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ABSTRACT 

The fact that bedload transport is an inherently time-variant and location-sensitive fluvial process was revealed by systematic sampling, nine 

decades ago. Subsequent stream-wide measurements, that frequently incorporated lengthy collection periods, as well as the adoption of 

standardized sampling procedures, averaged out some temporal and spatial variability. However, continuous, highly resolved, long-period 
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records of transport activity generated by active and passive bedload monitoring on diverse rivers have recently brought this variability into 

sharp focus. A defining characteristic of these ‘big data’ is that there are many possible bedload transport rates for each discharge and a wide 

range of discharges associated with each transport rate. Crucially, this incoherent scatter, which is generated by the various factors that affect 

bedload transport, can no longer be viewed as ‘noise’ that can be averaged out. We demonstrate that, even for small data sets, different methods 

of reporting and analyzing bedload transport records provide different perspectives on the bedload transport rate – flow relation. The 

inclusion/exclusion of zero values, present in all data that capture the intermittent nature of bedload transport, also affects the relation. To unlock 

the potential of big data and facilitate the development of bedload transport — flow relations from field measurements, it is essential to employ 

modes of analysis that are robust to outliers and do not assume associations between the independent and dependent variables are the same at all 

levels. 
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1. Introduction 

Field data continue to be amassed, and equations tested and advanced (e.g., Schneider et al., 2015, 2016; Bunte and Swingle, 2021; Monsalve et 

al., 2020; Guo, 2021), but multi-scale temporal variability still confounds attempts to predict bedload transport rates in different rivers, or even 

the rate that might occur in the same location at a different time (Ancey, 2020). One reason for the impasse is that transport rates fluctuate even 
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if the ambient flow conditions remain steady (e.g., Gomez et al, 1989; Turowski, 2011; Ancey and Pascal, 2020; Rickenmann, 2020). Another is 

that most predicted rates represent the probable maximum amount of bedload a river can transport (e.g., Einstein, 1944). Einstein (1950) 

assumed that an ‘equilibrium rate’ must have prevailed for a long time to develop the existing channel, and there is increasing evidence that 

channel geometry and grain size are inherently linked to the supply of sediment transported from upstream (Pfeiffer et al., 2017, 2019; Sklar et 

al., 2020). In rivers with a high availability of sediment there is an upper, particle-size-dependent limit to bedload transport efficiency (Bagnold, 

1973; Gomez, 2006). However, in most rivers changes in sediment supply and availability impose a palimpsest of variability on observed 

transport rates (see reviews in Gomez, 1991; Hoey, 1992), that can accrue from external sources (e.g., Recking, 2012; Uchida et al., 2018; 

Castro-Bolinaga et al., 2020), as well as the bed (e.g., Gomez, 1983; Strom et al., 2004; Venditti et al., 2008; Dhont and Ancey, 2018; Rice et al., 

2019). 

In recent years, monitoring techniques that generate highly resolved, continuous, long-period records of transport activity have served to 

bring this multi-scale variability into even sharper focus (e.g., Downs and Soar, 2021; Stark et al., 2021). The spread of transport rates at a given 

discharge (as much as three or four orders of magnitude) is a defining characteristic of these measurements. This ‘scatter’ has drawn attention to 

the necessity of differentiating between effects due to hysteresis and periodic fluctuations that are unrelated to changes in discharge (e.g., 

Turowski, 2010; Lucia et al., 2013; Rickenmann, 2018, 2020). The scatter has also served to emphasize that determining exactly how the 

transport rate in the channel cross section varies with discharge is a multifaceted undertaking (e.g., Shih and Diplas, 2018; Ancey and Pascal, 

2020). 
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The profusion of data, made possible by sophisticated passive and active monitoring technologies, has effectively transformed bedload 

research from a data scarce (theory-driven) into a data rich (data-driven) science. Nonetheless, it remains that the primary objective of making 

field measurements is to derive estimates of the transport rate, and the variable nature of the bedload transport process requires that any 

underlying relationship be deconvoluted from the noise which obscures it. The overarching objective is to define a relation between the bedload 

transport rate and a control variable such as discharge, shear stress, or (excess) stream power, that could help explain how rivers with mobile 

beds evolve and respond to changing conditions (e.g., Einstein, 1944; Bagnold, 1980). Then again, it has long been accepted that a (semi-

)empirical relation developed to represent the transport rate in one river will likely not apply to another (Einstein, 1947). Einstein (1947, p. 80) 

also recognized that “the greatest difficulty encountered in the task of measuring bed-load in a stream is caused by the irregularity of the 

transport itself”. Semi-continuous sampling or measurement programmes are often designed to ensure that variability is absorbed and not 

transferred to estimates of the mean rate (e.g., Hubbell, 1987; Gomez and Troutman, 1997; Leopold and Emmett, 1997; Frings and Vollmer, 

2017); and, after almost a century of data collection, it is abundantly clear that whether or not natural variability is captured or subdued 

fundamentally depends on the methodology used to sample or measure bedload. 

Herein, we argue that it also makes a difference ‘how’ data are treated, and that the solution to the problem of how to compute bedload 

discharge might, in some cases, lie in the utilization of data-driven models. In support of these assertions, we briefly review the principal 

methods that have been used to actively measure and sample bedload in natural rivers, provide illustrations of the transport — flow relations 

they have yielded, and explicitly consider the issue of how to address the ‘noise’ encountered in continuous short-period records. We then 
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address the especial problems that may arise when analyzing the lengthy, high-resolution bedload transport rate records generated by passive 

technologies, in which zero values frequently appear. To wit, we suggest that a conventional power-law trend fitted by linear regression to log-

transformed variables, with the assumption of uniform variance, is not a panacea for all big datasets and we demonstrate how, in some cases, 

alternative methods might better represent the trend. Finally, we consider the question of how to (better) deal with the variability that is a 

defining feature of high-resolution bedload transport rate records. The issue is of importance because, with a few notable exceptions (e.g., Ryan 

et al., 2002; Downs and Soar, 2021), relatively little attention has hitherto been paid to the question of how procedures that are routinely used to 

define the functional relation between the bedload transport rate and discharge (or other measures of the driving force) can benefit from the 

developments that have occurred in statistical modelling. 

