The practicalities of suspended sediment load estimation in South Africa
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Abstract
In many parts of South Africa, soil erosion rates are high, and likely to be exacerbated by the longer droughts and more intense rainfall that are predicted in long-term regional climate change scenarios. Suspended sediment loads (SSL) and yields (SSY) are accepted means of expressing and comparing sediment transport and soil erosion rates. Land care and water security initiatives in South Africa require these data to provide benchmarking, and trajectories of change. 
International researchers began in the 1970s to investigate SSL estimation approaches. These investigations typically used near-continuous turbidity data from installed probes as a surrogate for sampled SS, and auto-samplers to monitor SS concentration and develop sediment rating curves. 
Biophysical and socio-economic conditions in South Africa differ markedly from the northern hemisphere environments where foundational studies were conducted. SSL estimations in South Africa are associated with extreme hydrological regimes, remote study areas and lack the resources required to collect and analyse representative SS data. There is a dearth of measured SS data, and of observed SSL and SSY for South African catchments.
Using measured SS data from the Tsitsa River catchment (Eastern Cape, South Africa) we found that a discharge-weighted interpolation estimator was more appropriate than regression estimators, and that SSY responses to biophysical factors were in some ways more similar to northern hemisphere norms than expected. Lack of technical, infrastructural, human and financial resources were our main constraints to monitoring and estimating SSY. 
Our findings highlight the challenges of, and provide some guidance for, estimating directly measured SSL in the southern Africa region and inform future research in resource scarce areas.
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1. INTRODUCTION
Background
Soil and water resources are valuable assets that need careful management (Bridges & Oldeman, 1999). Excess soil erosion and siltation negatively affect aquatic ecosystems, land and livelihoods, and water storage, transfer, and power generation infrastructure (Vercruysse et al., 2017).  Reliable suspended sediment load (SSL) and specific sediment yield (SSY) data are needed to effectively monitor and manage soil erosion and siltation (Gao, 2008). 
Very little information exists regarding directly sampled SSL and SSY estimation in South and southern Africa. In this paper we aim to provide insight into the practicalities of estimating SSL and SSY from direct sampling of suspended sediment concentration (SSC), and to provide guidance to researchers working in similar catchments. We compare northern hemisphere biophysical and socio-economic factors with those of South Africa, detail the constraints to SS sampling imposed by these circumstances, and outline the approaches we adopted in response. Presenting the resulting SSC and discharge (Q) data distributions and relationships, we explain their influence on our selection of SSL estimator. We then investigate the effects on SSL and SSY variability of catchment size, hydrological regime, sampling strategy, and data stratification. Lastly, we compare our results with those from other studies.
The need for Suspended Sediment Load And Yield Data
In SA, water resource protection and sustainable land management is essential for economic growth and food security (National Water Act, (NWA) Act No. 36 of 1998). Soil erosion rates in some parts of South Africa are estimated to be among the highest in the world, with SSY of up to 2500 t km-2 yr-1. (Msadala et al., 2010; Le Roux & Weepener, 2015).  Climate change is expected to negatively impact soil erosion and transport rates, resulting in longer droughts and more intense storm events, thereby increasing SS availability and transport potential (Theron et al., 2021). This will greatly impact rural communities, who are typically the most vulnerable, the least empowered, and yet the most reliant on the land where they live (Itzkin et al., 2021). Strategies to implement water resource protection require SSL and SSY data for benchmarking, monitoring, and adaptive management, but the availability of such data is constrained by circumstances that are country-specific. 
Widespread rainfall and discharge monitoring programmes were well-established in SA by the 1940s, and although still broadly functional, they are increasingly degraded by theft, vandalism, and lack of financial and technical resources to repair or replace monitoring equipment (Kapangaziwiri et al., 2012). Since the 1980s there have been no long-term (>1 year) SS sampling programmes until the commencement of the Tsitsa Project in 2015 (Bannatyne et al., 2017).
The recent SSL and SSY literature that exists for the region typically describes either discrete case studies based on monitoring (e.g., Scott et al., 1998), or regional to national-scale modelling and GIS-based SS yield estimations, generally relying on dam sedimentation data (e.g. Msadala et al., 2010) or reservoir sediment reconstruction (e.g. Foster et al., 2008). However, owing to the focus on the Tsitsa River catchment caused by proposed dam developments, recent modelled SSYs are available for the Tsitsa River catchment (Le Roux, Mashimbye, et al., 2008; Le Roux & Weepener, 2015; Pretorius et al., 2016; Gwapedza et al., 2021). One annual SSY based on measurement is available for the Inxu catchment (Nyamela, 2018).
The Development Of Suspended Sediment Load Estimation Methods
From the 1970s, Walling and co-authors (e.g., Walling, 1977a; Walling, 1977b; Walling & Webb, 1981; Walling & Webb, 1985; Phillips et al., 1999) investigated the comparative precision and accuracy of integration/averaging/interpolation estimators, ratio estimators, and regression/extrapolation estimators (sediment rating curves) for estimating SSL. These researchers concluded that sampling method, frequency, and representativeness were responsible for much of the uncertainty associated with SSL estimation, but that the choice of estimator also impacted the bias, precision and accuracy of the resulting SSL.  Where decadal continuous SSC and Q data were available throughout the study period, sediment rating curves were found by these researchers to be the most accurate and precise method (Walling & Webb, 1985). However, when SSC data were few, and/or were weakly correlated with Q data, interpolation or ratio estimators could be used (Quilbé et al., 2006). 
