calibrated and validated
range in size from 50 km? to 20 000 km?. Additionally, the model was applied to thirteen
‘ungauged’ catchments selected from across South Africa, where only long-term reservoir
sedimentation rates were available to compare with long term model simulations converted to
sediment yield rates. The additional thirteen catchments were selected from areas of different
climatic, vegetation and soils conditions characterising South Africa and range in size from 30

km? to 2 500 km?.

The current research results are split into a) MUSLE scale dependency and b) WQSED testing
and evaluation. Scale dependency testing showed that the MUSLE could be spatially scale-
dependent, particularly when a lumped approach is used, resulting in simulations of up to 30%
more sediment. Spatial scale dependence in the MUSLE was found to be related to the runoff and
topographic factors used and how they are calculated. The current study resorted to adopting a
reference grid in applying the MUSLE, followed by scaling up the outputs to the total catchment
area. Using a reference grid resulted in a general avoidance of the problem of spatial scale. The
adoption of a seasonal vegetation cover factor was shown to significantly account for temporal
changes of vegetation cover within a year and reduce over-estimations in sediment output. The
temporal scale evaluation demonstrated the uncertainties associated with using a fixed vegetation

cover factor in a catchment with variable rainfall and runoff pattern.

The WQSED model evaluation showed that the model could be calibrated and validated to
provide consistent results. Satisfactory model evaluation statistics were obtained for most
catchments to which the model was applied, based on general model evaluation guidelines (Nash

Sutcliffe Efficiency and R? > 0.5). The model also performed generally well compared to

iv



established models that had been previously applied in some of the study catchments. The highest
sediment yields recorded per country were 153 t km™ year™! (Tsitsa River; South Africa), 90 t km
2 year! (Odzi River; Zimbabwe) and 340 t km? year! (Rio Tanama; Puerto Rico). The results
also displayed consistent underestimations of peak sediment yield events, partly attributed to
sediment emanating from gullies that are not explicitly accounted for in the WQSED model
structure. Furthermore, the calibration process revealed that the WQSED storage model is
generally challenging to calibrate. An alternative simpler version of the storage model was easier
to calibrate, but the model may still be challenging to apply to catchments where calibration data
are not available. The additional evaluation of the WQSED simulated sediment yield rates against
observed reservoir sediment rates showed a broad range of differences between the simulated and
observed sediment yield rates. Differences between WQSED simulated sediment and observed
reservoir sediment ranges from a low of 30% to a high of > 40 times. The large differences were
partly attributed to WQSED being limited to simulating suspended sediment from sheet and rill
processes, whereas reservoir sediment is generated from more sources that include bedload,
channel and gully processes. Nevertheless, the model simulations replicated some of the regional
sediment yield patterns and are assumed to represent sheet and rill contributions to reservoir

sediment in selected catchments.

The outcome of this study is an improved WQSED model that has successfully undergone
preliminary testing and evaluation. Therefore, the model is sufficiently complete to be used by
independent researchers and water resources managers to simulate erosion and sediment
transport. However, the model is best applicable to areas where some observed data or regional
information are available to calibrate the storage components and constrain model outputs. The
report on potential MUSLE scale dependencies is relevant globally to all studies applying the
MUSLE model and, therefore, can improve MUSLE application in future studies. The WQSED
model offers a relatively simple, effective and applicable tool that is set to provide information

to enhance catchment, land and water resources management in catchments of Africa.
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Chapter 1 Introduction

1.1 Introduction and project overview

Soil erosion and sedimentation are some of South Africa’s acute environmental problems with
impacts on food (Thompson et al., 2010) and water security (Le Roux and Waal, 2020). Erosion
and sedimentation are significant social-ecological problems in South Africa because of the loss of
topsoil, biodiversity and reduction in the sustainability of dams and other ecological infrastructure
(Le Roux, 2018). The threat of climate change is expected to worsen the problem of water erosion
and sedimentation by changing the dynamics of catchment processes related to vegetation cover,
soil moisture (Li and Fang, 2016) and runoff. “When climate change issues are superimposed upon
the existing vulnerabilities, the effects thereof are exacerbated” (Lotter, 2017). Changes in the
patterns of climate, e.g. precipitation and temperature, can significantly and permanently impact
catchment erosion and sedimentation processes (Li and Fang, 2016), which in turn may impact
rural livelihoods and both the formal and informal agricultural sectors. Nearing et al. (2005) add
that there is a significant likelihood of increased global soil erosion induced by climate change,
unless preventative measures are taken. Southern Africa is already experiencing an increase in
average temperatures and an increase in the variability of precipitation, with a tendency towards
more extended drought periods followed by more severe flooding (IPCC, 2012), thus elevating the

risk of water erosion and sedimentation.

Although not prioritised as an acute environmental hazard, accelerated soil erosion has affected
almost 2 billion hectares of fertile land (Arekhi et al., 2012), more than 50% of pasturelands and
80% of agricultural lands globally (Pimentel et al., 1995). The South African Yearbook,
2008/9, reports that South Africa loses 500 million tons of topsoil annually, which is the highest
per capita soil loss globally (Lotter, 2017). Of the total land area in South Africa, an estimated 18%
has been transformed from natural land to other land-cover types, including cultivation (~11%),
degradation (~5%) and settlements (~3%). Cultivation and degradation are both leading drivers of
soil loss (Lotter, 2017), posing a risk to South Africa’s water resources (Blignaut et al., 2010). With
food supply systems already under pressure from climate change and a growing population,
ecosystem degradation adds to the looming long-term food security problem in South Africa

(Masipa, 2017; Mugambiwa and Tirivangasi, 2017).



The problem of soil erosion is further compounded by the fact that much of the eroded soil is
transported through river systems into reservoirs (Vanmaercke et al., 2014). Thus, sedimentation
has become a significant threat to reservoir lifespans and functioning (Le Roux, 2018; Msadala and
Basson, 2017; Roux and Waal, 2020). Nearly a quarter of reservoirs in South Africa have lost up
to 30% of their storage capacity to sedimentation (Msadala et al., 2010; Msadala and Basson, 2017).
The loss of reservoir storage capacity results in wide-ranging ecological, social and economic
problems, such as a shortage of water for irrigation, domestic and industrial use, as well as a loss
in reservoir flood-attenuation capacity. Apart from the consequences of water quantity, excessive
sedimentation also affects water quality (Issaka and Ashraf, 2017). In this regard, increased
turbidity negatively impacts riverine communities by disrupting the filter-feeding mechanisms of
some macro-invertebrates and reducing suitable habitat (Akamagwuna et al., 2019; Bilotta and
Brazier, 2008). Other impacts on human society include increasing water treatment costs and other

ecosystem services linked to a healthy ecosystem.

Globally, the urgent need to mitigate and adapt to the environmental effects of water
erosion/sedimentation is widely recognised (Nearing et al., 2017). In South Africa, the impacts of
erosion and sedimentation are recognised from the local to the national levels (e.g. Lotter, 2017).
For example, local communities recognise erosion and water pollution as part of the top five
ecological challenges in a study conducted in the Eastern Cape Province (Murata et al., 2019). In
order to respond to the erosion and sedimentation challenge, information about erosion drivers and
processes, and an understanding thereof, is vital. Information on the spatial and temporal
distribution of sediment loads is critical and highly sought after for informing catchment
management planning. Unfortunately, physical measurements of erosion or sedimentation cannot
be meaningfully performed at a large spatial scale because it is expensive and time-consuming
(Alewell et al., 2019; Pandey et al., 2016). Therefore, modelling tools are widely used to provide
additional information that can be used for catchment management (Pandey et al., 2016). Models
also allow for the investigation of different scenarios of future change. However, model results are
dependent on our ability to account for the variable natural processes that influence erosion and
sediment transport loads, both spatially and temporally (Pandey et al., 2016). Developing reliable
models that account for the key processes is dependent on data for input and calibration and

validation (de Vente et al., 2013); such data are very scarce in South African catchments, creating



a substantial dilemma in terms of the scientific study and practical application of appropriate

models.

The most popularly used erosion and sediment yield models were developed in the United States
of America and Europe (Gao, 2008). The Universal Soil Loss Equation (USLE) (Wischmeier and
Smith, 1978), as well as later versions of the Modified-USLE (Williams, 1975) and Revised-USLE
(Renard et al., 1997) have been applied worldwide (Alewell et al., 2019; Benavidez et al., 2018;
Sadeghi et al., 2013). Because they were developed for specific conditions, it often becomes
necessary to modify them before application in areas outside of which they were developed
(Sadeghi et al., 2013). MUSLE has been included as part of comprehensive hydrology and water
quality models such as the Soil and Water Assessment Tool (SWAT) (Arnold et al., 1998; Neitsch
et al., 2005) and the Agricultural Catchments Research Unit (ACRU) model (Schulze, 1995).
Furthermore, the original USLE was developed for application on a plot scale for estimating long-
term soil loss, and application at larger scales introduces spatial scale problems (Chen and Mackay,
2004; Karydas et al., 2014; Pignotti et al., 2017; Vigiak et al., 2015), added to which temporal scale
considerations are often ignored (Sadeghi et al., 2013). Notably, as areas of application increase,
USLE factors become almost impossible to estimate, and the validation of model outputs becomes

a serious challenge unless USLE is linked to a sediment transport model (Alewell et al., 2019).

Some of the more detailed distributed models are data-intensive and challenging to apply to
catchments in regions such as sub-Saharan Africa, where data for parameterising complex models
are scarce. Simpler lumped empirical models have been applied in southern Africa (Smith, 1999)
as they require fewer data to parameterise. Attempts have also previously been made to adapt
popular internationally developed models for application in southern Africa (Elwell, 1978; Schulze
et al., 1995). However, some of these models have often proved to be either too simplistic, fail to
account for important erosion and sediment transport processes, or are too complex and data-

intensive to be applicable in data-scarce regions.

Previous experience suggests that the priority for sub-Saharan Africa (SSA) is a model that: 1)
maintains a relatively simple structure yet describes important sediment yield process at the
catchment scale; 2) can use existing forcing and calibration data; and 3) can be integrated into
existing environmental modelling frameworks for integrated assessments. The current study

responds to this need by further investigating a sediment model (WQSED: Water Quality and
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Sediment Model) that was previously developed by the Institute for Water Research, Rhodes
University as part of an MSc project (Bryson, 2015). The focus of the initial development was on
semi-arid areas and the spatial and temporal discontinuities expected in the erosion and sediment
delivery processes. The key motivation for the study was to add a sediment sub-model to a recently
developed water quality model (WQSAM; Slaughter et al., 2017). The Water Quality System
Assessment Model was developed within the Institute for Water Research, Rhodes University as
part of a Water Research Commission (WRC) project to develop a South African water quality
model (Project K5/2448) that would link to a suite of other locally developed and well established
hydrology (Pitman, 1973; Hughes, 2013) and water resources yield (Basson et al., 1994) models.
The main issue is that WQSAM did not originally include a sediment component, which was
always recognised as a structural gap in terms of the impacts of the sediment regime on the
dynamics of nutrient and metal cycling. While the further development of WQSED is still directed
to this primary purpose, it has other important secondary applications of independently providing
catchment-scale simulations of suspended sediment loads that are essential for catchment
management and water resources planning. The model responds to issues of water quantity and
quality management that are of immense interest to the South African Department of Water and

Sanitation (DWS) and the Department of Environmental Affairs (DEA).

The WQSED model was only applied in three semi-arid catchments as part of the Bryson (2015)
study, and time-series data of sediment loads were not available for any of them. Therefore, further
testing, evaluation and improvement were considered necessary before it could be integrated into

the WQSAM model or recommended for use by researchers and water managers in South Africa.

The primary aim of this research is to evaluate and further develop the WQSED model and to
determine its usefulness and applicability to data-scarce catchments of sub-Saharan Africa. The
model will be primarily applied and tested in South African catchments. However, the application
will be extended to other SSA catchments where daily sediment load observations are available.
Where possible, the model outputs will be compared to previous estimates based on other methods.
However, it is recognised that all of these methods (including WQSED) are extremely difficult to
calibrate and validate because of the limitations associated with the lack of observed data (e.g. Le
Roux, 2018; Scott-Shaw et al., 2020). While there are previous estimates of long-term sediment

yield based on reservoir bathymetric surveys for a number of catchments (e.g. Rooseboom, 1992),



there are very few datasets providing daily time series of sediment load that can be used to assess
the outputs of a model such as WQSED (or SWAT, ACRU or any other time series model). Apart
from the lack of data available to calibrate and validate this type of model, the other issues that are
covered within this study include questions associated with model scale and complexity, as well as
the availability of supporting data to establish model parameter values. Simplicity is often seen as
a key model characteristic to facilitate catchment management in regions where data are scarce,
and modelling expertise is also limited. However, it is also important to recognise that if models
are too simple to capture the main dynamics of the system being modelled, the model outputs might

be less than reliable when applied, where there are few, or no, calibration data.

1.2 Research aim, objectives and design

1.2.1 Research aim

The overall aim of this study is to further develop an erosion and sediment delivery time series
simulation model by ensuring that the model can estimate soil loss and sediment delivery at
appropriate spatial and temporal scales with sufficient accuracy for practical applications under
different levels of data availability. It is envisaged that the model will apply to catchments in
southern Africa characterised by relatively high hydrological variability and for which there is a
lack of observed data to validate model inputs and outputs. Providing a relatively simple, practical
modelling approach is expected to contribute to catchment management approaches where
sediment load represents a critical factor in managing and conserving scarce water resources. This
includes issues associated with nutrient and metals cycling as part of broader water quality
management, aquatic ecology and the impacts of sediment, as well as the long-term effects of

sediment on reservoir management.

1.2.2 Research objectives
To test, apply and evaluate a relatively simple, implementable sediment delivery/transport model

(WQSED) and facilitate the further application of the model in data-scarce South African and SSA

catchments. The specific objectives of this research are:



A. To assess spatial scale dependency issues associated with the application of the Modified
Universal Soil Loss Equation (MUSLE).
- An investigation into the scale dependency of the MUSLE model is performed. The study

will isolate key spatial scale issues associated with MUSLE application. MUSLE
parameters are investigated for potential scale issues, and recommendations are made as to
how these scale dependencies may be minimised.

B. To investigate the effect of temporal variations of the vegetation cover factor on sediment
yield simulations using the MUSLE/WQSED.
- An approach for estimating the seasonality of the vegetation cover parameter is

investigated, based on a vegetation cover time series using remote sensing data. The model
outputs based on both static and dynamic cover parameters are compared.

C. Regional application, testing and evaluation of the WQSED model.
- The model is tested, and comparisons drawn between WQSED outputs and previous

estimates from other approaches including the Soil and Water Assessment Tool (SWAT).
The sensitivity of model outputs to erosivity parameters will be assessed

D. To apply the model in ungauged catchments under a wide range of different climatic,
topographical, vegetative and soil conditions representative of South African catchments.
- This study will apply WQSED to several catchments of varying conditions across South

Africa. The influence and sensitivity of model outputs to parameter estimation methods will
be assessed. Model outputs will be compared to outputs from previous independent studies

and long term observations/calculations of dam sedimentation rates, where available.

1.3 Thesis outline

This thesis is composed of nine chapters and is divided into three parts (Figure 1). Part one is the
introduction and context, Part two presents the results and Part three concludes the study. Part one
begins with the introduction to the thesis that gives an overview of the research aspects, gap and
purpose of the study. This is followed by the literature review Chapter 2 that outlines the aspects
of erosion and erosion modelling in SSA, focusing on South Africa. Chapter 3 introduces the
selected study sites and their essential attributes. Chapter 4 introduces the model WQSED model
structure and discusses data inputs, uncertainties and limitations. Part two starts with Chapters 5
and 6, reporting on the spatial and temporal issues associated with the MUSLE, discussing their
impacts and implications on the WQSED model and other models that incorporate the MUSLE for

sediment calculation. Chapters 7 and 8 report on the application and evaluation of the WQSED
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model. In Chapter 7, the model is calibrated and validated against observed data, and performance
is compared to previously applied established models. Chapter 8 reports on the application of the
WQSED in ungauged basins and model outputs are compared to previous modelling and reservoir
sedimentation studies. Part three (Chapter 9) comprises conclusions and recommendations,
discussing the entire study while linking aims to the outcomes, exploring gaps for further research,
and limitations and opportunities for future research. Three peer-reviewed journal papers have been
published from this thesis: Chapter 5 of the thesis has been published in Gwapedza et al. (2018a),
sections of Chapters 7 and 4 have been published in Gwapedza et al. (2018b) and sections of
Chapters 8 and 4 have been published in Gwapedza et al. (2020).

Chapter 1: Introduction \

Chapter 2: Erosion and sediment transport modelling

> Introduction and context

Chapter 3: Study site descriptions

Chapter 4: Methodological approaches /

Chapter 5: Consideration of spatial scale dependency in the
application of the Modified Universal Soil Loss Equation
(MUSLE)

Chapter 6: Evaluating the effect of temporal changes in the
vegetation cover (C) factor on the MUSLE

Result chapters
Chapter 7: Regional testing and evaluation of the WQSED
Model
Chapter 8: Estimating sediment yield in ‘ungauged’ South
African catchments
Chapter 9: Conclusion and recommendations }Summary and conclusions

Figure 1.1 Chapter structure of the thesis.



Chapter 2 Erosion and sedimentation

Since this study aims to further develop a new soil erosion and sediment delivery model, this
literature review explores relevant literature relating to erosion and sediment transport modelling.
This includes literature relating to erosion, sedimentation, and primary sediment drivers such as
rainfall/flow, vegetation and slope. This chapter also reviewed established erosion models and how
these models vary in their representations of erosion processes and drivers. This is followed by a
discussion on the application of sediment transport models in South Africa. Lastly, the review
introduces the WQSED model, including a discussion of the motivation for the model, the model

type and the processes represented and reasoning for their inclusion.

2.1 Introduction

Soil erosion by water is a natural process that occurs at multiple spatial and temporal scales (Kinnel,
2005). The effects of elevated soil erosion and sedimentation of surface waters through human
impacts are regarded as destructive to aquatic ecosystems (Akamagwuna et al., 2019; Chislock et
al., 2013); effects extend to economic and social spheres as people require ecosystem services
(Pimentel and Burgess, 2013; van Tol et al., 2016). The effective integrated management of
catchments requires the quantification of erosion and sedimentation and an understanding of the
driving processes (de Vente et al., 2013; Karydas et al., 2014; Pandey et al., 2016). Monitoring of
sediment is expensive and labour intensive, resulting in most catchments having limited
observational records. Mathematical modelling of erosion and sedimentation can provide data at
spatial and temporal scales not possible by monitoring. Mathematical models also help to validate
our understanding of the underlying processes of erosion and sedimentation, and these models can
additionally be used to investigate ‘what-if” scenarios. However, models may need to be tested and

evaluated before they can be deemed fit for purpose.

An assessment of a model may include a critique of the model representation of the various erosion
processes and drivers. Furthermore, the assessment could focus on the spatial and temporal scales
at which the model is applicable or performs more accurately. Models are sometimes developed to
work at particular scales, and the rescaling of models and application in different environments

raises issues of applicability (Karydas et al., 2014). While perfection in modelling may be hard to



achieve, the testing and evaluation of models can allow us to adapt models for better representation

of prominent water erosion processes in diverse local conditions.

2.2 Water erosion

Soil erosion by water mainly involves the detachment, transportation and deposition of soil by
surface water processes (Morgan, 2005). Dominant water erosion processes include splash, sheet,
rill, gully and instream erosion (Loch and Silburn, 1996; Le Roux et al., 2015). While geologic
erosion is regarded as a natural process (Morgan, 2005), accelerated erosion is a more rapid form
of erosion resulting from anthropogenic activities (Desta and Adugna, 2012). This form of erosion

contributes significantly to land degradation and therefore requires critical consideration.

Splash erosion results from raindrops impacting the soil surface and loosening soil particles
(Morgan, 2005). A build-up of a pressure gradient around the edges of the raindrop dislodges soil
particles, causing the soil surface to disintegrate (Loch and Silburn, 1996). Sheet erosion occurs
when water flows over a soil surface on a gentle and smooth slope (Loch and Silburn, 1996). The
‘sheet’ of water flows at a relatively uniform depth and results in a relatively uniform removal of
the topsoil on the land surface of a similar slope (Desta and Adugna, 2012). Rill erosion occurs
when runoff flows over the soil in a defined path, thereby creating a well-defined channel of flow
(Desta and Adugna, 2012). Rills are defined as small erosion features and are typically sufficiently
shallow to be destroyed by tillage. Rills contribute sediment through inter-rill erosion processes
(Morgan, 2005). Gully erosion refers to channels of water flow that are much larger than those
operating within rills, which are likely not destroyed by tillage (Rose, 1993). Gullies can act as
sediment sources, sinks and conduits. Catchments characterised by well-developed connections
between the main rivers and gully networks are likely to record much higher sediment yields (Le

Roux et al., 2008).

Instream erosion processes involve the removal of sediment within a river channel. These processes
include lateral erosion, which involves the removal of sediment from the bank and the bed of the
channel (Desta and Adugna, 2012). Slumping of the banks also occurs when there is massive
undercutting of the lower stream bank, which causes the upper bank to collapse into the channel
(Merrit et al., 2003). Merrit et al. (2003) state that a large proportion of sediment that is transported

during high flows originates from instream storage. Sediment is deposited along the riverbed and
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at confluences during periods of low flows in which there is a sudden loss of runoff energy that is
typical of flashy arid catchments. Although infrequent, mass sediment movement is another form
of water erosion that has the potential to deposit more sediment into the river system compared to
other severe types of erosion processes, e.g. rill and gully erosion (Morgan, 2005). Mass sediment
movements can take different forms, including soil creep, mudflow rockfalls and landslides, with

the various forms being interrelated (Morgan, 2005).

2.3 Drivers of water erosion

2.3.1 Storm characteristics

Storm characteristics such as duration and intensity are essential drivers of water erosion and have
been recognised in numerous studies across the world (Mohamadi and Kavian, 2015; Nouwakpo
etal., 2016). Assessments of the relationship between rainfall intensity and soil erosion have mostly
been conducted on a plot scale or as a controlled simulation experiment. Measurements of rainfall
and rainfall intensity on plots have been conducted by Wischmeier and Smith (1962), Zhao et al.
(2014), and Martinez et al. (2017). Wischmeier and Smith (1962) measured natural rainfall and the

other researchers used rainfall simulators to investigate the effect of rainfall on erosion processes.

A study conducted in Ohio between 1934—1942 showed that the average soil loss per precipitation
event increased with the intensity of a storm (Morgan, 2005), which promoted the initial theory
that significant erosion is solely a function of peak rainfall intensities. However, 30 years of
measurements by Wischmeier (1962) in several states of the United States of America (USA)
demonstrated that the rainfall factor used to estimate average annual soil loss must include
cumulative effects of the many moderate-sized storms as well as the effects of sporadic severe
storms (Renard et al., 1997). However, there remains no consensus on the threshold rainfall
intensity for the initiation of erosion processes. Based on studies of catchments in Zimbabwe,
Hudson (1981) provides a threshold of rainfall intensity of 25 mm h!, a value that has since also
been found applicable to semi-arid catchments characteristic of sub-Saharan Africa (e.g. Foster and
Rowntree, 2012). However, this value is too high for Western Europe where this threshold is rarely
exceeded (Morgan, 2005), and arbitrary thresholds of 10 mm h™!, 6 mmh™! and even 1 mm h™!
have been used in England, Germany and Belgium, respectively (Renard et al., 1997).

10



High intensity, high frequency and short duration storms have been shown to transport more
sediment (Wei et al., 2007). Similarly, rainstorms with instantaneous peak intensity at the end were
shown to generate higher sediment concentrations (e.g. Kaviani and Mohammadi, 2012). Raindrop
impact that causes soil detachment is increased during high-intensity storms, and a period of high-
intensity rainfall on an already saturated catchment will result in increased runoff. Turner et al.
(2018) add that high-intensity storms have a higher erosive power that influences the processes and

mechanics of water erosion.

Rainfall quantity, frequency and intensity culminate in high infiltration excess, also known as
Hortonian runoff. Hortonian runoff occurs when rainfall exceeds the infiltration rate/capacity of
the soil; antecedent conditions are a vital influence for the formation of runoff (Li and Fang, 2016).
Furthermore, it plays a part in transporting higher sediment loads. High infiltration excess is typical
in sub-humid and semi-arid areas (Li and Fang, 2016) and increases sheet-rill and even gully
erosion. This phenomenon is exhibited in arid, semi-arid and sub-humid South African catchments
that are characterised by extreme hydrological variability (Rowntree et al., 2016). A study by
Grenfell et al. (2014) indicated that extreme rainfall events accounted for a large proportion of
mean annual rainfall, with an identified historical storm contributing 22% of annual precipitation.
A study by Wang et al. (2016) of a catchment in Beijing found that such high-intensity storms
could contribute up to 60% of total soil erosion. High-intensity storms have contributed to extensive
sheet-rill erosion and have been the cause of massive gully formation in some South African
catchments (Le Roux and Waal, 2020; Mararakanye and Le Roux et al, 2012; Mararakanye and
Sumner, 2017). Sediment modelling with explicit representation of gully processes have indicated

that these gullies could contribute up to 95% of the total sediment load (e.g. Le Roux, 2018).

2.3.2 Vegetation

Vegetation affects runoff and sediment availability by regulating both erosion and runoff processes
(Cadaret et al., 2016; Nouwakpo et al., 2016). Vegetation regulates rainfall/runoff by acting as a
protective layer or buffer against the force of raindrops falling from the atmosphere to the soil
(Morgan, 2005). The leaves and stems of plants absorb some of the energy of falling raindrops and
running water, thereby disrupting the connectivity of runoff (Nouwakpo et al., 2016) and resulting
in less force being directed to the soil (Morgan, 2005). Most rainfall is intercepted by vegetation

and other ground cover during short-duration storms of low intensity (Owens et al., 2006). In fact,
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shrub vegetation can intercept up to 50%—60% and 5%—35% of low-intensity and high-intensity
rainfall, respectively (Owens et al., 2006; Taucer et al., 2008), resulting in a considerable delay in

runoff generation.

Interception storage is exceeded during high-intensity prolonged rainfall (Dunkerley, 2008). Splash
erosion is reduced and sheet-rill and gully processes that are related to flow take over. However,
the litter layer below the vegetation can also reduce runoff generation by trapping water for a period
of time, thereby encouraging infiltration, even in soils that have reduced infiltration capacity
(Pierson et al., 2013; Williams et al., 2014). In fact, Yue et al. (2020) recorded a 68% to 97.4%
decrease in runoff due to the effects of vegetation. Pierson and Williams (2016) found that rainfall
interception in vegetated areas enhanced infiltration, thereby reducing event runoff by up to 95%
compared to bare or sparsely-vegetated areas. Although the observations by Williams et al. (2016)
were at the experimental plot scale, the demonstrated effect of vegetation on runoff might be
relevant at the hillslope and catchment scale. The presence or absence of vegetation cover regulates

runoff generation, thereby controlling the most destructive sheet-rill and gully processes.

Vegetation can regulate sediment availability by protecting the soil from raindrop impact and
limiting the erosive energy of flow (Nouwakpo et al., 2016). By providing canopy cover and
binding the soil through root systems (Morgan, 2005), vegetation cover minimises the contribution
of raindrop splash in mobilising sediment in overland flow (Nouwakpo et al., 2016; Williams et
al., 2016). Organic matter in soil originating from plants encourages soil aggregate stability, thus
increasing soil shear strength and decreasing the susceptibility of soil to erosion (Pierson et al.,
2014). An interdependency therefore exists between vegetation cover and soil erodibility, with

vegetation cover increasing the resistance of soil to erosion.

The scientific consensus on the effects of vegetation on erosion has remained largely unchanged.
Experimental studies indicate that the presence of vegetation cover can drastically reduce erosion
(e.g. Hudson and Jackson 1959; Nouwakpo et al., 2016; Pierson et al., 2013). Hudson and Jackson
(1959), in an experiment demonstrating the effect of vegetation cover on erosion, found that the
mean annual soil loss over ten years was 126.6 tha™! for a bare plot and 0.9 tha™' for a plot
containing vegetation (Morgan, 2005). Pierson et al. (2009; 2013) similarly report that water
erosion processes are typically negligible when vegetation cover is > 50%. A recent study by Yue

et al. (2020) confirmed that vegetation could reduce soil erosion by 98.0% to 99.9% compared to
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that of bare land. Overall, it is generally recognised that at least 70% of the ground surface should
contain vegetation cover to obtain a meaningful reduction in erosion (Elwell and Stocking, 1976),
although a significant reduction in erosion can sometimes be achieved with 30%—40% vegetation
cover (Morgan, 2005). The understanding of vegetation effects on erosion has led to a focus within
erosion management in South Africa on improving vegetation cover (e.g. Le Roux and Waal,
2020), as recommended by Yue et al. (2020). However, Morgan (2005) warns that the effects of
vegetation are far from straightforward, and under certain conditions, plant cover can exacerbate

erosion, depending on how vegetation cover interacts with the erosion processes.

2.3.3 Soils

Soil erodibility describes the susceptibility of soil to mobilisation by detachment and transport
processes (Renard et al., 1997). Although the resistance of soil to erosion depends in part on
topographic position, slope steepness, and the degree of physical disturbance to the soil, such as
that occurring during tillage, soil properties are the essential determinants (Tya and Oluwaseye,
2015). Soil erodibility is frequently enhanced by cultivation (Nearing et al., 2017; Turner et al.,
2018). The failure to regulate runoff and erosion in catchments is mostly a result of poor soil health
(Turner et al., 2018). Once the protective top layer of the soil is eroded away, the underlying soil
horizons erode rapidly, resulting in rills and gullies. In an experiment, Ni et al. (2020) observed
that soil loss gradually worsened with deeper soil horizons. Once rills and gullies expose deeper

soil horizons, even low-intensity rainfall can result in considerable soil loss (Ni et al., 2020).

Soil erodibility varies with aggregate stability, soil texture, shear strength, infiltration capacity, and
soil and organic and chemical contents (Renard et al., 1997). Larger soil particles tend to be
resistant to sediment transport due to the greater force required for entrainment, whereas fine soil
particles are resistant to detachment due to their greater cohesiveness (Renard et al., 1997). Silt
tends to be the most susceptible to erosion, and fine sands and soils with silt contents above 40%
are highly erodible (Richter and Negendank, 1977). Evans (1980) examined the relationship
between soil clay content and erodibility and found that soils with clay content between 9%—-30%
are the most susceptible to erosion. A study conducted in the Mpumalanga Province, South Africa
by Mararakanye and Sumner (2017) found that clay soils are more susceptible to erosion and that
duplex and lithic soils are influential in gully erosion. Very shallow oxidic soils with clay and loam

exhibited the most significant influence on gully processes. Catchments with duplex soils were also
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reported to experience massive erosion in a catchment in the Eastern Cape Province of South Africa
(Le Roux and Waal, 2020). Duplex soils are prone to tunnel erosion and dispersion as they tend to
have low aggregate stability due to the high adsorption of sodium (Valentin et al., 2005). The
combination of duplex soils, poor vegetation and high erosivity has accelerated erosion processes

in some parts of South Africa.

2.3.4 Slope

According to Renard et al. (1997), erosion increases as slope increases, with slope length and
steepness regarded as the factors driving runoff velocity (Morgan, 2005). Slope length is defined
as the horizontal distance from the origin of overland flow to the point where either: 1) the slope
gradient declines to a sufficient extent to initiate deposition; or 2) runoff becomes concentrated in
a defined channel (Wischmeier and Smith, 1978). Slope steepness reflects the influence of slope
gradient on erosion (Renard et al., 1997). Erosion is usually expected to increase with increasing
slope steepness and slope length because of respective increases in velocity and volume of surface
runoff (Ding et al., 2020; Morgan, 2005). Furthermore, although raindrops splash soil particles
randomly on a flat surface, on sloping ground, more soil is splashed downslope than upslope, and
the proportion of soil splashed downslope increases as the slope steepens (Morgan, 2005). The
impact of soil erosion increases on slopes because there is a positive relationship between the
degree of a slope and the amount of topsoil transported as water flows downhill into valleys and
streams (Pimentel and Burgess, 2013). Therefore, slope length and steepness contribute to soil
erosion by increasing the velocity of runoff, thus enhancing the erosive and transport capacity of

surface runoff.

Erosion usually occurs when slope and extended rainfall coincides with poor vegetation cover
(Issaka and Ashraf, 2017). Therefore, the influence of slope on erosion can be modified by land
cover. Sun et al. (2014) report that under the same slope characteristics, vegetation significantly
alters soil erosion. The authors note that soil erosion increased significantly as slope gradient
increased. However, there were substantial differences in erosion output under different land uses
because of the effect of vegetation on both slope and rainfall/runoff. Previous studies examining
the drivers of gully erosion in South Africa have identified the combination of slope and poor
vegetation as leading causes (Le Roux and Waal, 2020; Mararakanye and Le Roux et al, 2012;

Mararakanye and Sumner, 2017). Mararakanye and Sumner (2017) determined that hillslopes
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steeper than 4.5° are at a significantly higher risk of gully formation, particularly at points where
overland flow accumulates. This reinforces the effectiveness of vegetation in erosion processes

(Ochoa et al., 2016), and therefore vegetation regulates the impact of runoff and slope on erosion.