 

2. Insights gained from nine decades of actively sampling and measuring bedload 

In the 1930s, systematic sampling in European rivers drew attention to the variable nature of bedload transport rates (see review in Einstein, 

1947). These field data were collected in support of larger engineering and management projects. In a similar vein, the Sedimentation Division 

of the U.S. Soil Conservation Service undertook the first stream-wide measurements in sand-bed rivers with a high sediment supply, draining 

highly erodible farmland in the southern Piedmont (Dobson and Johnson, 1940; Einstein, 1944). In the 1960s, interest in quantifying 

fundamental geomorphic processes provided impetus for the U.S. Geological Survey to construct a stream-wide, conveyor-belt bedload trap and 

develop and calibrate the portable Helley-Smith sampler (Helley and Smith, 1971; Leopold and Emmett, 1976; Emmett, 1980; Hubbell et al., 
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1985). The search for quantitative data also motivated other researchers to construct stream-wide traps on diverse rivers (e.g., Milhous and 

Klingeman, 1973; Hayward and Sutherland, 1974), as well as limited-width traps that permitted bedload to be measured continuously at different 

locations across the channel (e.g., Reid et al., 1980; Kuhnle et al., 1989). 

 

2.1 Stream-wide traps 

Data obtained from stream-wide bedload traps that capture the total mass of sediment transported as bedload during the measurement period are 

usually accepted to be exact. In rivers where the ambient size of bedload exhibits a relatively narrow range, and the transport rate is determined 

by particle availability at the bed surface, long-period measurements showed that the transport rate varied systematically with discharge (Figure 

1A). Formulae such as those developed by Einstein (1944) and Parker et al. (1982), which were supported by or based on time-averaged, stream-

wide data, not only demonstrated that explaining how rivers move bedload is an entirely different proposition to predicting a transport rate, but 

also lent credence to the opinion that it was possible to compute the rate of bedload transport. Nonetheless, some long-period measurements also 

exhibited variability that was clearly unrelated to the transport capacity of the flow (Figure 1A). In the East Fork River, WY, for example, coarse 

sand and fine gravel move as dunes and bedload sheets, from one storage area into the intervening reach on the waxing limb of the annual 

snowmelt hydrograph and on to the next storage area downstream on the waning limb (Leopold and Emmett, 1976; Meade, 1985). This pattern 

of motion gives rise to clockwise hysteresis. Consequently, unusually high transport rates were measured before, and lower transport rates were 

recorded after the snowmelt peak in the reach where the bedload trap was located (Leopold and Emmett, 1997). Similarly, the increasing number 
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of short-period measurements made with stream-wide traps clearly demonstrated that transport rates during and between runoff events were 

quite variable (Hayward, 1980; O’Leary, 1980; Tacconi and Billi, 1987). Crucially, this event-scale variability is not captured by any analytical 

technique that models the relation between the dependent and independent variables (the transport and flow rates) as a single functional form 

(e.g., Figures 1A and 1B; Gomez and Church, 1989). 

 

2.2 Limited-width traps 

Bedload traps that do not require sediment to be removed from the channel for weighing permit continuous, independent, short-period 

measurements to be made at several locations within the cross-section. Such limited-width traps have been installed in a variety of generally 

small and relatively narrow rivers (e.g., Reid et al., 1985; Garcia et al., 2000; Laronne et al., 2003), and continue to be utilized to obtain high-

resolution records of transport activity (Stark et al., 2021). These traps have a very low observation intensity (Table 1), and their narrow width 

increases the potential for transport rates to be overestimated if mobile material enters them laterally (Emmett, 1980). A short measurement 

interval (1 – 30 minutes; Table 1) confirmed there was a broad array of bedload transport rates for each discharge, and a wide range of 

discharges for each transport rate. Short-period measurements also suggested that elucidating coherent transport — flow relations would be a far 

from simple task and seemingly implied that there is not always a strong correlation between bedload transport and discharge (Figure 1B). 

Nonetheless, it was recognized that discretization techniques could be used to extract meaningful information from this profusion of data (e.g., 
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Reid and Frostick, 1986a; Kuhnle, 1992), and the search for a relation between the bedload transport rate and (some function of) discharge 

continued (e.g., Bagnold, 1980). 

 

2.3 Helley-Smith samplers 

Permanent traps can practicably only be installed in channels where access to the streambed is facilitated by an ephemeral flow regime or very 

low baseflow and, in U.S. rivers in particular, portable, cable-mounted and handheld Helley-Smith type samplers equipped with a 0.25-mm mesh 

bag have routinely been used to obtain estimates of bedload transport rates in diverse settings for about four decades (e.g., Williams and Rosgen, 

1989). Data obtained in this manner confirmed that not all the observed fluctuations in transport rates could be related to changes in the 

availability of sediment on the bed surface (e.g., Recking, 2012). However, different samplers and different sampling schemes generate different 

results (Childers, 1999; Gomez and Troutman, 1997), so sampling typically involves a standardized procedure that is explicitly designed to 

accommodate the inherent spatial and temporal variability of bedload transport (Edwards and Glysson, 1999). For this reason, trends between the 

cross-sectional transport rate and discharge often emerged from the data collected by deploying bedload samplers (Figure 1C), when the data 

were modeled by statistically optimized equations (e.g., Barry et al., 2004; Gaeuman et al., 2018). 

 

2.4 Mesh traps 



 

 
This article is protected by copyright. All rights reserved. 