Rating curves, initially developed by Campbell & Bauder (1940), express the empirical relationship between Q and SSC (Walling & Webb, 1981). Largely working in humid-temperate systems, researchers were usually able to access good quality, decades-long, continuous SS data, typically from turbidity probes as a surrogate for SSC (e.g., Wass & Leeks, 1999). Commonly, least squares regression was performed using log-transformed SSC and Q data. The regression equation was used to calculate SSC values from the continuous Q data (Walling & Webb, 1981) for those periods where no SSC data existed. The resulting input-time-step SSL (e.g., daily), including those calculated from the “synthetic” SSC values given by the rating curve, was summed to give e.g. annual SSL. This method is precise, but may require a correction factor to be applied to compensate for the negative bias that occurs due to the retransformation from log-space to arithmetic-space (Ferguson, 1987; Horowitz, 2003). Importantly, whilst sediment rating curves can accommodate relatively sparse SSC data, they require a strong correlation between discharge and SSC (Quilbé et al., 2006; Grenfell & Ellery, 2009). Where the relationship is weak, subdividing or “stratifying” the available data e.g., by stage and/or season can sometimes improve the correlation (Walling et al., 2007). 
The contribution of northern hemisphere SS studies to the global literature has burgeoned since the early work of Walling and colleagues, both in terms of further investigations of estimators (e.g., Phillips et al., 1999; Asselman, 2000; Horowitz, 2003; Raymond et al., 2009), and of case studies, often using rating curves as the preferred SSL estimation approach (e.g., Skarbøvik et al., 2012; Harrington & Harrington, 2013). With the data and technical resources available, researchers were able to establish benchmark or “true” SSL, using these to compare the effects of sampling and data stratification, differences in catchment areas, and the effects of using a range of curve types and correction factors on bias, accuracy, and precision.  This growing body of knowledge has provided a broad and reliable base upon which to extend research to other, similar, catchments.
Challenges To Suspended Sediment Load And Yield Estimation In South Africa
In the global North, studies were often implemented by government environmental agencies, and facilitated by well-developed road and water resources infrastructure. Typically, there was ready access to river monitoring sites, suitable structures for the installation and protection of equipment, and electricity available to power probes and data loggers, etc. Scientific and technical expertise were also readily available to design, implement and maintain sophisticated SS monitoring regimes, guided by research which had been carried out in similar biophysical and socio-economic circumstances.
SA conditions are markedly different from those in the global North, presenting specific challenges for the estimation of SSL and SSY. Compared with SSC record lengths for European rivers (average ~13 years), African SSYs were on average based on only 6 years of SSC data (Vanmaercke et al., 2014), and most were undertaken pre-2010. As noted, government rainfall and discharge monitoring networks are limited and failing, making assessments of discharge uncertainty and variability difficult (Kapangaziwiri et al., 2012). In a global context, rivers in South Africa have been described as having the most extreme hydrological variability (Poff et al., 2006).  In both urban and rural areas in South Africa, adverse social conditions lead to extremely high rates of theft and vandalism (Bannatyne et al., 2017), whilst sparse and poorly-maintained rural road infrastructure makes access to remote rural sites difficult and time-consuming. This limits the ability of researchers to undertake sampling programmes that aim to focus on flood events, whilst the absence of suitable structures and power supply precludes the use of all but the simplest and robust installed equipment (e.g., pressure loggers). A general dearth of financial, technical, and human resources further hampers the design and implementation of SS monitoring programmes and the analysis of samples and data. There is little specific literature to provide research guidance regarding SS monitoring and SSL estimation in the region and under the described conditions.
Bannatyne (2018) describes specific circumstances related to SS sampling in the Tsitsa River catchment: it is a relatively large study area (~4000 km2), located 500 km from the research base at Rhodes University (Makhanda), leading to high transport costs; eleven locally staffed sampling sites were needed to provide spatially and temporally representative SS data.  The onset of the wet season is unpredictable: early season flows are easily missed but are vital to the representativeness of SS data. In summer, afternoon thunderstorms often lead to overnight high flows that are unsafe to monitor manually, again causing gaps in high flow SS data. In winter, snowfalls and isolated dry season rainfall events produce unpredictable but potentially important sediment transport episodes, therefore daily monitoring must be maintained through the dry season if these are to be sampled. Determining the channel representativeness of manual, bankside sampling, i.e., by collecting width and depth-integrated samples through the channel profile, is unsafe, except during low-flow conditions (Bannatyne, 2018).  
As an example of these circumstances, Figure 1 shows a bridge immediately upstream of a monitoring site in the upper regions of the Tsitsa River. There is no electrical infrastructure in this area, which is ~20 km from the nearest surfaced road. Any monitoring equipment installed e.g., on the bridge stanchions, would have been damaged or removed by the felled gum and wattle trees that have formed a dam upstream of the bridge, or stolen. A manual SS sampling point was situated ~100 m downstream of the bridge, staffed by a locally resident Citizen Technician (CT). 
[Insert Figure 1]
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Figure 1: A bridge upstream of a manual SS monitoring site in the upper Tsitsa River catchment


