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Abstract18

In recent decades, there has been increasing effort toward modeling bedload transport19

using statistical ensembles for grain velocities, flight distance, and travel times. The forms20

of these probability distributions are integral to estimating sediment flux, with impli-21

cations for predicting sediment transport in both natural and engineered systems. In this22

study, we analyze a high-resolution dataset of grain motions collected from laboratory23

flume experiments to extract these distributions. We recorded videos of a sand bed ex-24

posed to increasing fluid shear ranging from below the nominal threshold stress for grain25

motion to well above (τ∗/τ∗cr = 0.78–1.53). We extracted trajectories of a population26

of sand grains and used a hidden Markov model to predict the states of motion and rest27

from observed grain velocities. We characterize probability distributions for the activ-28

ity, velocity, acceleration, flight distance, and travel times of moving grains and largely29

find agreement with previous studies. Streamwise velocities are well fit by an exponen-30

tial distribution, accelerations display a Laplace distribution, flight travel times also show31

an exponential distribution, while flight distances are described by a Weibull distribu-32

tion. We note, however, that these distributions described our data more poorly for bed-33

load motion at and below the expected threshold of motion, especially for flight travel34

times, suggesting that bedload dynamics differ in this most intermittent regime. These35

experimental results provide a reference dataset for validating numerical simulations or36

analytical solutions for stochastic sediment transport models, especially for flow condi-37

tions at and below the nominal critical Shields stress.38

Plain Language Summary39

The periodic flights and rests of sediment grains moving along a riverbed, known40

as bedload transport, can be described as a stochastic—or random—process. The num-41

ber of grains that are dislodged, the distance they travel, and the speed of these flights42

can all be represented as random variables. By characterizing these grain-motion met-43

rics via probability distributions, we can better predict sediment transport in natural44

and engineered systems. Experimental data is instrumental to validate proposed statis-45

tical distributions for parameters of interest, including grain activity, velocity, acceler-46

ation, flight distance, and travel time. In this study, we collect high-resolution images47

of sediment motion at a variety of flow conditions, ranging from slow flows where grain48

movement is highly intermittent to rapid flows where grains readily move downstream.49

From these images, we can identify tracks of individual sediment grains and distinguish50

periods of motion from rest. We measure probability distributions that largely agree with51

previous studies, especially for flow conditions when grains are readily moving as bed-52

load. However, these distributions fit more poorly for very intermittent grain motion,53

emphasizing the need for additional study of bedload behavior below the nominal on-54

set of bulk motion.55

1 Introduction56

Bedload transport is a fundamental physical process that shapes fluvial, coastal,57

and aeolian landscapes with broad implications for water quality, aquatic life, and in-58

frastructure safety (Garćıa, 2013). The movement of sediment as bedload consists of re-59

peated sequences of grains entrained by an overlying shear flow, then rolling, hopping,60

or sliding a variable distance along the sediment bed (from a few particle diameters to61

multiple flight-collision sequences) before returning to rest (Dey & Ali, 2019). The ini-62

tiation of motion and downstream transport of sediment as bedload is highly stochas-63

tic due to the variable nature of the grain sizes and the configuration of the sediment64

bed itself (Kirchner et al., 1990), fluctuations within the shearing turbulent flow (Einstein65

& El-Samni, 1949), inherent randomness in the entrainment and disentrainment of grains66

(Cheng & Chiew, 1998), and the range of particle velocities and displacements that oc-67
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cur during the grain flights (Roseberry et al., 2012; S. L. Fathel et al., 2015). By treat-68

ing the collective behavior of sediment grains as a statistical ensemble (i.e., a large num-69

ber of independent but nominally identical systems initially introduced by Gibbs (1902)),70

we can then characterize quantities of interest by probability distributions with phys-71

ical interpretability—an approach initially pioneered by Einstein (1950, 1937, 1942) and72

Kalinske (1947) and recently touted by Furbish (2025). Many studies in the interven-73

ing years have sought to describe the mechanics of bedload transport as stochastic pro-74

cesses (Weeks et al., 1996; Niño & Garćıa, 1998; Ancey et al., 2006; Ancey, 2010; An-75

cey & Heyman, 2014; Furbish & Schmeeckle, 2013; Furbish, Haff, et al., 2012; Foufoula-76

Georgiou & Stark, 2010; Fan et al., 2014, 2016; Bradley et al., 2010; Pelosi et al., 2014;77

Schumer et al., 2009).78

However, it is only recently that developments in high-speed imaging and automated79

particle tracking techniques have permitted large-scale data collection contributing to80

clear descriptions of individual and collective particle motions (M. X. Liu et al., 2019;81

Rebai et al., 2024; Shim & Duan, 2017, 2019; Salevan et al., 2017; Campagnol et al., 2013;82

Lajeunesse et al., 2010; Roseberry et al., 2012; S. L. Fathel et al., 2015) and advances83

in numerics for coupled fluid-particle dynamics have provided additional validation for84

experimental observations (González et al., 2017; Schmeeckle & Nelson, 2003; Schmeeckle,85

2014; Durán et al., 2012; Escauriaza et al., 2023; Yadav et al., 2026). Stochastic mod-86

els for bedload transport are more computationally efficient compared to direct numer-87

ical simulations of fluid and particle flows; however, stochastic models require input prob-88

ability distribution parameters for grain velocities, flight distances, and corresponding89

travel times, along with grain rest times (Schumer et al., 2009; Fan et al., 2014, 2016).90

Thus, statistical descriptions of grain motion and rest variables are instrumental to im-91

proving these stochastic approaches, including probabilistic parameterizations of sedi-92

ment flux.93

Sediment flux is frequently parameterized in a stochastic advection-diffusion for-94

mulation in two distinct approaches. First is the “flux form” or “activity form,” which95

is defined for quasi-steady conditions with an advective part consisting of the product96

of a mean particle velocity ⟨ug⟩ and a particle activity γ (that is, the volume of parti-97

cles in motion per unit streambed area) (Kalinske, 1947) and a diffusive part involving98

a particle diffusivity with a magnitude that depends on the variance of the particle ve-99

locities (Furbish, Haff, et al., 2012; Furbish, Roseberry, & Schmeeckle, 2012; Ancey &100

Heyman, 2014; Heyman et al., 2014; Bohorquez & Ancey, 2015). In this formulation, the101

statistical description of grain accelerations constrains the conditions of quasi-steady, equi-102

librium sediment transport and quantifies the magnitudes of forces associated with grain103

entrainment and disentrainment (Furbish & Schmeeckle, 2013; Furbish, Roseberry, & Schmeeckle,104