An alternative to compositing short-period samples collected at many locations, while making repeated traverses of the channel width, is to 

obtain a spatially and temporally averaged transport rate by sampling at a small number of locations for a long period of time. This is the 

rationale for affixing portable mesh traps to the bed in rivers where all but the highest flows are wadeable (Bunte et al., 2004). Mesh (typically 

with a 3.6-mm opening) traps are designed to collect comparatively large volumes of sediment over relatively long (typically ~1 h) sampling 

durations; and can be deployed simultaneously at different locations across the channel (typically one trap per metre width of the river). Cross-

sectional transport rates obtained in this manner can also be interpreted as exhibiting a well-defined, functional relation with discharge (Figure 

1D). 

Disconcertingly, however, at flows less than bankfull, it was found that transport rates obtained by deploying mesh traps generally were 

lower than those obtained with a standard Helley-Smith sampler at the same location (Bunte et al., 2004, 2019); and relations between the 

transport rate and discharge derived by sampling are ‘flatter’ than those obtained by deploying mesh traps (Figures 1C and 1D). The discrepancy 

was attributed to a difference in sampling intensity, that is a facet of the sampling time. Further, at low ambient transport rates, inadvertent 

particle entrainment frequently occurs when the Helley-Smith sampler contacts the bed (Bunte et al., 2004, 2019). For these reasons, depending 

on the circumstances in which the samples are collected (Bunte et al., 2010), the two sampling devices may not always generate equivalent 

results. 

 

2.2 Dealing with noisy data 
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In the past five decades, sampling and measurement programs have generated numerous, time-limited bedload records for individual rivers, the 

vast majority of which are <30 m wide (e.g., Hinton et al., 2016). These data have drawn attention to the short-term variations in transport rates 

that occur during and between flood events and, although the issue of how to compute bedload discharge has still to be resolved, they suggest (at 

least, to us) there is still a prospect of establishing local relations between the bedload transport rate and (some function of) discharge. 

Nevertheless, it remains that the plethora of data have failed to elucidate coherent methodologies or theoretical frameworks for describing 

bedload transport. 

 An oft-used practice is to use linear regression to fit a power-law trend to the log-transformed variables (e.g., the discharge and transport 

rate), and the data displayed in Figure 1 generally support the notion that time-averaged, stream-wide data are capable of yielding coherent, 

linear log-log relations. Although we use quantile regression to selectively emphasize these ‘linear’ trends, a power-law fitted by linear 

regression may also be construed to provide an adequate description of the transport rate — flow relation (which may be extrapolated as well as 

interpolated). We contend, however, that conventional statistical methods are not always well suited to dealing with and are difficult to apply to 

big data, which are invariably noisy and contain zero values. In such cases, we believe that non-parametric methods provide a robust alternative. 

The issue of how to derive a relation between the transport rate and discharge from noisy datasets was initially brought to the fore by 

attempts to smooth variability encountered in short-period data and derive ‘average’ values for given conditions (e.g., Liu et al., 2008; Métivier 

et al., 2011). Data binning is commonly used to amalgamate near-continuous values into multiple groups according to defined criteria, with the 

continuous variable defined as (some function of) the associated discharge (e.g., Reid and Frostick, 1986a; Kunhle, 1992; Schneider et al., 2016). 
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Although decomposition of discharge into range intervals, within which the measured transport rates are averaged, has the capacity to aid 

explanation, binning also introduces choices that have the potential to generate different results (Métivier et al., 2011). However, modern non-

parametric statistical methods, that do not rely on the mean as a measure of centrality, obviate the need to discretize data, because operations 

performed on binned data can also be executed on the underlying values. We have already noted that fixed-slope relations (e.g., linear and 

conventional quantile regression performed in logarithmic space) are ‘blind’ to variability that is unrelated to changes in discharge (Figures 1A 

and B), and we expand on this point by using the measurements from Turkey Brook, Greater London, UK, and Arroyo de los Pinos, New 

Mexico, USA, to illustrate how different methods of reporting and analyzing bedload transport records provide different perspectives on the 

(local) data structure (Figure 2). We believe these records are directly comparable, because limited-width traps were deployed in both rivers 

(Table 1).  

First, it should be noted that, in common with other ‘sampling’ techniques, limited-width traps censor some components of the bedload 

(e.g., Emmett, 1980; Bunte et al., 2004). Specifically, trap efficiency decreases as the diameter of the sediment in motion approaches the 

dimensions (width) of the opening (Poreh et al., 1970). Second, in both rivers there is a discharge at which the transport rate attains its maximum 

value(s) and, thereafter, apparently no longer depends on local conditions; this occurs at ~ 1 and ~10 m3 s-1 in Turkey Brook and Arroyo de los 

Pinos, respectively (Figure 2). This may be due to an “insufficiency of supply” which, although its effect remains difficult to decipher (Pfeiffer et 

al., 2017), has long been known to influence transport rates (Gilbert, 1876, p. 97). Although, in Arroyo de los Pinos, at high discharges the 

transport regime approaches the point where the effectiveness of sand suspension signals the transition from a low- to an intermediate- or 
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moderate-concentration suspension (e.g., Major, 2003). At this juncture, there is an abrupt increase in the proportion of sand in suspension, 

which necessarily means this sediment is no longer transported as bedload, such that observed transport rates no longer increase as the flow 

increases (e.g., Pierson, 2005). 

For a given discharge, measured bedload transport rates in both Turkey Brook and Arroyo de los Pinos vary over two orders of 

magnitude. This variability has been termed ‘noise’, which mass-aggregation is designed to eliminate (Halfi et al., 2020). However, as Figure 2 

shows, the novel estimates obtained through mass-aggregation provide a radically different perspective on the transport rate — flow relation to 

those obtained by other methods that seek to correlate the magnitude of bedload transport with an independent attribute. In this case, the 

resulting information loss necessarily arises because of the nonlinear structure of the data and the enforced quasi-independence of discharge. 