STUDY AREA DESCRIPTION
The Tsitsa River catchment is a tributary of the Mzimvubu River in the Eastern Cape Province of South Africa. A government proposal for large impoundments created an urgent need to estimate SSY from the main river and its sub-catchments, in order to establish priorities for remediation. Broadly, the upper part of the catchment is privately owned commercial farmland with relatively stable soils, whilst the lower catchment is a communally owned former homeland area, typified by dispersive duplex soils, extensively gullied areas, and degraded grasslands (Le Roux & Weepener, 2015). Figure 2 shows the location, geology, and mapped gullied areas of the Tsitsa River catchment, and the four monitoring sites used in this study. Table 1 summarises the general characteristics of the Tsitsa River catchment, whilst Table 2 summarises the specific characteristics of the four study sites selected for analysis.
[Insert Figure 2]
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[Insert Table 1]
Table 1: Summary description of the Tsitsa River catchment 
	Characteristic
	Description

	Size
	~4000 km2 with sub-catchments ranging from ~60 to ~1890 km2 
(Le Roux & Weepener, 2015)

	Topography
	2 730 m in north-east, ~600 m in south-west. Hilly to rolling with steep escarpments in headwaters and middle catchment 
(source 1: 50 000 Topographic maps).

	Climate
	Sub-humid 
(Le Roux & Weepener, 2015)

	Rainfall
	Seasonal. 75% of MAP (824 mm) falls between November and March (Moore, 2016) 

	Temperature
	Monthly means of daily minima and maxima, respectively -4.5 and 10.7 ºC (winter), 17.1 and 29.8 ºC (summer). 
(Le Roux & Weepener, 2015)

	Geology and soils
	Drakensberg basalt dominates the headwaters, whilst Clarens and Elliot sandstone gives way to the Molteno and Tarkastad geology, where mudstone (with some sandstone) predominates. 
Dispersive, duplex soils occur frequently on the Tarkastad mudstones of the lower catchments of the Tsitsa, Gqukunqa, and Inxu Rivers and are highly vulnerable to soil piping and gullying.
(Le Roux & Weepener, 2015)

	Vegetation
	Some plantations/woodlots, but mainly grazing and cultivated commercial crops on private land in the upper catchments. Grasslands, cultivated subsistence and field crops on communal land in the lower catchments, much of it degraded. 
(Le Roux & Weepener, 2015)

	Socio-economics
	The communal area of the Tsitsa River catchment is one of the poorest and least developed regions in the country.
(Calmeyer & Muruven (2015 P v)



[Insert Table2]
Table 2: Sampling site details (in order of increasing catchment area)
	Site number
(Figure 2)
	River
	Site Coordinates
	Catchment area
(km2)
	Flood sampling interval
	Average thalweg gradient
(%)
	Dominant vegetation
	Dominant catchment geology

	3
	Gqukunqa
	-31.09027
28.66896
	204
	15 minutes
	1.71
	Grassland
	Mudstone and sandstone

	1
	Pot
	-31.0262
28.43181
	432
	15 minutes
	2.00
	Crops, pasture
	Sandstones;

	4
	Inxu
	-31.18838
28.69073
	1452
	45 minutes
	0.85
	Grassland
	Mudstone and sandstone 

	2
	Tsitsa
	-31.10318
28.63863
	1881
	45 minutes
	1.11
	Grassland
	Mudstone and sandstone



Sub-humid environments typically have distinct dry periods when sediment is generated and stored, to be mobilised particularly at the start of the wet season (Rowntree et al., 2017). The basalt and sandstone-dominated, privately-owned, upper parts of the study area have been modelled as having relatively low SSY (100 t km2 yr-1, Le Roux & Weepener, 2015). Data monitored at the Pot River site (Site 1 on Figure 2) is representative of this upper part of the Tsitsa River catchment. By contrast, the combination of mudstones, duplex soils, degraded vegetation, and active gullies in the lower, communally-owned parts of the study area (i.e., Tarkastad geology on Figure 2) have been modelled as having relatively high SSY (2300 t km2 yr-1, Le Roux & Weepener, 2015). The data from the sites on the Tsitsa (Site 2), Gqukunqa (Site 3) and Inxu (Site 4) rivers represent this part of the Tsitsa River catchment.
Land ownership and management have been shown to influence land care and degradation (Hoffman & Todd, 2000). Low income and educational levels, coupled with high unemployment and a heavy reliance on land-based livelihoods, are important socio-economic factors exacerbating land degradation in the Lower Tsitsa River catchment (Itzkin et al., 2021). They also played a significant role in the collection of data for this study. The funding for the locally resident Citizen Technicians (CTs, see below) was provided by a job-creation scheme (Cockburn et al., 2018), the main aim of which was to meet set targets across all government departments for person-days achieved by part-time, labourer-level employment. 
DATA AND METHODS
Suspended Sediment And Discharge Monitoring
The SS data from the four sites shown in Figure 2 were collected as part of a study described by Bannatyne et al (2017), in which SS was sampled at 11 and later 7 sites on the Tsitsa River and tributaries from 1 December 2015 - present. The SS sampling programme was itself a component of The Tsitsa Project, which in response to the proposed dam developments aimed to capacitate communities in the catchment to cooperatively and sustainably manage their land and water resources (Cockburn et al., 2018).
The four selected sites had the most temporally complete record of SSC sampling for the period 1 December 2015 to 31 May 2019 (i.e., four wet seasons). SS samples were manually collected by local residents who lived close to the river, and were trained and paid as CTs (Bannatyne et al. (2017), Figure 3). 
[Insert Figure 3]
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Figure 3: A Citizen Technician who was trained and paid to collect manual SS samples from channels near their home
SS samples were collected using a stratified approach, i.e. at least once per day as a baseline, increasing to catchment-specific shorter intervals when a rise in water level was observed by the CT (“flood sampling”, Table 2). Replicate samples were collected once a week. Samples were not collected at night or when bank conditions were unsafe (e.g., flooding, lightning, etc.). Solinst model 3001 pressure loggers were installed on hard rock outcrops in riverbeds (Figure 4) and synchronised with nearby Solinst Gold barologgers to collect continuous water level data at 20 minute intervals, from which Q (m3 s-1) was calculated using rating curves based on measured flows at a range of stages. 
[Insert Figure 4]