2012). The second approach is frequently called the “entrainment form,” with an advec-105

tive part consisting of the product of the particle entrainment rate E and a mean hop106

distance ⟨Lx⟩ (Einstein, 1950) and a diffusive part that involves the variance of the hop107

distances (Furbish, Haff, et al., 2012). In this formulation, parameters for flight distance108

and travel time along with flight rest times have implications for the diffusion of bed-109

load tracer particles (Nikora et al., 2002; Martin et al., 2012; Ganti et al., 2010). For ex-110

ample, the presence of narrow tails in the probability distributions of flight distance, travel111

time, and rest time suggest that the particle diffusion regime is normal across the local112

and global scales (Weeks et al., 1996). Alternatively, a heavy-tailed power-law behav-113

ior for flight distance may imply superdiffusive behavior (Ganti et al., 2010; Schumer et114

al., 2009). Better insight into the problem of bedload transport can thus be gained from115

the separate modeling of grain velocity, activity, and the joint probabilities of flight dis-116

tance and travel time, as well as how these grain motion parameters vary as a function117

of bed stress intensity or other flow characteristics.118

Existing studies of the probability density functions (PDFs) of grain motion vari-119

ables typically ascribe an exponential-like distribution to grain velocity ug with narrow120
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tails (Furbish et al., 2016; Lajeunesse et al., 2010; Roseberry et al., 2012). Notably, cer-121

tain studies identify a Gaussian-like core (Martin et al., 2012; Ancey & Heyman, 2014;122

Heyman et al., 2016), which may be attributed to experimental flow conditions or mea-123

surement methodology (Shim & Duan, 2019; Z. Wu et al., 2020; Yadav et al., 2026). This124

distribution dichotomy (a Gaussian core and exponential tail) is purportedly due to the125

mixture of both short and long grain flights, with long trajectories contributing Gaussian-126

like characteristics to the PDF of grain velocities. The combination of short and long127

flights and corresponding travel times of grain trajectories may also lead to the Weibull-128

like core and exponential-like tail that has been observed in distributions of bedload flight129

distances Lx (Z. Wu et al., 2020). Although common probability distributions are fre-130

quently used to describe bedload flight distance and travel time PDFs—typically the ex-131

ponential distribution for travel times and exponential or Weibull distribution for flight132

distances (S. L. Fathel et al., 2015; Martin et al., 2012; M. X. Liu et al., 2019)—recent133

work by Z. Wu et al. (2023) propose an analytical solution for bedload flight statistics134

derived from Taylor dispersion theory.135

Despite recent advances in high-speed imaging and automated grain-tracking method-136

ologies, there remains a dearth of high-resolution datasets that describe both “bulk” grain137

statistics (i.e., grain activity, instantaneous grain velocities, and accelerations—metrics138

based on the collective behavior of identified grains) as well as the corresponding “track-139

wise” statistics (i.e., bedload flight distances, travel times, and grain rest times—metrics140

that rely on the discernment of individual grain trajectories). Notably, the experiments141

initially conducted by Roseberry et al. (2012), whose results were re-analyzed by S. L. Fa-142

thel et al. (2015) and have been used to validate many subsequent theoretical and nu-143

merical studies (Fan et al., 2014, 2016; Furbish et al., 2016, 2017; S. Fathel et al., 2016;144

Z. Wu et al., 2020, 2021, 2023), are restricted to trajectories extracted from videos with145

either a limited field of view or a short duration due to experimental constraints. Although146

additional work has been done to collect measurements of bedload movement statistics147

(Campagnol et al., 2013; M. X. Liu et al., 2019; Lajeunesse et al., 2010; Shim & Duan,148

2017, 2019; Rebai et al., 2024; Salevan et al., 2017; C. Liu et al., 2024), we note that these149

studies almost entirely measured bedload flight statistics above the threshold of motion150

and many were constrained to the bulk grain metrics described above. The inclusion of151

trackwise statistics is, however, fundamental for the “entrainment form” parameteriza-152

tion of sediment flux, and for linking the advective and diffusive regimes. Furthermore,153

grain motion persists below the critical Shields stress; however, the intermittent sediment154

transport dynamics of a sub- or near-threshold system produce different sediment flux155

distributions compared to systems sufficiently above the threshold of motion (Benavides156

et al., 2022, 2023), demonstrating the need for observations at and below this critical tran-157

sition.158

In this study, we examine the motions of natural sand grains exposed to a turbu-159

lent shear flow. We collect images of the sand bed at high spatial and temporal resolu-160

tions, enabling us to extract particle trajectories for a range of flow conditions. We then161

segment the grain tracks into periods of motion and rest to extract the statistical dis-162

tributions associated with the movement of grains as bedload. These variables include163

grain activity, velocity, acceleration, flight distance, and flight travel time. As previously164

mentioned, many studies have examined statistical descriptions of bedload motion us-165

ing experimental data (Roseberry et al., 2012; S. L. Fathel et al., 2015; M. X. Liu et al.,166

2019; Rebai et al., 2024; Z. Wu et al., 2020; Shim & Duan, 2019, 2017; Lajeunesse et al.,167

2010) but are frequently limited in spatial or temporal extent, constrained to an above-168

threshold flow regime, or measure only bulk grain statistics; we add to these results with169

a robust dataset that spans nine bed stress intensities ranging from below the nominal170

critical Shields stress where grain movement is extremely intermittent (τ∗/τ∗cr = 0.78)171

to well above the onset of bulk sediment motion (τ∗/τ∗cr = 1.53). We perform eight172

replicates at each bed stress intensity. By including flow conditions below onset, we pro-173

vide new insight about grain behavior in this highly intermittent regime of sediment trans-174
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port and suggest that current assumptions for appropriate distributions for bedload flight175

travel time may break down in the very low transport state.176

The rest of this paper is structured as follows. After an overview of our experimen-177

tal setup and protocols in Section 2, we describe the implementation of a hidden Markov178

model that identifies periods of motion and rest in grain trajectory timeseries in Section179

3. We justify the use of machine learning techniques by comparing our model with pre-180

vious methods for identifying grain motion, and discuss the underlying assumptions. In181

Section 4, we present our results—organized according to grain-motion variable—as well182

as additional discussion of the proposed probability distributions in relation to previous183

work. These results are followed by a broader discussion and summary in Part 5. Sub-184

sequently, in a companion paper, we use the methodology and statistical descriptions val-185

idated here to investigate the effects of directional stress history on bedload motion (Bodek,186

Wang, Shattuck, O’Hern, & Ouellette, 2026b).187

2 Experimental Methods188

2.1 Configuration and Procedure189

The experimental data analyzed here was initially collected by Bodek, Wang, Shat-190

tuck, O’Hern, and Ouellette (2026a), who used a recirculating, open channel flume at191

the Environmental Fluid Mechanics Laboratory at Stanford University. This flume had192

a rectangular channel of length 6 m and width 0.6 m, with a 3 m glass-walled test sec-193

tion in which measurements were taken. A full description of the flume facility is doc-194

umented in O’Riordan et al. (1993).195

A sediment bed was installed into the channel floor 1.3 m from the entrance of the196

test section and centered within the channel cross section. This inset sediment bed con-197

sisted of a circular dish that was 45.7 cm (18 in) in diameter and 7.6 cm (3 in) deep; this198

dish was positioned such that the edge was flush with the surrounding smooth acrylic199

channel floor. The sediment itself consisted of medium to coarse-sized quartz sand (D50 =200