2.3.5 Connectivity

Within the context of soil erosion and transport, connectivity may be described as the effectiveness
of a transfer zone in moving sediment between a sediment source (cut process) and sediment
depositional zone (fill process) (Schumm, 1977; Fryirs, 2002). Effective connectivity can result in
the deposition of mobilised sediment on lower slopes or onto a river channel as lateral bars, on a
floodplain or even further downstream (Harvey, 2001). However, ineffective connectivity can limit
the deposition of sediment to short distances. In general, the majority of sediment is deposited along
hillslopes and valley bottoms, and only a small proportion of mobilised sediment reaches the
bottom of the catchment (Walling, 1983). Three types of connectivity have been identified within
the fields of hydrology and geomorphology, namely geomorphological/landscape (linking
landscape units), hydrological (water movement) and sedimentological connectivity that focuses

on sediment movement through a catchment (Bracken and Croke, 2007).

The effectiveness of sediment transport linkages affects sediment connectivity processes (Fryirs et
al., 2007). Linkages can be disconnected, a concept that is known as dis-connectivity (Fryirs et al.,
2007). The consideration of dis-connectivity or fill (deposition) processes is important within
sediment budgeting as these processes can explain low sediment delivery at the catchment outlet,
thus justifying the postulation of Walling (1983) on the matter. Fryirs et al. (2007) add that dis-
connectivity plays a vital role in retaining water in the catchment. Depositional features resulting
from dis-connectivity can become potential sources of sediment and can be grouped as buffers,
barriers and blankets when they limit sediment transfer (Fryirs et al., 2007). These features limit
sediment transfer by disrupting longitudinal, lateral, and vertical connectivity (Brierley et al., 2006;
Fryirs et al., 2007). In contrast, connectivity can be enhanced by booster features such as gorges,
incised channels and sunken lanes that act to concentrate flow and rapidly transport sediment into

or through the river system (Brierley et al., 2006; Boardman, 2013).
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Overall, the connectivity approach is seen as an improvement to the sediment delivery ratio method

(SDR) (Walling, 1983) which is determined by comparing gross catchment erosion and sediment

yield but ignores small-scale cut and fill processes and travel distance (Parsons et al., 2006).

2.3.6 Human influence

The contribution of human activities to erosion is well documented globally [e.g. the Global

Assessment of Human-induced Soil Degradation (GLASOD)]. Although erosion is a naturally-

occurring process, human actions can act to accelerate erosion and sedimentation (Morgan, 2005).

Since the effects of humans on erosion are broad, a more concise approach of examining human

influence on erosion is to examine the direct and underlying drivers of land degradation as proposed

by Mirzabaev et al. (2016). Table 1 presents a list of some prominent human drivers of erosion and

sedimentation processes.

Table 2.1 A list of human-induced erosion and sedimentation drivers and their impacts.

Erosion driver

Type of driver

Impact

Deforestation

Direct

Land clearing for timber and fuelwood leaves the
ground surface vulnerable to raindrop and runoff
impacts

Cultivation/land
tillage

Direct

Cultivation loosens compact topsoil, making it highly
erodible. Poor soil management practices such as
ploughing on slopes and the use of heavy machinery
weakens soil aggregate stability. Pesticides and
fertilisers contaminate sediment.

Grazing

Direct

Overgrazing removes the protective cover of
vegetation from rangelands, thereby exposing the
surface to erosion. Commercial livestock production
places pressure on rangelands, and communal grazing
is often unplanned.

Construction
/mining

Direct

Growing demand for housing, industry, and transport
routes has led to the clearing of vast amounts of land
using heavy machinery. Large amounts of rock and
sand are extracted from river beds, and pits leave the
soil structure weakened. Mining activities change the
topography of the land and place tons of
unconsolidated soil at risk of erosion. Pollutants from
mines are absorbed by sediment.
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Population density | Underlying A growing population needs more resources. To
/Poverty provide more shelter and food, more land is cleared for
farming and settlement. Modification of natural land
cover often results in accelerated erosion. Poverty
results in opportunistic and unsustainable land use.
Climate change Underlying Deforestation, livestock production, burning of fossil
fuels and industrial activity are collectively increasing
global warming and contributing to climate change.
Resultant effects such as desertification and extreme
rainfall accelerate erosion processes.

(Adimassu et al., 2020; Compton et al., 2010; Dutton et al., 2018; Lobb, 2008; Nearing, 2013)

2.4 Impacts of erosion and sedimentation

2.4.1 Land degradation

Land degradation has been reported as an environmental concern globally. The Global Assessment
of Human-Induced Soil Degradation (GLASOD) estimates that water erosion has degraded up to
8% of the Earth’s ice-free surface. Some studies report on localised degradation (e.g. Compton et
al., 2010; Gourfi et al., 2018; Mararakanye and Sumner, 2017; Ndomba et al., 2009), various
regional intensities of degradation have been reported (e.g. Le Roux et al., 2008; Panagos et al.,
2015), and a few studies have reported estimates of global degradation (e.g. Arekhi et al., 2012;
Borrelli et al., 2017; Mirzabaev et al., 2016; Pimentel et al., 1995). The main drivers of soil erosion
(e.g. land cover change, soil erodibility) are classified as proximate (direct) drivers (Mirzabaev et
al., 2016), while soil erosion is categorised as a major element of land degradation. Furthermore,
soil erosion is recognised as a significant driver of global land degradation (Azimi Sardari et al.,
2019; Devatha et al., 2015; Ding et al., 2020; Le Roux et al., 2008; Xu and Zhang, 2020). Land
degradation by erosion has resulted in reduced agricultural productivity, loss of biodiversity and a
reduction in ecosystem services (FAO, 2019). As the threat of erosion-enhanced land degradation
grows, the risk of desertification has prompted the United Nations Convention to Combat
Desertification (UNCCD) to invest more resources and focus on measures aimed at reducing land
degradation (Cowie et al., 2018). Two important approaches to combatting erosion and the resultant
land degradation are to provide information on erosion and sediment management by performing

field studies or mapping and by conducting modelling of erosion/sediment transport.
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2.4.2 Effects of sediment on aquatic ecosystems

Eroded soils are transported by runoff into river systems. A balance in sediment supply into river
systems is vital for maintaining riverine hydrological, ecological, and morphological functions
(Owens et al., 2005). Sediment ‘starvation’ may cause river bank or channel erosion and the
destruction of biological habitats (Kondolf, 1997). On the other hand, anthropogenic activities such
as farming and deforestation are primary drivers of erosion (Bilotta and Brazier, 2008; Wang et al.,
2020) and provide excessive fine sediments that are detrimental to the river ecosystems (Bilotta
and Brazier, 2008). Excessive sediment negatively affects biological habitats and invertebrates
living in them through the disruption of feeding mechanisms, abrasion, and burial (Akamagwuna
et al., 2019; Bilotta and Brazier, 2008). Sediment supply ultimately alters channel morphology and
impacts channel uses such as navigation. The effects of sediments on the hydrological systems can

be broadly categorised as water quantity and quality effects.

2.4.3 Water quantity

The loss of reservoir storage through sedimentation by erosion and sediment transport is a
phenomenon that has been observed both locally and globally (Bilotta and Brazier, 2008; Ezzaouini
et al., 2020; Msadala and Basson, 2017). Numerous studies have estimated sedimentation potential
for mitigating reservoir storage loss (Amore et al., 2004; Ezzaouini et al., 2020; Le Roux, 2018;
Smetanova et al., 2020; Yang and Lu, 2014). The problem of reservoir storage loss through
sedimentation in South Africa was highlighted by an observed rapid loss in the storage of
Camperdown Dam (Rooseboom and Lotriet, 1992). Many studies on dam sedimentation in South
Africa have since been conducted (e.g. Boardman and Foster, 2008; Compton et al., 2010; Le Roux,
2018; Msadala et al., 2010; Msadala and Basson, 2017). Msadala and Basson (2017) reported
storage loss of up to 30% in 25% of the dams in South Africa due to sedimentation. A loss in water
storage potential is particularly problematic in a water-stressed country such as South Africa that
is dependent on surface water resource, and which faces periods of droughts as well as in which

only 8% of the total land area generates about half the runoff (DWAF, 2013).

The problem of sedimentation is also a barrier to planned reservoirs. For example, the planned
construction of two large dams in the Eastern Cape, South Africa, is under threat by excessive
sedimentation (Le Roux, 2018). In fact, modelling of sediment yield has indicated that both dams
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will have a life expectancy of 50 years if no measures to limit erosion in their respective catchments
are implemented. Although these estimates appear to point to excessively high sedimentation, they
are consistent with other estimates of sedimentation in the region (Msadala et al., 2010). The Xonxa
Dam, located in the region, receives sediment loads of up to 1,100 x 10° t year ' (Msadala et al.,
2010). Another reservoir near the proposed dam sites (Mount Fletcher Dam, South Africa) has lost
33% of its initial storage capacity in just four years due to sediment deposition. A study conducted
in neighbouring Zimbabwe reported that a dam in the Mazowe catchment had lost 26% of its useful
lifespan due to sedimentation (Tundu et al., 2018). Therefore, the threat of erosion and
sedimentation on water quantity is pertinent and of grave concern to water managers in southern

Africa.

2.4.4 Water quality

The transportation of high levels of nutrients and contaminants with fine-grained sediment (<63
pum) has been widely observed (Blake et al., 2003; Ustaoglu and Tepe, 2019). The loads of nutrients
and contaminants in rivers often exceed water quality guidelines, leading to adverse impacts on
water quality (Owens et al., 2005). Pollutants introduced to river systems emanate from point and
non-point sources (Ustaoglu and Tepe, 2019), and many nutrients, heavy metals and chemical
contaminants adsorb to sediment particles, and are therefore transported along with sediment in
river systems (Issaka and Ashraf, 2017). In particular, sediment is capable of carrying abundant
heavy metals (Ustaoglu and Tepe, 2019). High concentrations of chemicals and nutrients in rivers
can compromise the health of aquatic ecosystems (Chislock et al., 2013) and result in water

becoming unsafe for human consumption and agricultural production.

Sediments transported by rivers often sink in receiving wetlands and reservoirs, carrying adsorbed
contaminants to the bottom. In fact, pollution of wetlands has been linked to erosion and deposition
processes (Issaka and Ashraf, 2017), and deposition of excessive sediment has been reported to
culminate in the deterioration of reservoir water quality (Tundu et al., 2018). While reservoirs,
lakes, and wetlands can act as pollutant sinks, with water downstream from a water body
significantly better than that of upstream (for example, the Laing Dam on the Buffalo River)

(Slaughter, 2011), the storage of contaminants within the sediment at the bottom of reservoirs can
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gradually lead to elevated concentrations of contaminants in the sediment. Pollutants stored in
sediment can often be mobilised, resulting in re-contamination of the water column (Abrams and
Jarrell, 1995). This can happen in particular at the end of summer when stratification of a dam
breaks down, leading to turnover of the water column and disturbance of the reservoir bottom
(Walker and Luke, 2019). In addition, the process of internal loading (Chislock et al., 2013),
releases nutrients such as phosphorous and nitrogen from sediment during anoxic conditions. The
resultant water quality problems such as eutrophication (Chislock et al., 2013) and salinisation are
recognised as the prominent water quality problems in South Africa (Slaughter et al., 2017).
Consequently, water quality modelling is increasingly being used to assess water quality in South
Africa (e.g. Banda and Kumarasamy, 2020; Deksissa et al., 2004; Slaughter and Mantel, 2018),
given the limitations of physical measurements and biomonitoring. Given the tendency for many
contaminants to adsorb to sediment, it is essential that water quality models include erosion and

sediment transport estimates.

2.5 The impact of climate change on erosion and sedimentation

The Intergovernmental Panel on Climate Change (IPCC) has stressed the scientific consensus that
climate change has been occurring since the Industrial Revolution. Most scientists also agree that
the majority of contemporary climate change is due to emissions of greenhouse gasses and rapid
economic development (IPCC, 2007). Climate change-driven precipitation and temperature
changes have both been reported to have increased globally (IPCC, 2013). Increases in precipitation
and temperature affect rainfall erosivity and vegetation cover, which are the prominent drivers of

erosion and sediment transport processes.

2.5.1 The impact of climate change on rainfall erosivity

Climate change is expected to increase the frequency and intensity of extreme rainfall events. By
using rainfall data generated by downscaled General Circulation Models (GCMs), researchers have
been able to apply hydrological and erosion models to evaluate the impacts of climate change on

rainfall and erosion (e.g. Eekhout and De Vente, 2020).

Some studies have reported that future changes in precipitation will be accompanied by up to a

two-fold increase in runoff and erosion compared to present-day conditions. For example, Zhang
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(2007) reported that a maximum increase in precipitation of 18% could result in increases in runoff
and soil loss of up to 112% and 167%, respectively. Similar outcomes were reported by O’Neal et
al. (2005) and Pruski and Nearing (2002). Based on projected changes to runoff under climate
change, Li and Fang (2016) suggest that future increased rainfall in China is likely to result in
increased soil loss. However, in a study of the effect of an expected decrease in future precipitation
on two agricultural plots in Texas, Pruski and Nearing (2002) found that soil loss increased on one
plot and decreased on the other, thereby reflecting a non-linear response of erosion to changes in

climate.

Projected increases in precipitation intensity are expected to accelerate rill and gully processes,
thus increasing erosion and sediment transport through enhanced topographic connectivity (Li and
Fang, 2016). As a result of increased precipitation amount and intensity, gullies are expected to
extend and expand headwards by up to 300% for the projected period 2060—2089 across the world
(Li and Fang, 2016). Accelerated gully expansion is expected to affect sub-tropical areas such as
India and Eastern Africa (Vanmaercke et al., 2016). In comparison, intense rainfall coupled with
frozen soil will result in the formation of extensive rill and ephemeral gullies in high-latitude
countries (Li and Fang, 2016). In South Africa, more extreme rainfall events are expected under
climate change; hence, the potential erosion risk reported in Le Roux et al. (2008) is likely to
worsen. Therefore, it is vital to understand climate change effects on various erosion processes so
that erosion control measures are targeted at areas that will be impacted the most. Based on the
assessment of climate change on rainfall variability and the impact on erosion, it is possible to
conclude that climate change will accelerate erosion and sedimentation processes and the effects
thereof. Furthermore, climate change acts as a threat multiplier by eroding ecosystems and the
livelihoods of people. For management and mitigation purposes, we can apply models to simulate
habitat degradation, water quantity and water quality scenarios associated with erosion and
sediment transport. Eekhout and De Vente (2020) suggest that the best model for this purpose will
be one that accounts for both the impacts of rainfall and runoff as climate impacts may impact both

these hydrological processes differently.

2.5.2 Climate change impact on vegetation

Climate change impacts are linked to vegetation because of the effects of vegetation on erosion that

have been highlighted in previous sections. Li and Fang (2016) propose that changes in climate can
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modify vegetation cover and that regional variations in vegetation will occur as a result of warming
temperatures. Climate change is likely to decrease the area of arable land in Kenya by 20% by 2030
(Maeda et al., 2010). Similar results were reported in Southern China in which a 3°C increase in
temperature resulted in a 13% increase in sediment yield (Li and Fang, 2016). However, contrary
results were predicted in the EI Reno watershed in the USA where climate change was predicted to
reduce runoff and erosion because of the increase in evaporation and improved growth of crops
induced by higher air temperatures (Zhang and Nearing, 2005). Li and Fang (2016) propose two
explanations for the spatio-temporal effects of temperature on soil erosion: (1) temperature rise
might selectively contribute to vegetation vitality, stimulating growth in some types of vegetation
and inhibiting the growth of others such as winter wheat; (2) high evapotranspiration rates resulting
from extreme temperature changes could reduce plant growth, subsequently exacerbating erosion

processes.

While increased plant biomass stimulated by temperature increases can counteract the negative
effect of increased precipitation on soil erosion processes (Zhang and Nearing, 2005), indications
are that soil erosion processes will probably worsen under future climate change. The positive
effects of climate change are somewhat limited, and therefore measures to reduce the impact of
climate change should be established (Li and Fang, 2016). Some preventative measures to protect
the soil from erosion processes include conservation tillage, no-till (Lobb, 2008),
afforestation/rangeland rehabilitation (Le Roux and Waal, 2020), and the planting of drought-
resistant crops (Li and Fang, 2016).

2.6 Erosion, sediment yield and sediment transport models

Numerical models are useful tools for the estimation of erosion and sediment yield from a
catchment, as well as for the analysis of land use impacts on sediment generation (Schmidt et al.,
2008). Water erosion processes are complex and variable, and models can be used to simplify,
explain, and investigate complex natural processes, and facilitate the investigation of management
scenarios. Models are also useful to test our conceptual understanding of erosion and sediment
transport processes. They provide vital information for management where it is not feasible or
practical to conduct field measurements over a large spatial or temporal extent (Nearing et al.,

2005).
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2.6.1 Empirical, conceptual, and physically-based erosion, sediment yield and sediment
transport models

Water resources models are generally categorised into three groups based on the process they
simulate and the algorithms and data they use (Merritt et al., 2003): (1) empirical; (2) conceptual,
and (3) physically-based models. In a review of erosion and sediment transport models, Merrit et
al. (2003) found that the differences between these three broad categories of models are not always
apparent and could be viewed as subjective in some cases. A mix of modules (de Vente and Poesen,
2005) within a single model which encompasses multiple model categories entrenches the
subjectivity; empirical components are often embedded within complex rainfall-runoff models,
such as the Soil and Water Assessment Tool (SWAT) for example (Arnold et al., 1998; Neitsch et
al., 2005), which has been classified as both conceptual (de Vente and Poesen, 2005; Roux et al.,
2007) and physically-based (de Vente et al., 2013; Pandey et al., 2016). The current understanding
of erosion and sediment transport processes used to develop the different groups of models has
been generated mostly using empirical observations from plots and controlled laboratory

simulations.

Empirical models are defined as the simplest of the model types (Merrit et al., 2003). Wheater et
al. (1993) highlight that they are primarily based on the analysis of observations and aim to
characterise system response based on observations with little or no inferences to the processes
involved. The most popular empirical models are the USLE and later derivatives MUSLE and
RUSLE. Empirical models have fewer computational and data requirements compared to other
types of models. Empirical models maintain a high level of temporal and spatial aggregation and
are often criticised for unrealistic generalisations of the catchment system (Merritt et al., 2003),
ignoring heterogeneity of previously discussed drivers such as rainfall, vegetation, and soils. While
the criticism is valid, simple empirical models can be the most suitable option for regions with
scarce data as they provide some valuable simulations using minimal data input. Merrit et al. (2003)
add that insufficient data often causes some more complicated (conceptual and physical) models to

assume that the underlying conditions remain unchanged during the simulated period.

Conceptual models tend to aggregate the spatial and temporal scales of the process but still maintain
the conceptual understanding of the essential processes of the system, thereby distinguishing these

models from empirical models (Merritt et al., 2003). Conceptual models generate generalised
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descriptions of catchment processes but exclude finer details of process interactions that would
require detailed catchment data (Sorooshian, 1991). Conceptual models can give qualitative and
quantitative feedback on the effects of, for example, vegetation, using limited temporal and spatial

data inputs (Merritt et al., 2003).

Physically-based models are characterised by a much more sophisticated model structure than those
of either empirical or conceptual models and are based on the solution of physical equations
describing the mass and momentum of flow and sediment transport in a catchment (Merritt et al.,
2003). According to Le Roux (2008), physically-based models are usually spatially distributed and
event-based and therefore have large data requirements compared to empirical and conceptual
models. For example, most equations used in physically-based models were developed from small-
scale studies with specific conditions, thereby bringing their application to catchments into question

(Beven, 1989).

2.6.2 Spatial scale: appropriate scales for application of models

Environmental models are developed for wide-ranging applications, and therefore consider varying
temporal and spatial scales (Pandey et al., 2016). Sediment yield models can be classified as field-
or watershed-scale models based on the scale at which they can be applied. Field-scale models
generally do not consider spatial variability, and therefore maintain spatial uniformity in rainfall
and homogeneity in soils, and consider a single land cover. Field-scale models can generally be
applied to plot areas <10 km?, and they usually emphasise onsite impacts of rainfall/runoff sheet-
rill processes (Karydas et al., 2014). In contrast, watershed/catchment-scale models are more
advanced, emphasising spatial variability of physical catchments’ attributes and generally
considering catchment areas of >1,000 km? (Pandey et al., 2016). Watershed-scale models may
divide the watershed area into smaller homogenous units, following which routing functions are

employed to move sediment across the entire basin (Pandey et al., 2016).

Karydas et al. (2014) affirm that the ability of geographic information systems (GISs) to manipulate
large datasets has enabled the rescaling of models, which is a common phenomenon for USLE-
based approaches. This involves the modification of existing components or inheriting modules
from existing models. Some models have evolved completely, e.g. the EUROSEM model (Morgan

et al., 1998) evolved from a field-scale event-based model to a watershed- and annual-scale model
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implemented within a GIS environment. However, negative consequences of rescaling can occur
because most erosion parameters are potentially scale-dependent; data collected at plot scale can
be inappropriate for use at the watershed scale (de Vente et al., 2013). The scaling up of models
through data aggregation leads to Modifiable Areal Unit Problem (MAUP) biases, whereas inverted
biases (ecological fallacy) can result from scaling a model down (Karydas et al., 2014). Wong
(2009) adds that after spatially aggregating or disaggregating data, tabulated results for different
scale levels will not provide a consistent analysis of results. Potential rescaling effects may need to

be investigated as part of model development and testing.

2.6.3 Spatial scale: lumped and distributed modelling approaches

Models can be classified as lumped or distributed based on the spatial representation of the
catchment they are applied (see Figure 2.1). The classification can be based on the degree to which
parameters of a model that influence the modelling of erosion and sediment transport processes are
spatially distributed across the modelled catchment (Pandey et al., 2016). Merit et al. (2003) state
that while the lumped parameter approach has traditionally been used in models, the exponential
increases in computing power have encouraged distributed approaches. Distributed approaches
reflect the spatial variability of processes in reality and are more applicable to sediment transport
modelling. Typically, distribution involves dividing the catchment into computation grids, where
the outputs of each grid are routed through the system and collated to produce catchment scale
outputs. Challenges regarding data requirements have arisen in connection to grid size as smaller
grids result in increased data requirements if grids require spatially-dependent information. A
compromise between lumped and distributed models (semi-distributed) breaks the catchment into
a series of sub-catchments (or hydrological response units — HRU) (see Figure 2.1), where the
model is applied, and outputs routed to the outlet (Merritt et al., 2003; Pandey et al., 2016). While
the lumped approach is less data demanding, it allows for little spatial variability to be accounted

for; however, such an approach may be the most appropriate for data-scarce catchments.

25



Figure 2.1 An illustration of the three spatial distribution approaches used in sediment yield and

transport modelling.

2.7 Application of erosion and sediment transport models in South Africa

Although several international sediment yield and transport models have been developed, only a
few of these models have been widely applied in sub-Saharan Africa (SSA). There have been very
few cases of application of physically-based models in SSA as the data requirements of these
models can rarely be met within the application to SSA catchments without dedicated and costly
monitoring programmes (Smith, 1999). Empirically-based models have thus been widely applied
to SSA catchments over the years, with the RUSLE found to provide acceptable trends and
magnitudes in soil loss estimation (Smith, 1999). Le Roux et al. (2007, 2008) and Le Roux (2012)
applied RUSLE to predict water erosion at a national scale in South Africa and produced maps that
show the spatial distribution of erosion across the country. The maps were validated successfully
(based on the presence and absence of erosion) and are valuable for land rehabilitation planning.
However, because the USLE and RUSLE are only capable of calculating long-term sheet and rill
erosion (Alewell et al., 2019), they are not appropriate for event-based simulation. This has
necessitated the adoption of an event simulation-based model based on the MUSLE (e.g. SWAT)

for recent applications in South Africa ( see Le Roux, 2018; Scott-Shaw et al., 2020).
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Le Roux et al. (2015) applied SWAT for the simulation of sediment yield in the Mzimvubu River
catchment in South Africa and reported a mean sediment yield of 1 t ha~! yr~!. The performance of
SWAT was not validated in their study because of a lack of observed data. Recently, Scott-Shaw
et al. (2020) applied SWAT to a small agricultural catchment in the province of KwaZulu Natal
and similarly failed to thoroughly calibrate and validate the sediment output of the SWAT model.
The lack of recorded sediment data with which to calibrate and validate sediment transport models
remains a significant limitation in South Africa (Van Zyl, 2007). However, in both studies, the
output of SWAT enabled the identification of sub-basin contributions to total catchment sediment

output, thus highlighting potential source areas.

The Agricultural Catchments Research Unit (ACRU) model (Schulze, 1995) was developed in
South Africa. ACRU was recently applied by Otim et al. (2020) to simulate sediment yield from
sugarcane fields, with good model performances of > 0.7 Nash Sutcliffe coefficient of efficiency
(NSE) (Nash & Sutcliffe, 1970) achieved. Although calibration of the model was not explicitly
reported, other studies, e.g. Le Roux and Sumner (2013), report successful application of the ACRU
model in South Africa. This model has some similarities to SWAT, including the use of the MUSLE
to calculate sediment, a rainfall-runoff model to drive erosivity and a channel module that routes
sediment through the catchment. ACRU simulates daily sediment output similar to SWAT.
Additionally, ACRU employs a semi-distributed model approach for large catchments and lumps
smaller units. Neither the SWAT nor the ACRU models include sediment storage and deposition
of sediment expected over larger catchments (de Vente and Poesen, 2005). Another disadvantage

is that both models often require the preparation of a large amount of data.

2.8 Incorporating a sediment model into a South African water resources
modelling framework

The WQSED model, applied in this study, was developed to provide a model that represents the
processes of predominantly semi-arid catchments in South Africa. Maintaining simplicity was
considered vital as (1) there are insufficient data available to operate a distributed process-based
model; (2) the model should be applicable at the catchment scale where management decisions are
usually made; (3) model users in national regulatory agencies are likely to have limited modelling
experience; and (4) the model should integrate with the Water Quality Systems Assessment Model

(WQSAM) (Figure 2.2). The WQSAM model is the only water quality model that “directly and
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seamlessly” links to the Water Resources Yield Model (WRYM) (Basson et al., 1994) and the
Water Resources Modelling Platform (WReMP) (Mallory et al., 2011; Slaughter et al., 2017),
which are the only system yield models that have become established within water resources
management in South Africa. Therefore, WQSAM (and by association WQSED) is directly aligned

for practical use within the country’s water management framework (Slaughter et al., 2017).

2.8.1 Pitman model

The Pitman rainfall-runoff model was chosen to simulate the flow driver of sediment yield because
the model has been developed specifically for and is widely used in SSA (Hughes, 2004, 2013;
Kabuya et al., 2020). The model is also part of an interlinked suite of models (including WRYM
and WQSAM) that form the Spatial and Time Series Information Modelling (SPATSIM)
framework (Hughes and Forsyth, 2006) that are commonly used for water resources management

in South Africa.

Figure 2.2 Conceptual representation of the WQSAM model within the SPATSIM framework The
sediment delivery sub-model (WQSED) is circled in red.
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Within the SPATSIM framework, the Pitman model is typically used to generate incremental flows
for the WRYM, which feeds into the WQSAM model within which the WQSED will be integrated
(see Figure 2.2). The emergent properties that influence erosion and sediment transport that are
represented by the hydrological model within the WQSED model are spatial-temporal variability
of flow and the relationship between vegetation and flow. The Pitman model provides monthly
simulations of surface runoff, and these have to be disaggregated to daily flows before being used
with WQSED. The disaggregation model of Hughes and Slaughter (2015) and Slaughter et al.
(2015) is commonly used to disaggregate monthly flows within the SPATSIM framework. Recent
developments of the Pitman model have been aimed at improving the simulation of different runoff

components (see Hughes and Mazibuko, 2018; Hughes, 2019).

2.8.1.1 Disaggregation of monthly incremental flows to daily flows

Since the Pitman model simulates monthly flows and WQSED requires daily flows, the approach
taken within WQSED was to disaggregate monthly flows to daily. This disaggregation method was
first implemented for use in the Water Quality Systems Assessment Model (WQSAM) (Slaughter
et al.,, 2015), which also requires daily flows. However, the method is applicable within any
hydrological application where daily flows are required, such as in WQSED. The detailed approach
adopted within the disaggregation model is presented in Slaughter et al. (2015). The conceptual

approach taken within the disaggregation model is shown in Figure 2.3.

A summary of the disaggregation process is as follows. First, any observed daily flow data for the
catchment are used to derive the flow duration curve (FDC) month to day scaling factors (1 in
Figure 2.3). The mean monthly flow and daily flow duration curves are plotted on the same graph.
A third FDC is then plotted by scaling the monthly FDC to the same shape as the daily FDC, with
particular attention paid towards achieving the highest flows represented in the daily FDC (2 in
Figure 2.3). The parameters of the scaling equation are calibrated to achieve a representative scaled
FDC. The calibrated scaling equation is then used to scale the simulated monthly FDC to a daily
FDC. A minimum of one, but as many as three, time series of daily rainfall data representative of
the catchment of interest and time period of the simulation are then collated to derive a single time

series of daily antecedent rainfall (3 in Figure 2.3).
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The use of antecedent rainfall is designed to generate a continuous time series of an index of
catchment ‘wetness’ (or moisture storage) from a discrete time series of rainfall. The parameters
of the approach include a threshold depth (mm), below which rainfall is assumed to be directly
evaporated from the surface and does not contribute to moisture storage. The other parameter
represents a storage decay parameter that controls the rate of decreases of moisture storage after

individual rainfall events have been added to storage.

Figure 2.3 The conceptual framework of the monthly-to-daily flow disaggregation method
(Sourced from Slaughter et al. (2015)).

Daily rainfall for the disaggregation process is typically derived from ground-based weather
stations; however, Hughes and Slaughter (2015) found that the use of global rainfall datasets, such
as remote sensing estimates of rainfall, could successfully be used within the disaggregation model.
The collated time series of daily antecedent rainfall is then used to generate a daily antecedent
rainfall frequency distribution (4 in Figure 2.3). The disaggregation model then steps through the

time series of daily antecedent rainfall, and for each day:
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a) Determines the frequency of the rainfall from the antecedent rainfall frequency distribution.
b) Identifies the equivalent daily flow for the frequency derived from the scaled FDC in (a),
thereby producing a time series of daily flow (5 in Figure 2.3).
c) The time series of daily flows produced in (b) is volume corrected against the original
monthly flows (6 in Figure 2.3).
Slaughter et al. (2015) found that the volume correction (c in the list above), which ensures that
daily flows summed to monthly volumes are equal to the monthly flows, reduces the sensitivity of
the model to some of the parameters, thereby preventing the generation of drastically incorrect
disaggregated flows. The disaggregation model has been widely used in African catchments and

most recently by Makungu (2020) and (Kabuya et al., 2020).

2.8.1.2 Separation of daily flows into flow fractions

Subsequent to the disaggregation, daily flows are separated into surface flow, interflow, and
groundwater, using a simple statistical baseflow separation method (Hughes et al., 2003). This
approach requires the setting of two parameter values, whereas the value of a third parameter
remains constant as recommended by Hughes et al. (2003), and the approach taken in setting these
values is typically to use values determined during previous hydrological modelling studies in
similar catchments. This may introduce a source of uncertainty; however, a rigorous determination
of appropriate parameter values for the flow separation method is complicated (Kapangaziwiri et
al., 2011) due to a number of reasons: the general lack of observed data with which to validate flow
separation methods, the range of baseflow separation methods available and the conflicting results
they generate, the difficulties in distinguishing between the origins of surface water in regards to

flow fractions, and the disparity in temporal scales at which the different flow fractions operate.

2.8.2 Background to WQSED model development

In developing the WQSED model, the issue of scale in sediment delivery modelling was dealt with
by focusing on the sediment cascade (Schmitt et al., 2016), incorporating an analysis of
connectivity within the catchment which involves features that act as sediment sources, sinks and
conduits to transfer sediment (Fryirs et al., 2007). Geomorphologic features that act as sources of
sediment include badlands, gully, and the rest of the catchment area from which sediment is
derived. Sediment sink features include flood outs and reservoirs (Fryirs et al., 2007). Gully
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systems and channels transfer sediment from slope storage to channel storage. Gullies (that are
connected) are considered to be a part of drainage features as they are formed by streams eroding

head-ward into hill slopes.