Figure 4: Installing a Solinst 3001 pressure logger protected by a steel cage to a rock outcrop in a riverbed 
Study site selection was thus constrained by the availability of a CT who was resident within 500 m of a river sampling site that was safe to access under all but the highest flow conditions and suitable for logger installation (Bannatyne, 2018).
Laboratory Analysis
Laboratory analysis of SS samples is detailed in Bannatyne et al. (2017). In brief, the evaporation method was used to determine SS concentration (SSC, g m-3) from “flood” samples, whilst turbidity was measured for low-SS baseline samples. Some samples were analysed using both methods to allow site-specific turbidity/SSC relationships to be established.
Suspended Sediment Load Estimation
SSL is the mass of SS transported through a river gauging site (Equation 1).
[bookmark: _Ref89002552]Equation 1: 	SSL = SSC·Q

Where:
SSL = Suspended sediment load (e.g., g s-1) 
SSC = SSC (e.g., g m3)
Q = Discharge (e.g., m3 s-1)

All data manipulation and processing was done using Microsoft Excel 2010. Average daily SSC and Q were used as the input timestep or “unit load” for the estimation of annual SSL.  Instantaneous SSL was not computed, due to the workload required to align the sporadic, asynchronous SSC data with the 20-minute Q data for 16 data-years. Average daily SSC was derived from the data available for each day (n= 1 to ~40, depending on river conditions) using time-weighted mean concentration (TWMC, Equation 2), whilst daily Q was averaged from the 72 x20 minute discharge values recorded from 00h00 – 23h40. 

Equation 2:
Where: 
ci = SSC (g m3) for the ith sample
ti = time for the ith sample
n= number of samples

Daily average SSL was estimated by adding a constant to Equation 1 to account for the time-period and convert the measurement units, e.g. g s-1 to t d-1. (Equation 3) (Nolan et al., 2005; Gray & Simoes, 2008; Gray & O’Halloran, 2015). 
[bookmark: _Ref37342858]Equation 3:  	SSL = k Q C
Where:
SSL = Suspended sediment load (t d-1).
k = 0.08604 
Q = Average daily discharge (m3 s-1)
C = Average daily SSC (g m3)
SSY (t km2 yr-1) for a particular catchment was determined by dividing the SSL measured at the monitoring site by the area of the effective catchment. 
[bookmark: _heading=h.al5r1wiuejg3]A decision tree was used to assist with estimator selection (Figure 5, after Quilbé et al., 2006), using their measure of success criterion (R2 of SSC/Q <>0.5) to choose between regression, and interpolation or ratio estimators.
[Insert Figure 5]
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Figure 5: Estimator selection based on R2 criteria (Quilbé et al., 2006)
Data Stratification And Decimation
Data stratification limits the range of catchment conditions and processes represented in the subset, potentially improving the SSL estimation as indicated by the R2 of the Q/SSC regression (Novic et al., 2018). Data were stratified by discharge and by season. One stratification subset comprised data collected during the highest 20% of Q, to determine the effect on annual SSL of sampling only during high water conditions. A second stratification subset comprised data collected between 1 October and 31 May, to determine the effect on annual SSL of sampling only during the wet season. 
Sampling interval has a recognised impact on SSL precision (Walling et al., 2007; Horowitz et al., 2015). Average daily loads were decimated to determine the effect on SSL precision of restricting sampling to a given number of days per week. The average daily loads were sorted using the days of the week, and SSLs were calculated for all the subsets resulting from the permutations of 1 to 6 days per week. For example, the seven subsets for one day per week comprised Mondays; Tuesdays; and so on. The 21 subsets for two days per week comprised Mondays +Tuesdays; Mondays+Wednesdays; Mondays+Thursdays; and so on.
The SSL calculated from all the available data was taken to be the “true” annual SSL. Stratified SSLs were expressed as a percentage of the “true” annual SSL estimated from the full dataset. The SSLs resulting from the decimated data sets were analysed using %CV, and also expressed as a percentage of the “true” annual loads. 
[bookmark: _heading=h.h1wikmfqyuch]Hydrological Variability
Vanmaercke et al. (2012) found in a study of mainly northern hemisphere catchments that the relationship between runoff and SSY was more significant than that between catchment size and SSY, i.e., that the frequency and rapidity of Q change, or “flashiness”, impacted the variability of estimated SSL. The Richards-Baker Flashiness index allows comparison of the hydrologic variability between catchments, independent of their area and climatic zone (Baker et al., 2004). Unlike many hydrological descriptors such as flow-duration or return flow analyses, it can reliably be determined with annual, rather than decadal, Q data. The Richards-Baker flashiness index was determined per site per year (Equation 4).