0.495 mm; ρs = 2650 kg/m
3
). The sand was sieved to constrain the minimum and max-201

imum grain sizes (0.3 mm to 0.8 mm) and to produce a uniform grain size distribution202

with σg = (D84/D16)
0.5

= 1.24, as measured using a Camsizer X2 instrument (Garćıa,203

2013).204

A downward-facing camera was mounted above the center of the sediment bed to205

record the motion of sand grains; a small glass window was placed on the free surface206

of the flow above the sediment bed to ensure that distortions of the flow surface did not207

impede the view of the sand below. An acoustic Doppler profiling velocimeter (ADV)208

was mounted behind this window over the downstream portion of the sediment bed to209

collect flow velocity measurements and characterize the friction velocity u∗, bed stress210

τb, and Shields stress, or non-dimensional bed stress τ∗ = τb/[(ρs − ρ)gD50], where ρ =211

1000 kg/m
3
is the fluid density, ρs is the sediment density, g is the gravitational accel-212

eration, and D50 is the median grain size. Measurements of u∗, τb, and τ∗ were collected213

at 9 settings of the variable-speed pump that ranged from below critical τ∗/τ∗cr = 0.78214

to above the onset of grain motion τ∗/τ∗cr = 1.53. The flow depth at rest was 17.5 cm.215

Although the fluid flow deepened as the discharge increased due to the fixed height of216

the control weir, the water depth in the channel varied by less than 4 cm over the range217

of flow rates used in the experiments. These experiments were conducted in hydrauli-218

cally transitional flow with particle Reynolds number Rep = u∗D50/ν ranging from Rep =219

6.8–10.6 for our flow settings, where the kinematic viscosity of water is approximately220

ν = 10−6 m2/s. The nominal critical value Shields stress, τ∗cr ≈ 0.033, was estimated221

by plotting τ∗ and Rep determined for various flow rates on the Shields curve (Vanoni,222

2006), then interpolating the τ∗cr value where these points and the Shields curve inter-223

sect.224
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The sediment bed was prepared prior to each experiment using the same protocol.225

The submerged sand bed was first agitated using a stirring implement, then leveled by226

dragging a stiff piece of mesh over the bed surface in the downstream direction. Next,227

the flow rate was increased in a series of 9 step-ups of the variable-speed pump. After228

each increase in pump output, the flow was allowed to stabilize for 1 min, after which229

a 45 sec video of the sediment motions was collected. The increasing step-ups in flow rate230

occurred over approximately 19 min, as each flow rate also included a 15–20 second ad-231

justment time needed to change the variable-speed pump. The relatively rapid increase232

in bed stress ensured that the sediment bed did not substantially change its surface el-233

evation, as only the highest flow rates (corresponding to τ∗ = 0.048 to 0.05) were ca-234

pable of inducing scour or initiating bedforms. Even then, these features were constrained235

to the edges of the sediment bed and outside the field of view of the camera. The sed-236

iment transport regime in the flume was limited to bedload; the grains were not observed237

to travel in suspension during these experiments. The bed was always reset before any238

new experiment was conducted; thus, observations of sediment motion were made on a239

newly prepared bed. A total of 8 independent trials were conducted.240

2.2 Sediment Bed Imaging and Particle Tracking241

The grain motions were imaged using a downward-facing Flea3 monochrome cam-242

era (model FL3-U3-13Y3M-C manufactured by Teledyne FLIR) with an SMC Pentax-243

M 28 mm f2.8 lens that was mounted above the center of the sediment bed looking through244

the glass window onto a 10.9 cm×8.75 cm field of view. Images measuring 1280×1024245

pixels with a spatial resolution of 0.085 mm per pixel were captured at 120 frames per246

second. To facilitate particle identification, a sub-population of grains was spray-painted247

fluorescent orange and mixed with the unpainted sand in a 17/83 mixture by volume.248

These grains glowed when illuminated by an ultraviolet light in a dark room; further,249

the camera lens was fitted with an optical band pass filter to collect light emitted by the250

paint, resulting in the painted sub-population of grains appearing bright on the dark back-251

ground of unpainted sand (Figure 1a).252

We reconstructed the particle trajectories of the fluorescing grains using a multi-253

frame predictive particle-tracking algorithm (Ouellette et al., 2006); grain velocities and254

accelerations were then computed from these trajectories via convolution with a smooth-255

ing and differentiating kernel (Mordant et al., 2004). Particle tracking has been used to256

characterize grain behavior in numerous other sediment transport studies (e.g., Salevan257

et al., 2017; Lajeunesse et al., 2010; Shim & Duan, 2017; Radice et al., 2017). Param-258

eters specified for the tracking algorithm of Ouellette et al. (2006) included a threshold259

intensity such that approximately 800 grains were identified in each frame, as well as a260

minimum and maximum particle area corresponding to the smallest and largest grain261

sizes. While this algorithm kinematically predicts particle trajectories over multiple frames,262

we specify a search radius in the predicted particle position if the tracked grain is not263

immediately found. A suitable search radius was iteratively selected using manual vi-264

sual inspection to check for track accuracy (Figure 1a). We note that the tracking al-265

gorithm of Ouellette et al. (2006) breaks tracks when a conflict arises (i.e., more than266

one identified particle is the most likely next match for multiple trajectories); thus, false267

tracks are highly unlikely to occur.268

3 Grain Trajectory Analysis269

3.1 Implementation of the Hidden Markov Model270

When examining the trajectories of individual sediment grains, it becomes neces-271

sary to distinguish between periods of flight and rest. While these states are often read-272

ily identifiable using manual visual inspection (see Figure 1), many automated defini-273

tions rely on a prior selection of parameters, typically a threshold velocity or distance274
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Figure 1. (a) Example sediment trajectories from the particle-tracking analysis overlaid onto

an image of the underlying sediment bed; note the appearance of fluorescing sand grains illumi-

nated by the ultraviolet light. These trajectories represent transport conditions over a subset of

the sediment bed at τ∗ = 0.039, τ∗
τ∗cr

= 1.2. Time is reported through color coding with respect

to the start of the 45 sec video; the flow direction is from left to right. (b) The same sediment

trajectories as depicted in panel (a) with markers indicating periods of motion (blue) and rest

(red); the yellow-highlighted track is further examined in panel (c). (c) Timeseries of streamwise

position (black line) and velocity (red/blue markers) for one example trajectory illustrating seg-

ments of motion and rest as identified using a hidden Markov model.

traveled (e.g., González et al., 2017; M. X. Liu et al., 2019; Martin et al., 2012). In re-275

cent years, data-driven approaches have been proposed to predict bedload transport rates276

(e.g., Bhattacharya et al., 2005), including the use of Markov chains in sediment trans-277

port modeling (F.-C. Wu & Yang, 2004; Sun & Donahue, 2000). Markov chains describe278

a stochastic process with a Markov property (i.e., memorylessness)—so that, conditional279

on the current state of the system, the future and past states are independent (Markov,280

1913). In other words, the probability of transitioning to a future state depends only on281

the current state, not on the sequence of states that preceded it. A hidden Markov model282

(HMM) describes a hidden Markov process that can be predicted using ordered obser-283

vational data (Baum & Petrie, 1966; Baum & Eagon, 1967). The model specifically con-284

sists of a Markov chain governing transitions between hidden states and an emission model285
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that generates observations based on the current hidden state. In our use case, we use286

observations of grain velocity obtained from the particle tracking analysis to predict whether287

the sediment grains are instantaneously in a hidden state of motion or rest along their288

trajectories (Figure 1b, 1c). Hidden Markov models have many varied uses due to their289

ability to describe state changes and are frequently used in signal processing and pat-290

tern recognition (e.g., Rabiner, 1989; Ephraim & Merhav, 2002), bioinformatics (e.g., Eddy,291