An assessment of the emergent properties of semi-arid catchments was performed during the
development of the WQSED. The drivers of sediment yield in semi-arid and arid SSA catchments
were divided into the categories of climatic, topographic, and connectivity drivers (Bryson, 2015).
Distribution function theory was adopted to represent runoff, erosion, and sediment delivery in a
simplified way. Sidorchuk et al. (2004) highlight that models based on this approach use
mechanistic representations of physical processes and have the benefit of calculating soil
detachment and erosion factors from probability distributions and stabilising forces. Similar to the
reformulated Basin Sediment Model (BSM) (Moore 1984), the WQSED uses a statistical approach
to define sediment accretion and removal by runoff. The approach was considered an advantage
because while it attempts to provide a distributed description of the catchment, the approach is less
complicated and requires fewer parameters compared to fully-distributed models. Such an
approach conforms with Merrit et al. (2003) 's recommendation that models developed for
application in data-poor environments be stripped to basic levels, retaining only those processes

that impact generation and export processes.

Consequently, three distribution functions, namely sediment availability (soil loss), sediment
transfer (storage), and sediment removal (delivery) were considered within the WQSED model.
These functions are associated with an erosion model and a hydrological model. Based on the

distribution functions, three model components were conceived:

1. Sediment storage and delivery estimation
2. Surface flow estimation based on the Pitman model (Pitman, 1973; Hughes, 2013)

3. Erosion estimation (based on the MUSLE)
Linking existing approaches increases the likelihood of use by water resources managers and
ensures that established routines do not require redevelopment while making creative use of

existing approaches (Gao, 2008).

32



2.8.3 The MUSLE

The MUSLE is an improvement of the USLE developed by Wischmeier and Smith (1978). The
USLE and the revised versions (RUSLE and MUSLE) are among the most widely used erosion
and sediment yield models to compute potential erosion and sediment yield in the fields of
hydrology and environmental engineering (Mishra et al., 2006). The USLE was initially conceived
to estimate the rate of soil loss from small plots. Subsequently, when applied to larger spatial scales,
the USLE gave significant errors (Kinnell, 2005). The USLE was developed to estimate long-term
annual erosion, and it is generally considered inappropriate for estimating erosion or sediment yield
for individual storm events over large areas (Kinnell, 2005). This was attributed to the fact that the
USLE does not directly consider runoff. Instead, the USLE is used together with delivery ratios to
determine sediment yield; however, the ratios may not always be predicted accurately because they
vary considerably due to temporal changes in rainfall (Arekhi et al., 2012). Because of uncertainty
surrounding the delivery ratio, Williams and Berndt (1977) proposed the MUSLE, which replaces
the rainfall factor with a runoff factor. The MUSLE increases the accuracy of sediment yield

prediction by incorporating flows and eliminates the requirement for delivery ratios (Arekhi et al.,

2012).

According to Sadeghi et al. (2013), combining the sediment delivery ratio (SDR) with gross erosion
to determine sediment yield is tedious if one is interested in particular rainfall events. The rainfall
factor of the USLE does not adequately account for the effective rainfall that generates sufficient
runoff to mobilise sediment, which is an important factor in erosion and sediment delivery (Sadeghi
etal., 2013). Williams (1975) used 778 storm-runoff events collected from 18 small watersheds (in
the USA), with areas varying from 15 ha to 1 500 ha, slopes from 0.9% to 5.9% and slope lengths
of 78.64 m to 173.74 m (Williams and Berndt, 1977) to generate the Modified USLE (MUSLE) in

the following general form:
Sy=aXx(@QxXqp)’? XKXLXSXCXP (Equation 2.1)

where Sy is sediment yield (in tonnes) on a storm basis for the entire catchment, Q is the volume
of runoff (in m?), gp is the peak flow rate (inm> s ') and K, L, S, C and P are the soil erodibility (in
thahMJ ' mm™), slope length, slope steepness, crop management and soil erosion control

practice factors, respectively, similar to the USLE, and a and b are location coefficients. For the
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area (Oklahoma and Texas) where the equation was developed, the a and b coefficients were 11.8

and 0.56, respectively (Williams and Berndt, 1977).

A review of the international application of the MUSLE by Sadeghi et al. (2013) evaluated the
applicable conditions and methods used to determine the MUSLE parameters. The trends in the
methodology to determine the factors in the MUSLE indicated that for the erodibility factor, most
values were obtained from the Wischmeier and Smith (1978) diagrams, with the erodibility
estimation methodology not affecting the accuracy of the results. The topography factor was
estimated by the direct use of a topographic map at a scale of 1:50 000 in most studies, with the
use of GIS providing greater efficiency in parameter estimation and improved performance of
model estimates. Crop management and control practice factors were mainly estimated by using
existing data, with the incorporation of temporal variation of these factors resulting in significant
improvements in performance. MUSLE was shown to yield different results (overestimation and
underestimation) in different areas but showed better performance in conditions similar to where it
was initially developed. In other applications, MUSLE was embedded within other models making
it difficult to attribute model performance solely to the MUSLE. Sadeghi et al. (2013) concluded
that application of the MUSLE might provide consistent results when applied under appropriate
conditions similar to those of the original model, or when the model factors are calibrated
accordingly. Arekhi et al. (2012) departs from the notion of calibrating the original, citing improper
application of the model, and advising the collection of more continuous, reliable observed data

(corroborated by Sadeghi and Mizuyama, (2007)) for testing the MUSLE before any modification.

2.9 Summary

Water erosion and sedimentation processes have been shown to vary spatially and temporally.
Erosion gradually worsens from sheet to rill and gully processes as rainfall intensity and duration
and amount increase. Apart from rainfall, physical factors that include slope soils and vegetation
can aggravate erosion processes. Vegetation could be a vital erosion controlling factor as it
increases soil resistance to erosion and depletes the slope effect on runoff energy. Erosivity and
vegetation are the essential factors in erosion and sediment processes, and should therefore be

prioritised in erosion studies.
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Through human activities, land cover undergoes transformation exposing the soil to other erosive
forces. Without the protective cover, the effects of erosion will lead to increased land degradation.
Degradation affects water resources, depleting the storage capacity of dams and silting up river
systems, resulting in disruption of the aquatic ecosystem. Water quality problems such as nutrient
and heavy metal contamination can make water unsafe for human and agricultural use. All the
adverse effects of erosion and sedimentation are likely to be exacerbated by climate change.
However, the majority of problems emanating from erosion and sedimentation are of a human
construct; positive human behaviour to minimise the erosion effects can moderate the degradation
of the environment. The reviewed erosion processes and influencing factors are essential for the
study because they point to some of the main concepts and critical processes that should be

considered within a model that estimates erosion and sediment transport.

Models are presented as tools to generate information that can be used to understand erosion
processes and their spatial distribution. Although many models have been developed worldwide,
only a few sediment transport models have been applied in parts of South Africa, sometimes
without calibration or validation because of lack of appropriate observed data. Therefore, previous
studies have focused on long-term erosion for reservoir sedimentation and land rehabilitation,
overlooking sediment as a water quality problem. The large data requirements of physical and
complex conceptual models have restricted their application. Although simpler empirical models
such as RUSLE have been applied extensively in South Africa, their failure to simulate event
sediment yield has constrained their adoption for application at finer temporal scales. Additionally,
problems associated with rescaling models developed at the plot scale for catchment-scale
applications in South Africa require more investigation. As noted above, a recently developed
sediment transport model (WQSED) links an event-based lumped empirical model (MUSLE) to a
semi-distributed hydrological model (Pitman) and incorporates storages and delivery components.
In this study, the WQSED model will be applied, tested and evaluated in catchments in South Africa
and southern Africa where continuous daily observed sediment loads can be accessed. Scale issues
associated with (rescaling) the MUSLE sub-model will be assessed. The testing will be the first
comprehensive testing of the model since it was developed and is expected to yield an appraisal of
model performance and inform improvements and further developments before integration with
the WQSAM and broader use by the water resources community for practical assessments and

research.
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Chapter 3 Study site descriptions

3.1 Introduction

This chapter describes the study areas in South Africa and Zimbabwe (Figure 3.1) in which the
erosion and sediment transport model (WQSED) was tested. The selected South African
catchments are widely spread across the country to represent the variability in climatic,
topographical, vegetative and soil conditions of South African catchments. Overall, catchment
selection was constrained by the availability of observed daily sediment output or long-term

reservoir sediment.

Figure 3.1 A map of all the selected study sites in South Africa and Zimbabwe.

Most of the selected catchments contain major dams with observed dam sedimentation data. These
sedimentation data were compared with long-term sediment yield rates estimated by the WQSED
model. Note that continuous daily sediment discharge data are not widely available/accessible in
South Africa. The Zimbabwean study sites were selected to allow a regional calibration, validation
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and evaluation of the WQSED model using observed daily sediment records. Observed instream
sediment records were accessed only for the Tsitsa (South Africa), Gwai (Zimbabwe) and Odzi
(Zimbabwe) river catchments as part of regional testing and evaluation of the WQSED model in

Southern Africa (Chapter 8).

An additional three catchments within the United States of America (USA)and territories of the
USA (Figure 3.2) were selected due to the availability of continuous daily observations of sediment
yield. Catchments in the USA which do not experience significant snowfall were selected to avoid
cold-region processes that would not be representative of typical southern African catchments for

which the model has been developed.

Figure 3.2 A map of the selected study sites in the United States of America (USA) and overseas
territories of the USA.
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3.2 Catchments physical characteristics

Table 3.1 A summary of catchment physical characteristics.

Average
monthly
Size MAP | temperature
Name Location (km?) | Climate zone | Altitude (m) | (mm) | (°C)
T35A-E | Eastern Cape, SA 2016 Sub-humid 900-2 500 914 15
S10A-E | Eastern Cape, SA 1282 Sub-humid 900-2 000 567 18
R20A Eastern Cape, SA 31 Temperate 600-1 400 | 1500 17
K90A-B | Eastern Cape, SA 362 Temperate 200-600 700 17
H80A Western Cape, SA 150 Temperate 600—1 200 500 15
J12G Western Cape, SA 768 Semi-arid 300-1 900 700 17
A22B North West, SA 187 Semi-arid 700-1 500 600 19
B73A Limpopo, SA 136 Subtropical 500-1 500 600 22
U30A KwaZulu-Natal, SA 382 Subtropical 100—1 068 900 18
X22E Mpumalanga,SA 60 Semi-arid 1 000—-1645 600 17
X31H Mpumalanga,SA 44 Semi-arid 889-1 658 600 17
A21K North West, SA 116 Semi-arid 1200-1 845 | 600 19
B8I1A Limpopo,SA 126 Subtropical 1489—-1886 | 600 20
0dzi Manicaland, Zim 2436 Subtropical 700-2 200 1 200 22
Matabeleland North,

Gwai Zim 44 300 | Semi-arid 600—1 500 700 25
Grand Humid-
Cane Louisiana, USA 183 subtropical 13-120 1250 20
San Humid-
Patricio Louisiana, USA 202 subtropical 13-120 1250 20
Rio
Tanama Puerto Rico, USA 49 Rainforest 200-800 2 000 25

Abbreviations: MAP: mean annual precipitation; SA: South Africa; Zim: Zimbabwe; USA:

United States of America

Table 3.1 shows the variations in the climate of selected catchments; the climate information is

closely related to the MAP. Notably, the catchments selected from the USA exhibit the highest

rainfall. Significant variations in topography are exhibited; the low altitude catchments from the

USA and KwaZulu-Natal are all located near the coast. Descriptions of climate, vegetation, geology

and soils for each catchment are presented in the following tables. Appendix A provides additional

information, maps and images.
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Table 3.2 The geological and climatic characteristics of the selected study areas.

Catchment Geology/soils Climate/rainfall References
T35A-E e Dominant geological formation is the fine sandstones Sub-humid climate.
from the Clarens formation, followed by mudstones A distinct seasonality in rainfall (Le Roux et
from the Elliot formation and sandstones of the and temperatures. al., 2015;
Molteno formation. 80% rainfall occurs during the Schulze,
e Soil depth is limited on the steep slopes and gradually summer (October to March) 2007)
deepens towards the foot slopes and floodplain areas whereas winters are generally dry.
due to colluvium and alluvial deposits.
S10A-E e Geology consists of the Peninsula Formation that Sub-humid climate. (Schulze,
dominates the northern escarpment and the Ceres Winter and summer rainfall. 2007)
Formation that dominates the southern areas.
e Formations consist of sandstones, shales and tillites
of the Cape Supergroup that are highly erodible.
R20A e Geology consists of the Karoo dolerite subgroup, and Warm to temperate climate. (Middleton
a small proportion of the Adelaide. Summer rainfall (October— and Bailey,
e Soils in the mountainous areas (Karoo dolerite March) and some slight winter 2008)
group) are thin, shallow and poorly drained rain.
compared to the deep well-drained soils of the
foothills (Adelaide group), which are prone to
erosion because of reduced vegetation cover.
K90A-B e Geology consists of sandstone and quartzite, Temperate oceanic climate. (Czegled,,
resulting in grey sandy soils and Table Mountain Winter and summer rainfall. 2013; Mucina
Sandstone. and
e Podzolic and litholic soils are dominant in the Rutherford,
catchment. 2010)
e Valley bottoms consist of permanent and seasonally
saturated hydric soils.
Gwai e Dominated by highly erodible regosols. Warm semi-arid climate. (MINADER,
e Another dominant soil group is the very fertile Rainfall period begins in 2015;ZINWA,
reddish-brown fessiallitic soils. October/November and ends in 2019)

Other soils groups include Lithosols,
Lithormophic/heavy clays and reddish-brown arid
soils.

March/April.
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Table 3.2 (Cont.) The geological and climatic characteristics of the selected study areas.

Catchment e Geology/soils e Climate/rainfall References
HS0A e Dominant geology is the Nardouw and e Cold semi-arid climate.
Peninsula formations. ° Higher rainfall on the escarpment. (Climatology Staff,
e Bands of the Nardouw border the north and 2012; Schulze,
south of the catchment. 2007).
Louisiana e Strata of Tertiary materials. e Tropical sub-humid climate. (Sabine River Basin
(Grand Cane e Soils are dominated by brackish organic and e Rainfall occurs during winter and | (SRB) report, 2009;
& San mineral coastal deposits. spring months. Zhu et al., 2011)
Patricio) o Geologic faults are found throughout the basin
Rio Tanama e Geology is dominated by volcanic rocks. e  Warm rainforest type of climate (Monroe,1980)
e (Coastal alluvium plains. e Although rainfall is scattered
e Sandy clays dominate the catchment. throughout the year, most occurs
from May through to October.
J12G e Dominant geology is the Waltevrede e Dry and cold semi-arid climate. (Mucina and
formation. e  Summer and winter rainfall Rutherford, 2006;
e Other geological formations include the regime. Schulze, 2007)
Nardouw, Ceres and Bidouw.
e Sandstone and shale soils dominate the area.
A22B e Geology comprises of the Silverton, Daspoort e Hot semi-arid climate. (Schulze, 2007)
and Strubenkop formations. e Rainfall seasons starts late October
e Soil with low erodibility. and ends in March.
B73A o Geology is composed of granite rock, covering e Dry climate. (DWAF, 2004)
> 75% of the area. The rest of the catchment is e Rainfall is higher on the
covered in quartzite and shales. escarpment.
e Lower lying areas are warmer and
drier.
Odzi e Geology is dominated by granite bedrock and e Humid subtropical climate. (Lidén et al., 2001)

weathered sandy soils.
Highly erodible coarse-grained sands and
sandy loam soils dominant.

Seasonality in rainfall, season
usually commences in November
and ends in March.

40



Table 3.2 (Cont.) The geological and climatic characteristics of the selected study areas.

Catchment Geology/soils Climate/rainfall References

U30A Geology is dominated by the Natal and Humid subtropical climate. (DWAF, 2004,
Mapumulo formations Seasonality in rainfall, the season | Schulze, 2007)
Soils consist of shales and weathered sandy usually commences in November
granitic soils. and ends in March.

X22E .Geology is dominated by the Nelspruit Dry climate. (DWAF, 2004;
formation consisting of granite rock and Rainfall is higher on the Schulze, 2007)
weathered sandy soils. escarpment.

Lower lying areas are warmer and
drier

X31H .Geology is dominated by the Nelspruit Dry climate. (DWAF, 2004;
formation consisting of granite rock and Rainfall is higher on the Schulze, 2007)
weathered sandy soils. escarpment.

Lower lying areas are warmer and
drier

A21K Geology comprises Rashoop, Rayton and Hot semi-arid climate. (DWAF, 2004;
Magaliesberg formations. Soils consist of Rainfall seasons starts late October | Schulze, 2007)
weathered shale and sandy granite soils. and ends in March

B3I1A Geology is dominated by the Pietersburg, Dry climate. (DWAF, 2004;

Turfloop and Goudplaats formations.
Soils consist of weathered sandy granitic soils.

Rainfall is higher on the
escarpment.

Lower lying areas are warmer and
drier.

Schulze, 2007)
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Table 3.3 Descriptions of the vegetation coverage and land uses that dominate the selected study areas.

Catchment Vegetation Land use References

T35A-E Dominated (60%) by the grassland biome Small urban centres and a large (Le Roux et al.,
whereas Eastern Valley Bushveld thrives along sparse rural settlement. 2015)
river channels. Extensive commercial agriculture,
Vegetation is largely influenced by altitude and cultivation and livestock farming.
burning. Small scale subsistence farming and
Afromontane forest occurs along drainage lines livestock rearing
and ravines where fire has minimal effect.
Small natural forest also occurs alongside forest
plantations.

S10A-E Dominated by grasslands covering > 70% of the Human urban and rural settlements | (NLC, 2014;
total area. comprise a major land use in the DWAF, 2009)
Patches of Acacia Karoo thornveld as well as catchment.
Afromontane forest and sub-arid thorn Livestock, subsistence, and
bushveld. commercial farming, as well as
Lower reaches are comprised of valley thicket. forest plantations.
Alien invasive species dominated by black Game farming and small-scale
wattle have a significant presence in the mining activities.
catchment, particularly along the riparian zone.

R20A Dominated by thicket and bushland covering > The catchment does not have any (NLC, 2014)

50% of the area. significant land use besides forest
Indigenous forest and forest plantations cover plantations.
the rest of the catchment.

K90A-B Dominated by fynbos shrubland. Nature reserves, orchards, livestock | (Mucina and

Other cover types including grassland, thicket
and forest, Palmiet, ferns, grasses and reeds
dominate the valley bottom peatland.

A portion of the catchment consists of degraded
vegetation comprising invasive alien species.

farms and vegetable farming.
Agriculture consists of large-scale
commercial farming.

Urban and rural settlements.

Rutherford, 2010)
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Table 3.3 (Cont.) Descriptions of the vegetation coverage and land use that dominate the selected study areas.

Catchment | Vegetation Land use References
HS0A Fynbos dominates, covering ~60% of the Dominant land use is commercial cultivation (dryland and (NLC, 2014)
catchment. Mixture of temperate forest, irrigated), comprising approximately 15% of the entire
transitional forest and scrub. catchment. Mining, sheep and ostrich farming in the more
arid areas.
Louisiana Dominant vegetation is forest. Dominant land use is pasture farming,. (Sabine River
(Grand Cane | Mixture of grassland and scrub. Other crops account for a small proportion of total land use. | Basin (SRB)
& San Wetlands. Small patches of barren land. Limited urban development. report, 2009)
Patricio)
Rio Tanama | Dominant vegetation is evergreen rainforest Dominant land use is urban development in the form of Landcover
(>70%).The remaining vegetation is a mixture | settlements and transport networks. map
of shrub and grassland.
J12G 85% low shrub land comprising mostly Dominated by wildlife and nature reserves (NLC, 2014)
fynbos. A small patch of cultivation in the north of the catchment.
Bare ground constitutes 12% of the total area.
A22B Dominated by grassland, indigenous forest Cultivation dominates land use, comprising both subsistence | (NLC, 2014)
and thicket bush. and commercial agriculture.
Significant portion of degraded land. Mining activities are prominent.
Mixture of small urban and rural settlements.
B73A Dense indigenous forest and timber Timber plantations. (NLC, 2014)
plantations at high altitudes. Human settlements occupying the south-eastern side.
Lower catchment is sparsely vegetated by North-east dominated by commercial farming activities.
open scrub.
Odzi Natural forest, savannah grassland and Dominated by commercial and communal farming. (Kemerink-

bushveld.
Large-scale plantations of pines and gumtrees
are common.

Rural areas dominate the settlement pattern; some small
urban centres are dotted around the area.

Seyoum et al.,
2017)
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Table 3.3 (Cont.) Descriptions of the vegetation coverage and land use that dominate the selected study areas.

U30A The catchment is dominated by thicket/dense The land use is dominated by (NLC, 2014)
bush and grasslands. settlements followed by
Forest plantations also occur in the catchment commercial and subsistence
cultivation.
X22E Plantations and woodlots dominate the Plantations are the dominant land (NLC, 2014)
catchment. use.
Wetlands and grasslands are the other Settlements are limited.
significant vegetation types.
X31H Plantations and woodlots dominate the Dominant land use is forest (NLC, 2014)
catchment. plantations and orchards.
Wetlands and grasslands are other significant Human settlements are limited.
vegetation types that occur in the area.
A21K Woodlands and grasslands make up >65% of Land use is dominated by irrigated | (NLC, 2014)
the catchment. cultivation and orchards.
Low shrubland and dense bush make up the Mining and forest plantations are
rest of the vegetation cover. some of the other land-use types.
B81A Dominant vegetation is forest plantations. A Dominant land use is cultivation. (NLC, 2014)

significant portion of the catchment is covered
in thicket and open bush.
Grasslands are limited.

A large portion of land is occupied
by plantations and human
settlements are sparse
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3.3 Available flow and sediment data

Table 3. 4 Summary of available flow and sediment data for selected catchments.

Catchment Sediment yield data Flow/runoff data
Name Description | Period Source Description Period Source
Measured 09/12/2015— | Geography Department, 09/12/2015- Department of Water and
Tsitsa daily 31/01/2017 Rhodes University Measured daily 31/01/2017 Sanitation, South Africa
Measured 01/10/2016— | Geography Department, 01/10/2016— Geography Department,
Inxu daily 30/04/2017 Rhodes University Measured daily 30/04/2017 Rhodes University
Department of Water
Development (DWD), Department of Water
Measured 12/11/1978— | Zimbabwe (now 12/11/1978— Development (DWD),
Odzi daily 31/05/1988 ZINWA) Measured daily 31/05/1988 Zimbabwe (now ZINWA)
Zimbabwe National Zimbabwe National
Measured 01/10/1992— | Water Authority 01/10/1992— Water Authority
Gwai (A36) Monthly 31/03/2011 (ZINWA) Measured daily 31/03/2011 (ZINWA)
Zimbabwe National Zimbabwe National
Measured 01/02/1995— | Water Authority 01/02/1995— Water Authority
Gwai (A38) Monthly 31/03/2011 (ZINWA) Measured daily 31/03/2011 (ZINWA)
Measured 01/10/1980— | United States Geological 01/10/1980— United States Geological
Grand Cane daily 30/09/1984 Survey (USGS) Measured daily 30/09/1984 Survey (USGS)
Measured 02/02/1981— | United States Geological 02/02/1981— United States Geological
San Patricio daily 28/06/1985 Survey (USGS) Measured daily 28/06/1985 Survey (USGS)
Measured 01/01/1968— | United States Geological 01/01/1968— United States Geological
Rio Tanama daily 31/12/2005 Survey (USGS) Measured daily 31/12/2005 Survey (USGS)
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Table 3.4 (Cont.) Summary of available flow and sediment data for selected catchments.

Erosion and

Sediment Long-term Simulated 01/10/1920— Water Resources of South
Ntabelanga | yield rates rates Msadala et al. (2010) Monthly 31/10/1990 Africa 1990 (WR90)

Erosion and

Sediment Long-term Simulated 01/10/1920— Water Resources of South
Xonxa yield rates rates Msadala et al. (2010) Monthly 31/10/1991 Africa 1990 (WR90)

Erosion and

Sediment Long-term 01/01/1980— Department of Water and
Maden yield rates rates Msadala et al. (2010) Measured daily 31/07/2000 Sanitation, South Africa

Erosion and

Sediment Long-term Simulated 01/10/1920— Water Resources of South
Churchill yield rates rates Msadala et al. (2010) Monthly 31/10/1991 Africa 1990 (WR90)

Erosion and

Sediment Long-term Simulated 01/10/1920— Water Resources of South
Duiwenhoks | yield rates rates Msadala et al. (2010) Monthly 31/10/1992 Africa 1990 (WR90)

Erosion and

Sediment Long-term Simulated 01/10/1920— Water Resources of South
Prinsriver yield rates rates Msadala et al. (2010) Monthly 31/10/1993 Africa 1990 (WR90)

Erosion and

Sediment Long-term 01/02/1966— Department of Water and
Koster yield rates rates Msadala et al. (2010) Measured daily 31/07/2000 Sanitation, South Africa

Erosion and Department o

Sediment Long-term 01/10/1961— f Water and Sanitation,
Klaserie yield rates rates Msadala et al. (2010) Measured daily 03/31/1973 South Africa
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Table 3.4 (Cont.) Summary of available flow and sediment data for selected catchments.

Erosion and

Sediment Long-term 01/02/1982— Department of Water and
Witklip yield rates rates Msadala et al. (2010) Measured daily 28/02/2002 Sanitation, South Africa

Erosion and

Sediment Long-term 01/11/1975— Department of Water and
Hazelmere | yield rates rates Msadala et al. (2010) Measured daily 31/08/2020 Sanitation, South Africa

Erosion and

Sediment Long-term 01/12/1963— Department of Water and
Da Gama yield rates rates Msadala et al. (2010) Measured daily 30/09/1961 Sanitation, South Africa

Erosion and

Sediment Long-term 01/08/1973— Department of Water and
Buffelspoort | yield rates rates Msadala et al. (2010) Measured daily 30/01/2020 Sanitation, South Africa

Erosion and

Sediment Long-term 01/10/1948— Department of Water and
Ebenezer yield rates rates Msadala et al. (2010) Measured daily 30/09/1954 Sanitation, South Africa
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3.3.1 Flow/runoff data

Most of the flow data used within this study (summarised in Table 3.6) comprises data recorded
by gauging stations within the selected catchments. Most of these flow data for catchments in
the USA and South Africa were freely downloaded from the United States Geological Survey
(USGS; https://waterdata.usgs.gov/nwis/rt, last accessed 27 October 2020) and the Department

of Water and Sanitation (DWS; http://www.dwa.gov.za/Hydrology/Verified/hymain.aspx, last

accessed 20 August 2020), respectively. Data for most of the Zimbabwean catchments were
obtained from the Zimbabwe National Water Authority (ZINWA). Flow data for ungauged
South African catchments were obtained through monthly hydrological model simulations
generated through the 1990 Surface Water Resources of South Africa study (WR90; Midgley
et al., 1994) and updated to 2012 (WR2012; http://waterresourceswr2012.co.za/). WR2012
provides simulated runoff and other hydrological information for all South African catchments
and is a valuable resource for water resources managers, planners and researchers, who
routinely use these data. Runoff simulations in WR2012 were derived using the Pitman model
calibrated against streamflow gauges for gauged catchments and through parameter

regionalisation for ungauged catchments.

3.3.2 Sediment data

Calibration of the WQSED model is ideally against continuous daily sediment observations.
These data are generally not available in South Africa and most developing countries due to
the expenses associated with sediment sampling, with most countries reducing sediment and
flow monitoring activities, as highlighted in Milliman and Farnsworth (2011). Much of the data
that have been collected are either not easily accessible or require a high payment to gain access
(Syvitski, 2003). The limited observed data that are available usually comprise a few event-
specific and discontinuous samples collected through manual sampling techniques (Bannatyne
et al., 2017; Kundu et al., 2015; Lidén et al., 2001). Thus, these data are generally not reliable
indicators of sediment transport during high flow periods when most sediment is transported
since high flow events are generally not sampled due to safety concerns (Bannatyne et al.,

2017).

The daily sediment data accessed for the USA catchments were freely downloaded from the

USGS website. The sediment data for the South African catchments were available from the
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Geography Department at Rhodes University and consisted of limited records since much of
the data remains embargoed until the ongoing government-funded sampling program is
concluded. The data for the USA catchments were collected using an automated sampler,
whereas the sediment data for the South African catchments were manually collected by citizen
technicians (Bannatyne et al., 2017) under the Tsitsa project. The project is funded by the
Department of Environment, Forestry and Fisheries (DEFF), Chief Directorate: Natural
Resource Management Programmes (NRM), Directorate: Operational Support and Planning.
Although numerous sediment observations for South Africa are reported in publications such
as Vanmaercke et al. (2014), much of these data comprise reservoir sedimentation calculations
by Rooseboom (1992) and discontinuous samples collected in studies, such as by Scott et al.
(1998). These data are not appropriate for calibrating continuous daily simulations of sediment
transport by the WQSED model. However, reservoir sedimentation calculations (Rooseboom,
1992) and long-term sediment simulations (Le Roux et al., 2008) have been compared with

simulations in catchments where continuous daily data are not available (Chapter 8).

The sediment data for Zimbabwean catchments were obtained from ZINWA. The flow and
sediment data for the Odzi were measured under the Streamflow and Sediment Gauging and
Modelling project in Zimbabwe (GAMZ); Lidén et al. (2001) gives details on the GAMZ
sampling program. The project was undertaken by the Department of Water Development
(DWD) in Zimbabwe together with the Swedish Meteorological and Hydrological Institute
(SMHI). It was funded by the Swedish International Development Co-operation Agency
(SIDA) through the Working Group for Tropical Ecology, Uppsala University (Karlsson and
Rahmberg, 1999). The Gwai catchment data obtained from ZINWA were unfortunately at a
monthly timescale and showed substantial data gaps (e.g. ten monthly observations spread over
15 years). In addition, the metadata for the dataset was not immediately available. Therefore,
the Gwai data have been treated as highly uncertain, and were used in this study to demonstrate
the actual state of some of the data records that are reported in global and continental reports.
The conspicuous absence of reports/publications on validated daily time step sediment models

applied to southern African catchments is a reflection of the scarcity of observed data.
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3.4 Conclusion

The catchments used in this study were selected based on the availability of daily observed
sediment yield data. There was a need to test the model more widely in South Africa because
this is the primary focus of the model application. Since observed data were not abundant or
readily accessible in South Africa or other African countries, USA catchments were selected
to test the model performance using long continuous observed data records. There remains a
pertinent need for funding to be directed towards sediment monitoring in South Africa. Most
importantly, it is recommended that sediment and other relevant data that may be useful to

researchers must be made freely available and accessible.
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Chapter 4 Methodological approaches
4.1 Introduction

The erosion and sediment transport model (WQSED) is a daily-time-step model that operates
in a semi-distributed manner, mirroring the spatial distribution system of the Pitman model
(Pitman, 1973; Hughes, 2013). A description of the model structure, function and parameters
of WQSED is given in this chapter, and Bryson (2015) provides a more detailed description of
the conceptual development of the model. The different components of the model, including
the basic MUSLE and the additional storage and channel functions, are described in this
chapter. Two storage options are presented, a complex storage consisting of several units that
is reported in Bryson (2015) and a simpler storage option with a single storage unit as presented
in Gwapedza et al. (2020). The simple storage option was added because the original multiple
storages are rather difficult to calibrate. Therefore, it was necessary to add a simple option and
evaluate how it performs relative to the original complex storage. Parameter inputs needed for
each of the model components are presented at the end of each section and a table with overall
parameters, their ranges and methods of derivation is placed at the end of the model description
sections. The discussion explores the potential issues that are likely to affect model application

and performance.

4.1.1 WQSED model structure

The structure of the WQSED model incorporates three main components, namely flow,
erosion, and storage and transport functions. Flow acts as the primary driver of the simulations
of sediment yield and transport by the model, as flow generates the erosive force that transports
sediment through the catchment. Erosion is calculated using the MUSLE, which is then routed
through the slope and gully storages. The conceptual sediment storages allow for a simplified
representation of catchment sediment movement processes. Sediment is moved out of these
storages based on non-linear functions between sediment output and relative storage and
runoff. A channel transport function based on computations of suspended sediment transport
by van Rijn (1984) is used to transport the sediment within the channel, out of headwater sub-
basins and through downstream sub-basins. A detailed description of each of the components
is given in this chapter. A simplified conceptual structure of the WQSED model is presented
in Figure 4.1.
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Figure 4.1 Conceptual structure of the erosion and sediment transport (WQSED) model.

4.1.2 A slope-based distribution

WQSED operates in a semi-distributed manner in which outputs from individual sub-basins
are routed to the catchment outlet; however, an intra-basin distribution is also employed to
represent sub-grid effects within each sub-basin. The distribution system used is based on the
assumption that the catchment can be divided into areas of high, moderate and low runoff
(Bryson, 2015). This spatial discretisation into three runoff zones is based on the topography
of the basin, and the three runoff zones may also be referred to as slope zones. The slope
categories are high, medium, and low (HML), representing high, moderate and low runoff
zones, respectively. The zones are defined using guidelines from FAO (2006), with the high
and low slope zones defined as greater than 20 degrees and less than 6 degrees, respectively
(Figure 4.2). The proportion of the catchment area in each zone is used as input into the

WQSED and to calculate slope zone inputs.
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Figure 4.2 Calculation of the proportion of the catchment area in each slope zone of high (H),
medium (M) and low (L) for the erosion and sediment transport (WQSED) model using a 30m

digital elevation model (DEM); the Rio Tanama catchment is used as an example.