Equation 4           
Where: 
qi = average daily discharge (m3 s-1)
Since the Gqukunqa and Pot catchments were relatively small (<400 km2) whilst the Inxu and Tsitsa were both relatively large catchments (~1400 km2 , ~1900 km2), the effect of scale could be investigated using the range of inter-annual R-B Index, together with the results of stratification and decimation.
RESULTS 
Data Representativeness
The study (Dec 2015 – June 2019) represented a relatively dry period (DWS (2022), Figure 6). Although the 2018-19 wet season was ~20% above average peak discharge, other years were below, with 2016-17 amongst the 12 lowest peak discharges recorded for the period 1952 - 2021.
[Insert Figure 6]
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Figure 6: Yearly maximum discharges for the Tsitsa River catchment 1952 – 2020 (DWS, 2022) (The four darker bars represent sampling years 2015-19)
Over 70% of available days were sampled at least once at Pot, Inxu, and Tsitsa sampling sites, and 61% of days at Gqukunqa (Table 3). This was good temporal SSC data coverage according to Richards (1998) who considered 29 samples per year (8%) to be adequate. 

[Insert Table 3]
Table 3: SSC and Q data characteristics 2015 – 2019
	Site
	n
	% temporal SSC data coverage
	Min Ave daily SSC
(g m3)
	Mean Ave daily SSC
(g m3)
	Max Ave daily SSC
(g m3)
	Min Ave daily Q
(m3 s-1)
	Mean Ave daily Q
(m3 s-1)
	Max Ave daily Q
(m3 s-1)
	R2 (Q/SSC)

	Gqukunqa
	890
	61
	0.58
	306.48
	11803.35
	0.02
	0.87
	20.50
	0. 1

	Pot
	1032
	71
	0.98
	119.96
	1524.47
	0.32
	3.64
	53.79
	0.3

	Inxu
	1129
	77
	0.61
	1275.28
	34316.74
	0.01
	8.20
	179.24
	0.2

	Tsitsa
	1046
	72
	3.11
	246.57
	7452.82
	0.61
	15.12
	241.49
	0.1



Sampling frequency does not equate directly to data representativeness unless the high, sediment-transporting flows were sampled (Walling et al., 1992).  Q and SSC data were heavily skewed towards low values at all sites (Figure 7, outliers already removed as part of earlier data quality control), whilst SSC values ranged widely for the same Q value, particularly for low to medium flows.
[Insert Figure 7]

















Figure 7: Average daily Q: SSC relationships at the four study sites, 2015 - 2019
The coefficient of determination (R2) correspondingly ranged from ~0.1 – 0.3, suggesting that only ~10% to ~30% of the SSC variability was “explained” by Q. Log transformation of SSC and Q failed to improve linear R2 above 0.31 (Table 4).

[Insert Table 4]
Table 4: SSC/Q linear R2 for untransformed and log-transformed data 2015 -19
	Site
	R2 untransformed data
	R2 log-transformed data

	Gqukunqa
	0.0998
	0.1797

	Pot
	0.3112
	0.2176

	Inxu
	0.2032
	0.3129

	Tsitsa
	0.1349
	0.2837



Weak SSC/Q relationships were also reported by Grenfell & Ellery (2009) for the Mfolozi in Kwa-Zulu Natal, and by Gwapedza et al. (2021) for the Inxu. 
The data were stratified by Q and by season to determine the effect on R2 as an expression of an improvement of fit (Table 5).



[Insert Table 5]
Table 5: R2 derived from Q and seasonally stratified data at each site 2015-2019
	Site
	Data set
	R2
(Q/SSC)
	R2 > Or < 0.5