1996; Krogh et al., 1994), economics and finance (e.g., Hamilton, 1989), and many other292

fields. HMMs also have use cases in the Earth and environmental sciences with appli-293

cations to runoff predictions (e.g., Thyer & Kuczera, 2003), water quality analysis (e.g.,294

Li et al., 2022), and—as previously mentioned—sediment transport modeling.295

To implement this HMM for bedload state prediction, we use the hmmlearn Python296

library with a custom emission distribution for observations of streamwise grain veloc-297

ity (Cournapeau et al., 2024). We specified a mixture model for instantaneous grain ve-298

locity observations consisting of a Student’s t and exponential distributions, with the peaked299

Student’s t core attributed to fluctuating near-zero velocities of grains at rest or jiggling300

in place and a decaying exponential at higher velocities representing grains actively mov-301

ing as bedload (Salevan et al., 2017; Galanis et al., 2022; Bodek, Wang, Shattuck, O’Hern,302

& Ouellette, 2026a; Rebai et al., 2024; González et al., 2017). We then trained the model303

using the Baum-Welch expectation-maximization algorithm to estimate HMM param-304

eters (Baum, 1972), and decoded the most likely hidden state sequence using the Viterbi305

algorithm (Viterbi, 1967). We used manual visual inspection of track positions to ver-306

ify the accuracy of the predicted hidden states (Figure 1c). Subsequently, we adjusted307

the likelihood of each hidden state by setting a higher threshold for the motion state based308

on the posterior probabilities (i.e., the probability that an observation belongs to a hid-309

den state) to better match visual observations of motion and rest. Once trajectories were310

segmented into the motion and rest states, we could then calculate flight distance and311

flight duration based on the time difference and streamwise and spanwise grain displace-312

ment from the start to the end of a motion segment. We only considered completed grain313

flights (i.e., grain flights that are bookended with the rest state) to avoid truncated flights314

that either left the field of view or whose trajectories were not completed.315

3.2 Efficacy of the Hidden Markov Model316

We propose the hidden Markov model as a suitable method for differentiating be-317

tween motion and rest in observational data of bedload transport that improves on pre-318

vious methods. As mentioned above, many automated definitions rely on a prior selec-319

tion of parameters or are constrained by the experimental imaging setup, typically the320

spatial or temporal camera resolution. For example, prior studies have often categorized321

a flight as a period when the grain velocity exceeds a specified threshold (González et322

al., 2017; Yadav et al., 2026); the selection of this velocity threshold, however, cannot323

be determined from first principles and impacts subsequent analysis (Salevan et al., 2017).324

In other cases, experimental limitations result in a similar cutoff threshold when sub-325

tle grain motions cannot reliably be measured (Lajeunesse et al., 2010). These defini-326

tions may incorporate a spatial dimension as well, where grains must travel some frac-327

tion of their grain diameter while their velocity exceeds this threshold (M. X. Liu et al.,328

2019). Other definitions rely entirely on distance traveled over a measurement timestep329

(Martin et al., 2012; Cecchetto et al., 2018), or simply require that the grain continues330

to make forward progress (Campagnol et al., 2013, 2015). A major consequence of this331

threshold selection is the shape of the resulting PDF of instantaneous streamwise grain332

velocities and grain activity. Z. Wu et al. (2020) demonstrate that the grain velocity PDF333

transitions from an exponential to a truncated Gaussian-like distribution when short grain334

flights (based on flight travel time, but correlated with lower grain velocities and shorter335

flight distances) are excluded. Similarly, Salevan et al. (2017) demonstrated that increas-336

ing the threshold velocity for grain activity produces a qualitative transition in the PDF337

of the grain activity fraction nactive from a truncated Gaussian-like distribution to an338
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exponential-like distribution. Given the sensitivity of both grain activity and velocity339

distributions to threshold selection, a more reliable and less subjective method for dis-340

tinguishing between grain motion and rest is crucial for accurate parameterization of the341

“activity form” of sediment flux.342

Additionally, periods of rest are often defined based on disentrainment (i.e., the grain343

velocity falling below the velocity threshold) for a specified duration (Cecchetto et al.,344

2018) or failure to travel some fraction of a grain diameter over a specified amount of345

time (Martin et al., 2012). The selection of this minimum rest time or disentrainment346

velocity is also arbitrary, and impacts whether low-velocity segments of grain trajecto-347

ries are considered merely collisions with the bed or an actual period of rest. The grain348

rest time distribution is fundamental to characterizing the diffusion regime of bedload349

tracer particles at different spatiotemporal scales—typically described as the local (suc-350

cessive particle-bed collisions), intermediate (motion between successive periods of rest),351

and global ranges (trajectories consisting of multiple flights and rest periods) (Nikora352

et al., 2002). The diffusion regime during the intermediate and global ranges can vary353

based on unique conditions imposed by the hydrologic regime or sediment bed config-354

uration; heavy-tailed distributions of rest time imply subdiffusive behavior as grains are355

trapped within the sediment bed for long periods, while exponential or light-tailed dis-356

tributions may occur due to correlated grain motion and imply superdiffusion (Martin357

et al., 2012; Nikora et al., 2002; Ganti et al., 2010; Schumer et al., 2009).358

The hidden Markov model improves on previous threshold-based approaches by us-359

ing unsupervised classification to identify periods of motion and rest. The HMM is trained360

using the instantaneous velocity distribution of all identified grains; by specifying that361

grains at rest follow a Gaussian-like (specifically, Student’s t) distribution and grains in362

motion follow an exponential distribution (Salevan et al., 2017), the decoding of trajec-363

tories into motion and rest states is specific to the flow conditions during each data col-364

lection run. This two-state model aligns with commonly observed grain velocity PDFs365

in studies that examine the full distribution of instantaneous grain velocities (Galanis366

et al., 2022; Bodek, Wang, Shattuck, O’Hern, & Ouellette, 2026a; Rebai et al., 2024; González367

et al., 2017). This method expands the approach used by Bodek, Wang, Shattuck, O’Hern,368

and Ouellette (2026a), who selected a variable threshold based on the grain velocity where369

the relative contribution of the Student’s t distribution and exponential distribution are370

equal.371

Additionally, while Markov chains are “memoryless,” the transition probability struc-372

ture allows for a “smoothing” of the velocity signal. The transition probability that a373

grain changes state is constant per unit time. This constraint makes rapid changes be-374

tween states extremely unlikely under the model. As a result, grains in motion remain375

in the motion state through brief low-velocity fluctuations—for instance, when a grain376

collides with the bed but continues moving downstream—and similarly allows grains at377

rest to remain in the rest state despite brief high-velocity fluctuations while jiggling in378

place.379

Finally, we note that even though HMMs are frequently used for analyzing time-380

series and classifying systems even when the underlying process does not follow Markov381

chain assumptions (Rabiner, 1989), bedload dynamics offers strong theoretical justifi-382

cation for the Markov framework. For individual grains undergoing bedload transport,383

the transition between motion and rest is random and it is frequently assumed that par-384

ticle movement (or lack thereof) is influenced only by its present state (Lisle et al., 1998;385