Quantile regression opens a window on this and other variability in data, but the deterministic part of the variation can also be described by 

techniques that model the local data structure and minimize the impact of outliers. A locally weighted regression of transport rate on discharge 

can address these issues and we note that, as expected, the 0.5 (median) quantile LOWESS trends mimic those revealed by conventional 

techniques that transform continuous measurements into discrete data points (Figure 2). Robust analytical techniques, such as quantile regression 

and scatterplot smoothing methods, such as LOWESS (which can be applied in logarithmic space both to the mean response and individual 

quantiles), have been used to address the challenges raised by the empirical ‘noise’ that is a ubiquitous feature of the lengthy, high-resolution 

bedload transport rate records generated by passive bedload monitoring (e.g., Downs and Soar, 2021), and we expand on their utility below. 

However, before doing so we provide a brief introduction to the non-parametric statistical methods we employ. 
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2.3 Non-parametric statistical methods 

The non-parametric techniques we utilize herein comprise quantile regression (Koenker and Bassett, 1978), and a quantile variation of LOcally 

WEighted Scatterplot Smoothing (LOWESS; Cleveland, 1979). 

 Quantile regression has an extensive history of use in other disciplines (e.g., Huang et al., 2017), and is increasingly being utilized in 

studies of fluvial landscapes and processes (e.g., Schwanghart and Scherler, 2017; Gregory et al., 2019; Formetta et al., 2021). By estimating the 

relationship between at least one covariate and the median or any other quantile of the distribution of the response variable, quantile regression 

provides a more complete picture of the underlying trend and its associated variability than the reductionist insight afforded by the mean 

response. Formulated as the solution to an optimization problem, a quantile line (fitted on log-transformed variables) bifurcates the diffuse 

collection of points intrinsic to the obfuscated relation between the bedload transport rate and discharge often seen in high-resolution datasets, 

and envelopes the specified (e.g., 0.05, 0.25, 0.5, 0.75, 0.95) quantile of data. Simultaneous quantile regression prevents individual quantile lines 

from crossing by forcing them to adopt a constant slope (in logarithmic space), and examples in Figures 1A, 1B and 2 demonstrate how a 

sediment transport relation might be differentiated in this manner. 

 LOWESS is a non-parametric tool for fitting smooth curves to bivariate scatterplots that can reveal systematic structures within a dataset 

and provide accurate, powerful representations of underlying processes (Jacoby, 2000). Based on a kernel smoothing algorithm it has been 
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applied, in cases where least squares regression was unable to adequately characterize the underlying patterns, to both suspended sediment and 

bedload transport data (e.g., Hicks et al., 2000; Ryan et al., 2002; Warrick, 2014). By combining the core strengths of quant ile regression (the 

ability to account for variability) and LOWESS (the capacity to accommodate non-linear trends), a nonparametric regression estimator (i.e., a 

smoothing function), such as quantile LOWESS, accommodates curvature and has the potential to reveal trends, patterns and structure in large, 

diffuse arrays of data. Like binning, quantile LOWESS requires the proportion of the data values across the range of the predictor variable to be 

specified. Nonetheless, as Jacoby (2000, p. 578) emphasized, “the distinctive feature of this procedure is that it allows the data to speak for 

themselves.” Consider, for example, the trend of the data at high flows in Turkey Brook and Arroyo de los Pinos, as revealed by quantile 

LOWESS (applied to log-transformed variables in Figure 2), which may either be caused by an insufficiency of supply or an abrupt increase in 

the proportion of sand in suspension. We also note in passing that there is a well-established methodology for fitting LOWESS curves to 

suspended sediment–discharge data sets (e.g., Helsel and Hirsch, 2002), that is equally applicable to bedload transport–discharge data. 

 

3. Passive technologies and the potential of big data analytics 

To negate the limitations of time-limited data collection programmes, early in the twenty-first century attention shifted to the use of passive 

technologies (hydrophones, geophones and seismic impact plates) that detect, rather than measure or sample, the movement of solid material in 

transport and permit long-term, continuous, high-resolution data sets to be acquired (see reviews in Gray et al., 2010; Rickenmann, 2017). 

Considerable effort has been made to elucidate the links between detection signals and their physical meaning for particle transport (e.g., Bogen 
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and Møen, 2003; Møen et al., 2010; Turowski et al., 2011; Barrière et al., 2015; Beylich and Laute, 2014; Tsakiris et al., 2014; Wyss et al., 

2016a, b). There remains some uncertainty as to how to interpret the signal of passive recording instruments (Downs et al., 2016), and 

calibration studies are numerous (e.g., Rickenmann and McArdell, 2007, 2008; Rickenmann and Fritschi, 2010; Rickenmann et al., 2012, 2014; 

Hilldale et al., 2014; Kuhnle et al., 2017; Wyss et al., 2016c). Additionally, particularly at or near the conditions at which bedload transport is 

initiated, some false zero values may be recorded because there is a lower limit to the size of particle that can be detected by passive 

technologies (Rickenmann and McArdell, 2007; Downs et al., 2016). It also remains that passive sensor records either depend on direct 

observations of bedload transport for calibration (Rickenmann, 2017), or require robust methodologies to determine the most probable transport 

rate (e.g., Soar and Downs, 2017). For these reasons, it is important to appreciate that the high-resolution output of passive sensors is neither 

more nor less accurate than lower resolution records obtained by active monitoring (e.g., Schneider et al., 2016). Nonetheless, there is growing 

confidence that passive technologies afford a more sharply focused lens through which to view bedload dynamics at event (e.g., Downs et al., 

2016) to multi-year timescales (e.g., Aigner et al., 2017; Rickenmann, 2018, 2020; Masteller et al., 2019; Downs and Soar, 2021). 