	Gqukunqa
	ALL
	0.10
	<

	
	> 20% Q
	0.04
	<

	
	Wet season
	0.10
	<

	Pot
	ALL
	0.31
	<

	
	> 20% Q
	0.27
	<

	
	Wet season
	0.35
	<

	Inxu
	ALL
	0.20
	<

	
	> 20% Q
	0.10
	<

	
	Wet season
	0.16
	<

	Tsitsa
	ALL
	0.13
	<

	
	> 20% Q
	0.13
	<

	
	Wet season
	0.10
	<



Neither method of data stratification increased the coefficient of determination above 0.31. The interpolation method was therefore selected as an SSL estimator using the decision tree (Figure 5), in conjunction with the relatively high temporal coverage (Table 3). 
A common form of discharge-weighted average interpolation estimator is given in Equation 5 (Walling et al., 1992).  When continuous Q data are available, this estimator is less biased than, and therefore preferable to, averaging estimators that use only the Q data associated with SS sampling (Walling et al., 1992).
Equation 5:
Where:
k = e.g. 0.08604 
Q = Average daily discharge (m3 s-1)
C = Average daily SSC (g m3)
Qr = Average discharge for the study period e.g., average annual discharge
n= number of samples
Equation 6 (Quilbé et al., 2006) gives the same SSL, with the advantage of providing insight into the representativeness of sampled Q through the term  .
Equation 6:          
Where:
 = Average daily load (g m3)
  = Average discharge of sampled days (m3 s-1)
  = Average annual discharge (m3 s-1)
n    = number of samples
Ratio estimators (e.g. Beale’s ratio estimator, Littlewood, 1995) further reduce bias by accounting for the co-variance between SSL and Q values (Quilbé et al., 2006). We found that the ratio derived from  (Equation 6) typically ranged from 0.80 to 1.20, (Table 6) indicating that average sampled Q was generally within 20% of average annual Q. Further weighting, while possible, was therefore unlikely to exert a significant effect on the resulting loads, and Equation 6 was selected as the optimum SSL estimator. 
[Insert Table 6]
Table 6: The ratio of average sample Q to average annual Q at all sites
	Year
	Gqukunqa
	Pot
	Inxu
	Tsitsa

	2015 -16
	0.84
	0.95
	0.93
	1.11

	2016-17
	0.81
	0.97
	0.99
	0.87

	2017-18
	0.78
	1.08
	1.02
	1.02

	2018-19
	1.05
	1.02
	0.89
	1.06



Load Estimation
Annual Suspended Sediment Loads and Yields
SSL derived using Equation 6 broadly increased with catchment area (Table 7, Figure 8). However, whilst the Inxu catchment is smaller than the Tsitsa by ~430 km2, annual SSLs were 2 to 5 times higher in the former.  
[Insert Table 7]
Table 7: SSL, SSY and Q at the four study sites
	Year
	Gqukunqa
	Pot
	Inxu
	Tsitsa

	Catchment area (km2)
	204
	432
	1452
	1881

	15-16
	SSL (t yr-1)
SSY (t km-2 yr-1)
Average Q (m3 s-1)
	15,774
77 
0.39
	23,334
54
3.85
	342,849
236
6.11
	174,734
93
13.67

	16-17 
	SSL (t yr-1)
SSY (t km-2 yr-1)
Average Q (m3 s-1)
	11,737
58
0.69
	34,082
79
3.73
	395,724
273
7.04
	199,668
106
11.93

	17-18 
	SSL (t yr-1)
SSY (t km-2 yr-1)
Average Q (m3 s-1)
	29,709
146
1.12
	28,286
65
4.44
	2,094,703
1443
10.32
	417,387
222
19.24

	18-19 
	SSL (t yr-1)
SSY (t km-2 yr-1)
Average Q (m3 s-1)
	15,264
75
0.67
	20,104
47
2.82
	1,103,793
760
7.31
	238,599
127
14.16

	Mean SSL (t yr-1)
Mean SSY (t km-2 yr-1)
Mean Q (m3 s-1)
	18,121
89
0.72
	26,451 
61
3.71
	984,267
678
7.69
	257,597
137
14.75

	% CV SSL load
% CV Q
Flashiness (R-B Index)
	37.9
36.4
0.44
	20.0
15.6
0.35
	71.9
20.5
0.28
	36.9
18.5
0.28
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Figure 8: SSL, SSY and Q at the four study sites
SSY was lowest in the Pot, which may be expected from the more stable soils and private land use (Figure 2, Table 3). Mean SSY for the Pot, Tsitsa and Gqukunqa ranged from 61 t km2 yr-1 to 137 t km2 yr-1, but again, the Inxu SSY was 2.5 to 6.5 to times higher than that of the Tsitsa, with annual SSY ranging from 236 t km2 yr-1 to 1443 t km2 yr-1, even though the Inxu and Tsitsa catchments appear to have broadly similar characteristics (Table 3). 
Data Stratification
The daily load data were stratified to estimate SSL from only wet season data (1 October – 31 May), and from only the highest 20% of discharge. The resulting loads were compared to SSL estimated using the full data set. SSL estimated from only the wet season data (Figure 9) did not differ significantly from the “true” SSL (-11% to +8%), noting that 2015-16 is identical in all cases because the study began in December 2015. Dry season sampling incurs extra expense for little to no improvement in SSL precision, but is vital to retain the CTs as part of the sampling network.
SSL estimated from the highest 20% of Q results (Figure 9) indicate that the “true” SSL is under-estimated by ~25% due to under-representivity of high flows, despite the ratios summarised in Table 6. Estimated SSLs could therefore be increased by ~25% 

[Insert Figure 9]