Papanicolaou et al., 2002). Notably, Ancey et al. (2006) modeled the movement of a sed-386

iment grain as bedload using a two-state Markov process (specifically the telegraph pro-387

cess), where state transitions occur with constant probability per unit time, resulting in388

exponentially distributed grain flight times and wait times. This approach mirrors the389

hidden Markov model implementation, which utilizes a constant probability of transi-390

tioning between motion and rest states when decoding individual trajectories. We iden-391
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tify an exponential distribution of grain flight times for flow conditions above the thresh-392

old of motion (see Section 4.2), as is expected from a telegraph process. However, the393

assumption of a telegraph process breaks down when generalized to multiple grains in394

an observation window (Ancey et al., 2006). Grain activity is observed to display a neg-395

ative binomial-like distribution in our (see Section 4.1) and other studies (e.g., Ancey396

et al., 2006; González et al., 2017), indicating that the constant-rate assumption fails to397

capture collective entrainment effects where particle motion exhibits state-dependent cor-398

relations (Ancey, 2010; Ancey et al., 2008; Ancey & Heyman, 2014).399

3.3 Entrainment Probability400

The transition matrix is an HMM parameter that indicates the probability of tran-401

sitioning between states, which we estimate using the Baum-Welch algorithm implemented402

by hmmlearn. The probability that a grain transitions from the rest state to the motion403

state is, in essence, an entrainment probability. Estimates and parameterizations of en-404

trainment probability have long been of interest to those studying bedload transport and405

are typically expected to be a function of Shields stress. Einstein (1950) proposed an en-406

trainment function based on an assumption of a Gaussian probability distribution for407

the fluctuating hydrodynamic lift acting on a particle to exceed its submerged weight.408

Subsequent contributions involve alternate distributions for the fluctuating instantaneous409

streamwise fluid velocities, configuration of grains on the sediment bed, and different modes410

of downstream transport (i.e., rolling or lifting) (F.-C. Wu & Lin, 2002; F.-C. Wu & Chou,411

2003; Cheng & Chiew, 1998). The entrainment of sediment particles is, therefore, char-412

acterized by the probability of the near-bed instantaneous streamwise fluid velocity at413

the level of an individual grain relative to the grains on the bed and their alignments with414

the streamwise direction.415

We validate our HMM-based entrainment probabilities by comparing with previ-416

ous experimental data (Guy et al., 1966; Luque & Erosion, 1974; Papanicolaou et al.,417

2002; Jain, 1992), the empirical formula of Fredsoe and Deigaard (1992), and the initially418

proposed function of Einstein (1950) (Figure 2). We observe good agreement for HMM-419

based entrainment probabilities at and in excess of the critical Shields stress (τ∗ ≥ 0.033),420

noting that higher bed stress conditions (τ∗ ≥ 0.045) fall along the empirical predic-421

tion of Fredsoe and Deigaard (1992). Intermediate bed stresses only slightly in excess422

of the critical Shields stress (0.034 ≤ τ∗ ≤ 0.042) fall between the Einstein (1950) and423

Fredsoe and Deigaard (1992) predictions. Most notably, the entrainment probabilities424

estimated by the HMM deviate from expected trends below the critical Shields stress425

(τ∗ ≤ 0.030) based on previous experimental data and empirical estimates.426

We observe the HMM does not fit the data well at the lowest bed stress conditions,427

which should display the smallest entrainment probabilities. For these sub-threshold flows,428

we found that the HMM had a tendency to over-predict the motion state leading to higher429

than expected entrainment probabilities. Since we enforce a two-state model for the grain430

velocities, it is likely that the positive tail of the Student’s t distribution was attributed431

to the supposedly moving exponentially-distributed grains. This resulted in temporary432

higher-velocity jiggles being categorized as periods of motion, when visual verification433

revealed no significant downstream movement. The over-prediction of grain jiggles as be-434

longing to the motion state likely accounts for the unexpectedly high entrainment prob-435

abilities observed for sub-threshold flow conditions. We addressed this over-prediction436

by examining the posterior probabilities (i.e., the probability that an observation belongs437

to a hidden state) and adjusting the likelihood of an observation being attributable to438

the motion state. This adjustment successfully reduces the false categorization of brief439

high-velocity jiggles into the motion state, but does not alter the underlying transition440

matrix and entrainment probabilities reported in Figure 2.441
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Figure 2. Entrainment probability as identified by the HMM transition matrix as a function

of Shields stress τ∗. Probabilities determined from our experiments (white diamonds) are shown

in comparison to previous estimates from other experimental studies and entrainment probability

calculation criteria. Error bars indicate 95% confidence intervals computed for eight trials.

4 Probabilistic Descriptions of Grains in Motion442

4.1 Grain Activity443

To quantify grain activity, we can simply count the number of active grains (i.e.,444

grains in the motion state) in a given frame. We report this grain activity metric as an445

“activity fraction”—the ratio of moving grains to all grains identified in each frame (Salevan446

et al., 2017). This metric is similar to the surface density of moving particles as intro-447

duced by Lajeunesse et al. (2010) or the particle activity used by Roseberry et al. (2012),448

although we note that these grain activity measurements normalize by unit surface area.449

We can see that the mean grain activity fraction ⟨nactive⟩ increases as a function of Shields450

stress (Figure 3a), as expected. Furthermore, if we treat each frame as an instantaneous451

sample of the number of active grains Ng, we can then generate a probability density452

function (PDF) of the count of instantaneously active grains for increasing Shields stresses453

(Figure 3b–3e). We observe that for Shields stresses at and below the threshold of mo-454

tion, the grain activity PDFs appear exponential-like and are dominated by counts of455

0 or 1 moving grains (Figure 3b, 3c), while the PDFs begin to exhibit more lognormal456

or normal appearances once the threshold of motion is exceeded and greater numbers457

of grains are entrained (Figure 3d, 3e). This shift from exponential-like to Gaussian-like458

has previously been observed and described using the discrete negative binomial distri-459

bution (Ancey et al., 2006) or continuous Gamma distribution (González et al., 2017).460

This transition reflects the shift from highly intermittent, uncorrelated grain motions near461

threshold to more collective entrainment effects and a greater quantity of moving grains462

at higher bed stresses.463

4.2 Grain Velocities464

The instantaneous streamwise velocities of grains moving as bedload (based on cat-465

egorization into the motion state) are well described using an exponential distribution466

(Figure 4a), as given by467

P (ug) =
1

⟨ug⟩
e
− ug

⟨ug⟩ , ug ≥ 0 (1)
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Figure 3. (a) Mean grain activity fraction ⟨nactive⟩ as a function of Shields stress τ∗; the inset

shows same data plotted on semi-logarithmic axes and error bars show 95% confidence interval

computed for eight trials. (b–d) PDFs of the number of active grains Ng in each frame of a video

of the sediment bed for one trial; each panel depicts bed activity at four flow velocity intervals

with τ∗ and τ∗/τ∗ cr reported.