The MUSLE is applied to each of the HML slope zones, and the resulting eroded sediment is
routed through slope and gulley storages (Figure 4.3). The MUSLE is applied to estimate
erosion in WQSED because of its ability to estimate soil loss on a single-storm basis. A daily
flow time series can therefore be used as input into the model, as discussed in Section 4.2. The
MUSLE is applied to a single 150 ha area for each zone in an attempt to avoid excessive spatial
scale issues, and sediment output is scaled to represent the entire area of the slope zone. Chapter
5 and Gwapedza et al. (2018b) discuss the spatial-scale dependencies that influenced how the
MUSLE is currently applied in the WQSED. The input parameters for the MUSLE module
within WQSED include independent values for K, LS, C and P for each of the slope zones,
while the approach for distributing the flow data and the estimation of the erosivity component

of MUSLE is discussed in Section 4.2.1 below.

The total erosion outputs of individual HML zones are routed through a series of conceptual
storages (Figure 4.3) to simulate total sediment output from the sub-basin. Conceptual sediment
storages are used to relatively simply represent typical sediment sinks and sources that occur
in a real environment (Bryson, 2015). Each HML zone is assumed to have a hillslope and

gully/channel storage component. Sediment calculated using the MUSLE (SA, Figure 4.3) is
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first added to the hillslope storage of that slope zone (S, Figure 4.3). Outputs from the hillslope
storages are released to the channel/gully storage of the same slope zone (Cprop, Figure 4.3),
and the hillslope storage of the next slope zone. As shown in Figure 4.3, the gulley storages are

also linked to each other and to the slope storage from zone H, through zone M, to zone L.

Figure 4.3 Erosion and sediment transport (WQSED) model conceptual storages. Adapted
from Bryson (2015).

4.2 MUSLE Component

4.2.1 Sub-basin flow estimation

The WQSED model assumes that runoff is related to slope gradient, with higher slopes
producing higher flow and more significant erosion. Consequently, zones with higher
slopes/flow are assumed to produce more erosion and sediment delivery relative to zones of
lower slope and flow (Pimentel and Burgess, 2013); however, this also depends on the amount
of sediment held in storage within a slope zone and other MUSLE inputs. Equations 4.1-4.9

govern the flow estimation within the model.

The catchment surface runoff depth (Depth) is calculated from the input surface flow data

(Flows) inm?®s™!:
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Depth = Flowg X 3.6 X 24/Area (Equation 4.1)
where Area is the sub-basin area (km?).

The storm duration associated with the surface flow on each day is calculated using:

D =VsfProw + p_ ... (Equation 4.2)

where D is the duration (hours) and Do and D, are power and constant parameters,
respectively. Vsfis the surface flow depth in mm d!. All three runoff zones are assumed to
have the same duration of runoff. The duration is used to calculate peak runoff, which is an

input for the calculation of the MUSLE R-factor.

The runoff depths for each slope zone are calculated with the assumption that the high runoff
zone generates 75% more runoff than the moderate runoff zone, which in turn is assumed to

generate 75% more than the low runoff zone (Bryson 2015):

Depth

Depthy = —5~—1— (Equation 4.3)
H+(575)+ (35em)

Depthy, = Depthy/1.75, (Equation 4.4)

Depth; = Depthy/3.0625, (Equation 4.5)

where Depth is the runoff depth for the entire catchment (mmd™'), H, M and L are the
proportions of the catchment area that fall within the high, medium and low runoff zones,
respectively, and Depthy, Depthy, and Depth; are the runoff depths (mm d') for the high,

medium and low runoff zones, respectively.

The peak runoff depth for each runoff zone is calculated assuming a simple symmetrical

triangle:

QPy = 2274, (Equation 4.6)
QPy = Do_espihg , (Equation 4.7)
QP = % (Equation 4.8)

where OPn, QPy, and QP; are the peak runoff depths for the high, medium and low runoff

zones, respectively (in mm d ).
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The MUSLE equation used within the model is an alternative form of Equation 2.1 (Chapter
2) and estimates sediment yield (Sy) in t ha™! (Williams and Berndt, 1977), using values of total
runoff depth (OD) in mm and peak runoff (gdp) in mm h™! in Equation 4.9. The equation can
be derived by substituting ax(Qxgp) ? for Q and gdp x Area x 10/3,600 for gp in Equation

2.1, with the result dividing by Area to obtain a result in t ha™! instead of in tonnes:
R =1.586% (OD.qdp)*>*x (4rea)*'? (Equation 4.9)
where Area is the total catchment area in ha.

Equation 4.9 is therefore applied to each slope zone using the Depthy, m, L values for QD and
QPu, M, L for qdp. The parameters in Table 4.1 are required as input for the MUSLE component
of the model.

Table 4.1 A list of parameters for the Modified Universal Soil Loss Equation of the erosion
and sediment transport (WQSED) model.

Number Parameter/information

1 Topographic (LS) factor

2 Vegetation (C) factor

3 Soil erodibility (K) factor

4 Management practice (P) factor

5 Surface runoff (Q)

6 Catchment area and proportion of HML zones

7 Duration parameters (Dpow and Dcon)

4.3 Storage component

4.3.1 Slope storage and delivery

As illustrated in the conceptual representation of the model in Figure 4.3, the erosion model
(MUSLE) makes sediment available for routing through the various storages within the
catchment. Sediment movement from the storages, and to the outlet, occurs when the flow

energy is sufficient and when there is enough sediment in the storage. Each runoff zone has
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two storages, hillslope storage and channel (or gully) storage, which include all drainage
features and gullies. The maximum storage capacity for each runoff zone as well as for the

main channel is estimated from:
Smax = A Xp Xd, (Equation 4.10)

where Syqx 1s the maximum sediment storage capacity (kg) of the runoff zones or main channel,
A is the area (m?) of the runoff zone of the channel, p is the bulk density (kg m), and d is the
assumed maximum depth (m) of the stored sediment. The proportion of gully or channel

storage in each runoff zone is then calculated:

C

prop = LnDD, (Equation 4.11)

where Cprop 1s the proportion of the total storage in a runoff zone that is assumed to be
represented by gully or channel storage, Ln is the natural logarithm, and DD is the drainage

density (km /km?) of the channel features in that zone.

Sediment moves from the high runoff zone to the low runoff zone, into the channel and out of
the catchment (Figure 4.4). The model attempts to represent the stochastic nature of erosion by

accounting for the dynamic movement of sediment between and within the conceptual storages.

Sediment is added to the three slope storage zones during each time interval of the model using

Equation 4.12:
SS(t) =SS(t —1) + Sinput (Equation 4.12)

where SS(t — 1) is the sediment storage at the end of the previous time interval, SS(z) is the
new storage (before transport of other storages), and Siuu 1s the sediment generated using the

MUSLE.

The output from each storage component is calculated using the peak surface runoff (gses
mm h™") for that runoff zone relative to the maximum mean daily total flow depth (gme mm h™')
for the whole catchment (over the whole time series) and a threshold flow depth (g, mm h™!),
as well as a power function for the amount of sediment currently in storage relative to the

maximum possible storage.
If gsea > q: then:

Soue = 23ed”0t 5 §S X (SS / Simax )P (Equation 4.13)

Amax— qt
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where pow represents power.

For the main channel storage, the peak runoff value is based on the total flow depth of the entire
basin for a given day. The maximum mean daily total flow depth is pre-calculated from the full

time series of flow data input.

As depicted, the Cprop value (i.e. the proportion of total sediment storage for the runoff zone
considered to be contained in channel features) is used to determine the destination of the
sediment. Sout X Cprop 1s added to the channel storage within the same runoff zone, whereas
Sout x (1 — Cprop) 1s added to the slope storage of the next runoff zone in the cascade (see Figure
4.4). The outputs from the channel storages are directed to the next channel storage in the
cascade, whereas all outputs from the lower runoff zone are directed to the main channel. The
outputs from the main channel become the final sediment delivery for the sub-basin. Sediment
can therefore accumulate within the storages until a runoff event flushes stored sediment to the
catchment outlet. Figure 4.4 summarises the sediment storage and delivery process from high
to moderate to low runoff zones before exiting the catchment. Parameters and information

required for the storage component of WQSED are shown in Table 4.2.

Figure 4.4 The slope storage and delivery component of the erosion and sediment transport

(WQSED) model. Sourced from Bryson (2015).
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Table 4.2 A list of parameters for the storage component of the erosion and sediment transport

(WQSED) model.

Number Parameter/information
1 Maximum storage for high, medium, low (HML) zones
2 The proportion of storage in gullies (Cprop)
3 Drainage density (DD)
4 Initial storage fraction
5 Sediment storage ratio power (pow)
6 Threshold flow for sediment delivery
7 Peak flow scaling
8 Maximum mean total flow (gmax)

4.4 Simple storage option

The simple storage option operates according to principles similar to the storage component
reported in Section 4.3, with the exception that the multiple storage components are eliminated;
instead, a single storage is used. When applying the storage, the first step is to estimate the
proportion of the daily MUSLE sediment output (MS;) that contributes directly to sediment
delivery at the catchment outlet (SD;) on the same day (i). This is based on a power function
(parameter SPOW1) of the average of the available sediment at the start and end of the day
relative to a maximum possible storage parameter (SSmax). The initial estimate of the available
sediment at the end of the day (TS;) is given by:

TS; = MS; + SS; (Equation 4.14)
The direct estimate of sediment delivery is given by:

SDD; = MS; X ((TS; + S5;)/2 X SSpa2)5FOW1 (Equation 4.15)
The updated total sediment in storage after direct delivery is then given by:

TS; = MS; + SS; —SDD; (Equation 4.16)

A second component of the storage model assumes that sediment can be removed from storage
during higher stream flows. These estimates are based on power functions of relative

streamflow discharge and relative sediment storage. The discharge power function is:
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QPOW

Qfact; = (Qi/(Qmax X 1.2)) (Equation 4.17)
where Qfact; is the streamflow factor, Qi is the current day streamflow (m?® s7'), Q,nqyis the
maximum daily streamflow in the input data, and QPOW is a power parameter. The total flow
is used to drive the movement of sediment through the storages of the storage model, whereas
only surface runoff is used to drive the MUSLE as the sub-surface flow is unlikely to impact
on slope erosion.

The sediment storage factor (SSfact;) is given by a relationship similar to that defined in
Equation 4.15 using an additional power parameter (SPOW2):

SSfact; = ((SS; + TS;)/(2 X SSpax)) FOW? (Equation 4.18)
The final downstream output from storage (SSD;j) is given by Equation 4.19 after which the
storage is updated (Equation 4.20) for the following day, and the total sediment delivery
becomes the sum of SSD; and SD;

SSD; =TS; X Qfact; X SSfact; (Equation 4.19)
SSiz1 =S8S; + MS; — SD; — SDD; (Equation 4.20)
The main objective of using average sediment storage values in Equations 4.15 and 4.19 is to
smooth the effect of very large sediment inputs from the MUSLE during any one day.
Parameters for the simple storage option are presented in Table 4.3. The storage version is

implemented in a spreadsheet and has not yet been added to the SPATSIM framework.

Table 4.3 A list of parameters for the simple storage option of the erosion and sediment

transport (WQSED) model.

Number Parameter/information
1 Maximum catchment storage (SSmax)
2 Initial storage (TS;)
3 Sediment storage power (QPOW')
4 Threshold flow for sediment delivery
5 Peak flow scaling
6 Maximum daily total flow (Q;,4x)
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4.5 Channel component
4.5.1 Sediment routing in the main channel

The sediment routing module is an extension to the model developed by Bryson (2015). The
sediment calculated for each slope zone using the MUSLE and the slope delivery routine is
accumulated in the main channel outlet of a sub-basin. This approach was sufficient in the
initial stages of model development to simulate sediment yield from single or lumped sub-
basins. A sediment routing module was developed to extend model functionality to enable the
movement of sediment generated at sub-basin level across multiple sub-basins to the outlet of

the entire catchment.

4.5.2 Calculation of velocity, depth and river width with different flows

Estimates of velocity (m s '), depth (m) and width (m) with different daily flows (m®s™!) are
required to calculate the transport of suspended sediment. Calculating these estimates requires
certain assumptions in regard to the channel shape and additional user input, namely river
channel maximum width (m) and slope. Figure 4.5 illustrates the assumptions made in regard

to the channel shape.

The model first steps through all the sub-catchments (nodes) in the modelled system during the
sediment routing procedure, and calculates width (Widthpea), depth (Depth), flow (Q) and
velocity (Vel) in one cm increments of depth using the set parameters of Widthma. and Slope,
until the maximum depth for the channel is reached. These values are stored in a lookup table

that is accessed during sediment routing.

Widthpea 1s assumed to be 60% of Widthma... Equation 4.21 calculates Depth at bank full to
determine the range of depths for the lookup table:

Depth
0.45

Depth yax = 0.6 X (( )2.08) 0.35 (Equation 4.21)

Depthmax 1s the depth at bank full and determines the range of depths for which Q, Vel and

Width are calculated in one cm increments of Depth.
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The angle a (Figure 4.5) is presented in the subsequent calculations:

_ (Widthpmax—(Widthmaxx 0.6))

Opp .

Hyp = (Opp? + Depth,,q,2)°

, o
a = arcsin (ﬂ)
Hyp

(Pythagoras Theorem)

For each 1 cm increment of Depth from 1 to Depthmax:

Depth
Depthmax

1v=0.1—(

x 0.06)

(Equation 4.22)

(Equation 4.23)

(Equation 4.24)

(Equation 4.25)

where 7 is Manning’s roughness over an assumed range of 0.04 to 0.1, with 0.1 the value at the

lowest depth and 0.04 the value at Depthmax.

Width_,_,
Opp
Depth
o
2 A\
Width,_,

Figure 4.5 Conceptual representation of a river channel used to route sediment within the

WQSED model.
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To calculate the wetted perimeter and area with change in depth:

Hyp = ((foef(t:)) (Equation 4.26)
Opp = (Hyp? — Depth?)%> (Equation 4.27)
Wetted Perimeter = Hyp X 2 + Width,,4,, X 0.6 (Equation 4.28)
Area = (Width,,,, X 0.6 X Depth) + (Depth X Opp) (Equation 4.29)
Vel = ((Area/Wetted_Perir:eter)0'67>< Slope®%) (Equation 4.30)
Widthyey = (Width,,,, X 0.6) + (Opp X 2) (Equation 4.31)
Q = (Area x Vel) (Equation 4.32)

For each 1 cm increment of Depth from 1 cm to Depthyax, Depth, Widthpea, Vel and Q are stored

in a lookup table.

4.5.3 Calculation of suspended sediment

The approach adopted follows the method for suspended load transport for steady flow
proposed by Van Rijn (1984):

qp = ag X ps X Vel X dgy x M,** x (D*)7° (Equation 4.33)

_ (vel-Velcritical) .
M, = [(s—1)gdso]®S (Equation 4.34)

—11410-33
D* = ds, [(Svi)g] (Equation 4.35)
Velcriticar = a %X (dsg X 10,000)” (Equation 4.36)
s = II:—S (Equation 4.37)

where ¢ is suspended load transport (kg m™!), as is assumed to be 0.012 (Van Rijn, 1984), p,
is the density of the sediment (kg m ) and is assumed to be 1 200, dso is the median particle

size (mm), M. is the mobility parameter, Velc.iica 1s the critical depth-averaged velocity for
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initiation of motion (m s™!), g is the acceleration of gravity (m s 2), which is known to be 9.81,
v is the kinematic viscosity coefficient (m? s!), which for water at 20°C is known to be 1 x10°

6 s is relative density, and p is the density of water (kg m ) and is assumed to be 1 000.

The values of a and b are calculated through linear regressions of the relationship between

Velcrisicat and dso given by Van Rijn (2012):
a = 0.225 x Depth®1® (Equation 4.38)
b = 0.49 X Depth~092 (Equation 4.39)

For each day, WQSED uses the cumulative total flow (m? s ') for the sub-basin to obtain Depth,
Width, and Vel from the aforementioned lookup table in memory. Using the equations given
above, the load of sediment that can be carried in suspension (kg m™) is calculated by
multiplying g» by Width. The loads of sediment entering the sub-basin from upstream are
summed, and the final load (kg m ) is compared to the load that can be carried in suspension.
If the load entering the sub-catchment is greater than the load that can be carried in suspension
by the cumulative flow, the difference is added to the channel storage. However, if the load
entering the sub-catchment is smaller than that which can be carried in suspension by the
cumulative load, the difference is taken from any available channel storage on the assumption
that the available energy can erode the sediment stored in the channel. The load in suspension
is passed to the sub-catchment downstream on a daily time step. Parameters for the channel
routing are shown in Table 4.4. Table 4.5 gives a list of all WQSED model parameter inputs,

their ranges and some options for how parameter values can be determined.

Table 4.4 A list of parameters for the channel component of the erosion and sediment transport

(WQSED) model.

Number Parameter/information
1 Channel width
2 Channel slope
3 Channel length
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hyphen (-) and are based on the area of application.

Description Parameter Estimation Parameter
Parameter range
O depth power The runoff depth power parameter for calculating Calculat10n§ are based on flow | Min. Max.
(Dpow) storm duration from daily surface flow volume data and estimated storm 0 -
pow : duration. Calibration parameter.
O depth constant The runoff depth constant parameter for calculating Calculat1on§ are based on flow
. . data and estimated storm
(Dcon) storm duration from daily surface flow volume. : o 1 24
duration. Calibration parameter.
Drainage density The drainage density parameter accounts for the Calculated by dividing length of
(DD) river network coverage within the basin. channel by catchment area. - -
Initial storage A parameter that gives the fraction of total Calibration parameter
fraction sediment storage that is available for transport. P ' 0 1
Se(‘hment storage A sediment storage power function. Calibration parameter. 0 -
ratio power
Threshold flow for | A parameter that gives a threshold flow that is Estlmateg are based on -
) : . hydrological data. Calibration
delivery (mm/hr) necessary for sediment delivery to commence. - -
parameter.
Peak scaling A parameter for scaling peak time series flows. Is fixed at a default value of 1. 0 1
Channel width (m) A parameter that defines the average width (m) of | Estimated from channel
the main channel within the basin. measurements in Google Earth. - -
Channel slope A parameter that defines the average slope of the Calculated from measurements
! o : from Google Earth or calculated
(degrees) main channel within the basin. from DEM - -

Table 4.5 A list of parameters for the erosion and sediment transport (WQSED) model. Parameters with no specific range are indicated with a
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Table 4.5 (cont.) A list of erosion and sediment transport (WQSED) model parameters. Parameters with no specific range are indicated

with a hyphen (-) and are based on the area of application.

Parameter Description Parameter Estimation Pa::lllrrge:eter
Calculated from existing river coverages
10 Channel length A parameter that defines the length (km) of | or digitised lengths from Google Earth.
(Km) the main channel within the basin. - -
The soil erodibility parameter defines the
11 | Soil erodibility (K) mean resistance of the soils within the Estimated from existing soil database. 0 1
basin to erosion.
Catchment slope A parameter that represents the mean slope ) .
12 (LS) of the basin in degrees. Calculated by analysing DEM in GIS. 0 -
13 | Cover (0) A parameter that represents the mean Calculated from existing land cover
vegetation coverage within the catchment. | coverages or direct conversion of NDVIL. 0 1
. A parameter t'hat represents the Estimated through GIS analysis of slope
14 | Practice (P) management interventions to reduce
. and land cover. 0 1
erosion.
15 | Maximum storace Defines the amount of total soil storage Calculated based on soil depth, bulk
& within the catchment in tons. density and catchment area. - -
16 Gully store Defines the proportion of sediment storage | Calculated as the natural logarithm of
proportion (Cprop) that is in gully features. DD in a slope zone. 0 1
17 g{i;czl)lment area The total basin area in km?. GIS analysis of existing coverages. - -

Abbreviations: DEM-digital elevation model; GIS- geographic information system; NDVI- normalized difference vegetation index
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4.6 Estimating MUSLE parameters

4.6.1 Topography (LS) factor

Several LS estimation methods exist, including ground-based, flow path and cumulative cell
length (FCL), and the LS-TOOL method (Zhang et al., 2013). The current study uses the unit
contributing area (UCA) (Moore and Wilson, 1992) approach because of its ease of use within
GIS and because it has been shown to calculate LS with good accuracy compared to field data

(Oliveira et al., 2015), similar to the LS-TOOL method (Zhang et al., 2013).

The precision with which the LS factor can be estimated depends on the resolution of the DEM
used. Comprehensive GIS-based methods for calculating the LS factor are presented in Zhang
et al. (2013). The LS factor map was generated in ArcGIS using the Raster Calculator (Jain et
al., 2010) by using the LS equation given by Moore and Wilson (1992):

FAxcell size\ 04 in(sl : L3 i
ce 51ze) (sm(s 0pe)001745) : (Equation 4.40)

22.13 0.0896

Ls = (

where FA is flow accumulation and cell size is the DEM grid resolution. Figure 4.6 illustrates

the calculation procedure.

The Shuttle Radar Topographic Mission (SRTM) DEMSs used in the present study are known
to contain topographic errors caused by the height of dense tree canopies (Yamazaki et al.,
2017). Unfortunately, the current analysis had already been completed by the time the new
90m error-corrected product (Yamazaki et al., 2017) was made available. Although the
evaluation of changes in LS associated with the use of the error-corrected DEM may be
valuable, the area of the selected catchments in Southern Africa comprises up to 60% grassland.
Thus, it is unlikely that significant areas of dense tree canopy cover exist that could potentially
induce large errors. Moreover, the selected catchments are steep headwater areas located in
mountainous regions, where the accuracies of the corrected DEM are low (Yamazaki et al.,

2017). A finer 30m SRTM DEM was used for calculating the LS factor in this study.
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Figure 4.6 Flowchart illustrating the process of determining the Modified Universal Soil Loss
Equation (MUSLE) topography (LS) factor. Abbreviations: DEM-digital elevation model;
SRTM-Shuttle Radar Topographic Mission.

4.6.2 Vegetation cover (C) factor

The cover factor was determined for each land cover type using guidelines published by
Wischmeier and Smith (1978); the guidelines consist of lookup tables showing the C factor
values that can be used for different land cover classes. C values assigned in previous studies
e.g. Ayalew et al. (2015), Jang et al. (2015), Ranzi et al. (2012), and Shinde et al. (2011), were
used to verify the derived C factor classes. Table 4.6 shows the C factor values assigned for
South African and Zimbabwean land cover types. The C values for the USA (and associated
territories) were accessed from the SWAT crop database (Neitsch et al., 2005.

The vegetation cover factor was determined using the South African National Land Cover
Database (NLC, 2014) created for the Department of Environmental Affairs (DEA) by
GEOTERRAIMAGE; the dataset can be accessed from the South African National
Biodiversity Institute (SANBI) website (https://www.sanbi.org/, last accessed 09 February
2020). Land cover data for the USA was accessed from ArcGIS Online
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(https://www.arcgis.com/index.html, last accessed 20 August 2020), and the data for

Zimbabwe was physically accessed from Dabane Water Workshops. HML zone cover
properties were extracted using the Clip tool in ArcMap to extract data from the maps using

HML zone proportions.

The attribute table containing land cover categories was exported to Microsoft Excel 2016,
where C values were assigned to respective land cover classes. Land cover categories with the
same C value were lumped together. Assigned C values were weighted according to the

proportion of the HML zone covered by particular land cover classes.

Table 4.6 Cover factor (C) for South African and Zimbabwean land cover/use categories.

Land cover type C
Forest, bush, thicket 0.009
Grasslands 0.12
Cultivated lands 0.37
Low shrub 0.013
Open bush 0.012
Bare/degraded land 1
Plantations / Woodlots 0.012
Waterbodies 0.01
Wetlands 0.038
Settlements 0.1

4.6.3 Soil erodibility (K) factor

Generally, K factor computations are based on the USLE method (Wischmeier & Smith, 1978).
Since empirical observations are generally not possible for catchment-scale studies, soil
erodibility calculations are typically based on readily available soil data. Example calculation
approaches can be found in the literature for the USLE (Wischmeier & Smith, 1978) and
RUSLE (Renard et al., 1997).

In South Africa, the erodibility of various soil forms and series has been rated by the

Agricultural Research Council - Institute for Soil, Climate and Water (ARC-ISCW, 2005)
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based on the Binomial Classification System. The current study derived K-values for South
African soils from the Schulze and Horan (2007) database, which forms part of the South
African Atlas of Climatology and Agro Hydrology (Schulze, 2007), based on the soil form and
series information for each land type. K values were calculated for the application of the
MUSLE model within the ACRU model and were taken directly from RUSLE K (Renard et

al., 1997) calculations for global soils with limited available soils information. K =

7.594(0.0034 + 0.0405exp(—1/2(log(Dg) + 1.659/0.7101)?)), (Equation 4.41)
where
Dg(mm) = exp(0.01), f; Inm;) (Equation 4.42)

Dg is the mean particle size diameter, fj is the primary particle size fraction in percent, and m;
is the arithmetic mean of the particle size limits of that size. The updated version of the
AUTOSOILS model of Pike and Schulze (1995) was used to compute the K factor for South
Africa (Schulze and Horan, 2007). The ARC-ISCW soil erodibility rating was used together
with the erodibility classes given by Schulze and Lorentz (1995) (Table 4.7) in areas where

soils information was not available.

For the USA catchments, the soil erodibility factor was accessed from ArcGIS Online

(https://www.arcgis.com/index.html, last accessed 20 August 2020). The method used to

calculate soil erodibility is contained in the USA National Soil Survey Handbook

(https://www.nrcs.usda.gov/wps/portal/nrcs/detail/soils/ref/?cid=nrcs142p2 _054242) and is

generally similar to the method of Renard et al. (1997). The Zimbabwean catchments data was
calculated using Equation 4.41 from soils data physically accessed from the Dabane Water

Workshops GIS database.

Table 4.7 Erodibility factors for soil erodibility classes (Schulze and Lorentz, 1995).

K-Factor Soil erodibility class
>0.70 Very High

0.50-0.70 High

0.25-0.50 Moderate

0.13-0.25 Low

<0.13 Very Low
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4.6.4 Management practice (P) factor

The P factor relates to soil conservation methods, implemented mostly in agriculture, to reduce
the rate of soil loss (Ayalew, 2015). These practices include contour and strip farming. The P
factor has a value between 0 and 1, where 1 (indicating no practice) is assigned as the P factor
for non-agricultural lands (Ayalew, 2015; Jang et al., 2015; Luo et al., 2016). Most studies
using the USLE, Revised Universal Soil Loss Equation (RUSLE) and MUSLE usually set the
P factor to the default of 1, indicating that no conservation practice is implemented (Sadeghi
et al., 2013). This may be partly attributed to the P factor being too complex to quantify or due

to study areas not having significant agricultural activity.

The catchment P factor is derived by using an STRM 30m DEM to calculate catchment slope
categories (Section 4.1.2) overlaid with a map of cultivation (Jang et al., 2015) extracted from
land use/land cover maps. A layer specifying the percentage of cultivated land in each slope
category is derived, following which the Wischmeier and Smith (1978) tables for estimating P
factor for various slope classes are used to assign the P factor values for cultivated land in each
slope category. The resulting P factor (for each HML zone) is weighted against the total area
of that zone to derive the mean P factor that is input into the MUSLE.

4.7 Methodological limitations

The WQSED model was designed to maintain a relatively simple structure while incorporating
important erosion and sediment transfer mechanisms. The distribution of a catchment into slope
zones enables the model to account for the variations in erosion processes within a catchment.
The simplification of complex erosion processes results in some aspects of the entire system
not being represented in the model. The MUSLE model that is used to calculate erosion/soil
loss was designed to consider sheet and rill erosion (William, 1975) and may not be able to
efficiently simulate sediment from non-sheet or -rill sources. The MUSLE was developed
based on data observed at the plot scale and for catchments of less than 1 500 hectares (William,
1975). Applying MUSLE to larger catchments introduces uncertainties associated with spatial
scale. Therefore, although the WQSED model inherits the advantages and limitations
associated with the MUSLE, the present scale issues associated with the MUSLE are assessed

with a view to limiting some of the limitations.
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Although GIS has proved to be a valuable resource in environmental modelling (Karydas et
al., 2014), the estimations of MUSLE erodibility factors remain uncertain (Alewell et al., 2019)
at the catchment scale. The uncertainty is tied to the spatial and temporal resolution of input
data (Gwapedza et al., 2018). Large pixels cluster information in a grid, often resulting in the
loss of spatial variability (Tian et al., 2020) and loss of accuracy of grid values where there is
large finer-scale variability. Additionally, pixel clustering for land cover classification lumps
similar pixels of dominant vegetation over large areas (Wang et al., 2002), leading to erroneous
assumptions of constant vegetation. Furthermore, some MUSLE factors cannot be accurately
estimated over large areas (see Alewell et al., 2019), leading certain authors to extrapolate plot-
scale observations to the catchment scale (e.g. Almagro et al., 2019), which can lead to
unreliable results (Beven, 1989). Lack of representative soil data has led to researchers using
soil colour (Hellden, 1987) or simple versions of K equations proposed by Renard (1997) to
estimate the K factor. Soil stoniness is generally not accounted for in many catchment-scale
studies due to ambivalent effects at the catchment scale (Alewell et al., 2019). Since there are
uncertainties associated with the estimation of some erodibility factors (Chandramohan et al.,
2015) and since the MUSLE only takes an average or weighted value for the entire catchment,
some researchers have resorted to estimating maximum and minimum ranges of the factors,
following which the factors are calibrated using the ranges to constrain the calibration values

(e.g. Briak et al., 2016; Chen and Mackay, 2004; Luo et al., 2016; Yesuf et al., 2015).

Flow inputs into the WQSED also introduce some uncertainties. Since the flow input into the
MUSLE is the major driver of erosion simulations, the quality of flow inputs largely determines
the accuracy of MUSLE simulations (Sadeghi et al., 2013). The flow drivers into WQSED are
derived from either simulations or observations, and therefore the model inherits the
uncertainties associated with these data sources. The use of monthly flow data simulated by
hydrological models such as the Pitman model in WQSED requires these flows to be
disaggregated from monthly to daily using a process that is dependent on rainfall data.
Although the disaggregated daily flows are volume corrected to match the simulated monthly
flow volumes (Slaughter et al., 2015), the daily flows inherit the uncertainties of the simulated

monthly flows.

The temporal distribution of the rainfall used to disaggregate monthly flows to daily should be
representative, as this will affect the accuracy of the WQSED model in simulating sediment
yield. Additional uncertainty is introduced by the flow separation procedure as there is

generally no data to validate the baseflow separations due to field measurements of the various
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flow fractions being currently unavailable. Therefore, although the WQSED model is versatile
enough to accept both observed and simulated forcing flow data, the model runs the risk of

inheriting the uncertainties associated with external flow sources.

The WQSED model was created based on geomorphological principles, where assumptions on
the representation of processes are simplified. These simplifications are not only based on the
current available understanding of geomorphological principles but were implemented to
ensure that the resultant model is workable and not data-intensive, incorporating only those
processes that explain the majority of variation in sediment generation and transport. This
follows the principle of de Vente and Poesen (2005), who advises that models should be
designed around the available data. Therefore, the WQSED model was developed to meet the
needs of data-scarce Southern African catchments. However, some model simplifications fail
to account for important sediment generation and transport processes. The Cpop gulley
connectivity function considers gullies to be conduits of sediment and the lack of an explicit
gully function may affect model performance in catchments dominated by gully processes (de
Vente et al., 2013). The channel transport module considers sediment suspension, movement
and deposition as the only channel processes, whereas channel erosion processes are also
important sources of sediment (Fryirs et al., 2007). Model outputs are likely to be affected by
such structural deficiencies. Additionally, most of the storage parameters are optimised through
calibration (e.g. Picouet et al., 2001), requiring observed daily sediment data which are usually
unavailable. However, the current WQSED version is best suited to the available data, and
there is an opportunity to improve the model by adding further gully and channel processes as

part of future developments.

Besides input data, the general lack of calibration and validation data also represented a
significant limitation during the development of the model. To calibrate the model, continuous
observed daily sediment data are required. Observed sediment data at other temporal
resolutions, such as monthly and yearly data (where individual daily samples are not
accessible), can also be used to calibrate the model by aggregating model outputs to match the
requisite resolution. Unfortunately, observed sediment data are generally not available for most
southern African catchments. In the absence of observed sediment data, sedimentation rates
estimated from dam sedimentation and erosion risk maps represent the only viable option to
validate model outputs. Remote sensing applications are also being developed to monitor
suspended sediment concentration (Volpe et al., 2011). Although dam sedimentation rates and

erosion rates may not be entirely accurate or at an appropriate temporal scale, they are valuable
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in indicating if the model is simulating representative long-term sediment yields. It is important
to highlight that the WQSED model outputs that are not appropriately validated should be used
with caution, as would be the case with any other model simulations that have not undergone

rigorous validation.