 Although passively-derived data sets are not large in comparison to those that can emerge from laboratory experiments (e.g., Singh et al., 

2013), continuous field observations of bedload transport now routinely yield data sets that are orders of magnitude larger than the lower 

resolution, time-limited records generated by traps and samplers (Figure 1). These ‘big data’ provide more information, but they also generate 

more ‘noise’ that might benefit from new modes of processing and analysis to demystify the data and reveal underlying trends. This necessarily 

involves separating the natural variability (aleatoric uncertainty) from variability associated with data capture (epistemic uncertainty). 
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Probabilistic methods for converting bedload impacts to transport rates offer potential in relation to the latter (e.g., Soar and Downs, 2017). 

However, when dealing with the former, it has seemingly proved more difficult to move beyond the level of relatively simple analytical 

constructs. For example, individual observations in lengthy time-series have been aggregated into sediment-transporting flood events and daily 

mean values (e.g., Rickenmann, 2018, 2020), and used to develop rating curves (e.g., Schneider et al., 2016). Moreover, although other 

researchers have suggested that a more innovative approach to developing transport rate — flow relations is required (e.g., Ancey et al., 2014; 

Downs and Soar, 2021), there is a well-established theoretical understanding of bedload transport which is difficult to ignore (Ancey, 2020). 

However, at present, neither Lagrangian nor Eulerian equations appear universally capable of reproducing the observed time-dependent relation 

between the bedload transport rate and flow conditions (e.g., Rickenmann, 2018), or can accommodate scatter along a trend line caused by 

variations in sediment supply and availability (that reflect hysteresis, two-phase bedload transport, the passage of bedforms, etc.).  

 The presence of nonlinearity in (log-transformed) bedload transport — flow relations is problematic, not least because the proportional 

response of such a system does not always depend on the level of stimulation. Its presence, which has also been detected in long time series 

obtained from laboratory experiments involving well-sorted sediment transported by steady, uniform flow (e.g., Gomez and Phillips, 1999), 

invalidates some of the assumptions underlying conventional linear (least-squares) regression (herein applied to log-transformed variables). 

There can be no expectation that in logarithmic space the independent and dependent variables are always linearly related, or that the variance is 

the same across all values of the independent variables (homoscedasticity). Binning data to obtain the geometric mean transport rate for each 

discharge class is one way of handling large data sets (Figure 2); allowing the mean trend to be defined by regression (e.g., Rickenmann, 2018). 
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However, it remains that cases where ‘outliers’, such as zero values, are present across the full range of the independent variable can be 

problematic. 

 

 

3.1 The dilemma of zero values 

Zero values of bedload transport rate are real occurrences and, although measurement and sampling times are often lengthened to negate the 

possibility of recording a zero value, the probability of sediment transport is never zero except in still water (Paintal, 1971), and they are a 

prominent component of high-resolution datasets because bedload transport is an intermittent process (e.g., Einstein, 1937). Consider, for 

example, the case of a particular discharge, or discharge class with ten associated values of the transport rate, eight of which are zeros. In this 

instance the non-zero values are ‘outliers’ and influence the average, which appears inflated. If zero values are present across the full range of 

discharge the resulting regression model is distorted (e.g., Gaeuman et al., 2015), and the best-fit line is ‘lifted’ higher than one might otherwise 

expect. Moreover, bedload ratings developed in logarithmic space are not amenable to zero transport rates. There are log-like transformations 

that can be applied to dependent variables that include zero values (e.g., Burbidge et al., 1988), but regression based on quantiles, such as the 

median (rather than the mean response), is equally adept at dealing with zero values because the approach is insensitive to outliers. Thus, 

replacing the zeros with an infinitesimally small, proxy value, to overcome the log-transformation conundrum (e.g., Bunte et al., 2004), has no 

discernable influence on the resulting quantile value. We expand on these points with reference to two large data sets obtained from the River 
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Avon, Devon, UK, and Riedbach, Canton du Valais, Switzerland, in which a high proportion of the rates (computed over 5- or 10-minute 

intervals) are zero values (Figure 3). At low discharges the non-zero rates are effectively outliers, and different trends emerge if the zero values 

are censored or incorporated in the model. For the Avon (Figure 3A), accounting for zero values, the majority of which occur at lower 

discharges, causes the bottom portion of the median trend line (defined using the quantile variation of LOWESS) to descend to zero; and for the 

Riedbach (Figure 3B), the inclusion of zero rates also rotates the entire trend line in an anticlockwise direction. It is tempting to remove this 

outer layer of ‘noise’ and collapse the data by reducing their temporal resolution (Soar and Downs, 2017), but this clearly has the potential to 

introduce selection bias if the occurrence of zero values is not random and the number of incidences is high. 

The ability to include zero values also influences the position of a trend line residing in ‘geometric’ (logarithmic) space that is fitted to 

‘arithmetically’ averaged data. Consider, for example, two adjacent traps that, for discharge x, record unit transport rates of 1 and 10 kg s-1 m-1, 

respectively. The arithmetic cross-section average is 5.50 kg s-1 m-1, but on a log-log plot the mid-point in the vertical is the geometric average of 

3.16 kg s-1 m-1. We illustrate this point with reference to individual trap and spatially averaged transport rates for East St Louis Creek, CO 

(Bunte and Swingle, 2021; Figure 3C). Mindful of the fact that only positive values can be interpreted on a logarithmic scale, the effect of spatial 

averaging (in combination with that due to logarithmic scaling) is most pronounced at lower discharges; and shifts the quantile LOWESS 

regression for the 0.5 (median) case for the cross-section (temporally and spatially) averaged data upwards. As the discrepancy between 

individual trap rates increases, the difference between the log-log scatter plots for individual and cross section average unit rates also increases. 