where ⟨ug⟩ is the average streamwise velocity. Similarly, the spanwise grain velocity dis-468

tribution can be described using a two-sided exponential distribution (also known as a469

Laplace distribution) that is symmetric about vg = 0 cm/s (Figure 4b), as given by470

P (|vg|) =
1

|⟨vg⟩|
e
− |vg|

|⟨vg⟩| (2)

where ⟨vg⟩ is the average spanwise velocity in one cross-stream direction; when both di-471

rections are considered, ⟨vg⟩ ≈ 0 cm/s. These observations of instantaneous stream-472

wise and spanwise grain velocities are consistent with prior studies (Lajeunesse et al.,473

2010; Roseberry et al., 2012; S. L. Fathel et al., 2015; Yadav et al., 2026). Our collected474

data also agrees with theory, where the exponential distribution can be derived from maximum-475

entropy statistical-mechanical arguments, starting from a microcanonical ensemble and476

constraining the total grain momentum (Furbish & Schmeeckle, 2013). Using the best-477

fit exponential distribution to determine mean streamwise and spanwise grain velocity,478

we find that both ⟨ug⟩ and ⟨vg⟩ increase as a function of Shields stress (Figure 4c).479

Additionally, we note that for small particle numbers, the distribution of veloci-480

ties is expected to be exponential-like but with a less heavy tail (Furbish & Schmeeckle,481

2013; S. L. Fathel et al., 2015). We observe this behavior for streamwise velocities at trans-482

port conditions above the threshold of motion (see the τ∗ = 0.048 and τ∗ = 0.05 case483

in Figure 4a), suggesting that near-bed fluid velocities act as a control on the maximum484

particle velocity in this regime. Notably, we do not observe this light-tailed behavior for485

spanwise grain velocities at any of the flow settings (Figure 4b), despite parallel expec-486

tations (Furbish & Schmeeckle, 2013). It appears that M. X. Liu et al. (2019) may also487

observe heavier-than-expected tails in their spanwise grain velocity distributions.488

We also find that streamwise grain velocity distributions deviate from the expected489

light-tailed or strictly exponential behavior for critical and sub-critical flow conditions.490

In the sub-critical to critical regime, ug tends to be more peaked than an exponential491

distribution and with heavier tails (see the τ∗ = 0.026 to τ∗ = 0.034 cases in Figure492

4a). In the highly intermittent regime of sub-threshold flow, these distributions may cap-493

–12–



manuscript submitted to JGR: Earth Surface

Figure 4. (a) PDF of streamwise grain velocities ug for one trial; dotted lines are best fits

to an exponential distribution. (b) PDF of spanwise grain velocities vg; dotted lines are best fits

to an exponential distribution for positive vg values. For clarity, the PDFs in panels (a) and (b)

are vertically shifted by a factor of 10 from each other. The cyan-colored line is the experimental

condition closest to the nominal onset of motion (τ∗ = 0.034, τ∗/τ∗ cr = 1.03). (c) Mean stream-

wise and spanwise grain velocities, normalized by friction velocity u∗, as a function of Shields

stress τ∗; the normalizing factor u∗ also increases as a function of τ∗. Error bars show 95% confi-

dence intervals computed for eight trials.

ture a bimodality of grain motion—a combination of short, slow displacements (e.g., grains494

rolling out of pockets then stopping again) interspersed with longer flights as a grain oc-495

casionally encounters an energetic turbulent structure and becomes entrained into the496

flow.497

4.3 Grain Accelerations498

The instantaneous streamwise and spanwise accelerations of grains moving as bed-499

load are typically both described using a two-sided exponential distribution—that is, a500

Laplace distribution—centered about ax g = 0 m/s
2
(S. L. Fathel et al., 2015; M. X. Liu501

et al., 2019; Furbish et al., 2016). Based on our observations, we find good agreement502

between the streamwise acceleration PDFs and the Laplace distribution (Figure 5a). Span-503

wise acceleration distributions also appear Laplace-like for flow conditions at and below504

the critical Shields stress; however, the PDFs of ay g begin to display heavier-than-exponential505

tails once the critical Shields stress is exceeded (Figure 5b). The distribution of span-506

wise grain accelerations is infrequently reported; however, we note that S. L. Fathel et507

al. (2015) find an that exponential distribution fit their spanwise acceleration observa-508

tions well.509

For “equilibrium” sediment transport, the ensemble average of streamwise grain510

accelerations must be zero (Furbish, Roseberry, & Schmeeckle, 2012), which we observe:511

for both streamwise and spanwise acceleration, the PDFs are centered at 0 m/s
2
. Inter-512

estingly, however, when we compute the skewness of the streamwise acceleration distri-513

butions, we find that these PDFs have a negative skewness for flow conditions below the514

threshold of motion, but positive skewness once flow conditions exceed the critical Shields515

stress (Figure 5c).516

We hypothesize that the negative skewness observed for sub-critical flow conditions517

is due to flight-crash dynamics—relatively gentle accelerations followed by rapid decel-518

erations as grains “crash” into the sediment bed. Flight-crash dynamics are observed in519
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Figure 5. (a) PDF of streamwise grain accelerations ax g for one trial. (b) PDF of spanwise

grain accelerations ay g. For clarity, the PDFs in panels (a) and (b) are vertically shifted by a

factor of 10 from each other. The cyan-colored line is the experimental condition closest to the

nominal onset of motion (τ∗ = 0.034, τ∗/τ∗ cr = 1.03). (c) Mean skewness of streamwise accel-

eration distributions as a function of Shields stress τ∗; error bars show 95% confidence interval

computed for eight trials, while the horizontal dashed line represents a skewness of zero indicat-

ing a symmetric distribution.

turbulence (Xu et al., 2014; Švančara & La Mantia, 2019), as well as in traffic and finan-520

cial markets (Helbing, 2001; Jensen et al., 2003). At flow conditions that exceed the thresh-521

old of motion, we see the opposite phenomenon—a “lift and settle” effect where grains522

accelerate rapidly as they are lifted off the bed then gently decelerate as they return to523

rest. It is possible that grain motions at higher flow velocities are dominated by turbu-524

lent sweeps or ejection events (e.g., Lelouvetel et al., 2009) and become disentrained due525

to encountering a patch of low velocity fluid, rather than due to violent collisions with526

the bed.527

4.4 Grain Flight Times528

Grain travel time—that is, the time over which a completed flight occurs—is fre-529

quently described using an exponential distribution (Figure 6a), as given by530

P (Tf ) =
1

⟨Tf ⟩
e
−

Tf
⟨Tf ⟩ , Tf ≥ 0 (3)

where ⟨Tf ⟩ is the mean flight time. This hypothesis is supported by both experimental531

(Martin et al., 2012; M. X. Liu et al., 2019) and numerical (Z. Wu et al., 2020) obser-532

vations, and is theoretically justified assuming a constant disentrainment rate (Furbish533

et al., 2016; Ancey et al., 2006). We observe that mean flight time, as determined us-534

ing the best-fit exponential distribution, increases as a function of Shields stress, but be-535

gins to plateau as τ∗ ≥ 0.045 (Figure 6c).536

While grains flight times are well approximated by an exponential distribution for537

flow conditions above the critical Shields stress, we observe PDFs that appear more peaked538

than an exponential and with heavier tails for flight durations at and below the critical539

flow condition (see Figure 6a for τ∗ ≤ 0.039). This result suggests that the assumption540

of a constant disentrainment rate breaks down in the sub- and near-threshold regime.541