4.8 Concluding remarks

The methodological approach taken within the present study is a synthesis of modelling
approaches to further develop an existing sediment model applicable to data-scarce catchments
in southern Africa. Linking popular and appropriate models enables increased user adoption
and reduce the burden of learning a new model. WQSED is a multi-purpose model that can be
used for both management and research scenarios. By linking with the Pitman model, WQSED
is more versatile in data-scarce environments as it can access flow data from hydrological
models. WQSED was linked to a water quality model, WQSAM, as a sub-model providing
sediment concentration data. The advent of global datasets allows data demands of the WQSED
to be met more thoroughly, although many parameters are dependent on calibration. The
WQSED maintains a relatively simple structure but manages to capture important sediment
generation and transport processes. The distribution of a catchment into sub-basins and sub-
basins into slope zones allows for spatial variability (sub-grid effects) within a single sub-basin.
While long-term averages of sediment yield are generally used for management purposes, daily

outputs of sediment yield provided by WQSED are valuable for water quality assessments.
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Chapter S Consideration of spatial scale dependency in the
application of the Modified Universal Soil Loss Equation
(MUSLE)

5.1 Introduction

The problems of scale in model applications arise when a model is applied at a scale that is
beyond that used to develop the underlying assumptions and processes governing the model.
The MUSLE was developed based on research conducted on small catchments (<20km?).
Furthermore, it was developed to be applied using a lumped modelling approach. Over the
years’ researchers have adapted the MUSLE for use in large catchment areas and within semi-
distributed models (Gwapedza et al., 2018b). It is important to highlight the problems
associated with adapting the MUSLE to estimate sediment yield over large areas and to propose
approaches to minimise the effects. Although some papers have addressed approaches to be
used in the application of the MUSLE (Jha et al., 2004; Sadeghi et al., 2013), there remains
little clarity regarding the spatial scale dependencies associated with applying the MUSLE
approach to a wide variety of different catchment situations. The present chapter provides an
evaluation of the spatial scale dependencies of the MUSLE and represents part of the further
development of the WQSED model that is presented in Chapter 4.

While reviewing the original version of the WQSED model (Bryson, 2015), it became evident
that the outputs of the MUSLE can be highly dependent on the spatial scale at which the model
is applied. The rainfall-runoff and water resources yield models that form part of the SPATSIM
modelling framework used in this study are based on a semi-distributed spatial distribution
system, where the spatial scale can vary quite substantially between different applications. The
same is true for models that are based on gridded distribution systems as the grid size used may
vary with the total basin area being modelled. The spatial scale dependencies of the MUSLE
are therefore an important consideration in the application of existing models or the
development of any new model.

In an attempt to isolate the spatial scale-dependent properties of the MUSLE, previously
published studies (Amore et al., 2004; Chen and Mackay, 2004; Sadeghi and Mizuyama, 2007;
Arekhi et al., 2012; Sadeghi et al., 2013; Chaplot, 2014; Jang et al., 2015; Lou et al., 2016) that
applied the MUSLE were scrutinised to identify any spatial scale limitations and to assess how

previous users had solved the problem of scale dependency. In the current chapter, further
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assessments of the likely effects of scale are also investigated using analytical methods and

some hypothetical examples.

5.1.2 Literature assessments of the spatial scale dependency of the MUSLE

The first observation from the literature is that the terms ‘soil erosion’ and ‘sediment yield’ are
used interchangeably to refer to the outputs from the MUSLE, compared to the original USLE
method that distinguished between small scale ‘soil erosion’ and larger scale ‘sediment yield’;
the two being linked by sediment delivery processes (Wischmeier and Smith, 1978). Secondly,
many studies do not specify the units of some or all of the parameters, or the units specified
(notably for erosivity (R) and soil erodibility (K)) are inconsistent across the studies. There are
different definitions of the unit for the K factor, whereas some sources do not provide any
information on the unit of K (Lim et al., 2005; Luo et al., 2016). Sadeghi et al. (2014) refer to

the units as thMJ ' mm™!, whereas others have used MgMJ ! mm™.

A conference
proceedings paper by Cardei (2010) focused on the dimensionality of both the USLE and
MUSLE and concluded that the equations are incorrect in terms of dimensional analysis.
However, the original USLE was never meant to be a physical equation that is dimensionally
correct but rather a statistical equation designed to fit empirical observations. The same must
therefore be true of the MUSLE. This lack of dimensionality in the equation precludes any

possibility of theoretically assessing the scale dependency of the equation.

K was originally defined (Wischmeier and Smith, 1978) as a soil erodibility ‘factor’ applicable
to a unit plot (22.1 m long on a 9% slope). This suggests that K may assume different values
when applied to large heterogeneous areas compared to small homogeneous areas. However,
K appears to have been considered independent of scale in all reported studies. The definition
of K in the MUSLE is the soil loss per unit erosion index, suggesting that K is not scale-
dependent, and the same is true of the non-dimensional cover and practice factors. The issue
of spatial scale dependency referred to so far is different from issues of spatial averaging over
heterogeneous catchment areas. However, it is inevitable that the values for K, cover (C) and
practice (P) will be different for basins of different sizes; such differences would be related to
spatial averaging rather than spatial scale dependencies in the approach used to estimate their
values. These parameters are also linear scaling factors in the MUSLE and therefore the effects

of changes in their values are far more transparent than the effects of the non-linear erosivity
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factor (R: Equation 5.1). The key issue is that K changes with scale, but these changes are

associated with spatial averaging.

While the topographic factor (LS) is also a linear scaling factor, there is a possibility that it
could be scale-dependent. This depends upon the calculation methods used, many of which
will be based on processing digital elevation model (DEM) data (Alewell et al., 2019). With
respect to the erosivity factor, runoff depth could be scale dependent, given typical spatial
variations in both rainfall inputs and runoff response, whereas the specific peak runoff values
(expressed in mm h™!) will almost always reduce for larger catchments, due to the effects of
runoff routing and the associated attenuation. The key issue addressed in the present chapter is
therefore whether the ways in which the LS and R factors are estimated will account for spatial
scale effects in catchments of highly variable size. A recent article focussing on the SWAT
model by Pignotti et al. (2017) suggested that decreasing the grid (or hydrological response
unit: HRU) resolution from a reference 30 m HRU model to 60 m and 1 000 m (i.e. 1 km?),
decreased the sediment yield by 20% and 60%, respectively. Unfortunately, there is insufficient
detail in the paper regarding the sediment parameters and simulations to allow these reductions
in sediment yield to be attributed to any specific cause, or to isolate the spatial scale effect
differences in the hydrological data from other effects on the MUSLE simulations. A literature
review examination (e.g. Amore et al., 2004; Chen and Mackay, 2004; Jha et al., 2004; Chaplot,
2014; Vigiak et al., 2015) of spatial scale effects in the use of either the USLE or the MUSLE
reached, did not provide detailed insights into the reported spatial scale dependencies.
Although these contributions demonstrate the recognition of some spatial scale effects, there
remains insufficient detail on the scale effects of all the inputs to the MUSLE for different
spatial scales. Therefore, it is not possible to fully understand the reasons for the differences in

simulated sediment yields that are reported.

Chen and Mackay (2004), Chaplot (2014) and Vigiak et al. (2015) concluded that the SWAT
model estimates of sediment yield are non-linearly related to the sub-basin area used. Chen and
Mackay (2004) provide a detailed analysis of some scale effects, specifically in the erosivity
equation. However, they do not include any explicit analyses of the spatial scale effects on the
links between the hydrological modelling approaches used to estimate runoff volume (or depth)
and peak flow, and the estimates of erosion. Thus, there are indications in the literature for the
existence of spatial scale effects in sediment yield models that make use of the MUSLE, but

there are no clear guidelines regarding how these effects should be taken into account. The
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following sections make use of some analytical assessments as well as explorations of the

spatial scale effects using hypothetical (but realistic) examples of inputs to the MUSLE.

5.2 Assessments of erosivity spatial scale dependency

The methodological approach taken within the current study makes use of analytical
approaches together with well-controlled hypothetical data (Gwapedza et al., 2018). The use
of analytical methods was adopted because it is much easier to isolate the spatial effects of
MUSLE when it is not embedded within a complex integrated model. In the current study, an
alternative MUSLE equation (Equation 5.1) that estimates the sediment yield (Sy) in t ha™! was

used:

R =1.586. (OD.qdp) *>°. (4rea) 2 (Equation 5.1)

where OD is total runoff depth in mm, gdp is peak runoff in mm h™' and Area is total catchment

area in ha.

5.2.1 Analytical solutions to the Erosivity index (Equation 5.1)

The assessment of the erosivity factor was based on a reference runoff depth of 25 mm and a
peak discharge of 6 mm h™! for a 100 ha sized sub-basin. Various sub-basin areas ranging from
10-100 000 ha were used to analyse the change in the peak discharge that is necessary to
maintain the same erosivity over the various sub-basin areas. In comparing a distributed model
approach to a lumped approach, the average runoff depth (QD) over the total area will be the
same regardless of the number of sub-basins (this is necessary to ensure that the hydrological
mass balance is independent of the distribution approach). However, the peak runoff (gdp)
would be expected to decrease as the sizes of the sub-basins increase. This is based on the fact
that higher peak to volume ratios would be expected in smaller sub-basins (all other factors

being the same) and vice versa, due to the attenuation effects of flow routing.

To obtain the same erosivity value per unit area from Equation 5.1, it is clear that the product
of runoff depth and peak (OD.gdp) must decrease in proportion to the increase in area to the
power of ~0.214 (0.12/0.56). Figure 5.1 illustrates the results of an analysis for an example

runoff event of 25 mm occurring over a 100 000 ha basin with different sub-basin areas
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(ranging from 10 ha to a lumped approach, i.e. using between 1 and 10 000 sub-basins). The
vertical axis shows how the average gdp value must change for the different distribution
systems used (based on first fixing the specific peak discharge at 6 mm h™! for 100 ha sized
sub-basins) to achieve the same erosivity estimate. The peak (qdp) value varies from ~1.4 mm
h™! for the lumped approach, to ~9.8 mm h™! for the approach using the smallest sub-basins (10
ha). The gdp/OD ratio similarly varies from 0.05 (lumped) to 0.39 (10 ha sub-basins).
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Figure 5.1 Relationships between sub-basin area and peak runoff depths required to generate
the same erosivity estimate for a total storm depth of 25 mm (based on fixing the 100 ha peak

at6mmh™).

5.2.2 A distributed approach with flow routing

A hypothetical basin and flow routing were used in order to represent and analyse the effects
of flow attenuation. Figure 5.2 illustrates a hypothetical catchment of 20 km?, which has been
divided up into 20 grids. The arrows in the figure indicate the assumed flow paths that link all
of the grids to the outlet at grid 20. While different routing approaches are available, the
Muskingum equation (Balaz et al., 2010) was used in the present study to route flow through

the 20 grids (sub-catchments). The main motivation for using this approach was based on the
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availability of parameter estimation guidelines for South Africa (Bauer and Midgley, 1974). A
hypothetical hydrograph based on reference total runoff depth of 25 mm with a peak of
6 mmh™! was applied to the total area (20 km?) of the hypothetical catchment shown in

Figure 5.2.

Regional storage (RK) parameters (Bauer and Midgley, 1974) were used to achieve the various
plausible hydrograph attenuation levels for a catchment in South Africa. The hydrograph
routing was based on assuming that the eight headwater grids have a higher runoff response
than the mean for the catchment (35 mm depth and 8.4 mm h™! peak), and that six mid-reach
grids (20 mm and 4.8 mm h™!) and six downstream grids (17 mm and 4.0 mm h™!) have a
below-average response. Different assumptions about the spatial distribution of runoff depth
and peak would give different results but the example used is considered sufficient to illustrate

the spatial scale dependencies of the MUSLE.

The MUSLE was applied using various peak attenuation outcomes to analyse how much peak
attenuation would be required to achieve the same erosion output between a lumped and a
distributed modelling approach. This example assumes spatial uniformity (across all of the
grids) in the other parameters of the MUSLE (erodibility factor K=0.3, LS factor=7, C
factor = 0.05 and P factor = 0.9).

The solid black line in Figure 5.3 shows an unrouted hypothetical hydrograph based on a total
runoff depth of 25 mm with a peak discharge of 6 mm h™! that has been applied to the total area
(20 km?) of the hypothetical catchment shown in Figure 5.2. The remaining three hydrographs
represent the results of applying the Muskingum routing equation to the grid system to obtain
the cumulative hydrograph at the outlet using the regional estimation equations for parameter

RK provided by Bauer and Midgley (1974).
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Figure 5.2 Hypothetical catchment of 20 km?, subdivided into 20 x 1 km? sub-catchment grids.
The arrows indicate the assumed directions of flow used in the sub-catchment routing to the

final outlet at grid 20.

Figure 5.3 Unrouted and routed hydrographs for the 20 km? hypothetical catchment (routing

based on three different RK parameters).
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Table 5.1 lists all the RK values used, the runoff depth and peak values and the final calculated
erosion (or sediment yield). Inevitably, the lumped approach, but with the same hydrograph
and no routing (row 2), provides a much higher sediment yield than all the other estimates.
However, this is a very unrealistic situation as it would be highly unlikely for a 20-km?
catchment to have the same shape hydrograph as a 1-km? catchment. Row 3 lists the erosion
estimate based on a mean (or representative) hydrograph for all grids, calculated for a single
grid and then scaled to the total catchment, assuming no loss of sediment in the catchment. The
results in row 4 are based on the three different hydrograph shapes referred to above and the
total erosion mass is very similar to row 3. Varying the shapes of these three hydrographs
within hydrologically realistic ranges, while retaining the weighted mean response of 25 mm

and 6 mm h™', did not make much difference to the overall result.

Table 5.1 Muskingum routing RK values and sediment yield for different routing options
applied to the hypothetical catchment and hydrographs shown in Figures 5.2 and 5.3 (total
runoff depth = 25 mm).

Sediment yield relative
Total catchment .
K values (h) Depth (mm) & sediment vield to the unrouted grid
Peak (mm h™) ® y value (row 3,
distributed grid)
No flow routing | » 5 ¢ ¢ 09 12 345 1.43
(lumped)
No flow routing | » 5 ¢ ¢ 09 8617 i
(mean grid) )
No flow routing | 8 grids: 35.0 & 8.4
distributed grid) | 8 grids: 20.0 & 4.8 8 680 1.01
g g
6 grids: 16.7 & 4.0

1.83 25 & 2.22 7079 0.82
1.303 25 & 2.84 8126 0.94
1.162 25 & 3.06 8461 0.98
0.968 25 & 3.44 9 040 1.05
0.863 25 & 3.65 9348 1.08
0.794 25 & 3.77 9516 1.1
0.545 25 & 4.55 10 579 1.23
0.482 25 & 4.67 10 725 1.24
0.445 25 & 4.80 10 898 1.26

Notes: The second row applies the erosivity equation (Equation 5.4) using the unrouted hydrograph
for the total catchment. The third row computes the total sediment yield by applying the erosivity
equation to individual grids (1 km?) for a mean hydrograph shape and summing the sediment yield for
all grids. The third row assumes three different hydrograph shapes for the grids. The other rows apply
the erosivity equation using the routed hydrographs for the total catchment.

82



As illustrated in Figure 5.3 and Table 5.1, the regional RK values suggest a very wide range of
attenuation effects over a 20km? catchment, from quite low to very high degrees of attenuation.
The range of lumped (after hydrograph routing) erosion estimates range between 18% lower
and 26% higher than that of the mean gridded estimate in row 3. As noted in the analytical
analysis of the erosivity equation (Equation 5.1) illustrated in Figure 5.12, the MUSLE is very
sensitive to the assumptions made about the shape of a lumped hydrograph response (rows 5
to 13), whereas it is much less sensitive to the assumptions made about how the hydrological

response is distributed in a gridded approach (rows 3 and 4).

5.3 Assessments of topography (LS) spatial scale dependency

A single headwater catchment (48 km?) of the Tsitsa River (outlet at 31.041°S 28.488°E) in the
Eastern Cape of South Africa was used to investigate the potential spatial scale dependencies
of LS. The LS factor was determined using the Shuttle Radar Topography Mission (SRTM)
DEM data with a 30 m spatial resolution. The DEM data were analysed using ArcGIS 10.3
(ESRI Inc.). Detailed LS calculation methods are presented in Chapter 7 and in Gwapedza et
al. (2018). The LS factor was determined for the entire catchment (lumped value) and for each
of 55 x 1 km? grids (distributed values) covering the total catchment area (with some small

overlaps into adjacent catchments).

The frequency histogram (Figure 5.4) shows the gridded LS values which have a mean of 5.7
and a median of 4.95. The lumped value for the entire catchment was calculated as 7.3, which
lies at approximately the 70™ percentile on the gridded cumulative distribution. These LS values
suggest that a lumped approach would generate higher erosion values than the summation of

the values for the distributed grids.
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Figure 5.4 Illustration of the scale dependency of the topographic factor (LS) using a lumped
and distributed approach.

However, the erosivity factor will also change between the lumped and distributed approaches.
Therefore, the MUSLE has been applied with similar values as those used in the previous
hypothetical example, assuming that the higher runoff estimates are applicable to the higher LS
values and vice versa. For the lumped estimate, a total runoff depth of 25 mm and a gdp value
of 3.06 mm h™! were used, as these were found to provide the closest value for total erosion
compared to the distributed model in Table 5.1. The gridded total erosion (corrected by 48/55
to account for the extra area occupied by the grids) was 20 226 t, whereas the lumped result
was 23 475 t, some 16% higher than the gridded value. This relatively simplified example
therefore suggests that the spatial scale uncertainties associated with the LS factor are

quantitatively quite similar to that of the erosivity factor (Table 5.1).

5.4. Discussion and conclusions

The main scientific questions related to spatial scale and sediment yield are rooted in the hydro-
geomorphological processes involved and it could be argued that they should really be resolved

through detailed field studies (Sadeghi et al., 2013). However, such studies are not always
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possible and Sadeghi et al. (2013) also noted that the results from small plot studies may not
improve the accuracy of basin-scale estimates. It should also be acknowledged that basin-scale
estimates are important from a practical water resources management perspective and that these
are frequently required in data-scarce and large basin environments. The detailed guidelines
offered by Renard et al. (1997) for predicting soil erosion using the Revised Universal Soil
Loss Equation (RUSLE) are designed for field-scale studies and refer to the type of data that
are available for the USA. These types of guidelines are therefore not appropriate for either
large basins, or for data-scarce regions. It is therefore not unreasonable to suggest that there
are important scientific questions about the way in which soil erosion and sediment yield
estimation methods are included within basin-scale hydrological and water quality simulation
models, as well as about the uncertainties associated with applying such models in different

environmental situations.

The present study demonstrates that the MUSLE has the potential to generate different
estimates of erosion depending on the spatial scale of the area under consideration and whether
a lumped or distributed modelling approach is adopted. The erosion estimates are also sensitive
to the size of sub-areas (or grids) used in a distributed, or semi-distributed, approach. This
serves to illustrate that the MUSLE is spatially scale-dependent, and estimates of sediment
yield across a large basin area (lumped approach) tend to result in larger values compared to
the sum of estimates over smaller sub-basin areas (distributed approach), unless some of the
other parameters of the model are re-calculated to compensate for the spatial scale effects. It is
acknowledged that the largely hypothetical examples used are simplified and that the scale
dependencies in real basin simulations might be far more complex. However, from a
mathematical perspective, the general conclusions regarding spatial scale dependencies

reached using the hypothetical analyses will be equally applicable in real-world examples.

The specific dependencies will always depend on the specific model and, for example, how the
hydrology parameters and algorithms interact with the MUSLE at different spatial scales. The
examples used suggest that the spatial scale dependencies are not very large as long as realistic
approaches are used to quantify the parameters. For example, it would not be considered
realistic to use a lumped approach without flow routing with a peak discharge that is applicable
to a smaller scale (Table 5.1, row 2). This inevitably results in a much higher sediment yield
estimate (12 345 t for the example given) than achieved when using a distributed approach (~8

600 t), while different methods of dealing with the effects of spatial variability in peak values
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(Table 5.1, rows 5—12) suggest a lower range of sediment yield estimates (7 000 to 11 000 t).
The effects of estimating the LS factor using different spatial scales was found to be in the same
range. It is acknowledged that these spatial scale effects might be quite small compared to other
uncertainties associated with the application of the MUSLE in real-world situations. However,
users of the MUSLE should still make every effort to minimise the spatial scale effects as far

as possible.

It has been noted that several publications (Chen and Mackay, 2004; Jha et al., 2004; Chaplot,
2014; Vigiak et al., 2015) have recognised the effects of spatial scale on simulated sediment
yields. This contribution is designed to add to the growing body of evidence that supports the
need for careful sensitivity testing in the application of any model that makes use of the
MUSLE. The results of the present study suggest that the focus should be on the erosivity
equation (Equation 5.1) and the LS factor, but clearly the methods used for spatial averaging
of the other factors will also play a role. The scale dependency of the LS factor has only been
briefly addressed in the present study, but the results suggest that it has the potential to be
important. However, this issue certainly requires further investigation as any spatial scale
dependencies are likely to vary a great deal with the topographic variations of a specific

catchment, as well as with the methods used to estimate LS.

If the runoff depth and peak components of the erosivity equation are modelled explicitly for
each grid of a fully distributed model, it seems likely that the scale dependency issues will be
minimised. However, many models of this type allow for different grid sizes depending on the
total catchment area (to limit model run times in large catchments), in which case some spatial
scale problems may persist. Vigiak et al. (2015) suggested that the impacts of varying grid size
in the SWAT model can be reduced by using a threshold area, and if the grid size is greater
than this threshold, the sediment yield estimates are computed for the threshold area and then
scaled to the total grid area [or ‘linearised proportionally’ in the words of Vigiak et al., 2015)].
The greatest potential problems with scale dependency are likely to occur in lumped (or semi-
distributed, sub-basin) models where the modelled spatial domain can vary hugely. A similar
approach to that used by Vigiak et al. (2015) could be the application of the erosivity equation
to a fixed (small) representative area, and the scaling-up of the estimated erosion value to obtain
an estimate for the entire sub-basin. With such an approach, it is assumed that the input MUSLE

factors represent mean (or median) values for the whole sub-basin but are appropriate to the
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representative spatial scale used. The results of the hypothetical example (Figure 5.3) listed in
Table 5.1 suggest that the model is not very sensitive to likely uncertainties in the variability
of the depth and peak runoff terms of Equation 5.1 across small sub-basins (or grids). This
sensitivity is far less than the potential differences between the use of a lumped or gridded
approach, depending upon any assumptions about flow routing and attenuation. In many
lumped (or semi-distributed) approaches, the likely hydrological inputs to the model will be
daily simulations of runoff volume at the outlet of the sub-basin (Hughes and Slaughter, 2015).
If a ‘representative grid’ approach were to be used, the important issue would therefore be to
estimate the peak value for the representative area. This is perhaps a better defined and more
tractable modelling question than dealing with the other issues of scale dependency. However,
the analytical approaches used in the present study (Sections 5.3.1 and 5.3.3) also indicate that
it is possible to pre-calculate the likely impacts of varying spatial scale and to compensate for
them using appropriate methods to quantify the scale dependencies in the relationship between
runoff depth and peak in Equation 5.1. The present study also identified some spatial scale
dependencies in the topographic factor (LS) and these would be more difficult to resolve with

a representative area type of approach.
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Chapter 6 Evaluating the effect of temporal changes in vegetation
cover (C) factor on the MUSLE

6.1 Introduction

The relationship between precipitation, vegetation and erosion is well known, having been
documented in the early work of inter alia Langbein and Schumm (1958) and the recent work
of Martinez et al. (2017). The understanding of the effect of vegetation on erosion ensured that
it was listed as one of the parameters within the USLE (Wischmeier and Smith, 1978).
However, representing vegetation spatial and temporal change within models remains a
challenge and recent work refers to attempts to find an appropriate temporal scale for
parameterising the vegetation cover (C) parameter, typically using remote sensing techniques
(Alexandridis et al., 2015; Schmidt et al., 2018). Wischmeier and Smith (1978) provide look-
up tables for the USLE to guide the derivation of C values for specific vegetation coverage
categories. However, the same authors warn that these may not be directly applicable to
conditions outside the areas in which the estimation methods were developed. Renard et al.
(1997) further developed guidelines for C factor estimation, with a focus on conditions in the
USA where detailed vegetation cover data are available. Despite the restricted applicability of
these results, their insights remain a crucial starting point for developing region-specific
guidelines, particularly for countries such as South Africa where field measurements are scarce
and the use of less detailed, low-resolution satellite data is a more accessible option. It therefore
remains important to explore different methodologies for deriving the value of C (Sadeghi et
al., 2013; Vrieling et al., 2008a) while also paying attention to temporal variations as a way of

reducing some of the many uncertainties associated with modelling erosion and sediment yield.

The C factor as defined in the MUSLE is generally similar to that defined in the Universal Soil
Loss Equation (USLE) (Wischmeier and Smith, 1978) and the Revised USLE (RUSLE)
(Renard et al., 1997). Both studies suggest that because the USLE was developed to estimate
long-term average soil loss, the factors in the equation (including the C factor) represent an
integrated average annual condition. Renard et al. (1997) suggest the effects of vegetation cover
fluctuations associated with rainfall and temperature tend to average out over time. Williams
(1975) proposed the runoff factor for representing specific events, and suggested that the new
equation (MUSLE) could be coupled with a hydrological model (Smith et al., 1984) to simulate

time series of sediment yield. However, the original USLE factors were maintained (Karydas
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et al., 2014; Smith et al., 1984) without an indication of how variations in the C factor should
be accounted for. The C value is a simple linear scaling factor in MUSLE and understanding
the effects of changes to the value for a single storm event (or day) is trivial. However, if the
C value varies systematically with the value of the erosivity factor (R — based on runoff
estimates), the effects on both long-term sediment yield, as well as the frequency distribution
of daily sediment yield, are not readily predictable. Similarly, the implementation of the
MUSLE in this study (WQSED model) includes sub-grid effects in an attempt to account for
some of the spatial variations in the MUSLE parameters across a single sub-basin modelling
spatial unit. The relationships between the sub-grid estimates of C and the other MUSLE
factors (including the time varying relationships with R) suggest that predicting the effects of

spatial variability in the C value may also be non-trivial.

As the spatial scale of applications of USLE-based models has extended from the plot to the
watershed scale with the help of GIS (Karydas et al., 2014), some of the USLE factors have
become difficult to estimate as prescribed in the original USLE and RUSLE handbooks
(Alewell et al., 2019). However, GIS and remote sensing data have enabled erosion factors to
be mapped over large areas, although limitations associated with accuracy still exist (Colman

et al., 2019; Karydas et al., 2014; Schmidt et al., 2018; Sepuru and Dube, 2018).

The aim of this chapter is to explore the impact of different approaches to estimating the C
factor on simulated sediment yield using the T35C sub-catchment of the Tsitsa River catchment
as an example. The approaches include comparisons between a fixed value and a time-varying
value, as well as the use of NDVI remote sensing data to quantify the time-series variation in
C. The current version of the model is based on fixed C values and this part of the study is
designed to assess whether adopting a more detailed approach to the C value estimation

methods can be justified in terms of improved results.

6.1.1 C factor mapping through remote sensing technologies

Traditionally, the C factor has been determined by field measurements and interpolation
(Wischmeier and Smith, 1978) using look-up tables for different land cover classes. This
approach is only feasible at plot or field scales and becomes increasingly prohibitive as the area
of the study increases because accurate measurements are expensive and time-consuming, and
standard equipment is often not available (Vrieling et al., 2008). Recent applications of USLE
and MUSLE type models are frequently at the basin scale (Noor et al., 2010; Arekhi et al.,
2012; Sadeghi et al., 2013; Pan and Wen, 2014) and therefore C factor mapping using remote
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sensing data has been adopted (Vrieling et al., 2008). A common approach is the use of
classification of satellite imagery to derive land cover/use from which the C factor is then

calculated (e.g. Almagro et al., 2019).

During the classification of multi-spectral satellite imagery, thematic information relating to
land cover is extracted using semi-automated routines (Sepuru and Dube, 2018). Various
methods of classifying satellite imagery have been developed. These can be merged into two
distinct categories, namely supervised and unsupervised classification methods (Sepuru and
Dube, 2018). Classification methods cluster pixels within the satellite image based on their
similarity, in order to create land cover maps. The traditional method of assigning C factor
values from the literature to classified land cover maps gives results that are constant over large
areas (de Asis and Omasa, 2007) and fails to represent the spatial variability of vegetation cover
(Wang et al., 2002). Errors in classification (Sepuru and Dube, 2018) are also introduced to the
resultant C factor map (de Asis and Omasa, 2007). Therefore, direct regression of NDVI to the
C factor is now used as an easier and cost-effective method of determining a spatially variable

C factor (de Asis and Omasa, 2007; Phinzi et al., 2020; Vrieling et al., 2008).

Different land cover types have different spectral signatures, and it is possible to isolate land
cover types in a satellite image based on spectral properties. Vegetation indices such as the
NDVI are continuous variables that allow for a detailed spatial and temporal comparison
(Vrieling et al., 2008), whereas land cover/use databases do not offer such flexibility.
Vegetation indices are influenced by pigmentation, moisture content and the physiological
structure of a vegetation type. Chlorophyll absorbs more red and blue bands in the visible
spectrum and reflects green bands. In the near-infrared spectrum, the reflectance is high and
proportional to the leaf development and cell structure, whereas in the mid-infrared spectrum,
the reflectance is based on the content of water in the leaves. Leaves of low water content
reflect highly whereas those of high water content absorb light of the mid-infrared spectrum

and reflect less.

The Normalised Difference Vegetation Index (NDVI) is a measure of plant ‘greenness’ used
to assess vegetation health. It is calculated as a ratio of the different reflectance signals between
the infrared and red bands (Gandhi et al., 2015; Sepuru and Dube, 2018). The NDVI is one of
the most widely-used vegetation indexes to investigate vegetation health (Vrieling et al.,
2008b), and an important index used in vegetation and climate change research (Gandhi et al.,

2015). NDVI values range from +1.0 to —1.0. Areas of bare soil, rock and snow have low NDVI
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values of <= 0.1. Sparse vegetation such as grass and shrubs may have NDVI values ranging
from 0.2 to 0.5, whereas dense forest vegetation may exhibit NDVI ranges of 0.6 to 0.9 (Weier
and Herring, 2000). Green vegetation, therefore, yields high NDVI values, bare soil the lowest

and water yields negative values.

Several studies (De Jong, 1994; van der Knijff et al., 1999; Cai et al., 2000) have attempted to
develop NDVI to C factor conversion methods. However, limitations include the fact that
NDVI s sensitive to vegetation vitality which is not consistently correlated to its soil protective
function (De Jong, 1994). In spite of the limitations, NDVI continues to be a commonly used
method to determine the C factor for large spatial scales (e.g. Alexandridis et al., 2015; Bhat et
al., 2017; de Asis and Omasa, 2007; Islam et al., 2020; Le Roux et al., 2008; Phinzi et al., 2020;
Sulistyo, 2016; Sun et al., 2014). The close relationship between NDVI and Leaf Area Index
(LAI) (Fan et al., 2009; Palmer et al., 2017) has also led to LAI being used to estimate the C
factor (e.g. Panagos et al., 2014). However, satellite LAI data has been criticised for poor
representation of short stature vegetation (Fan et al., 2009), and for at times being inaccurate
by a factor of 2 (Glenn et al., 2008). The two vegetation indices represent some of the more
widely used methods to estimate the spatial and temporal variability of the C factor (Oliveira
et al., 2015; Panagos et al., 2014; Sepuru and Dube, 2018) and this is important for catchment-

scale modelling.

6.2 Methods

6.2.1 Acquiring NDVI data

Mean monthly values of catchment NDVI were accessed from Google Earth Engine (GEE)
based on a script made available by the GEE developers

(https://code.earthengine.google.com/,accessed July 2020). LAI was also accessed from GEE

in order to assess the relationship between LAI and NDVI in the catchment. For spatially
distributed NDVI data it was necessary to download and process images within GIS. Therefore,
‘Landsat 8 OLI/TIRS C-1 Level-2’ images were acquired. The data are atmospherically
corrected surface reflectance values. The satellite imagery used within the present study is
freely downloadable from the United States Geological Survey (USGS) Earth Explorer
(https://earthexplorer.usgs.gov/,accessed January 2018), a service that provides satellite

imagery.
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The imagery acquired was generally of good quality because images with >10 % cloud cover
were filtered in the search criteria. Two approaches were used to assess the impacts of a
variable C factor. The first represents an inter-annual analysis over six years starting in 2013
(the launch year of the satellite) and based on data for a single month. Satellite images from
March were chosen at the suggestion of Vrieling et al.(2008) that a single image selected over
the main erosive season can suffice to describe the variability in the C factor. The second

represents an intra-annual analysis using data for all months over two years, 2016-2017.

For the downloaded satellite images, the red (band 4) and near-infrared (band 5) data of Landsat
8 images were used in the analysis. NDVI was computed from these band images using the

‘Raster calculator’ tool in ArcGIS 10.3. The expression for calculating the NDVT is:

NIR—Red
NDVI = ——== (Equation 6.1)
NIR+Red

Table 6.1 Dates of images acquired for inter-annual analysis.