The implication is that different best-fit lines (ratings) will necessarily emerge from cross-section averaged and individual rates. We note that the 
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‘kink’ in the quantile LOWESS regression for the cross section averaged unit rates in Figure 3C arises because the transport rate — discharge 

relations for 2001 and 2003 exhibit different trends. Thus, in this relatively small data set, there is effectively a gap in the scatter plot (created by 

an in-channel variation in the availability of transportable material as large woody debris was rearranged) that the average line must bridge. This 

serves to emphasize that, to gain proper insight into the factors that cause the transport rate to vary, the samples or measurements should not only 

delimit the range of transport and flow conditions experienced in a river, but also cover a reasonable span of elapsed time (Bagnold, 1977). 

Moreover, we caution that utilizing individual (as opposed to cross-section average) rates is neither a better nor apposite choice, because the 

assumption of discharge uniformity across the channel is not always fulfilled and the corresponding local hydraulic data are usually not 

available. 

 

3.2 Unlocking the potential of big data 

The overarching point that emerges from the preceding discussion is that the classical approach of using a (log-) linear (least-squares) regression 

model to describe bivariate point data, and to assess the output equation and goodness-of-fit based on the coefficient of determination, r2, seems 

unlikely to unlock the potential of big data in all cases and improve our ability to predict bedload transport rates therein. Part of the problem is 

that discharge (or any other energy estimate) can only ever provide a partial explanation for the trend observed in bedload transport rates which, 

amongst other factors, also reflects the state of the bed surface and variations in sediment supply. The data from the Avon are an apposite case in 

point (Figure 3A), serving to illustrate how fluctuations in sediment availability and supply can give rise to nonlinearly variable loads (in 
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logarithmic space). In this river, negative hysteresis predominates and reflects the time-lagged delivery of sediment from upstream during 

relatively long-duration recession flows (Downs et al., 2016). This engenders a two-phase transport regime characterized by a supply-related 

‘bulge’ that gives way to a near-log-linear trend in the transport — discharge relation at high flows (Downs and Soar, 2021). These factors are 

not readily quantifiable, and we suggest that the solution is to utilize a fitted relationship that involves no a priori specification of the association 

between dependent (y-axis) and independent (x-axis) variables.  

 Two-phase bedload transport also occurs in the Riedbach, identified as a break in slope in the transport — discharge relation when linear 

regression is applied to the binned mean transport rates for each discharge class (Schneider et al., 2016). In this latter case, we reiterate that 

operations performed on binned data can also be executed on the underlying values, and we see evidence for two-phase transport in the curvature 

(in logarithmic space) of the transport — discharge relation as defined by the quantile LOWESS trend line (Figure 3B). 

 Finally, we find that one question remains. Namely, what constitutes an appropriate measure of the transport rate? Bagnold (1977), for 

example, accepted that considerable scatter would be present, but a general (smoothed) relation would emerge provided the data extended over 

three or four orders of magnitude and a reasonable range of elapsed time (several years). However, if data (regardless of how they are obtained) 

are viewed as the building blocks from which such a relation can be constructed, then we suggest there is no need to employ measurement and 

sampling methodologies that are explicitly designed to yield (log-) ‘linearity by default’ (Figure 1). Non-parametric analytical tools like quantile 

LOWESS require no prior knowledge of the relationship between the transport rate and flow conditions; the fitting algorithm merely follows the 

empirical concentration of the data points (Jacoby, 2000). The adoption of such tools necessarily changes the analytical paradigm for the analysis 
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of bedload transport rates; replacing the conventional, theory-driven perspective that revolves around the ‘accurate’ determination of transport 

rates (and specification of hydraulic variables), with a representational construct that construes data to be reliable representations of reality. 

Viewed from the non-parametric perspective, data are simply objects created in the process of measurement (and/or description), that constitute 

an elemental reference point for analytic study and the extraction of new insights (Rheinberger, 2011). Data form a legitimate foundation to 

empirical knowledge, and data generation is equivalent to ‘capturing’ features of the world that can be utilized for systematic study (Sabina, 

2020). In other words, all measures of the transport rate are objects (data) with fixed and unchangeable content, whose meaning, by virtue of 

their being representations of reality, is capable of being investigated and revealed, by appropriate inferential methods (assuming appropriate 

hydraulic parameters are utilized; see Gomez and Church, 1989). 

 

4. Conclusion 

Confounded by ever-present spatial and temporal variability, and despite concerted attempts to extract every piece of information out of the 

available data using bivariate, parametric statistics, for almost a century field investigations have diligently observed bedload transport but its 

accurate prediction has proved a constant challenge. This methodological impasse has become more problematic in recent years because, 

propelled by the development of new technologies, big data are now a commonplace component of attempts to derive estimates of bedload 

transport rates (e.g., Schneider et al. 2016; Aigner et al., 2017; Rickenmann, 2020; Downs and Soar, 2021). Big data can help elucidate nonlinear 

and complex behavior, reveal structure and trends that were previously obscured and link bedload transport dynamics to the underlying drivers 
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across different timescales. Unsurprisingly, these are also issues being confronted by researchers studying suspended sediment transport 

processes in rivers (e.g., Gray et al., 2014; Warrick, 2015; Francke et al., 2014; Vercruysse et al., 2017), who have recognized that the analytical 

methods used to illuminate log-linear trends do not adequately characterize underlying trends that are not linear in logarithmic space (e.g., Hicks 

et al., 2000). In the paradigm of big data analytics, it follows that the analysis of bedload transport measurements should (at least to some degree) 

be data-driven and make use of modern methodologies designed to tease out trends, reveal structure in bivariate (and multivariate) datasets that 

might otherwise be overlooked, and obtain statistically significant results (Efron, 2010). The latter point is important because the availability of 

big data does not render the use of the scientific method obsolete (Succi and Coveney, 2019). 