Although the exponential distribution is frequently used to characterize these statis-542

tics, we also considered a recent study by Z. Wu et al. (2023) who proposed an analyt-543

ical solution for distributions of grain flight times and distances traveled. The Z. Wu et544
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Figure 6. (a) PDF of grain flight travel time Tf for one trial; for clarity, the PDFs are ver-

tically shifted by a factor of 10 from each other. (b) PDF of grain travel time Tf for three flow

conditions: below onset (τ∗ = 0.026, τ∗/τ∗ cr = 0.78 shown with the dark blue solid line), at onset

(τ∗ = 0.034, τ∗/τ∗ cr = 1.03 shown in cyan), and above the threshold of motion (τ∗ = 0.045,

τ∗/τ∗ cr = 1.36 shown in orange). The horizontal axis is normalized by the maximum flight time

Tf max and PDFs are vertically shifted by a factor of 50 for ease of visual comparison of each

PDF to an exponential distribution (dotted lines) and the distribution of Z. Wu et al. (2023)

(dash-dotted lines). (c) Mean grain flight time, normalized by D50/u∗, as a function of Shields

stress τ∗; error bars show 95% confidence intervals computed for eight trials.

al. (2023) flight time distribution appears—at least qualitatively—to display a Weibull-545

like core and exponential-like tail, which match our observations, especially for the near-546

threshold cases. We can apply the Z. Wu et al. (2023) distribution to our PDFs using547

a maximum likelihood estimation (MLE) algorithm and observe good visual agreement,548

especially when compared to the best-fit exponential distribution (Figure 6b). Addition-549

ally, the parameters of the Z. Wu et al. (2023) distribution represent physical quantities:550

the mean grain velocity, coefficient for velocity diffusivity, and deposition rate. When551

identifying the best-fit distribution to our data, we constrain the grain velocity param-552

eter using a narrow envelope around our measured ⟨ug⟩.553

4.5 Grain Flight Distances554

Particle flight lengths Lx and Ly are often described using the Weibull distribu-555

tion (S. L. Fathel et al., 2015; Furbish et al., 2016; Yadav et al., 2026), as generalized556

for either streamwise or spanwise flight distances Lf :557

P (Lf ) =
k

λ

(
Lf

λ

)k−1

e
−
(

Lf
λ

)k

, (4)

where k > 0 is the shape parameter and λ > 0 is the scale parameter. When k = 1,558

the Weibull distribution approaches the exponential distribution. Based on the assump-559

tion that Lx ∝ T 2
f , S. L. Fathel et al. (2015) derived a distribution for flight distances560

with a Weibullian form:561

P (Lx) =

√
2/⟨Lx⟩
2L

1/2
x

e−
√

2/⟨Lx⟩L1/2
x , (5)

where ⟨Lx⟩ is the mean flight distance. This distribution is assumed to apply for both562

streamwise and spanwise flight distances, although fewer studies report spanwise mea-563

surements. Using the same scaling assumption Lx ∝ T 2
f , S. L. Fathel et al. (2015) de-564

termined that the shape parameter should be k = 0.5 and scale parameter should be565
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λ = ⟨Lf ⟩/2, although their experimental results found that k = 0.67 and 2λ did not566

match their measured mean streamwise flight distance. The shape parameter, as deter-567

mined using a best-fit Weibull distribution to our flight distance data, ranges from k =568

0.40 (standard deviation 0.037) at the lowest flow condition (τ∗ = 0.026) to k = 0.72569

(standard deviation 0.03) at one of the highest flow conditions (τ∗ = 0.048); there is570

also a lack of agreement between our measured ⟨Lx⟩ and twice the scale parameter λ.571

Although flight distance distributions are also described using the exponential distribu-572

tion (M. X. Liu et al., 2019; Martin et al., 2012), we observe good agreement between573

both streamwise flight distance Lx and spanwise flight distance Ly and the Weibull dis-574

tribution (Figure 7a, 7b). Additionally, we observe that mean streamwise and spanwise575

flight distance ⟨Lx⟩, ⟨Ly⟩ increase as a function of Shields stress (Figure 7d).576

Figure 7. (a) PDF of streamwise grain flight distances Lx for one trial. (b) PDF of spanwise

flight distances Ly; dotted lines are best fits to a Weibull distribution for positive values. For

clarity, the PDFs in panels (a) and (b) are vertically shifted by a factor of 10 from each other.

(c) PDF of spanwise flight distances Lx for three flow conditions: below onset (τ∗ = 0.026,

τ∗/τ∗ cr = 0.78 shown with the dark blue solid line), at onset (τ∗ = 0.034, τ∗/τ∗ cr = 1.03 shown in

cyan), and above the threshold of motion (τ∗ = 0.045, τ∗/τ∗ cr = 1.36 shown in orange). The hor-

izontal axis is normalized by the maximum flight distance Lxmax and PDFs are vertically shifted

by a factor of 50 for ease of visual comparison of each PDF to an exponential distribution (dotted

lines) and the distribution of Z. Wu et al. (2023) (dash-dotted lines). (d) Mean streamwise and

spanwise flight distance, normalized by median grain size D50, as a function of Shields stress τ∗;

error bars show 95% confidence intervals computed for eight trials.

Notably, Z. Wu et al. (2020) suggest a Weibull distribution for shorter flights, but577

exponential for longer flights. Their argument is as follows. Grains in flight are more likely578

to be deposited (i.e., disentrained) close to where they began their trajectory; however,579

grains in flight experience a decreasing spatial disentrainment rate with increased hop580

distance (i.e., a grain in a long trajectory is less likely to be deposited) (Roseberry et al.,581

2012; Furbish, Haff, et al., 2012). This hypothesis supports a Weibull distribution with582

shape parameter k < 1 (failure rate decreases over time). Note that this statement ap-583
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plies for disentrainment in space; the likelihood of a grain being deposited is thought to584

be Poissonian in time (i.e., constant disentrainment probability) (S. L. Fathel et al., 2015;585

Ancey et al., 2006), although the sub-critical grain travel time distributions discussed586

in Section 4.4 contradict this assertion. This mixed Weibull and exponential-like distri-587

bution is also supported by the analytical solution to the distribution of flight distances588

determined by Z. Wu et al. (2023). Similar to Section 4.4, we can again fit the Z. Wu589

et al. (2023) distribution to our PDFs of flight distances. Our PDFs of grain flight dis-590

tance display heavier tails than predicted by the Z. Wu et al. (2023) distribution and are591

a better match to the Weibull distribution, although we note that the fit could be im-592

proved if ⟨ug⟩ were not constrained to values close to the measured mean velocity (Fig-593

ure 7c).594

The two regimes proposed by Z. Wu et al. (2020) and recently supported by the595

numerical experiments of Yadav et al. (2026) suggests that grains traveling farther are596

more likely to experience the highest velocities and thus on average have a faster mean597

velocity over a flight (scaling Lx ∝ Tf ). The shorter trajectories, on the other hand,598

have on average a slower mean velocity (scaling Lx ∝ T 2
f ), with mean velocity propor-599

tional to flight time. The joint PDFs of grain travel time and flight distance (not shown),600

however, do not display this two-regime scaling based on our experimental results. In-601

stead we find that the mean power law exponent fit to the joint PDF of Tf and Lx is602