Year Date image was taken
2013 28 March
2014 14 March
2015 08 March
2016 19 March
2017 18 March
2018 09 March

6.2.2 NDVI to C factor conversion

Several methods of scaling NDVI to the C factor were assesed in order to find a method that
could be applicable to the present study area. The assement revealed that some methods failed
to calculate C from NDVI above certain thresholds (De Jong, 1994; Suriyaprasit and Shrestha,
2008; Durigon et al., 2014) (see Appendix B.1B). Other methods calculated C factors that were
high (Sulistyo, 2016). Only the method proposed by Van der Knijff et al. (1999) gave
reasonable C factor values without the need for modification (Equation 6.2); hence it was

adopted for use in the current study:

NDVI
"(B-NDVI)

C =exp [—a (Equation 6.2)
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In Equation 6.2, o and f are parameters that determine the shape of the NDVI - C factor curve,
with values of 2 and 1, respectively, suggested. A low NDVI suggests little or no vegetation

and results in a high C factor, while a high NDVI results in a lower C factor.

The method proposed by Van der Knijff et al. (1999) has been criticised for underestimating
the C factor in areas with intense rainfall (Durigon et al., 2014), with specific reference to a
catchment in Brazil. However, a recent study by Almagro et al. (2019) in a tropical Brazilian
catchment reported that the same method over-estimates the C factor. Such disparities indicate
the uncertainties associated with the method so that it is vital to validate predicted C factor
values with field-collected data (Suriyaprasit and Shrestha, 2008). In the current study,
validation of the predicted C factor yielded linear regression R?>=0.75 when compared to field

validation data (See Appendix B.1A).

Differences in the intra-annual variations in the C factor were also analysed for the two most
prominent natural vegetation cover classes: grass (74%) and thicket/forest (5%). This analysis
was designed to assess which class was more variable and thus might have a significant
influence on the mean catchment C. Unnatural vegetation classes (e.g. cultivation and
plantations) were not included because their temporal variation may depend on human
influence and the management information with regards to planting and cropping is not easily

accessible.

6.2.3 Sediment yield calculations

Three catchments that include the Tsitsa river and its tributaries Inxu and Mooi (T35C) rivers
were considered for the analysis. T35C was used for the long term inter-annual analysis and
two-year intra-annual. The other two catchments subsequently served to validate the outcome
of the T35C analysis based on observed sediment data. The sediment yield calculations were
conducted using the MUSLE as applied within the WQSED model (Chapter 4). The storage
model was not included as the assessment sought to analyse direct MUSLE simulations. The
focus of the application was to assess whether the potential temporal variability in C factor
would lead to large differences in cumulative sediment yield. To achieve this, the model was
first run with fixed C factor inputs calculated using the widely used land cover/use maps and
secondly run with variable C factor inputs calculated using the NDVI method (section 6.2.1).
Although the model was applied at a daily timescale, computed monthly C factors were held

constant over the entire month and over the entire year for the intra-annual and inter-annual
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analysis, respectively. The fixed C factor was held constant across all the time scales. The flow

data input to the model was based on records of observed daily discharge. Sediment outputs
were evaluated using the R, PBIAS and Nash Sutcliffe Efficiency (NSE) (Nash and Sutcliffe,
1970). Tables with the calculated MUSLE factors are presented in Appendix C.2.

6.3 Results

6.3.1 Fixed C factor

The C factor for catchment T35C was calculated as 0.098. Table 6.2 summarises the C factor

calculation for the T35C catchment using landcover/use maps and C values from the literature.

The total weighted C factor (column 5, last row) was used as the C factor value within the

MUSLE.

Table 6.2 Fixed catchment (T35C) C factor calculated using maps and values from the

literature.

Class Name cPoll):fllt % of total | C factor Weighted C factor

Thicket /Forest 13 441 5.1 0.009 0.000461
Woodland/Open bush 4234 1.6 0.012 0.000194
Low shrub land 1306 0.5 0.013 0.000065
Plantations 38 838 14.8 0.012 0.001776
Cultivated 3553 1.4 0.37 0.005008
Settlements 728 0.3 0.1 0.000277
Wetlands 5897 2.2 0.038 0.000854
Grasslands 194 031 73.9 0.12 0.088708
Waterbodies 31 0 0.01 0.000001
Bare Ground/Degraded 417 0.2 1 0.000715
Total 262 476 100 0.098

6.3.2 NDVI and variable C factors

Figure 6.1 illustrates that the NDVI values are higher for the summer rainfall months and lower

during the generally drier and cold winter months. They generally start to increase with the

onset of the rainfall season after September. Figure 6.2 indicates that there was a weak positive
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linear relationship (R?>=0.49) between NDVI/C factor and rainfall and a somewhat stronger
linear relationship (R?>=0.55) with temperature. A similar trend in the monthly NDVI was noted
for 2017 (Figure 6.1). The lowest C values occurred in February during both years (0.02 in
2016 and 0.016 in 2017), while the highest values of 0.30 and 0.32 were obtained in September
for 2016 and 2017, respectively. The LAI displays a similar seasonal trend compared to the
NDVI; a strong linear regression (R?=0.88) is exhibited between the LAI and NDVI (Figure
6.1).

The inter-annual C factor distribution presented in Table 6.3 shows the differences between the
variable C factor (based on March NDVI data) and the fixed value. It is immediately clear that
C factors calculated for March are much lower than the fixed values calculated from the
literature values of vegetation cover types. Figure 6.2 illustrates that late autumn to early spring
C values are much higher compared to either the fixed C value or the single month NDVI
estimate. However, as already noted, the important issue with respect to impacts on sediment

yield depends on the seasonal variations in the erosivity factor that is driven by the runoff data.

Figure 6.1 Distribution of monthly NDVI and LAI factor for 2016-2017.
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Figure 6.2 The relationship between normalised rainfall and temperature with C factor; insert
linear regression of rainfall, temperature and C factor for the years 2016-2017. The climate

values were normalised by dividing all values by the first value in the distribution (i.e. Jan).

Table 6.3 Percentage variation between inter-annual and fixed C factors for catchment T35C.

Year NDVI C factor % of fixed C (0.098)
2013 0.67 0.017 17
2014 0.70 0.009 9
2015 0.68 0.014 14
2016 0.65 0.024 24
2017 0.67 0.017 17
2018 0.69 0.012 12

Figure 6.3 illustrates the variation in the C factor values derived from NDVI data for the two
main vegetation types within the T35C catchment. The maximum and minimum values

represent the range of calculated NDVI C values across all the pixels that were classified into
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the two vegetation types. The grassland type has the largest seasonal range, particularly in the
maximum values, as well as the largest difference between maximum and minimum values.
This could reflect the fact that grasslands in this area include both natural grassland, as well as
heavily grazed and therefore degraded grassland. The minimum values for the thicket/dense
bush vegetation type are always 0, while the maximum values vary from 0.04 in the wet season
to 0.21 in the dry season. This may reflect the variations in the location of the bush areas within
the landscape, the consistently low values lying in well-watered valley bottom locations, while
the more variable C values reflecting locations on slopes and ridges that are more prone to

seasonal variations in moisture availability.

Figure 6.3 Monthly C factor distribution of the grass and forest vegetation classes in the T35C
catchment for the year 2016 calculated from NDVI.
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6.3.3 T35C catchment sediment yield (SY) distribution

The results for 2016 (Figure 6.4) show that the fixed C factor yielded much higher sediment
output compared to the variable C factor, with total annual sediment yields calculated as
5464x10° and 4 625x10° tons, respectively. The major differences occur in the three main
summer runoff months. These impacts are somewhat offset by higher sediment yields using
the variable C factor in the winter and spring months, when the C values are quite substantially
higher than the fixed value. The results for 2017 (Figure 6.5) also display the typical seasonal
variability exhibited in 2016. However, there is a larger difference between the total sediment
yields simulated using the fixed (5 203x103 tons) and dynamic (2 871x10° tons) C factors. In
this year the sediment generated during the two main summer months (January and February)
is substantially reduced, there is little sediment generated during the winter and during the
months of November and December the fixed and variable C values are similar. The analyses
of the two years clearly indicate that the differences between the use of fixed and variable C
factor values are dependent upon the rainfall and streamflow regime during the year and
whether the dominant erosion and transport events occur during the year when the variable

values are close to, or very different from, the fixed estimates.

Figure 6.4 Distribution of sediment yield simulated using the fixed and variable (NDVI) C
factors for catchment T35C in 2016.
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Figure 6.5 Distribution of sediment yield simulated using the fixed and variable (NDVI) C
factors for catchment T35C in 2017.

Figure 6.6 shows the results of the inter-annual analysis using annual variations in the C factor
based on March NDVI data, compared with a fixed C value. The differences are substantially
greater than those revealed by the intra-annual analysis based on 2016 and 2017. The variable
C value results in approximately 85% less sediment compared to 16% and 45% less based on
the intra-annual analysis for 2016 and 2017. This is, of course, a result that could have been
predicted from the data provided in Table 6.3 which indicates that the March-based C values
are only ~15% of the fixed value. The clear conclusion is that using a single month to determine

the annual variability in C values is likely to be a very uncertain exercise.
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Figure 6.6 Sediment yield variation resulting from the fixed and variable (NDVI) C factor.

6.3.4 Validating the C factor assessment in the Tsitsa catchment and Inxu sub-
catchment

The results summarised in Table 6.4 and in Figures 6.7 and 6.8 corroborate the findings
reported in Section 6.3.3, showing that the use of a fixed C factor results in the over-estimation
of sediment yield when compared to observed data in both sample catchments. However, the
R? values for both daily and monthly time scales suggest that the poor results are a consequence
of systematic bias. Given that the C factor is a linear multiplier in the MUSLE, it could be
calibrated (together with the other linear factors in the equation) to generate a much more
acceptable result on the basis of the NSE and PBIAS statistics. This would involve reducing
the fixed C value. For the Inxu, the use of a variable C factor leads to an under-estimation of
about 78%, and while the NSE and PBIAS statistics are much improved, the R? values for daily
and monthly are much lower compared with the fixed C factor result. The conclusion is that
the un-calibrated model result is better, but also that a simple scaling calibration would be less
effective. For the Tsitsa, the variable factor model results in over-estimation (but less than with
a fixed factor), and the conclusions about further calibration are the same as for the Inxu

catchment.
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Table 6.4 Summary of sediment yield (SY) output in the Inxu and Tsitsa catchments compared

to observed data.

Fixed C Sediment yield (ton x10%) SY relative to observed
Catchment | value Fixed C | Variable C | Observed Fixed C Variable C
Inxu 0.13 11312 840 1072 10.60 0.80
Tsitsa 0.12 785 455 362 2.20 1.30

Figure 6.7 An illustration of observed SY versus sediment calculated using the fixed and

variable (NDVI) C factors in the Inxu catchment (Log Y -axis).
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Figure 6.8 An illustration of observed SY versus sediment calculated using the fixed and

variable (NDVI) C factors in the Tsitsa catchment (Log Y-axis).

Table 6.5 Summary statistics comparing observed data the SY output attained using a fixed or

variable C factor at daily and monthly time scales.

Daily Monthly
Catchment | C factor type R? NSE | PBIAS | R? NSE PBIAS
Inxu Fixed C 0.76 -32 954 0.99 -0.81 954
Variable C 0.52 0.37 -21 0.67 0.49 -21
Tsitsa Fixed C 0.75 -0.22 115 0.89 -0.92 117
Variable C 0.45 0.40 22 0.65 0.62 26

The observed records that are available for the Inxu catchment preclude an analysis of the
seasonal variations in sediment output. However, the relatively short record for the Tsitsa
suggests that winter runoff and sediment yield can play a quite important role, at least in some
years. It is therefore interesting to note that the largest over-simulations occur in the late autumn

to early summer months, when the estimated C values are quite high. This could reflect the
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uncertainties in the use of the NDVI data to estimate the C values, particularly when the NDVI
values are low in winter, when the organic matter cover on the soil surface still provides some

protection from erosion.

6.4 Discussions and conclusions

In general, the analysis showed greater intra-annual variability in the C factor as compared to
inter-annual variability. The findings of Vrieling et al. (2008) support the above result as they
found that vegetation cover, and hence the C factor, can show high intra-year variability,
depending on seasonal effects and land management. A correlation of C factor values between
the months of years 2016 and 2017 yielded 0.9, indicating that there was little variability in the
distribution of C factor values on a month-to-month basis for the two years. The results also
indicate that the grass vegetation class has the highest seasonal variation, and this has the

greatest impact on sediment yield as it has the highest spatial coverage in the T35C catchment.

The linear regressions between the C factor, temperature and rainfall (Figure 6.2), show that
there are no strong individual linear relationships between rainfall or temperature and the C
factor derived from NDVI, although the relationship with temperature is slightly higher. This
can be partly attributed to the fact that both temperature and moisture availability are likely to
affect increased NDVI values (Lin and Fang, 2016), and that vegetation cover response to
rainfall and temperature is likely to be lagged. The strong linear relationship between LAI and
NDVI (Figure 6.1) in the catchment is important (Fan et al., 2008) as both have been criticised
(Schmidt et al., 2018) for different reasons: NDVT for failure to represent the erosion resistance
of poor vitality vegetation as it is bound to chlorophyll reflectance, and LAI for failure to

represent short stature vegetation (e.g. grasses).

Additional criticism concerning the failure of both LAI and NDVI to represent poor vitality
and above-ground biomass of short stature vegetation (during winter), reveals a major
shortcoming of the two spectral indices. This limitation is apparent in Tsitsa catchment results,
where over-estimates in winter dominated the simulations, while many of the over-estimates
for the short Inxu data record is in spring and early summer before the NDVI values reach their
highest peaks. Accordingly, the popular methods of calculating the integrated C factor at plot
scale then extrapolating/scaling the information to larger areas using land use/land cover areas
(e.g. Colman et al., 2019) have already been identified as flawed by Beven (1989). Both the

Inxu and Tsitsa examples highlight the likely over-simulations that might occur by using an
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uncalibrated fixed C factor based on land cover and look-up tables. While the use of the NDVI-
derived variable C values improved the simulations, there remain substantial uncertainties in
the applicability of the NDVI-based estimation methods for the C factor. The developers of
the NDVI to C factor conversion methods did not seem unaware of the limitations of the index
but sought to conduct a direct conversion based on the similarity of the range of NDVI values

to the original C factor range.

The results of the present study suggest that failure to account for temporal changes in
vegetation cover may add to some of the many uncertainties associated with modelling
sediment yield. The sediment yield simulations using the fixed C factor were generally higher
mainly because the wet summer season C values are typically lower than the fixed value. The
fact that a high C factor might not translate into high sediment yield if there is a limited runoff
during the winter season is a somewhat obvious conclusion. However, the admittedly short
period of data for the Tsitsa catchment suggests that winter rainfall and runoff is possible in at
least some years and locations in this general region. This implies that the over-estimation of
the C factor in winter could be important and represents a major limitation of the NDVI
estimation approach. It is also evident from both catchments that the transition months from
low to high C values (autumn), and from high to low values (spring) can represent periods
when sediment load over-estimations occur. The overall conclusion is that while the NDVI
approach is useful in terms of identifying spatial variations in the C value, the actual estimation
equation (Equation 6.1) requires some revisions. It is likely that these revisions may be site-
specific. For example, the effects of using the approach in the winter rainfall regions of the
Western Cape Province may be quite different to the effects illustrated in the T35 region of the
Eastern Cape (mainly summer rainfall, but with some winter rainfall), and may be different
again in other parts of South Africa where winter rainfall is very rare. The inter-annual analysis,
based on annual variations using a fixed month, illustrated that this somewhat simpler approach
to allowing for C variations will be very uncertain. This is particularly true for a region with a
variable rainfall (and therefore runoff) regime in which high rainfall events can occur during

most months of the year, even if they are more frequent during the summer months.

The analysis of C variability across the two vegetation types (Figure 6.3) suggests that any
revisions to the NDVI-based estimation approach may also need to be vegetation-type specific.
The seasonal and spatial variations in the derived C values are much greater for the dominant
grassland type than for the less frequent bush/forest type. A further, potentially related, issue

is that over-grazing has often been cited as one of the reasons for high sediment loads in the
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T35 region (Le Roux, 2018; van Tol et al., 2016). However, it is also suggested that a great
deal of the sediment load may be derived from gully erosion (Le Roux, 2018) which is not
explicitly simulated by the MUSLE and therefore is a potentially different issue, unrelated to

how the seasonal C values are estimated.

The availability of satellite data and GIS processing tools allows an alternative approach to the
use of a lumped C factor estimation using land cover maps, by employing spatially distributed
approaches based on spectral indices such as NDVI. Nevertheless, access to high-quality
satellite data is often expensive and some available data may not be useful for analysis because
of problems such as poor resolution and cloud cover. Although cloud cover removal techniques
are available, this only adds uncertainty to the quality of the pre-processed image.
Consequently, some of the 30m Landsat data used were carefully selected and manually
processed to ensure the quality of the NDVI output. However, as the analysis was conducted
in a single region over a small number of years, assessments that are more robust are needed
to investigate the NDVI to C factor conversion used in this initial assessment. Nevertheless,
the study highlights the variations in outputs associated with different approaches to estimating
the C factor. Increasing spatial and temporal resolution is vital for describing catchment
processes in greater detail. Maintaining simplicity in model parameterisation is also central to
the current research and the results should assist potential users to anticipate the likely effects
of scale (temporal and spatial) in MUSLE applications. Overall, the current study shows the
importance of adopting a monthly/seasonal distribution of C factor values when applying the
WQSED model and other models that use the MUSLE to calculate sediment, but also highlights

a number of uncertainties in the current methods used to calculate the variability of the C factor.
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Chapter 7 Regional testing and evaluation of the WQSED model

7.1 Introduction

Sediment yield models that provide reliable simulations are needed if they are to be integrated
into catchment management and planning. Although the reliability of model estimates can only
be tested and validated against observations, daily observations of sediment data are generally
not accessible in most African catchments, and this lack of data constrains the usefulness of
model estimates. Although several sediment modelling studies have been conducted in South
Africa since 2005 (e.g. Grenfell and Ellery, 2009; Le Roux, 2018; Le Roux et al., 2008; Phinzi
et al., 2020; Scott-Shaw et al., 2020), some of these studies were not validated because of a
scarcity of observed data. Although previous model estimates are often used to ‘validate’
simulated outputs in the absence of observed data, this approach cannot be considered a reliable

method of validation; independent sources of sediment yield data are therefore required.

This chapter aimed to calibrate and validate the application of WQSED to various catchments
in South Africa using observed data. However, since this project could only gain access to data
for two South African catchments (Tsitsa and Inxu sub-catchments) with short (one season)
observed sediment records, the application of the model was extended to catchments in
Zimbabwe (Gwai and Odzi) for which there are some limited observed sediment data.
Additional catchments were selected from the United States of America (USA) (Grand Cane
and San Patricio catchments) and the USA territory of Puerto Rico (Rio Tanama catchment) to
supplement the model testing exercise. Model parameterisation was based on the parameter
estimation approach outlined in Chapter 4. Lists of parameters for all the catchments are

presented in Appendix C.2.

7.2 Setting up the models

The data inputs for the WQSED model can be broadly categorised as flow inputs and input
data that describe the physical catchment conditions. The flow inputs include time series of
daily basin total flow and separated surface runoff through which the model simulates sediment
yield at a continuous daily time scale. As the WQSED does not directly simulate flow, flow
inputs into the model can either be based on simulations by a hydrological model or on
observed data; the accuracy of simulated sediment yield is therefore largely dependent on the

accuracy of the flow inputs. Observed flow should be used if a complete dataset is available,
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while simulated flow used if observed flow data are absent, incomplete or deemed unreliable.
Appendix C.1 shows the graphs of observed flow discharge and sediment loads from the

selected catchments.

Three components of the WQSED model, namely MUSLE and the simple and complex storage
options (See Chapter 4), are a main focus in this chapter. Sediment yield from the three
components are separately compared with observed data to evaluate the performance of the
model as complexity increases. The WQSED model outputs are time series of total daily
erosion and sediment yield (both in metric tonnes) at the outlet of each sub-catchment.
Secondary outputs (from the complex storage version) include a time series of sediment
concentrations, sediment outputs per slope zone and sediment storage based on the slope

distribution approach described in Chapter 4 (section 4.3).

7.2.1 Calibration, validation and assessment of model performance

The WQSED model requires calibration of the input parameters shown in Table 7.1.
Calibration is considered successful when simulated outputs reflect the temporal and spatial
variation of the observed data. The model is typically run with an initial set of estimated
parameters, after which manual parameter adjustment is performed to ensure the best fit

between the observed and simulated data.

Table 7.1 Erosion and sediment transport model (WQSED) primary calibration parameters. A

hyphen (-) indicates values based on the area of application.

Parameter Parameter range

Min. Max.

1 O depth power (Dpow) 0.0 -

2 O depth constant (Dcon) 1.0 24.00

3 Initial storage fraction 0.0 1.00

4 Sediment storage ratio power 0.0 -

5 Threshold flow for sediment delivery 0.0 -

6 Proportion of sediment in gully storage (Cprop) 0.0 1

Dpow and Dcon in Table 7.1 are duration parameters that are considered to be of a priority
since although optimum catchment storm durations are not known, storm duration affects both
the MUSLE and storage models. The duration parameters are optimised to reduce or increase
sediment output from the MUSLE. This chapter includes a sensitivity assessment of the storm

duration effects on simulated sediment output. The storage fraction and ratio parameters (3 and
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4 in Table 7.1) are either increased or decreased to maintain high or low sediment delivery
from the storage module, respectively. The parameters are optimised to ensure that the storage
achieves a dynamic equilibrium in which stored sediment is not consistently accumulated or
lost. The sediment delivery threshold is optimised to constrain the discharge events that lead to
sediment delivery; decreasing the threshold limits sediment delivery during low flow periods.
Increasing Cpop enhances catchment connectivity and increases sediment delivery. For most
catchments, optimising the durations to constrain MUSLE sediment export into storages, and
threshold flow to control the timing of sediment delivery to match the observed data are vital

for successful calibrations.

The calibration effort involved splitting the available observed data into two independent
datasets. The point at which the observed dataset is split aims to capture the range of variation
in the flow of the entire observed dataset, in each of the calibration and validation datasets.
However, since some of the observed datasets are relatively short, some validation periods are
generally much shorter compared to calibration periods. Two catchments with more than ten
years of observations (Odzi and Rio Tanama) are regarded as the benchmarks of the model
evaluation. Odzi and Rio Tanama are presented first and are used to demonstrate the
performance of the model as complexity increases with the addition of storage components.
The results of the other catchments with shorter records of observed data are subsequently

reported; these results are based on the application of the simpler storage option of the model.

In this study, the coefficient of determination (R?), the Nash-Sutcliffe coefficient of efficiency
(NSE) (Nash and Sutcliffe, 1970) and the percentage bias (PBIAS) are applied to assess the

goodness of fit between observed and simulated data.

The coefficient of determination R? is widely used for model evaluation and is given as:

2 _ B obs—Yobs) X ¥ sim—Ysim)]1? )
R®= [EX obs—Yobs)2X (¥ sim—TYsim)?] (Equation 7.1)

In Equation 7.1, Yoss and Ysim represent observed and simulated sediment yield, respectively,
whereas Yons and Yy represent the mean of observed and simulated sediment yield,
respectively. R? ranges from 0 to 1, with higher values indicating a better fit between simulated
and observed values, and values above 0.5 generally considered acceptable (Moriasi et al.,
2007). Although the R? indicator has been widely used for model evaluation, it is over-sensitive

to extreme values (outliers) and is insensitive to additive and proportional differences between
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model predictions and measured data (type II errors) (Legates and McCabe, 1999; Moriasi et
al., 2007).

The NSE is a normalised function that determines the relative residual variance compared to
the observed data variance (Moriasi et al., 2007), and indicates how well the observed and
simulated data compare on the 1:1 line. The NSE is given as:

_ . 2
NSE = 1 — [ Sops—tom)_ (Equation 7.2)

(Yobs_ Y obs)2

The NSE ranges between —oo and 1.0. While models generating NSE values between 0.5 and
1.0 are considered generally acceptable, an NSE of 1 is the optimal value. The NSE is
commonly used in hydrological modelling and is well reported in the literature. The percentage
bias (PBIAS) is also used to show the differences between observed and simulated values and

is given as:

PBIAS = 100 » [Seim=Tots)] (Equation 7.3)
obs

A —5% < PBIAS <5% is considered to be the target for successful calibration and model

performance.

Moriasi et al. (2007) highlight that the levels of acceptability based on the objective functions
vary with the type of the variable being simulated. An NSE value of > 0.50 and a —25% <
PBIAS < 25% can be considered acceptable for streamflow, whereas a —55% < PBIAS < 55%

can be considered acceptable for sediment (Moriasi et al., 2007).

The results obtained in this study are assessed based on the model evaluation guidelines given
by Moriasi et al. (2007), consistent with the model evaluation guidelines of Borah and Bera
(2004). These are general guidelines based on statistics reported from past studies that have
modelled sediment yield. The guidelines are also based on results obtained using various

models in various parts of the world.
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7.3 Results

7.3.1 Odzi and Rio Tanama catchments

As shown in Figure 7.1, the simulations of sediment for the Odzi catchment capture the timing
of the observed sediment data time series; the dotted blue lines in Figure 7.1 split the calibration
and validation periods. Table 7.2 shows that sediment was relatively well estimated by the
MUSLE component when compared to observed data. Nevertheless, the model simulations for
both the calibration and validation periods obtained high PBIAS values. Table 7.2 shows that
the addition of a simple storage model generally improved the statistical performance of the
model. The more complicated (full version) storage component exhibited improved
performance in terms of the PBIAS. Figure 7.1 shows that the introduction of the storage
models reduces some of the small sediment peaks exhibited by the MUSLE during low flow

periods.

Table 7.2 Performance indicators for the Odzi and Rio Tanama catchments. The model
simulations were obtained through the application of the model based on a gradient of

complexity, i.e. from a simple MUSLE to added storage options.

Calibration Validation
Catchment WQSED components R? | NSE | PBIAS | R? | NSE | PBIAS
MUSLE 0.84 | 0.67 80 | 0.68 | 0.60 68
Odzi MUSLE+ simple storage 0.85] 0.81 341 0.67 | 0.67 36
MUSLE+ complex storage 0.81] 0.71 -2 10.67 | 0.66 -1.5
MUSLE 0.42 ] 0.32 31| 041 034 40
Rio Tanama | MUSLE+ simple storage 0.71 ] 0.70 510611 0.60 44
MUSLE+ complex storage 0.62 | 0.58 —41 ] 0.57 | 0.56 —27

The MUSLE exhibited a poor performance for the Rio Tanama catchment (Figure 7.2; Table
7.2). Figure 7.2A shows that the MUSLE could not represent most of the peak events, including
the intermediate peaks. The MUSLE generally overestimated low sediment events and under-
simulated peak sediment events. The introduction of the simple storage model (Figure 7.2B)
significantly improved the simulation by representing many of the intermediate sediment
peaks. Table 7.2 exhibits a significant statistical improvement in the model simulations,
particularly during the calibration period. Although the introduction of the more complex

storage component (Figure 7.2C) attained improvements in model simulations compared to
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MUSLE (Table 7.2), these improvements were much lower compared to those gained by the
simple storage. However, both the simple and complex storage components obtained similar
performances for the validation period since the use of the complex storage component yielded

an improved PBIAS.

Additional graphical assessments of the WQSED model (based on complex storage option
outputs) using X-Y scatter plots and frequency curves are presented in Figure 7.3 and Figure
7.4, respectively. The higher degree of scatter in peak observed sediment outputs resulted in
the model failing to simulate some of the peaks in the observed data (Figure 7.4). The scatter
plots exhibited the effect of the five large peaks in the Rio Tanama catchment. Furthermore,
the sediment cumulative frequency curves (Figure 7.3) indicated that high peaks were generally
under-stimulated, whereas very low sediment yield events were generally over-simulated in
the Rio Tanama. However, the frequency curve for validation of the model results for the Odzi

catchment showed that the model performed well.
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Figure 7.1 Observed and simulated sediment output for the Odzi catchment. A. simulations by the Modified Universal Soil Loss Equation
(MUSLE), B. MUSLE plus the simple storage model and C. Full version erosion and sediment transport (WQSED) model with complex storage
components. The dotted blue line separates the calibration period at the beginning of the time-series and the validation.
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Figure 7.2 Observed and simulated sediment output for the Rio Tanama catchment. A. simulations by the Modified Universal Soil Loss
Equation (MUSLE), B. MUSLE plus the simple storage model and C. Full version erosion and sediment transport (WQSED) model with
complex storage components. The dotted blue line separates the calibration period at the beginning of the time-series and the validation.
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Figure 7.3 Sediment frequency distribution graphs (Log Y-axis) of the erosion and sediment
transport model (WQSED) simulations (red lines) versus observations (black lines) for the

Odzi (left) and Rio Tanama) catchments and for the calibration and validation periods.
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Figure 7.4 Linear correlation graphs showing calibration and validation periods of the erosion
and sediment transport model (WQSED) sediment yield (SY) simulations for the Odzi and Rio

Tanama catchments.

7.3.2 Results of the WQSED (simple storage) simulations for other selected catchments

The results of applying the WQSED model to the additional catchments are visually illustrated
in Figures 7.5 and 7.6, whereas Table 7.3 provides a summary of the statistical evaluation of
the model results. Table 7.3 shows that although the model performed relatively well for both
the calibration and validation stages, the model performed poorly during the validation period
of the Gwai catchment where observed data are very sparse. As shown in Figures 7.5 and 7.6,

there was a lack of observed data for most of the catchments.

Similar to the results shown in the previous section (Figures 7.1 and 7.2), the results of applying
the WQSED model to the additional catchments (Figure 7.6) indicate a general agreement in
the timing of sediment between the observed and simulated data. However, some large peaks

in sediment output were generally under-simulated.
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Table 7.3 Performance indicators for the application of the erosion and sediment transport

model (WQSED) to additional catchments.

Calibration Validation
Catchment Country | R? NSE | PBIAS | R? NSE | PBIAS
Grand Cane USA 0.58 0.56 -11 0.61 0.58 —31
San Patricio USA 0.60 0.59 —38 0.69 0.66 —34
Inxu SA 0.97 0.89 4 0.72 0.76 36
Tsitsa SA 0.64 0.62 -12 0.60 0.55 =35
Gwai (A38) ZW 0.91 0.90 =5 0.81 0.53 55
Gwai (A36) ZW 0.89 0.84 —22 0.02 | —0.91 6.5

Abbreviations: USA-United States of America; SA-South Africa; ZW-Zimbabwe

Figure 7.5 Observed and simulated WQSED sediment output for the Gwai catchment sub-
basins A36 and A38. The dotted blue line separates the calibration period at the beginning of

the time-series and the validation.
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Figure 7.6 Graphs illustrating observed and simulated sediment outputs for the Grand Cane, San Patricio, Inxu (Log Y-Axis) and Tsitsa

catchments. The dotted blue line separates the calibration period at the beginning of the time-series and the validation.
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7.4 Sensitivity assessment

The results of the sensitivity analysis (Table 7.4 and Figure 7.7) indicate that the model

simulates considerably higher sediment output for storms of short duration. Table 7.4 shows

that a 6-hour reduction in duration results in a 23% higher sediment output when compared to

a similar increase in duration. Storms of short duration are typically more intense and have

higher erosivity.

Figure 7.7 The sensitivity of changing storm duration on sediment yield simulations

(calculated for the Inxu catchment, South Africa).

Table 7.4 Changes in sediment yield outputs of the WQSED model applied to the Inxu

catchment with changes in storm duration in relation to the calibrated duration of 12 hours.

Storm duration (hr) | Sediment yield (t x10%) | Sediment yield relative to the calibrated duration
18 1298 0.80
12 1622 1.00
6 2319 1.43
4 2 839 1.75

Additional sensitivity assessments were conducted for the benchmark Odzi and Rio Tanama

catchments. The storm duration parameters in Table 7.5 show the variation in Dpow and Deon
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parameters that are necessary to calculate the duration of different catchments, and these vary

based on runoff depths calculated for that catchment.

Table 7.5 Duration parameters for calculating the minimum and maximum durations for the

Odzi (Zimbabwe) and Rio Tanama (Puerto Rico) catchments.

Catchment Duration type Dpow Dcon Max Duration (h)
Short 0.80 2.00 2.00
Odzi Long 0.80 22.00 23.00
Calibrated 0.80 12.00 13.00
Short 0.20 1.00 2.00
Rio Tanama Long 0.20 22.00 24.00
Calibrated 0.80 10.00 14.00

The results for the Odzi catchment (Figure 7.8) show that a short storm duration yields higher

sediment output than the observed data. Average sediment outputs are almost two times higher

than observed data for the short duration but 34% lower for the long duration. For the peak

sediment yield outputs, results range 10% below and above the observed data when the long

and short durations are applied.

Figure 7.8 Frequency distributions (Log Y-axis) showing the change in WQSED sediment

output relative to the change in storm duration for the Odzi catchment. The ShortD and LongD

represent short and long duration types.
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Figure 7.9 Frequency distributions (Log Y-axis) showing the change in WQSED sediment
output relative to the change in storm duration for the Rio Tanama catchment. The ShortD and

LongD represent short and long duration types.