 In the emerging era of big data, we suggest that the ability to predict bedload transport rates is in large part dependent upon the degree to 

which recognizable patterns emerge, systematic functions can be disentangled from apparent disorder, and the resultant function is transferable. 

Given the complexity now prominent in bedload transport data, acquired in both the laboratory and field (e.g., Philips et al., 2018; Ancey and 

Pascal, 2020; Rickenmann, 2020; Downs and Soar, 2021), we believe the time has now come to initiate transformative change by encouraging 

the use of modern regression methods, especially where big datasets are concerned. That is not to say that conventional log-linear regression 

should be discarded as many datasets do not reveal a strong departure from log-log linearity. In such cases log-linear regression may afford the 

ability to derive a predictive equation and extrapolate beyond the range of sampled discharge, which could facilitate estimation of the long-term 

sediment yield, assuming the presence of zero values are not deemed problematic. Moreover, the incorporation of a threshold term for discharge 
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(or other energy estimate), is an established method for addressing curvature in the transport — discharge relation (e.g., Schoklitsch, 1934; 

Bagnold, 1977). 

Data show fitted lines how to curve, but we appreciate that modern regression methods are perceived to be difficult to apply and are not 

commonly part of the default spreadsheet software. To propel change and help those interested in analyzing bedload data dismantle this barrier, 

coded LOWESS, quantile regression and quantile-LOWESS VBA macros for use in Microsoft® Excel® are provided as supplemental materials. 
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Figure 1. 1A: Transport rates measured with stream-wide bedload traps (the data are described in Table 1). The oft-used shear stress — velocity 

and depth — slope products are functions of discharge, which is used to scale the abscissa and the ordinate is the transport rate in immersed 

weight per unit width. Straight solid lines are median simultaneous-quantile regression relations, and shading delimits the band between the 0.05 

and 0.95 quantiles. N.B. Anomalous measurements made during artificial floods in Mountain Creek, SC, and low flows in Oak Creek, OR, are 

not plotted. 1B: Transport rates (immersed weight) measured with limited-width bedload traps (the data are described in Table 1): Solid lines are 

median simultaneous-quantile regression relations, and shading delimits the band between the 0.05 and 0.95 quantiles. See text for discussion. 
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Figure 1 (continued). 1C: Transport rates (immersed weight) measured with Helley-Smith samplers, and 1D: mesh traps (the data are described 

in Table 1). See text for discussion. N.B. The size of sediment ordinarily retained in Helley-Smith samplers (>0.25 mm) differs from that 

retained in mesh traps (>4 or 6 mm), and the common ordinate scale is not meant to imply that transport rates obtained by these different 

methods are directly comparable. 
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Figure 2: Reporting and analysis of bedload transport data, examples from Arroyo de los Pinos, NM, and Turkey Brook, Greater London, UK, 

(immersed weights are employed throughout and the data are described in Table 1). The original nominal categories were defined by deriving 

average flood values of the transport rate (Turkey Brook, +) and mass-aggregation (Arroyo de los Pinos, ×). Other interpretations (this paper) of 
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the relationship between the transport rate and discharge were obtained by determining the geometric average rate for variable sized discharge 

bins (0.01 to 0.02 …, 0.02 to 0.03 …, 0.1 to 0.2 …, 1 to 2 m3 s-1 … etc.); simultaneous quantile regression, where light shading delimits the band 

between the 0.05 and 0.95 quantiles, heavy shading the band between the 0.25 and 0.75 quantiles, and the solid line is the 0.5 quantile (the 

median regression, which is less influenced by outliers than a least-squares, best fit line); and the 0.5 (median) quantile LOWESS trend flexed 

with a 0.25 moving kernel window (solid black line). Note that fixed-slope relations are blind to the variability that occurs at high flows in both 

rivers and is unrelated to changes in discharge. See text for additional discussion. 
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Figure 3. 3A: Estimates (dry weight) derived from five water years (2013 – 2017) of passively monitoring bedload in the River Avon, Devon, 

UK, using seismic impact plates (Downs and Soar, 2021). The observation intensity is 0.03 (cf. Table 1), and the point cloud (as plotted without 

zero values) comprises ~104,900 ‘average’ case estimates of the unit bedload transport rate converted from 5-minute duration impact counts 

using the Monte Carlo-based BedLoad from Impact Plates (BLIP) model (Soar and Downs, 2017). Thin solid line is the 0.5 (median) quantile 

LOWESS trend flexed with a 0.05 moving kernel window that excludes zero values, and heavy shading delineates the (0.95) prediction limits 

associated with the conversion of impact counts to a transport rate. Thick solid line is the 0.5 quantile LOWESS trend flexed with a 0.05 moving 

kernel window that includes zero values. 3B: Measurements (dry weight) derived from passively monitoring bedload during the summer season 

(April to October) in the Riedbach, Canton du Valais, Switzerland, using a Swiss plate geophone array (Schneider et al., 2016). The observation 

intensity is 1.0 (see Table 1), and the point cloud (as plotted without zero values) comprises ~50,100 calibrated (summed) impulses of the 

individual plates recorded over 10-minute durations. Thin solid line is the 0.5 quantile LOWESS trend flexed with a 0.05 moving kernel window 

that excludes zero values, and thick solid line is the 0.5 quantile LOWESS trend flexed with a 0.05 moving kernel window that includes zero 

values. Dashed lines show the two-piece bedload rating curve for discharges < 1.15 m3 s-1 (long dashes) and discharges > 1.15 m3 s-1 (short 

dashes) that Schneider et al. (2016) fitted to the data. 3C: Measurements (dry weight) derived from two years (2001 and 2003) of actively 

monitoring bedload in East St Louis Creek, CO, using mesh traps (Bunte and Swingle, 2021). Open circles denote individual trap values 

(observation intensity is 0.36 and there are 628 individual measurements, as plotted without zero values) and solid circles denote stream-wide 
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mean values based on samples from the four traps. Solid lines are the 0.5 quantile LOWESS trends flexed with a 0.05 moving kernel window for 

the individual trap data (thin line) and cross-section averaged data (thick line). See text for additional discussion.  