Figure 9: Percentage difference from “true” of SSL estimated from the highest 20% of Q, and wet season data at the four study sites, by year. 
Variability
The Effect Of Discharge And Catchment Area 
Q increased as expected with catchment area, and flashiness showed the expected inverse relationship to catchment area (Table 7). The RB-Index of the four catchments in this study approximated the average for US rivers of similar area (Baker et al., 2004). 
Inter-annual variability of SSL (and SSY) and of Q (%CV in Table 7) did not appear to be strongly related to catchment area, and Q variability did not seem to be a predictor of SSL/SSY variability. Instead, higher SSY variability was related to higher SSY. These findings echo those of Vanmaercke et al. (2012) for catchments in Europe, the Middle East, and the USA. 
The Pot, despite being the second-smallest catchment, was the most consistent for both indicators, probably due to its hard geology, more stable soils, and less degraded land cover. The Gqukunqa is highly variable due to its small catchment area, softer geology, duplex soils and degraded vegetation. The extreme SSL and SSY of the Inxu are also highly variable, yet Q varies only a little more than for the Tsitsa, where SSL variability is on par with that of the Gqukunqa despite the disparity in catchment area.
The Effect Of Sampling Frequency And Catchment Area 
When sampling is reduced to one day per week, variability (expressed by the %CV of the resulting SSLs) is least for the Tsitsa (30% to 50%) and the Pot, (40% and 50%, Figure 10). 
[Insert Figure 10]
















Figure 10: The effect of data decimation on %CV of calculated SSL at the four study sites, by year
In the Tsitsa River this may be due to the effect of the large catchment area on flood attenuation, and to the less degraded and erodible condition of the Pot River catchment.  The Gqukunqa and Inxu Rivers have the greatest variability and the highest %CV, 35% to 75% for the former and 30% to 60% for the latter. This may be due to the erodible nature of both of these catchments, coupled in the Gqukunqa catchment with a small area, and in the Inxu with high SSL. 
SSL variability decreases markedly with increasing sample frequency and less obviously with catchment area. 
The %CV is generally below 10% in all catchments when sampling is undertaken on six days each week, but the sampling frequency required to maintain a %CV of e.g., <20% is related to catchment area. For the Gqukunqa, sampling to achieve <20 %CV needs to be undertaken for six days per week, for the Pot five days per week, for the Inxu four and for the Tsitsa three days per week. These findings provide guidance for sampling programme design in other catchments. SSL estimated from decimated data sets are expressed as a percentage of the “true” load in Figure 11. 
[Insert Figure 11]

























Figure 11: The effect on SSL precision of catchment area and sampling frequency (the red line denotes 100% i.e. the “true” load)

DISCUSSION 
Despite the challenges we experienced designing and implementing the SS sampling programme in the Tsitsa River catchment, our general findings unexpectedly echoed those of northern hemisphere researchers in terms of hydrological variability (Baker et al., 2004), the effects of sampling frequency on bias and precision (Walling & Webb, 1981), and the relationships between catchment size, discharge, SSY and SSY variability (Vanmaercke et al., 2012). This may be due to the relatively dry period represented by the study, during which the potential extremes of rainfall volume, erosivity and discharge were not represented in the data set. 
In addition to the prevailing drought conditions, a significant constraint to data representativeness was the unavoidable restriction to manual bankside sampling during daylight hours, further compounded by the inability of researchers (again due to safety concerns) to establish the necessary site-specific relationships between bankside and channel cross-section SSC. This is likely a significant cause of SSL underestimation (Table 9). Day-to-day and person-to-person differences in sampling technique and diligence undoubtedly contributed to variability in SSC values, with further uncertainty introduced in laboratory procedures (Bannatyne, 2018). 
A simple approach to load estimation was indicated by these realities, and was further informed by the weak SSC/Q relationships across all sites and discharges despite exploring a range of data transformations that usually improve R2 values. The choice of estimator can limit further uncertainty, but not compensate for data inadequacies (Walling & Webb, 1981).  The inability to develop site-specific sediment rating curves led to the selection of an interpolation estimator, precluding the prediction of SSC from Q in the Tsitsa River catchment, either to determine historic yields where long term Q records exist, or, as is likely, if Q measurements were to continue when SSC sampling ceases.
In terms of our specific findings, measured SSYs are comparable between years and between catchments (Table 7), but it is difficult to find common ground between the SSY estimated here and other SSY estimates (Table 9).

[Insert Table 9]
Table 9: A comparison of estimated SSY in the Tsitsa River catchment 
	Catchment
	Approach
	SSY
(this study)
t km-2 yr-1
	Reference

	Tsitsa catchment as whole
	SWAT and remote sensing/object based image analysis (OBIA) 
	1050
	Pretorius et al. (2016)

	
	SWAT with GIS
	500 average
	Le Roux & Weepener (2015)

	
	Revised universal soil loss equation (RUSLE) and GIS
	1200 – 15 000
	Le Roux et al. (2008)

	
	SWAT (average 2015 – 35)
	1 to 30
	Theron et al. (2021)

	Pot
	Soil and Water Assessment Tool (SWAT) with remote sensing and integrated geographic information system (GIS) techniques
	200 – 599
(47 – 79)
	Le Roux & Weepener (2015)

	Lower Tsitsa
	
	100 – 2500
(93 – 222)
	

	Inxu
	SWAT with GIS
	100 – 2500
(236 – 1443)
	Le Roux & Weepener (2015)

	Inxu 
(2016 -17 only)
	Direct SS measurement
	550
(273)
	Nyamela (2018)