In the Rio Tanama catchment (Figure 7.9), the frequency curves indicate that the short duration
yields higher sediment output compared to observed data, whereas the long duration results in
much lower sediment output compared to the observed frequency curve. The average sediment
outputs for the long duration are 53% lower than the observed, whereas the short duration
sediment outputs are 65% higher than the observed sediment output. The results from the Odzi
and Rio Tanama exhibit a similar trend to the Inxu catchment storm duration assessment (Table

7.4).

The sensitivity analysis results indicate that model outputs are very sensitive to estimates of
storm duration and how these affect the calculations of peak discharge and, therefore, the R
factor in the MUSLE. Shorter durations associated with thunderstorms have higher peak
intensity compared to longer duration frontal rainfall and will inevitably generate more
sediment yield. Gwapedza et al. (2020) highlight that the erosivity factor maintains a
considerable influence on sediment output as the model is driven by runoff. However, the effect

of erosivity is dependent on other interacting factors such as vegetation cover.
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7.5 Discussion

7.5.1 Tsitsa River catchment (South Africa)

The evaluation of the goodness-of-fit statistics for the simulations of the WQSED model
indicates that the model performed moderately well according to the standards for evaluation
of sediment yield models by Moriasi et al. (2007). A significant amount of missing data for the
Tsitsa catchment negatively impacted the model evaluation. The results of the present study
were also consistent with those of a study by Le Roux et al. (2015) in which the application of
ArcSWAT to the catchment reported sediment yield output of between 0.003 t km 2 day '70.55
t km 2 day '. The simulated sediment yield of the present study of 0.42 t km > day ' was close
to the 0.48 t km 2 day ! of the observed data. The consistency between the WQSAM and Arc
SWAT models' results within the application to the Tsitsa catchment may be partly attributed
to both models using the MUSLE to estimate sediment yield.

The study by Le Roux et al. (2015), based on additional modelling of gully expansion in the
Tsitsa catchment, suggests that gully erosion, which is not accounted for by the MUSLE,
increases sediment yield by a factor of 20, thereby raising the sediment yield rate to
approximately 11 t km2 day '. Although the observed data do not appear to support the
assertion of gullies contributing excessive amounts of sediment, they do indicate the possibility
of gullies pushing significant amounts of sediment to the catchment outlet, which may partly
explain the failure of the WQSED model to predict some of the sharp sediment peaks (Figure
7.5). The calibration of the storage parameters significantly improved the simulation by
changing the timing of outputs from storage to match peak flow events. The threshold flow for
delivery parameter exhibited greater sensitivity in controlling sediment output from storage.
However, the sediment simulation for the Tsitsa catchment by the WQSED model remained
poor compared to that of the Odzi catchment, due to apparent mismatches in the flow and
observed sediment data. These mismatches are likely associated with hysteresis effects (Martin
et al., 2014; Picouet et al., 2001; Soler et al., 2008). Grenfell and Ellery (2009) similarly
reported seasonal hysteresis effects in the Umfolozi catchment in South Africa, which they
attributed to the depletion of sediment supply at the onset of the rainy season. Sediment
depletion is not prevalent in the Inxu sub-catchment as most flow peaks are associated with
significant sediment output (see Appendix C.1). Since high rates of erosion occur near the

outlet of the Inxu catchment (Le Roux et al., 2015), the travel time/distance of sediment (Seeger
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et al., 2004) is less compared to that of the Tsitsa catchment, which incorporates the Inxu sub-

catchment.

The sediment yield of the Tsitsa catchment can be attributed to the relatively high levels of
erodibility of the catchment. Field studies revealed that degradation of the grasslands by
overgrazing is further worsening the erosion risk. Past erosion risk studies classified the Tsitsa
catchment as a high erosion risk area in South Africa (Borrelli et al., 2017; Le Roux et al.,
2008, 2015). Van Tol et al. (2016) suggested that land degradation resulting from erosion
threatens the viability of agricultural systems in the catchment and that farming could be
contributing to high erosion rates because of high erosion rates of abandoned farmland.
Akamagwuna et al. (2019) identified degradation of the water quality of riverine ecosystems
associated with high sediment discharge. In addition, estimated high sediment loads are
expected to result in loss of reservoir storage and a negative impact on the storage capacities

of planned reservoirs (Le Roux, 2018).

7.5.2 Odzi and Gwai river catchments (Zimbabwe)

The WQSAM simulations for the Odzi River catchment indicated that while the model
managed to sufficiently represent the timing of observed sediment yield, the model could not
represent the peaks and tended to over-estimate sediment at average and low flows. The
observed data for the selected period (1978—1988) indicates that the average daily sediment
yield for the catchment is 505 t day !, which was similar to the simulated average sediment
yield of 495 t day '. The goodness-of-fit statistics for the simulations were satisfactory
according to model evaluation guidelines for sediment yield estimation by Moriasi et al. (2007).
However, the model's failure to simulate some of the peaks in sediment yield in this catchment
was a shortcoming as this catchment is particularly flashy, with most sediment yield occurring

during peak flow events.

A study by Lidén et al. (2001) in which the HBV-SED model was applied to the Odzi River
catchment, similarly reported a failure to simulate individual peaks. This failure was attributed
to errors in the modelled runoff data (Lidén et al., 2001). Although observed flow data were
used as the forcing data within the WQSED model in the current study, a similar problem was
experienced. Therefore, the under-estimation of sediment peaks may be linked to sediment
emanating from sources that are not explicitly considered within the WQSED model structure,

such as gullies and channel/bank sources. It is also possible that the peaks in the observed data
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represent systematic sediment measurement errors associated with manual sampling tools and
methods (Bannatyne et al., 2017; Karlsson and Rahmberg, 1999). If this is the case, the
accuracies of both the HBV-SED and WQSED models in simulating sediment for this
catchment cannot be rigorously assessed until accurate observed measures of sediment become
available. The WQSED simulations were an improvement on those of the HBV-SED in which
the differences between average annual observed and simulated sediment yield were up to 25%.
This validates the WQSED model's performance to be similar to that of a well-established
model such as HBV-SED.

The lack of observed data for calibration of the model to the Gwai catchments resulted in model
simulations not being adequately evaluated and validated. The same problem would likely
occur within the application of the WQSED model to the majority of catchments in southern
Africa. The model simulations for the Gwai catchment shown in the present study are therefore
initial outcomes that will require further validation as further observed data become available.
However, the WQSED model simulations were also evaluated against independent

measurements and estimations performed in previous studies within the catchment.

The difference in sediment yield between the two basins (Table 7.6) is likely due to the varying
land use/land cover distributions between the two sub-basins. Sub-basin A36 mostly comprises
cultivated land whereas bush is the dominant land cover in sub-basin A38. The WQSED
simulation of greater sediment yield from sub-basin A36 may be due to high agricultural
activity (Turner et al., 2018) in that basin. Firth (1991) concluded that sub-basin A36 falls into

an area of the Gwai River catchment affected by extensive erosion.

Table 7.6 Differences in average WQSED sediment yield estimates between the current study

and previous studies for the Gwai catchment.

Study Average sediment yield rate (t km 2 year™) % difference
34 0.0
Ward (1980)
20 41
A38
25 26
A36

Ward (1980) measured sediment yield in a part of the Gwai River catchment from 1975-1978
and reported yields of 8 t km2, 23 t km 2 and 70 t km 2 over the three hydrological years,
respectively. Although the average sediment yield of the Ward (1980) study is up to 40% higher
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than the yields reported in the current study, the Ward (1980) study reveals the high interannual
variability in sediment yield that can be produced by a catchment. The results of the current

study similarly exhibited temporal variability in sediment yield (Figure 7.5).

The calibration and validation processes of the WQSED model in the Gwai study were
hindered by both insufficient observed data and differences in temporal scale between observed
data and model simulations. Since observed data were aggregated to monthly means and the
WQSED model simulates sediment yield at a continuous daily time step, aggregating daily-
simulated data to monthly means was necessary for calibration and validation. Consequently,
only 15 individual observations were available for the calibration and validation of 252 months
of aggregated daily sediment yield simulations, with direct comparisons between only 6% of
the simulated data possible. Sadeghi and Mizuyama (2007) show that the MUSLE will perform
well if sufficient observed data are available for calibration. The lack of observed data for this
catchment precluded any rigorous assessment of the model performance; therefore, more
observed data is needed against which the model simulations can be assessed before any
concrete conclusions can be made. However, the WQSED model's application to the Gwai
catchment is vital for highlighting the quality of observed data that is typically available in

southern African catchments and illustrating the scarcity of sediment observations.

7.5.3 Grand Cane, San Patricio and Rio Tanama catchments (USA and associated
territories)

The results of the model evaluation within the catchments of the USA and associated territories
exhibit a considerable variation in sediment output between catchments selected in the State of
Louisiana and Puerto Rico. In Louisiana, the Grand Cane (GC) and San Patricio (SP)
catchments exhibited a sediment yield rate of 0.2 tha ! year ' and 0.1 t ha ! year™!, respectively.
In Puerto Rico, the Rio Tanama (RT) catchment had a sediment yield rate of 3.4 t ha™! year .
Although all catchments investigated have similar ranges of discharge and soil erodibility, the
Rio Tanama catchment exhibits a much higher sediment output. Notably, since forest is a
dominant land cover in all catchments investigated, the C factors applied to the catchments
were low; a study conducted by Gellis et al. (2006) on the Loiza Basin (Puerto Rico) indicated
that forest land cover contributed the least to total sediment. Puerto Rico and Louisiana
catchments have considerably different topographies, with the LS of the Rio Tanama higher

than those in Louisiana by a factor of three. In addition, the Rio Tanama receives on average

700 mm more rainfall per year, thereby generating a discharge volume comparable to those of
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the other catchments, but from a catchment area that is three times smaller. Therefore, a
combination of high LS and erosivity could be contributing to the greater sediment yield rate

in the Rio Tanama catchment.

A recent global erosion assessment by Borrelli et al. (2017) indicates that Grand Cane and San
Patricio catchments fall within low erosion zones. Previous studies conducted in the Louisiana
catchments have focused on analysing the existing observation data, e.g. Rosen and Xu (2011).
Since the United States Geological Survey (USGS) manages a relatively comprehensive flow
monitoring network in the region (Xu and Rosen, 2012), there are limited flow modelling
studies for the area. A study by Rosen and Xu (2011) found that rivers in the GC and SP region
generally have lower sediment yields than rivers outside the region, with all rives in the region
experiencing a decline in sediment load from 1990 to 2008. Interestingly, more sediment yield
is required to offset the sinking of coastal areas (Xu and Rosen, 2012). A dichotomy is thus
presented between the North American and Southern African catchments that grapple with

having to limit sediment yield.

Previous studies conducted in catchments neighbouring the Rio Tanama in Puerto Rico
reported sediment yield rates ranging between 0.2 t ha™! year'-12 t ha! year! (see Korman et
al., 2020; Larsen and Webb, 2009; Yuan et al., 2016). The sediment yield for the Rio Tanama
reported in the present study falls within the range reported by previous studies, and is
significantly higher than those for the Grand Cane and San Patricio catchments. An
investigation into sediment loss in the Rio Tanama and influencing factors by Yuan et al.
(2015) identified anthropogenic developments, slope and precipitation as the major factors
driving sediment output. Gellis et al. (2006) cite land-use developments as an additional driver
of sediment output and emphasized that sediment originating from construction sites was
higher than that originating from forests in the Loiza catchment by a factor of 30. As in
Southern Africa, Puerto Rico struggles with high river sediment yields (Gellis et al., 2006).
Poor coastal water quality associated with river sediment yield in Puerto Rico has been linked
to the loss of coral reefs (Korman et al., 2020; Larsen and Webb, 2009), which poses an urgent
problem given that tourism comprises a significant component of that country’s economy
(Gellis et al., 2006). Some proposed mitigation strategies to reduce sediment yield include

vegetation restoration and paving roads that connect to coffee farms (Korman et al., 2020).
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7.6 Summary and conclusions

The WQSED model was applied to catchments in two sub-Saharan countries in the current
study. The aim was to evaluate the model performance at a regional scale and against models
previously applied in these regions, where applicable. The choice of catchments for the study
was limited by the scarcity of continuous observed sediment data. For example, sediment data
available for some catchments comprised of as little as one (grab sample) observation per year.
Obviously, this level of observed data is insufficient for evaluating a daily-time-step sediment
yield model. However, limited monthly observed sediment data were available for the Gwai
River catchment against which the WQSED model simulations could be assessed. Additional
assessments were conducted for catchments in the USA and associated territories where

observed sediment data are more abundant.

The calibration procedure yielded reasonable performance statistics comparable to established
models for most of the catchments under study. The performances of WQSED within the
applications to the Odzi and Tsitsa river catchments were similar to those of the HBV-SED and
SWAT models which were previously applied to the same catchments. However, the WQSED
has an advantage over other established models in that it is relatively simple. The approach
adopted in WQSED is supported by Griensven et al. (2013) who concluded that complicated
models do not necessarily provide better results than simpler models, although complicated
models may describe the process in greater detail. It is essential to highlight that observed flow
inputs were used within the current evaluation of WQSED, as the model does not simulate flow
independently, whereas models such as SWAT and HBV-SED do. As sediment yield
simulations are dependent on the quality of the flow input data, the success of the WQSED

application may also be attributed to the use of observed flow data.

A comparison of the model performances between the incorporating of a simple or detailed
(full version) storage (Table 7.2) shows that the inclusion of a storage model improves the
performance of the MUSLE. However, the more complex storage model did not outperform
the simpler storage, and in fact, the WQSED model with the simple storage performed better
during calibration. This result can be attributed to either the simple storage model being
relatively easier to calibrate and/or the WQSED model with the more complicated storage
performing relatively poorly. A similar outcome was reported in Tan et al. (2018) in an
assessment of various sediment models. A notable outcome of the current study was that both
storage options performed relatively well; hence, there may be no need to maintain a
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complicated storage module in WQSED. An additional critical issue is that storage modules
require some calibration with observed data. Therefore, the application of the model in

ungauged catchments of South Africa may be problematic.

Table 7.7 WQSED model performance after transferring calibrated storage and duration

parameters to a neighbouring catchment.

Catchment parameter transfer Model performance

From To R? NSE PBIAS
Tsitsa Inxu sub-catchment 0.88 0.51 47
Grand Cane San Patricio 0.76 0.22 28

Nevertheless, an assessment of the transferability of calibrated parameters to neighbouring
catchments with similar physical attributes (see Table 7.7), exhibited that there is potential for
regionalisation of WQSED parameters for application to ungauged basins. As this was only
performed for two catchments, more parameter transfer assessments are needed to corroborate
the current outcome and validate the model's ability to provide reliable simulations in ungauged

basins.

The WQSED was shown to consistently under-estimate most peak sediment yield events. The
failure to estimate peaks was displayed across most of the catchments under study. A possible
explanation is that the WQSED simulates rill and sheet erosion based on the MUSLE, whereas
gully erosion that has the potential to contribute large amounts of sediment is not explicitly
considered. Although the WQSED model does have a gully connectivity parameter, increasing
gully connectivity in the current study failed to sufficiently raise the simulated peaks to match
the observed. This is because the gully connectivity parameters change the organisation of
storages by increasing or decreasing the proportion of sediment storage in gully stores and have
a negligible impact on sediment supply from the MUSLE. Changing the duration parameters
to achieve shorter storm durations had a linear effect; increasing the erosivity of lower flows
(by raising MUSLE g¢dp) and raising the low simulations thus further exacerbated the error.
The storage module absorbed sediment during low flow events and delivered sediment during
high flow events, a phenomenon that is consistent with the highly variable hydrology (in time
and space) of most South African catchments (Rowntree et al., 2016). The inclusion of a storage
module resulted in a significant improvement in the model representation of peak and recession

sediment loads and enhanced the model performance.
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Chapter 8 Estimating sediment yield in ‘ungauged’ South African
catchments

8.1 Introduction

In the previous chapter, the WQSED model was calibrated and validated against observed daily
sediment yield. However, because of the scarcity associated with daily sediment discharge
measurements in South Africa, only two catchments (Tsitsa and Inxu) in the same region were
evaluated. Because the WQSED model was primarily developed for application to South
African catchments, it was necessary to extend the application to ‘ungauged’ catchments for
further testing. The catchments are termed ‘ungauged’ because no daily observed sediment
discharge data are available. However, discharge data are available for some of the catchments,
while estimated long-term reservoir sedimentation rates are available for all catchments.
Therefore, in this chapter, simulated sediment outputs are evaluated against existing long-term
reservoir sedimentation data reported in previous studies. However, it should be recognised
that these estimates are subject to uncertainties associated with estimating the trap efficiencies
of the reservoirs, as well as the level of compaction in the reservoir basin. A similar assessment
was conducted recently in Morocco by Ezzaouini et al. (2020) using the MUSLE. The estimates
were much lower than observations, and it was concluded that much of the sediment deposited
in the reservoir emanated from channel erosion, which is not simulated by the model (Ezzaouini
et al., 2020). Despite the under-simulation, the use of the MUSLE proved vital for estimating
hillslope contributions to reservoir sediment. Apart from comparing WQSED sediment
estimates to previously reported reservoir rates, regional sediment yield patterns and associated
influencing factors are appraised in this chapter. The outcomes of this assessment are

potentially useful for catchment management.
8.2 Setting up the WQSED model

The parameter values derived for the study catchments were used to set up the WQSED model.
The WQSED model is accessed through the SPATSIM modelling framework (Hughes and
Forsyth, 2006), an interface that enables a user to input data, run models and visualise model
outputs. The requirements for the WQSED include general information that relates to
catchment size and name. Inputs of daily time series of runoff data are required, and observed

flows were used where available, whereas simulated flows from the water resources database
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(WR90; Midgley et al., 1994) were used in some of the poorly-gauged catchments that were
selected for the study. The monthly flows were disaggregated to daily following the method of
Hughes and Slaughter (2015) and Slaughter et al. (2015). Daily total flow separation to obtain
surface flow was conducted following the baseflow separation method of Hughes et al. (2003);
existing regional baseflow parameters were used, and expert advice was sought to confirm
realistic baseflow ranges in the absence of validation data. The flow data used in this chapter
range in length from 10 to 70 years and it is acknowledged that the shorter records may not be
adequately representative to determine long-term yields. However, the study was constrained

by the data that are available.

Parameters describing catchment physical properties (Chapter 4) are inputs into the model.
Two sets of parameters are required, a set of ‘catchment parameters’ and another of ‘sub-basin
parameters’. The sub-basin parameters are specified per slope zone (H, M and L). A general
distinction between the two parameter sets is that the catchment parameters describe the basin
hydrological properties, whereas the sub-basin parameters are essentially the parameter values
of the HML MUSLE factors. Additionally, mean catchment (and not HML) parameter values
for the MUSLE were also applied to assess the sensitivity of the model sub-basin structure
versus applying simpler mean catchment MUSLE inputs. It is essential to highlight that the
sub-basin parameters were derived using the parameter estimation approach (see Chapter 4)
whereas the catchment properties such as drainage density, channel length and slope were
derived using measurements from existing shapefiles and the DEM. The calibration parameters
associated with storage were not calibrated because there were no appropriate observed data.
The focus of this part of the study is on the total transported sediment volumes, while the
storage parameters largely affect shorter-term variations in sediment yield. The estimated
storage parameters were therefore checked to ensure that there were no systematic increases
(eroded sediment getting lost in storage) or decreases (sediment yield increased through
releases from storage) in the storages over the full simulation period. Effectively, this approach
means that short-term sediment storage and delivery dynamics do not affect the total estimated
sediment volumes. Some observed data were available for the T35A-E catchments, which form
part of the Tsitsa catchment, the calibration of which is reported in the previous chapter. The
calibration parameters derived in the previous chapter were used for the T35A-E. Notably, the
calibrated Tsitsa storm duration average of 12 hours was applied to all the catchments,
representing a balance between short duration and long duration rainfall (Gwapedza et al.,

2020).
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Figure 8.1 Map showing the distribution of selected study catchments across South Africa.

The model was set up for 13 catchments (covering 22 quaternary catchments) across South
Africa, varying in size from 30 km? to over 1 000 km?. Catchments were selected to capture
the various physiographic and climate conditions represented in the country and to assess the
sediment yield patterns across varying regions. Figure 8.1 shows the distribution of the selected
study sites across the country. More catchments were selected from the Eastern Cape Province
of South Africa as the province is considered an erosion ‘hotspot’ when compared to other
regions. More importantly, the T35A—E catchments are a proposed site for the construction of
two large dams, making this an area of immense practical interest. All other study sites had
existing dams, and rates of sedimentation for the dams were initially provided by Rooseboom
(1992) and were later updated by Msadala et al. (2010). The observed data were compared to
simulated data by aggregating total simulated volumes and converting them to sediment yield
rates (t ha™! year !). Additionally, a simple uncertainty assessment was conducted by
establishing 25% upper and lower bounds on either side of the estimated MUSLE and storm
duration parameters to evaluate if the previous yield estimates fall within the likely uncertainty

range of the model simulations.
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8.3 Results

8.3.1 Mean parameter distributions

The mean parameter distributions (Table 8.1) estimated using available GIS data show that the
topographic factor varies between 1 and 9.7. The average LS factor amongst the study sites is
6.3, and more than 75% of the selected sites had an LS factor greater than five. The lowest LS
factor value was estimated for the A22B catchment located in the North West Province, and
the highest LS factor was estimated for the H80A catchment located in the Western Cape
Province. The C factor ranges between a low of 0.01 and a high of 0.17. The Maden Dam
(R20A) catchment exhibits the lowest C factor of 0.01 (largely indigenous forest), and the
highest C factor (0.17) is found in the Koster Dam (A22B) catchment (degraded land, sparse
bush and cultivation). The soil erodibility does not exhibit the sharp variability shown by the
LS and C factors. The highest values (0.6) of soil erodibility are calculated for the K9OA-B
catchments located in the south-western area, while the lowest (0.2) are calculated for the B73A
catchment located in the northeast. The management practice factor displays the least
variability compared to all the other estimated MUSLE factors. The highest P factor (1) is
estimated for the Witklip and Ebenezer catchments located in the north-eastern region, and the
lowest P factor (0.8) is estimated for the B73A catchment in the north-western region. Table

8.1 summarises the estimated MUSLE erodibility values.

Table 8.1 Mean catchment erodibility parameters for selected South African catchments.

Catchment Dam Area (km?) K LS C P

R20A Maden 30 0.24 7.70 0.010 0.92
B73A Klaserie 136 0.20 9.00 0.040 0.80
A22B Koster 187 0.28 1.00 0.170 0.88
112G Prinsriver 768 0.40 6.90 0.060 0.99
H80A Duiwenhoks 150 0.30 9.70 0.050 0.96
K90A-B Churchill 362 0.60 6.15 0.030 0.97
S10A-E Xonxa 1282 0.41 3.90 0.150 0.94
T35A-E Ntabelanga 2016 0.33 5.88 0.122 0.94
U30A Hazelmere 382 0.30 7.18 0.097 0.87
X22E Witklip 60 0.30 7.96 0.017 1.00
X31H Da Gama 44 0.30 6.73 0.017 0.93
A21K Buffelspoort 116 0.21 6.20 0.077 0.93
B81A Ebenezer 126 0.21 7.13 0.014 1.00
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8.3.2 HML parameter distributions and flow inputs

The distributed parameter distributions based on calculating MUSLE factors per slope zone
(Figure 8.2) exhibit various patterns that indicate variability across the HML factors and the
various catchments under investigation. The variability of the topography factor is as expected,
given the definition of the zones using the slope. The K factor varies very little (Figure 8.2B),
while the C factor exhibits a pattern that is opposite to the LS factor with low slope zones
having generally higher C factors (Figure 8.2C). The P factor (Figure 8.2 D) indicates variation
from the mean catchment P factor but no variation in high zone P across all catchments and

little variation in moderate zone P factor.

Figure 8.2 Mean High-Medium-Low (HML) catchment erodibility parameters computed for

selected South African catchments.

The flow inputs (Table 8.2) vary across the catchments; catchments in the sub-humid and sub-
tropical climate zones generally exhibit higher flows. Some larger catchments e.g. Ntabelanga
(Table 8.1) have larger catchment areas, and thus have much higher flow compared to smaller
catchments, because of the larger contributing areas. Catchments in the semi-arid areas
generally exhibit comparatively lower flows than catchments in other climate zones. Baseflow
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percentages are higher for catchments with higher slopes and sparse vegetation e.g. Xonxa, and

higher for catchments with dense vegetation e.g. Maden, where higher infiltration rates were

anticipated.

Table 8.2 Mean total and surface flow for study areas and estimated baseflow fractions.

Catchment Climate Mean t30 t_z:lﬂow Mean su3r ficeﬂow % baseflow
(m°s™) (m°s™)

Ntabelanga Sub-humid 3.80 2.70 29
Xonxa Sub-humid 1.24 0.90 27
Klaserie Sub-tropical 0.73 0.39 46
Churchill Temperate 0.81 0.35 57
Duiwenhoks Temperate 0.98 0.39 60
Prinsriver Semi-arid 0.14 0.08 42
Koster Semi-arid 0.18 0.07 61
Maden Temperate 0.29 0.09 69
Hazelmere Sub-tropical 1.53 0.69 55
Witklip Semi-arid 0.08 0.03 56
Da Gama Semi-arid 0.31 0.09 70
Ebenezer Sub-tropical 0.74 0.23 69
Buffelspoort Semi-arid 0.32 0.15 53

8.3.3 Sediment yield simulated using estimated (mean and HML) MUSLE factors

Table 8.3 presents the results of the model simulations using both mean catchment parameters
and HML zone parameters. The simulations are compared with the previous catchment
sediment yield rates calculated from reservoir survey data from Msadala et al. (2010).
However, the sediment yield estimates for the Ntabelanga Dam (yet to be constructed) are

based on the Le Roux (2018) case study.

The results of the sediment yield simulations (Table 8.3, column 4) show that the Witklip
catchment had the lowest long-term sediment yield rate of 1.5 t ha ! year '. The highest long-
term sediment yield rate of 21.4 t ha™! year ! is simulated for the Ntabelanga catchment. The
simulated average sediment yield rate of the study regions is 5.3 t ha™! year ! and only 23% of
the study sites exceed the calculated catchment average. The results summarised in Table 8.3

indicate that the lowest sediment yield rates are generally found within the arid and temperate
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catchments, whereas the highest sediment yield rates are in the sub-humid and sub-tropical
catchments. The catchments located in the Eastern Cape Province (Xonxa and Ntabelanga)
exhibit high rates of sediment yield. Considerable variations exist between simulated sediment
yield rates and the previous rates based on reservoir infilling. The variation ranges from just

31% difference to more than forty times of differences in sediment yield rates.

Table 8.3 Summary of simulated sediment yield outputs and previous reservoirs estimates. The

% difference is calculated based on columns four and five.

Model estimates Prfevmus

estimates
Catchment Climate (tha!year ") (tha™! year ') | % Difference

Mean HML Msadala et al.
parameters | parameters (2010)

Ntabelanga Sub-humid 21.6 21.4 86.0 -75
Xonxa Sub-humid 3.8 3.7 8.9 -58
Klaserie Sub-tropical 4.6 2.3 1.2 91.6
Churchill Temperate 6.9 4.5 0.1 4400
Duiwenhoks Temperate 2.5 3.9 0.4 875
Prinsriver Semi-arid 2.4 3.1 1.3 138
Koster Semi-arid 4.7 2.5 0.3 733
Maden Temperate 3.3 4.3 0.5 1700
Hazelmere Sub-tropical 10.2 9.9 7.1 39
Witklip Semi-arid 1.4 1.5 4.0 -63
Da Gama Semi-arid 3.6 5.4 3.4 59
Ebenezer Sub-tropical 2.0 2.1 1.6 31
Buffelspoort Semi-arid 6.3 4.9 1.3 277

Column 4 in Table 8.3 presents the results simulated using HML zone parameters, and they
neither show a consistent increase nor decrease in sediment output relative to column 3.
Notably, sediment output is shown to increase significantly in catchments such as the Da Gama
and Duiwenhoks. However, using HML parameters led to prominent decreases in the Koster,
Klaserie, Churchill and Buffelspoort catchments. Of the HML parameters K, C and LS, LS is
shown to contribute the most to the increased sediment output (Figure 8.3) when HML zone
parameters are used. The combination of K and C factors do not result in outputs that are much
different from using the K factor alone, though C is shown to influence the decreases in
sediment output. However, when LS is added to the C and K factors, the average sediment

output for all the sites increases by up to 30%.
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Figure 8.3 Linear regression of estimates calculated using mean catchment parameters and

mean High-Medium-Low (HML) parameters.

The comparison of the Msadala et al. (2010) reservoir estimates with model estimates based
on the +25% (upper and lower) uncertainty bounds for parameters is shown in Table 8.4.
Reservoir yield rates of 5 catchments (constituting 38% of the total) are captured within the
uncertainty bounds. Although most catchments are outside the +25% uncertainty bounds,
several catchments e.g. Xonxa, Buffelspoort and Witklip, are close to the bounds. The rest of
the catchments, including Churchill, Duiwenhoks, Koster and Maden, are poorly represented.
According to the reservoir surveys, most of the poorly represented catchments have very low

sediment yield rates.
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Table 8.4 Summary of simulated sediment yield outputs and reservoir estimates. The lower

and upper bounds represent the +25% parameter uncertainty range.

Catchment Lower bound Dam estimate Upper bound

Ntabelanga 5.99 86.00 49.30
Xonxa 1.04 8.88 8.57
Klaserie™* 0.66 1.22 5.46
Churchill 1.28 0.10 10.44
Duiwenhoks 1.08 0.43 8.90
Prinsriver* 0.85 1.29 6.95
Koster 0.75 0.27 6.17
Maden 1.20 0.49 9.73
Hazelmere* 2.82 7.14 25.30
Witklip 0.42 4.02 3.46
Da Gama* 1.49 3.39 12.24
Ebenezer* 0.57 1.56 4.66
Buffelspoort 1.38 1.26 11.36

*Catchments where dam estimates fall within the upper and lower bounds

8.4 Discussion

8.4.1 Estimated MUSLE factor distributions

The use of lumped (mean) catchment values for the MUSLE factors requires less effort for
processing spatial datasets but is inconsistent with the distribution approach adopted for the
WQSED model. The adoption of the lumped catchment means LS parameterisation will
generally underestimate the LS factor in the H zone and overestimate the LS factor in the L
zone. The lumped approach also fails to account for the spatial variability of slope within the
selected catchments, as well as the relationships between slopes and other MUSLE factors. The
use of the mean lumped LS (without considering variations of other MUSLE factors) is likely
to result in large under- or over-estimations of sediment yield depending on the particular break
down of the catchment into HML zones. Although the adopted HML approach has advantages,
including being consistent with the model structure, the model could still fail to account for
quite large variations within each HML zone. The HML parameterisation approach is,
therefore, still prone to the potential spatial scale effects reported in e.g. Gwapedza et al. (2018)
and Karydas et al. (2014). Spatial scale effects influenced by parameter aggregation (Chen and
Mackay, 2004) can be resolved by adopting a fully distributed approach which would require
a more complex model and significant input data if daily sediment transport is required.
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However, it must be acknowledged that the HML approach is also subject to all the
uncertainties associated with the assumptions made about the distribution of the runoff factor

(depth and peaks) across the three zones, in the absence of any real data.

The parameter assessment showed that the vegetation cover (C) is the most variable parameter
across the three slope zones (Figure 8.2). Additionally, no specific pattern was exhibited by the
variation as patterns varied from one catchment to the next. The C factor is primarily influenced
by the climatic zonation of respective catchments, as climate correlates with vegetation cover.
The patterns exhibited by C (Figure 8.2C) suggest that the C factor (vegetation) gradually
increased (worsened) with a decrease in slope. This pattern means that vegetation cover
increases on higher slopes; hence, high erosion rates resulting from high slopes are to an extent
mitigated by better vegetation cover, and vice versa, highlighting the importance of restoring
vegetation cover as a method of reducing erosion and sediment yield (see Le Roux and Waal,
2020; Nearing et al., 2017). The degree of mitigation is, of course, affected by the actual values
of the various parameters and, for example, a low C factor of 0.11 in the H zone in T35A-E
will be less important than the LS factor value of 16.5. The pattern of decreasing vegetation in
the L zone is likely attributed to human disturbance since human settlements and economic
activities such as agriculture are more widespread in the ML zones of most catchments (NLC

2014).

The soil erodibility factor distribution (Table 8.1, Figure 8.2) shows that the majority of
selected study sites have moderately erodible soils. The Churchill Dam Catchment (K90A—-B)
has a high erodibility factor that is associated with the Podzolic (sandy) soils dominating that
region. An empirical study conducted in the T35 catchments discovered that part of the
catchment is covered by dispersive soils (Le Roux et al., 2015) that have high infiltration rates
and crumble and dissolve when exposed to water. Le Roux et al. (2015) study shows that our
previous understanding of the soils of the area (Schulze et al., 2007) requires revision as the K
factor of the area may be higher. However, it is also important to note that the dispersive soils'
spatial coverage in the T35 catchments has not yet been sufficiently mapped. Depending on
spatial coverage, a small area coverage of dispersive soils may have little effect on a weighted
mean catchment K factor. This may be a limitation in the application of models that lump large

areas when the resolutions of most available datasets are coarse.