N.B. The particle detection limits for the Avon and Riedbach were 10 and 20 mm, respectively, and the mesh traps in East St Louis Creek 

retained gravel bedload >3.6 mm in diameter. The common ordinate scale is not meant to imply that transport rates in these rivers are directly 

comparable.  
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Table 1: Characteristics of bedload transport rates and data sources used in Figure 1. 
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1 Ratio of the width of the trap opening(s) or sampler size to the width of the river. Figures in parentheses indicate the number of limited-width or mesh traps deployed. 
2 National Archives and Records Administration, Cartographic Section, College Park, MD (Heynen, 1981). 
3 Gomez and Davies (2000). 
4 https://agupubs.onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1002%2Fjgrf.20090&file=DtBase.txt.  Accessed on dd/mm/2021.  
5 Width of width-limited traps. 
6 https://www.fs.usda.gov/rds/archive/Catalog/RDS-2020-0018-2. Accessed on dd/mm/2021. 
7 https://data.usbr.gov/catalog/4407/item/6264.  Accessed on dd/mm/2021. 
8 Sampler size. 
9 Sampling locations in a single traverse. 
10 Single width increment method (Edwards & Glysson, 1999). 
11 Per traverse. 
12 https://www.fs.usda.gov/rds/archive/catalog/RDS-2007-0004.  Accessed on dd/mm/2021. 
13 https://www.fs.fed.us/rm/boise/AWAE/projects/sediment_transport/sediment_transport_BAT.shtml.  Accessed on dd/mm/2021. 

Methodology Location Date 
Observation 

period 

River width 

(m) 

Observation 

intensity
1
 

Citation 

Streamwide trap 
      

 
Enoree River, SC 1939 – 1940 ‘Frequent intervals’ 25.3 1.0 Dobson & Johnson (1940)2  

Mountain Creek, SC 1941 10 – 160 min 4.3 1.0 Einstein (1944)  
Oak Creek, OR 1969 – 1971 23 min – 94 h 3.7 1.0 Milhous (1973)  

East Fork River, WY 1937 – 1979 ~8 h 14.6 1.0 Leopold & Emmett (1997)  
Torless Stream, New Zealand 1973 – 1976 5 – 20 min 3.0 1.0 Hayward & Sutherland (1974)3  

Virginio Creek, Italy 1983 – 1985 1 min – 94 h 12.0 1.0 Tacconi & Billi (1987)4 

Limited-width trap 
      

0.20-m
5
 Turkey Brook, UK 1978 – 1980 30 min 3.0 0.20 (3) Reid & Frostick (1986b) 

0.10-m5 Casper Creek, CA 1988 – 1995 10 min 4.4 0.09 (4) Richardson et al. (2021)6 

0.11-m5 Nahal Yatir, Israel 1991 1 min 3.5 0.09 (3) Reid et al. (1995) 

0.13-m5 Todera River, Spain 1995 – 1996 15 min 5.5 0.05 (2) Garcia et al. (2000)4 

0.11-m5 Arroyo de los Pinos, NM 2018 1 min 9.5 0.03 (3) Stark et al. (2021)7 

Helley-Smith sampler 
      

76- & 150-mm8
 Clearwater River, ID 1972 – 1979 30 – 60 s (≥209) 125 – 149 0.02 Jones & Seitz (1980) 

76-mm8 Little Granite Creek, WY 1985 – 1997 30 – 60 s (≥20 ×210) 6.6 – 11.6 0.13 – 0.2311 Ryan & Emmett (2002)12 

76-mm8 S. Fork Salmon River, 1985 – 1997 30 – 60 s (~20 ×210) 28.9 – 35.6 0.04 – 0.0511 King et al. (2004)13 

76-mm8 N. Fork Clearwater River, ID 1994 – 1997 30 – 60 s (~20 ×210) 73.7 – 89.8 0.0211 King et al. (2004)13 

76-mm8 Hayden Creek, CO 1998 – 1999 30 – 60 s (~20 ×210) 5.4 0.27 – 0.3011 Ryan-Burkett et al. (2007)12 

Mesh trap 
      

https://agupubs.onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1002%2Fjgrf.20090&file=DtBase.txt
https://www.fs.usda.gov/rds/archive/Catalog/RDS-2020-0018-2
https://data.usbr.gov/catalog/4407/item/6264
https://www.fs.usda.gov/rds/archive/catalog/RDS-2007-0004
https://www.fs.fed.us/rm/boise/AWAE/projects/sediment_transport/sediment_transport_BAT.shtml
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14 Mesh size, 0.3 m wide trap. 
15 https://www.fs.fed.us/biology/nsaec/projects-bedloadtraps-database.html.  Accessed on dd/mm/2021. 
16https://agupubs.onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1002%2F2016WR019308&file=wrcr22395-sup-0002-2016WR019308-ds01.xlsb.  Accessed on dd/mm/2021. 

3.6-mm14 East St Louis Creek, CO 2001, 2003 ~1h 3.3 0.36 (4) Bunte & Swingle (2021)15 

3.6-mm14 Fool Creek, CO 2009, 2010 30 min – 1 h 1.3 0.46 (2) Bunte & Swingle (2021)15 

6.0-mm14 Riedbach, Switzerland 2011 ~1 h 6.8 0.22 (5) Schneider et al. (2016)16 

https://www.fs.fed.us/biology/nsaec/projects-bedloadtraps-database.html
https://agupubs.onlinelibrary.wiley.com/action/downloadSupplement?doi=10.1002%2F2016WR019308&file=wrcr22395-sup-0002-2016WR019308-ds01.xlsb