	Inxu (2016 – 17)
	uncalibrated Modified USLE
	5000
(273)
	Gwapedza et al. (2021)



SSY estimated by this study were much lower for every catchment than SSY estimated by other researchers, e.g., Inxu it was approximately 5% of that estimated by Gwapedza et al. (2021); towards the lower end of the 100 – 2500 t km-2 yr-1 range estimated by Le Roux & Weepener (2015); and 50% of that estimated from the same measured data as this study for 2016 -17 by Nyamela (2018). Increasing our SSY by the 25% indicated by discharge stratification (Figure 9) improves their alignment with lower estimates but does not fully compensate for the overall degree of under-estimation.
Nyamela (2018) applied an averaging estimator to instantaneous SSC and Q to derive their estimate of 550 t km2 yr-1. The smoothing that resulted from deriving average daily time-weighted SSC from instantaneous SSC values in our study is evident in Figure 12, and may account for much of the difference in the measured estimations. 
[Insert Figure 12]
















Figure 12: The effect of deriving daily TWMC SSC from instantaneous SSC
The SWAT models listed were calibrated using measured hydrology in all the studies summarised in Table 9 (Theron et al., 2021) although Gwapedza et al. (2021) used the measured SSY estimate published by Nyamela (2018). Gwapeza (2021) noted that their estimates were double those of Le Roux and 10 times those of Nyamela (2018), acknowledging that the models may have over-estimated, but also pointing out that a year of observed data was insufficient for verification. A longer record is representative of a wider range of catchment conditions and decreases uncertainty (Horowitz et al., 2015), but the four “dry” years spanned by our study were also not representative of the long-term conditions in the Tsitsa River catchment (Figure 6). Decadal data is recommended (Horowitz, 2003).
The modelled estimates had other common areas of uncertainty: GIS input data was often at relatively low resolution (Gwapedza et al., 2021), whilst ground-truthing of remotely sensed data was challenging, and limited (Le Roux, 2018). Sediment delivery ratios, particularly from gullied areas, were unknown and therefore estimated (Pretorius et al., 2016). Gully growth rates were estimated from aerial photographs, but the rate of sidewall undercutting and soil piping, which can be significant in the Tsitsa River catchment, was unknown, as was the pattern, frequency and degree of gully connectivity (Le Roux et al., 2013; Pretorius et al., 2016). This latter may be significant in explaining the very high and variable SSY estimated for the Inxu catchment. Gwapedza et al. (2021) identified spatiotemporal variability of the C factor (vegetation cover) of the modified USLE component of SWAT as a significant source of uncertainty, and a possible cause of their high modelled SSY estimates for the Inxu River catchment. 
However, in terms of time, cost, and data availability, modelling remains the most likely approach to predicting SSL and SSY in resource scarce areas, with efforts to develop regionally-appropriate models (Gwapedza, 2020; Lodenkemper et al., 2021) paralleling our efforts to develop regionally-appropriate SS monitoring and SSL estimation approaches. The major constraint to accurate SSL and SSY modelling in South Africa is not the resolution of remotely sensed data, but the dearth of precise, unbiased observed data for validation. Although extreme river conditions and socio-economic circumstances play an important role, the major constraints to SS monitoring are the lack of technical, infrastructural, human, financial, and knowledge resources.
CONCLUSIONS
Biophysical and socio-economic circumstances in resource-poor areas such as South and southern Africa affect all steps in SSL determination.  The need for SSL and SSY data calls for the optimisation of SS monitoring programme design for efficient, representative data collection that accommodates such circumstances.  
Sub-decadal SSC records that are unrepresentative of channel SSC in general, and high discharges in particular, are the most significant source of uncertainty in SSL determination leading to underestimation of SSL and SSY. This is challenging to mitigate in South Africa, since it results from a combination of hydrological variability, technical limitations, and safety concerns associated with manual sampling.  
Sediment rating curves are the least biased and most accurate SSL estimator in northern hemisphere countries, whilst we found that interpolation estimators are more suitable in South Africa, as Q explained only ~30% of SSL in our study area. This precludes the prediction of SSC from Q, and restricts SSL estimates to the study period, but provides valuable calibration and verification data to support modelled estimates. Determining the drivers and controls responsible for the balance of SSL variability requires research into the effects, at event and seasonal time-scales, of rainfall characteristics (e.g., pattern, type, volume, and erosivity), antecedent conditions, catchment connectivity, and land cover on SS transport. 
To provide guidance to sampling programme design in similar catchments, we determined the sampling frequencies required to limit the bias and to maintain the precision of SSL and SSY estimations for a range of catchment areas, but were unable to determine accuracy due to the lack of suitable benchmark data. In regions with highly seasonal rainfall, resources can be focused on wet season sampling without a significant loss (< 11%) of SSL precision, but this is detrimental to maintaining the CT network.
Our results were much lower than other measured SSY for the same area. Given the differing constraints, assumptions, data, and estimators associated with all the approaches, SSL and SSY may be reported as being within the ranges estimates by all studies, with modelled values often estimating maximum values. This emphasises the importance of assessing and reporting the uncertainty associated with SSL estimation, independent of the approach used.
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