The management practice (P) factor distribution (Table 8.1, Figure 8.2) shows that most of the

study areas have high P factor values of > 0.8, suggesting that there are poor agricultural
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management practices within the study areas. However, this high value is also mainly a result
of agriculture constituting a small percentage of the total area in most of the catchments, since
non-agricultural land is assigned a P factor of 1 (indicating no management practice).
Estimating the P parameter according to the HML zones leads to a slight improvement by
capturing some of the spatial variability within the catchments. Figure 8.2D shows that all the
study catchments have a P of 1 in the H zone and minimal variation in the M zone. Significant
P variation is exhibited in the L zone. This pattern is linked to the pattern exhibited by the C
factor, since low slopes are ideal for agricultural activity, while there is less agriculture in the
M zone and mostly none in the steep H zone. Two of the MUSLE factors (LS and P) are shown
to be consistently high in the H zone, leaving the K and C factors as the primary regulators of

erosion rates within the H zone.

8.4.2 Regional sediment yield patterns

The simulated sediment yield results (Table 8.3 and Figure 8.4) showed that the catchments
located in the Eastern Cape (T35A-E and S10A-E) have the highest sediment yields. Le Roux
et al. (2015) conducted an erosion modelling study in the Umzimvubu catchment in the Eastern
Cape and reported high sediment yields ranging up to 150 t ha™! year !. The higher soil loss
rates in the Eastern Cape (reported in Le Roux et al., 2008) can also be attributed to human
influence, as poor land management and overgrazing continue to destroy the vegetation cover
(Le Roux and Waal, 2020; van Tol et al., 2016). The result of the current study also points to
higher sediment yields in the Eastern Cape region. Global studies (e.g. Borrelli et al., 2017)
and continental studies (e.g. Vanmaercke et al., 2014) highlight that the areas north of the
Eastern Cape followed by the primarily semi-arid northern parts of the country are generally
high erosion zones. The temperate southern and semi-arid northern parts of the country have
much lower erosion rates compared to the sub-humid Ntabelanga catchment. The lower soil
loss rates are attributed to the vegetation cover and less intensive rainfall regime in the region.
Low C values tend to mitigate against higher values in the other factors for the H and M zones.
For example, when the addition of the HML LS parameter increased sediment output
dramatically in steep catchments such as H80A (H LS = 22), the high LS coincided with a low
C factor of 0.05, ensuring that while the LS is >100% higher than the mean LS value, the

sediment output only increased by 32%.

Comparison of the model estimates and reservoir survey estimates (Table 8.3) showed that the
WQSED manages to capture some of the regional patterns of sediment yield (see Figure 8.4).
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However, actual sediment yield rates (Table 8.3) did not compare very well. The poor
performance of the WQSED model can be attributed to a variety of factors. Firstly, the WQSED
only simulates soil loss from the sheet, rill and inter-rill processes because it is based on the
MUSLE. Therefore, sediment yields from areas with extensive active gully processes in the
Eastern Cape and the north of the country (see Mararakanye and Le Roux, 2012) are likely to
be under-simulated. In a recent study, Ezzaouini et al. (2020) compared MUSLE simulations
to bathymetric survey data, reported underestimations and concluded that most sediments
entering the dam were from non-sheet or rill processes. Secondly, uncertainties in the parameter
estimation could be contributing to model failure to simulate low sediment yields. The extent
of vegetation protection of soils in catchments such as Maden (mostly indigenous forest with
a well-developed litter layer) was likely underestimated by using vegetation maps and
assigning C values a priori. Despite using a 250m soil erodibility database, the data is still
largely coarse, especially when applied to small catchments such as Maden. Some of the very
low observed sediment yields occur in mountain catchments (e.g. HSOA and K90A-B), where
at least some of the steep parts (the H zone) have bare rock. These are often not reflected as
areas with low erodibility in the databases and are not well captured by classified land
cover/land use maps; this could also contribute to over-estimation, particularly given the
assumptions in WQSED that these are the zones with the highest erosivity factors. Where
possible, field campaigns could bridge input data uncertainty by providing additional

information to supplement data derived from existing databases.

Additional uncertainties associated with flow separation have already been reported in previous
chapters. An assessment conducted to ascertain how much baseflow separation would be
necessary to attain a result in the reservoir estimates range indicated that unrealistic baseflow
fractions of >90% are necessary to bring model estimates within the range of reservoir
estimates. Baseflow fractions that high would be unrealistic even for densely vegetated
catchments like the Maden, where infiltration rates are assumed to be high. Notably, calibrating
the scale and power parameters (Equation 2.1; Chapter 2) in the MUSLE erosivity equation
(e.g. Ezzaouini et al., 2020) would generally have a similar effect on the erosivity. Therefore,
a calibration range (for the coefficients) may be necessary to constrain MUSLE erosivity and

ensure that calibrations are based on realistic erosivity assumptions.
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Figure 8.4 Map showing the regional sediment yield gradient exhibited through the selected
catchments. A. represents the patterns based on reservoir survey, and B. represents modelled

patterns.
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Overestimations emanating from the current WQSED application could also be related to
uncertainties associated with what happens to sediment when it reaches the dam. Modelled
sediment is assumed to enter the dam and settle over time. However, some dams are equipped
with sediment traps that can reduce the amount of sediment entering the dam (Rooseboom,
1992), and some of the sediment may be lost during reservoir water releases and spills. A
further potential problem is that some of the catchments have quite extensive networks of small
farm dams, many of which are located on the main tributary river channels, acting as sediment

traps.

8.5 Conclusion

The application of the WQSED model with HML factors for study areas indicated the
sensitivity of the model outputs to parameter aggregation, and highlighted the importance of
parameterising the model following the model distribution approach. However, the resultant
sediment yield outputs were generally poor compared to the observed reservoir sedimentation
rates, although some catchments were relatively close to the observed data. Notably, the
reservoir rates for several catchments (38%) fell within the £25% parameter uncertainty range.
Although the WQSED model simulates sheet-rill processes and is generally unsuitable for
estimating actual reservoir sediment volumes in catchments where gully or channel processes
are dominant, model outputs were generally shown to replicate the spatial erosion patterns of
the previous estimates. The results are essential for highlighting hillslope sediment contribution
to reservoir sediment. The knowledge of spatial patterns of sediment yield and influencing
factors is vital for catchment management initiatives that aim to reduce hillslope erosion
contributions to reservoir sedimentation. Additionally, scenarios associated with changes in
rainfall, vegetation and related human impacts can be assessed. Beyond water quality
applications, the WQSED model could be a useful resource for regional sediment yield
assessments. Further resolving the reasons for some of the very large discrepancies in MUSLE
estimates compared to the observed reservoir sedimentation rates was beyond this study's
limited resources. However, this is obviously a very important issue if the MUSLE-based

WQSED model is to be used with any confidence in the future.
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Chapter 9 Conclusions and recommendations

9.1 Introduction

This study focused on the further improvement, testing and evaluation of a recently developed
erosion and sediment transport model (WQSED). While the model has mostly been applied
and validated in southern Africa and parts of the USA (and associated territories), its suitability
for application in South Africa requires further investigation. The development of the WQSED
model was achieved by adding conceptual sediment storages and a channel routing module to
the modified universal soil loss equation (MUSLE) (Williams, 1975). The approach used to
simulate the daily flow data needed to force the WQSED model, is the application of a
mechanistic hydrological model (the Pitman model) (Pitman, 1973; Hughes, 2013), which was
developed in South Africa, coupled with a month-to-day disaggregation method (Hughes and
Slaughter, 2015). However, flow data from other independent sources (including observed
streamflow) may also be used. The model is part of and in addition to an existing suite of
commonly used water resources management models in South Africa (SPATSIM; Hughes and
Forsyth, 2006). Primarily, the model was developed to provide sediment simulations to the
Water Quality Systems Assessment Model (WQSAM) (Slaughter et al., 2017). The initial
testing of the WQSED model was followed by identifying scale issues associated with the
application of the model. Subsequently, the calibrated model performance was assessed against

established sediment yield models.

9.2 Spatial and temporal scale effects associated with MUSLE application
(Objectives A and B)

Universal Soil Loss Equation (USLE) (Wischmeier and Smith, 1978) and other USLE based
models e.g. MUSLE, are largely derived from plot scale assessments. Upscaling these models
to catchment scale is usually necessary because that is the scale at which information for
managing catchments is usually required. However, upscaling leads to errors associated with
spatial and temporal scale (Karydas et al., 2014). Spatial scale issues affecting the MUSLE
have been reported as part of the SWAT model applications (Neitsch et al., 2005), e.g. Chen
and Mackay (2004), Pignotti et al. (2017), and Vigiak et al. (2015). Although the previous
studies focused on SWAT Hydrological Response Units’ (HRUSs’) size and grid resolution, the
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potential spatial scale effects were evident. It was important that these scale effects were

investigated as part of the WQSED development.

Furthermore, a review of the worldwide application of MUSLE by Sadeghi et al. (2013)
indicated that accounting for temporal variation in the MUSLE could improve performance,
although this was rarely taken into account by existing studies. Therefore, it was imperative
that temporal variation be assessed to provide more insights into the sensitivity of the MUSLE
to temporal variations. The issues of scale reported in previous studies arose during initial
testing of the WQSED model and these were investigated as part of model development. When
investigating the effects of scale on the MUSLE, a distinction was made between spatial and
temporal scale effects. The primary research question was to investigate whether the outputs
and performances of the MUSLE were different when applied at different spatial and temporal

scales.

Hypothetical study catchments were used to investigate spatial scale effects. While
hypothetical catchments could be viewed as abstract, their use is justified, as the scientific and
mathematical principles remain the same for a real-world situation. Notably, attempts to isolate
the scale effects in a complex real-world situation would be confounded by the myriad of
interrelated processes present, and it could therefore be argued that the use of a hypothetical
catchment allows the spatial scale effects of the MUSLE to be more easily isolated, by
excluding the effects of confounding processes from the analysis. After applying the MUSLE
to hypothetical catchments of varying sizes, it was discovered that: 1) the MUSLE simulates
different amounts of sediment depending on whether a lumped or distributed discretization of
the catchment is used in the modelling approach, and 2) these differences are primarily linked
to the MUSLE’s erosivity equation and topographic factor. A further issue that the current
study has highlighted is the conceptual differences between the original USLE and the more
recent MUSLE in terms of erosion and sediment delivery, which is clearly also related to spatial
scale. The use of a runoff-derived erosivity factor was originally designed to allow the MUSLE
to be used as an event-specific estimation of erosion, whereas the USLE was designed to
generate long-term average erosion. However, it appears that some publications (e.g. Arekhi et
al., 2012) consider this distinction also to mean that a sediment delivery ratio is no longer
required. Although sediment routing is part of the SWAT model implementation of the
MUSLE (Neitsch et al., 2005), it appears that the routing approach simply attenuates the
sediment generated on any day. However, the long-term total mass of sediment delivery will
approximately equal the sediment yield calculated by the MUSLE. Therefore, sediment routing
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cannot be assumed to have any compensating effects on spatial scale dependencies associated
with the MUSLE erosion estimates. Sediment routing may be necessary for estimating the
likely range of suspended sediment concentrations in downstream river channels. However, if
the long-term conservation of mass principle is not adhered to, sediment storages within the

catchment will either progressively increase or decrease.

The overall conclusion is that potential scale dependency issues associated with the use of the
MUSLE exist, and that these will be dependent upon the type of catchment discretization used
in the modelling approach (lumped, semi-distributed or distributed), and whether all the model
algorithms and recommended parameter estimation methods have been designed to be sensitive
to the spatial scale dependencies. Perhaps the key issues are that any uncertainties in the
estimates of the hydrological data used to force the MUSLE erosivity equation, or in the
approaches used to estimate the LS factor, could be exacerbated by the spatial scale dependency
problems that have been highlighted in the current study, and that these issues should be
considered as part of a broader model sensitivity and uncertainty assessment. This is
particularly relevant in data-scarce regions where there is often little information available to
calibrate an environmental model and constrain the model outputs. The current investigation
contributes to sediment yield modelling that uses MUSLE (and possibly other USLE
variations) because it is one of the first to report the spatial scale effects of the MUSLE
explicitly. The present study results should act as an essential guide to applying WQSED or
other models incorporating the MUSLE. Other models related to the MUSLE, such as the
USLE and RUSLE, could also be affected by such spatial scale effects. Given the popularity
of the USLE, RUSLE and MUSLE worldwide, the present study's findings may ultimately

change the way most sediment yield models are applied worldwide.

Concerning temporal scale effects in the MUSLE, the influence on sediment yield estimation
in the MUSLE of changes over time to land cover, was investigated. The current study found
that: 1) intra-year (seasonal) variability in vegetation cover exceeded that between years; 2)
considering temporal changes in vegetation cover led to some improvement in sediment yield
estimation; and 3) a seasonal C factor is vital in areas with seasonally-variable rainfall/runoff

regimes which receive significant rainfall in winter when vegetation coverage is low.

Remotely-sensed NDVI data were used to provide a time series of land cover data instead of
static land cover from land-use maps. Several NDVI to C factor conversion methods were
evaluated, and despite limitations and uncertainties associated with these conversion methods,
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the method of van der Knijff et al. (1999) was found to be generally appropriate for application
to the selected study area. Therefore, it was crucial to test and validate the conversion methods
through field observations before application to areas outside of the region for which they were
developed. This result should be an important guide to future studies when adopting and

applying existing C factor conversion methods.

The outcome of the current investigation highlights the potential importance of considering
temporal scale effects in applying the MUSLE. However, the analysis was conducted on
catchments with similar climatic and vegetation regimes over a few years; therefore, these
conclusions are preliminary. Further analyses involving multiple catchments and more
extended periods should be considered before more concrete conclusions can be made. Pre-
processed NDVI data products are now commonly accessible on sites such as Google Earth
Engine. The ready availability of NDVI products balances out the potential additional
parameterisation burden associated with considering temporal aspects of vegetation cover.
However, accounting for temporal changes in vegetation cover using the NDVI method
remains constrained by the vegetation cover attributes that the index can represent (Schmidt et
al., 2018) and satellite images' availability for historical applications. While the WQSED
structure does not currently have an option for applying (possibly using a seasonal distribution)
dynamic C factors, this could be considered as part of future model developments after a more

robust assessment of C factor variations has been performed.

9.3 Application and evaluation of the WQSED model (Objectives C and D)

The application and evaluation of the WQSED model was a vital component of the current
study, as the model had never been calibrated and validated against observed daily data after
its initial development. In addition, the model had previously only been applied to three small
catchments in South Africa that fell within the same region (Eastern Cape, South Africa).
Therefore, additional testing was vital before the model could be incorporated for use within

the water resources modelling framework in South Africa.

Good performance statistics were recorded in the catchments modelled in the present study.
This was a positive development, particularly since the WQSED simulates sediment at a daily
time scale and previous studies (Borah and Bera, 2004; Moriasi et al., 2007) have shown that
sediment yield simulations rarely produce satisfactory results at a daily time step. The model

calibration and validation exercise yielded the following outcomes: 1) results from the model
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calibration and validation indicate that the model is stable and applicable; 2) the results provide
considerable information on the rates and dynamics of sediment yield, which is essential for
catchments management; and 3) sparse monthly observed data that were used to calibrate the
model in some study areas could be infilled using a continuous simulated daily record of
sediment yield, although the validity of the calibration was relatively uncertain. The model also
demonstrated that it could perform relatively well when compared to other established models.
Applying the model in ‘ungauged’ catchments yielded poor results, mainly because the model
simulations (sheet and rill processes) were compared with sediment yield rates estimated from
reservoir surveys measuring accumulated sediment from all sources that include gully and bank
erosion, that are not represented by the WQSED. However, the model managed to replicate
some of the regional sediment yield patterns primarily driven by erosivity, slope and vegetation

coverage.

One of the key remaining questions in sediment transport studies is related to the role of gullies,
not only as conduits of sediment but also as primary source areas of sediment. From a
modelling perspective, this question relates to whether there is a need to simulate gully erosion
in a sediment model explicitly. Unfortunately, there is insufficient real data available to answer
these questions. Another possible reason for the model’s failure to estimate some peaks could
be due to significant mismatches between observed flow and observed sediment concentration
data (also associated with hysteresis effects) that were explicitly noted for the Tsitsa catchment.
However, significant uncertainties also encompass the observed sediment data. Measures of
instantaneous suspended sediment concentration (SSC) collected using grab or automated
sampling methods and converted to daily loads will not always be accurate representations of
the daily sediment discharge, as they represent the sediment discharge collected at a single time
and extrapolated to represent the entire day. Uncertainties in input data, calibration data and

model structure make sediment yield modelling complex and uncertain.

The application and evaluation of the WQSED model in the current study indicated that the
model is generally difficult to apply in ungauged catchments. This mainly applies to the
calibration parameters associated with the storage model and storm duration. Adopting the
simpler storage option could significantly reduce model complexity while maintaining
effectiveness. Regardless of the storage option adopted, the application of the WQSED to areas
lacking observed data could remain challenging. However, a parameter transfer assessment in

Chapter 7 showed that there could be potential for regionalising the model's calibration
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parameters. Although more assessments of the WQSED model are necessary, lengthy observed

daily sediment data are scarce in South Africa.

Providing reliable sedimentation information is crucial for catchment management. Simulation
models are vital tools that can be used to obtain this information. However, the calibration and
validation of these models to provide reliable simulations is difficult, due to the scarcity of
daily observed sediment yield data. This problem particularly affected the current research, and
it is recommended that more funding be dedicated to data collection of daily sediment data. It
is acknowledged that the problem of data scarcity has continuously compounded model
application in Africa. There is perhaps a need to assess the minimum observed data
requirements that can be used to constrain model outputs. One approach could be collecting
spot sediment observations during high, moderate and low flow periods to develop realistic
regional sediment discharges for constraining model outputs in ungauged basins. Another
method would be developing a sediment rating curve, although this method may require daily
observed sediment data, of which there is a short supply in African catchments. Although the
above suggestions could be valuable in a data-scarce context, they may fail to capture or
account for the complexity of sediment processes that result in the variability of sediment

discharge.

The WQSED model was calibrated and validated using limited observed sediment data for a
few catchments. Based on its performance, the model is recommended for simulating
catchment sediment yield, particularly for catchments in which at least some calibration data
are available. Further robust model application and testing are recommended to evaluate the
model more broadly. Users of the WQSED model should be aware that no explicit gully
function has yet been implemented, and this could affect model performance in areas where
gullying is a significant source of sediment. Therefore, the addition of an explicit gully function
represents an opportunity for further development of the model while ensuring these
developments do not culminate in a complex model that is inappropriate for practical
application in the intended catchments. Finally, there is a need to consider the current trends in
research with regards to data sources. Earth observation is making data at a range of spatial and
temporal resolutions increasingly available, and it is vital to carefully consider what these data
mean and the associated limitations and uncertainties. Accordingly, there is a need to shape our
existing approaches to seamlessly adopt valuable data anticipated to increase with

advancements in Earth observation.
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9.4 Limitations of the study

e The study was conducted mainly as a desktop study. Limitations associated with
funding precluded the establishment of sediment monitoring stations and conducting
field surveys and soil sampling to supplement existing data. In addition, the study areas
of the current study range across Southern Africa and beyond, thereby making field
assessment infeasible.

e The model does not simulate gully and channel erosion, which could be significant
sediment sources in some South African catchments.

e The effect of stoniness (rock fragment factor) was not considered; therefore, estimates
of the K factor could be slightly higher in some catchments.

e The unavailability of observed daily sediment data prevented rigorous testing of the
model in South Africa, which is the primary area of application. Additionally, the lack
of data for validating baseflow separation makes the estimated surface flows highly

uncertain.

9.5 Conclusion

An erosion and transport model, the WQSED, has been evaluated and tested for specific
application to catchments of South Africa and the sub-Saharan Africa region. Initial testing
conducted within the present study demonstrated that the model could produce acceptable
results. However, the model could not be thoroughly tested and validated because of a lack of
observed daily sediment data in the region. Some uncertainties associated with the model have
not been resolved within the current study. Some of these limitations and uncertainties relate
to parameter estimation based on spatial data, model structure and the role of erosion
originating from gully development (rather than their role as temporary sediment stores), the
temporal changes in vegetation cover, the parameters used for baseflow separation and the
determination of surface runoff. Most of these uncertainties may be resolved by the availability
of high quality observed information and calibration data. However, attempts to minimise
uncertainties and account for a greater number of erosion processes should avoid developing
an overly complicated model with data requirements that cannot be met in most catchments in

southern Africa. The WQSED model was developed to address the need for a sediment model
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that can be integrated within the WQSAM model to simulate water quality within the broader
water resources modelling framework in South Africa. While the WQSED model is generally
considered fit-for-purpose from a practical application perspective, the unavailability of
calibration data in most cases will mean that the model outputs will remain highly uncertain.
While the provision of this model does not immediately solve the water resources challenges
facing sustainable management of southern African catchments, the model is a valuable tool
for generating scarce sediment yield information. It is only through knowledge and information
that we can sustainably manage our natural ecosystems and realise water-safe and -secure

African catchments.
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Appendix A
App A.1 South African catchments

*Images of all dams were all accessed from Department of Water and Sanitation website;
http://www.dwa.gov.za/Hydrology/Weekly/Province.aspx. Other images were taken during
field visits by the author.

Figure A3.3: Map showing the location of the study areas in South Africa.

1. Tsitsa River catchment (T35A-E)

Figure A3.4: Steep gullied slopes in quaternary T35E.
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Figure A3.5: Gulley erosion and sediment transport in quaternary T35E.

2. Duiwenhoks Dam catchment (H80A)

Figure A3.6: Imagery showing the topography and vegetation of the study area.
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Figure A3.7: The Duiwenhoks Dam and topography and vegetation of part of the catchment.

3. Prinsrivier Dam catchment (J12G)

Figure A3.8: Imagery showing the topography of the study area.
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Figure A3.9: The Prinsriver Dam, illustrating the topography and vegetation of the lower part

of the catchment.

4. Churchill Dam catchment (K90A-B)

Figure A3.10: Imagery showing the location and topography of the study area.
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Figure A3.9: Imagery showing the Churchill Dam and surrounding area.

5. Maden Dam catchment (R20A)

Figure A3.11: Imagery showing the topography and vegetation of the study site.
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6. Klaserie Dam catchment (B73A)

Figure A3.12: Imagery showing the topography and vegetation of the study site.

Figure A3.12: Image showing the Klaserie Dam.
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7. Xonxa Dam Catchment (S10A-E)

Figure A3.13: Imagery showing the topography the study site

Figure A3.14: Imager showing the Xonxa Dam and surrounding vegetation and topography.
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8. Koster Dam catchment (A22B)

Figure A3.15: Imagery showing the Koster Dam catchment.

Figure A3.16: Image showing the Koster Dam.
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9.Buffelspoort Dam catchment (A21K)

Figure A3.17: Imagery showing the Buffelspoort Dam catchment.

Figure A3.18: Image showing the Buffelspoort Dam.
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10. Da Gama Dam catchment (X31H)

Figure A3.17: Imagery showing the Da Gama Dam catchment.

11. Ebenezer Dam catchment (B81A)

Figure A3.18: Imagery showing the Ebenezer Dam catchment.
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Figure A3.19: Image showing the Ebenezer Dam and surrounding catchment.

12. Hazelmere Dam catchment (U30A)

Figure A3.20: Imagery showing the Hazelmere Dam catchment.
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Figure A3.21: Image showing the Hazelmere Dam and surrounding densely populated

catchment.

13. Witklip Dam catchment (X22E)

Figure A3.22: Imagery showing the Witklip Dam catchment.
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Figure A3.23: Image showing the Witklip Dam and surrounding forested catchment.
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App A.2 USA catchments

Figure A3.24: Image showing the location of selected catchments in the USA and Puerto
Rico.

Figure A3.25: Topography, vegetation and land use in the Rio Tanama catchment.
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Figure A3.26: Topography, vegetation and land use in the San Patricio catchment.

Figure A3.27: Topography, vegetation and land use in the Grande Cane catchment.
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App A.3 Zimbabwean Catchments

1. Odzi River catchment
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Figure A3.29: Map showing vegetation coverage of the Odzi catchment area.
187



Figure A3.30: Topography, vegetation and land use in the Odzi catchment.

2. Gwai River catchment
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Figure A3.31: Map showing the location of the Gwai catchment in Zimbabwe.
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Figure A3.32: Imagery part of the Gwai River catchment.
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Figure A3.34: Map showing vegetation coverage of the Gwai River catchment.
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App B.1 NDVI to C factor assessments.
A) Validating NDVI C with control points collected in the field.

Appendix B

Fixed_C

12

0.00

R?=0.7479

0.40
NDVI_C

0.60

0.80

Land cover NDVI | NDVI C | Fixed C
grasslands 0.48 0.16 0.12
bare/degraded 0.23 0.56 1
grasslands 0.54 0.09 0.12
bare/degraded 0.44 0.21 1
grasslands 0.54 0.10 0.12
grasslands 0.46 0.19 0.12
bare/degraded 0.37 0.32 1
low shrub 0.49 0.14 0.013
bare/degraded 0.22 0.57 1
wetlands 0.57 0.07 0.038
grasslands 0.52 0.12 0.12
open bush 0.59 0.06 0.012
bare/degraded 0.21 0.58 1
plantation 0.65 0.03 0.012
bare/degraded 0.30 0.43 1
bare/degraded 0.18 0.64 1
bare/degraded 0.23 0.55 1
grasslands 0.49 0.14 0.12
low shrub 0.59 0.06 0.013
grasslands 0.55 0.08 0.12
settlements 0.52 0.12 0.1
settlements 0.54 0.10 0.1
settlements 0.62 0.04 0.1
wetlands 0.66 0.02 0.038
wetlands 0.67 0.02 0.038
grasslands 0.48 0.16 0.12
forest/thicket 0.74 0.00 0.009
grasslands 0.58 0.06 0.12
wetlands 0.61 0.05 0.038
grasslands 0.45 0.19 0.12
grasslands 0.54 0.10 0.12
grasslands 0.40 0.26 0.12
bare/degraded 0.34 0.35 1
low shrub 0.56 0.08 0.012
grasslands 0.52 0.12 0.12
low shrub 0.47 0.17 0.012
grasslands 0.63 0.04 0.012
low shrub 0.49 0.15 0.013
bare/degraded 0.37 0.31 1
grasslands 0.54 0.09 0.12
open bush 0.51 0.13 0.012
forest/thicket 0.71 0.01 0.009
cultivated land | 0.40 0.26 0.37
settlements 0.38 0.29 0.1
Average 0.49 0.19 0.29

190




B) Assessing the performance of some of the NDVI to C conversion methods for use
within the study area.

Map Van

Vegetation (fixed) | der

class NDVI | C Knijff | Colman | Durigon | Sulistiyo! | Sulistiyo? | Suriyaprasit | De Jong
Low shrub 0.59 0.013 0.06 -0.009 -0.086 0.149 0.214 0.003 -0.041
Grasslands 0.55 0.12 0.08 -0.005 -0.054 0.173 0.256 0.004 -0.015
Settlements 0.52 0.1 0.12 -0.002 -0.019 0.200 0312 0.005 0.013
Wetlands 0.66 0.038 0.02 -0.016 -0.158 0.093 0.143 0.002 -0.099
Forest/thicket 0.74 0.009 0.003 -0.024 -0.240 0.030 0.090 0.001 -0.165
Average 0.61 0.056 0.06 -0.011 -0.111 0.129 0.203 0.003 -0.061

App B.2 Average MUSLE factors (including fixed C) calculated for the

catchments
T35C
Factor Value
LS 6.6
C 0.098
K 0.35
P 0.94
Tsitsa catchment
Factor Value
LS 6.22
C 0.12
K 0.33
P 0.96
Inxu catchment
Factor Value
LS 6.95
C 0.13
K 0.35
P 0.8
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Appendix C
App C.1. Discharge and sediment load time series graphs for all the selected

catchments.

Inxu
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Rio Tanama

194




App C.2 Final model parameters for the selected catchments.

Parameter Catchment name
Number | Name OdziD Tsitsa A38 A36 A32
! Q depth power 0.8 0.8 0.8 0.8 0.8
2 Q depth constant 12 12 3 35 4
3 Drainage density 12 15 13 15 15
4 Initial storage fraction 0.8 01 0.2 0.2 0.2
5 Sediment storage ratio 0.8 02 0.8 0.8 0.8
6 Threshold flow
(mm/hr) 0.01 0.1 0.1 0.1 0.1
7 Peak scaling 1 1 1 1 1
8 Channel width (m) 10 25 20 60 60
9 Channel slope
(degrees) 0.05 0.05 0.005 0.050 0.005
10 Channel length (Km) 450 250 350 150 300
2
I | Catchmentarea (Km?) | 5 4361 3944 | 21200| 17200| 5900
H 0.1 0.12
Catchment area 0.01 0.01 0.01
12 ion i
proportionin | M 048  0.38 002 002| 002
each slope zone
L 0.42 0.5 0.97 0.97 0.97
H
0.26 0.35 0.38 0.54 0.44
Soil erodibility | M
13 X)
0.21 0.33 0.42 0.42 0.33
L
0.24 0.32 0.53 0.36 0.3
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App C.2 (cont.) Final model parameters for the selected catchments.

H
14.00 17 14 172 183
14 Catchment slope | M
(LS) 5.16 5.7 6.3 61| 5.4
L
0.35 097 087 1| 14
H
0.001 0009 |  0.15 022 018
M
15 Cover (C) 0.01 01| 018] 024| 022
L
0.01 015 022 035| 027
H
| | | | |
. M
16 Practice (P) ] 0.99 0.9 09| 09
L
0.9 0.9 0.9 09| 09
H
_ 100 61 159 129 | 44
Maximum M
17 storage 400 500 500 500 | 200
(Kilotons) L
500 600| 1200| 1000| 800
H
0.5 0.3 0.1 01| o1
13 Gully store M
proportion 0.5 0.6 0.2 0.1 0.1
L
0.5 0.8 0.3 03| 03
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App C.2 (cont.) Final model parameters for the selected catchments.

Parameter Catchment name
Number | Name Inxu Grand Cane | San Patricio | Rio Tanama
1 Q depth power 0.8 13 0.8 0.8
2 Q depth constant 12 10 10 10
3 Drainage density 15 12 12 1.2
4 Initial storage fraction 02 0.090 0.090 0.4
5 Sediment storage ratio 0.8 1.2 0.8 0.8
6 Threshold flow
(mm/hr) 0.1 0.1 0.5 0.3
7 Peak scaling 1 1 1.2 1.2
8 Channel width (m) 20 4 4 4
9 Channel slope
(degrees) 0.05 0.05 0.05 0.05
10 Channel length (Km) 150 151 157 40
2
11 Catchment area (Km®) 2062 183 202 49
H 0.12 0.05
Catchment area 0.01 0.2
12 ion i
proportion in M 0.43 0.25 0.14 0.6
each slope zone
L 0.45 0.70 0.85 0.2
H
0.2 0.30 0.39 0.24
Soil erodibility | M
0.35 0.39 0.39 0.24
L
0.4 0.39 0.38 0.24




App C.2 (cont.) Final model parameters for the selected catchments.

H
15.00 3 3.55 15
14 Catchment slope | M
(LS) 5.00 1 1.44 7
L
0.86 0.32 0.28 1.6
H
0.01 0.006 |  0.001 0.001
M
15 Cover (C) 0.05 0.006 0.01 0.009
L
0.18 0.005 |  0.009 0.009
H
1 0.6 0.6 0.8
. M
16 Practice (P) 0.8 0.6 0.6 0.8
L
0.6 0.5 0.6 0.8
H
_ 100 40 8 100
Maximum M
17 storage 300 100 45 400
(Kilotons) L
400 300 485 80
H
0.2 0.3 0.1 0.3
13 Gully store M
proportion 0.3 0.3 0.1 0.1
L
0.5 0.3 0.2 0.5
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App C.3 A list of parameters for the simple storage option of the erosion

and sediment transport (WQSED) model

Number Parameter Odzi | Tsitsa | Inxu | Grand San Rio
Cane | Patricio | Tanama

1 Maximum 1200 | 1000 1000 | 500 500 500
catchment storage
(SSmax)(Kilotons)

2 Initial storage | 100 100 100 50 60 20
(TS)) (Kilotons)

3 Sediment storage | 0.1 1.8 1.5 0.9 1.8 0.8
power (QPOW)

4 Threshold  flow | 0.1 0.5 0.1 0.5 0.5 0.9
for sediment
delivery (m® s™)

5 Peak flow scaling | 2 2 2 2 2 2

6 Maximum daily | 298 125 399 78 229 50
total flow (Qmax)
(m?s™)
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