1.2 with a standard deviation of 0.16 across all experimental runs, which is a closer match603

to the scaling exponents measured by M. X. Liu et al. (2019). This range of observed604

scaling exponents also explicates the lack of agreement between our Weibull shape pa-605

rameter (k = 0.40–0.73) and mean grain flight distances with the proposed theoreti-606

cal shape (k = 0.5) and scale (2λ = ⟨Lx⟩) parameters of S. L. Fathel et al. (2015).607

5 Discussion & Conclusions608

Although the variable nature of bedload transport introduces many challenges when609

calculating sediment flux, the development of stochastic models has potential to improve610

sediment transport estimates over current deterministic frameworks. These stochastic611

models, however, require input in the form of probability distributions and statistical pa-612

rameters for relevant bedload flight metrics—grain velocity, grain activity, flight travel613

distances and times. In this study, we analyzed a high-resolution dataset of grain tra-614

jectories collected at a range of flow conditions spanning the subcritical (τ∗/τ∗ cr = 0.78)615

to supercritical (τ∗/τ∗ cr = 1.53) sediment transport regimes. We implemented a hid-616

den Markov model to segment grain trajectories into periods of motion and rest, which617

were then used to characterize the probability distributions of grain activity, velocity,618

acceleration, flight distance, and flight travel time across this range of transport condi-619

tions. Our primary conclusions are as follows:620

1. Implementation of a hidden Markov model for trajectory segmentation:621

The use of a HMM to segment grain trajectories into periods of motion and rest622

offers numerous advantages over previous threshold-based methods. Since the HMM623

is trained on the full velocity distribution of grain motions, the classification is adap-624

tive to local flow and transport conditions, rather than relying on a globally-defined625

velocity or displacement threshold. Further, the constant transition probabilities626

implicit to the HMM results in a temporal smoothing that allows the model to627

distinguish between velocity fluctuations (e.g., stationary grains jiggling in place628

or mobile grains experiencing momentary collisions) and genuine transitions be-629

tween persistent downstream transport and sustained rest on the sediment bed.630

The selection of the HMM framework also has theoretical justification for use631

in a bedload transport context, as individual grain dynamics are frequently mod-632

eled as a Markov processes (Papanicolaou et al., 2002; Lisle et al., 1998). The con-633

stant transition probabilities, consistent with a telegraph process (Ancey et al.,634
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2006), yield entrainment probabilities that agree with established empirical rela-635

tionships (Figure 2).636

2. Validation of existing statistical frameworks: Our results broadly validate637

statistical descriptions of bedload motion proposed by previous studies, particu-638

larly for flow conditions exceeding the critical Shields stress. The observed grain639

activity distributions are consistent with a negative binomial or Gamma distri-640

bution, as reported by Ancey et al. (2006) and González et al. (2017). The tran-641

sition in distribution shape from exponential-like to Gaussian-like reflects the shift642

from highly intermittent, uncorrelated grain motions below and near onset to a643

greater quantity of moving grains influenced by collective entrainment effects at644

higher bed stresses. We confirm that streamwise and spanwise grain velocities ex-645

hibit an exponential distribution, consistent with prior observations and theory646

(S. L. Fathel et al., 2015; Furbish & Schmeeckle, 2013). Distributions of stream-647

wise and spanwise particle accelerations display a Laplace distribution and are cen-648

tered about zero, consistent with equilibrium transport conditions. For grain flight649

statistics, we observe that flight travel times are well-approximated by an expo-650

nential distribution for above-critical conditions, consistent with prior observations651

and the assumption of a fixed temporal disentrainment rate. Flight travel distances652

are well-described by the Weibull distributions in both the streamwise and span-653

wise directions, consistent with a decreasing spatial disentrainment rate.654

3. Emergence of anomalous dynamics below the onset of motion: We iden-655

tify unexpected behaviors in bedload statistics at and below the critical Shields656

stress, a regime that has received limited attention in previous experimental work657

despite its importance for understanding sediment transport in low-energy envi-658

ronments. We find that well-accepted probability distributions for bedload mo-659

tion parameters, identified above, fit progressively more poorly as flow conditions660

approach and fall below the threshold of motion. Notably, streamwise grain ve-661

locities for sub-critical to critical conditions exhibit distributions that are more662

peaked than an exponential and have heavier tails (Figure 4a), contrary to the light-663

tailed expectation for small particle numbers (Furbish & Schmeeckle, 2013). Sim-664

ilarly, the exponential distribution for flight travel time becomes increasingly peaked665

with heavier tails at sub-critical conditions (Figure 6b). This deviation suggests666

that the assumption of a constant temporal disentrainment probability breaks down667

in this highly intermittent regime. Broadly, this behavior may indicate that near-668

threshold grain motion involves a mixture of mostly short, slow displacements (e.g.,669

grains rolling out of pockets) and intermittent longer flights as occasional ener-670

getic turbulent structures entrain small numbers of sand grains. The breakdown671

of exponential travel time distributions and the emergence of heavier-tailed flight672

distance distributions below threshold indicate that the local diffusion regime may673

transition from normal to anomalous in this highly intermittent transport state.674

We also examine the analytical solutions for bedload flight statistics proposed675

by Z. Wu et al. (2023) and observe that their distribution for flight travel times676

is a better fit to our grain flight data than the exponential distribution, at least677

at and below the threshold of motion. However, their flight distance distribution678

appears to fit more poorly than the Weibull distribution. In addition to provid-679

ing a better fit for sub-threshold grain flight statistics, we note that analytical so-680

lutions may also yield useful physical parameters (grain velocity, disentrainment681

rate) that can inform us about system dynamics.682

4. Asymmetry in grain acceleration distributions: While ensemble-averaged683

streamwise and spanwise grain accelerations remain close to zero for all flow con-684

ditions, supporting the quasi-equilibrium transport assumption implicit in many685

bedload models, we calculate skewness and identify an asymmetry in the distri-686

bution of streamwise grain accelerations (Figure 5c). At sub-critical conditions,687

acceleration PDFs exhibit negative skewness, hypothesized to be evidence of “flight-688

crash” dynamics where grains experience a relatively gentle acceleration followed689

–18–
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by rapid deceleration upon colliding with the bed. This behavior resembles flight-690

crash events observed in turbulent flows and is associated with intermittency in691

turbulent systems (Xu et al., 2014; Švančara & La Mantia, 2019). Above the crit-692

ical Shields stress, the skewness becomes positive, suggesting a reversal of dynam-693

ics to a “lift and settle” behavior, with rapid accelerations as grains are lifted off694

the bed (possibly by turbulent sweeps and ejection events) followed by gentler de-695

celeration as grains settle through regions of lower-velocity fluid. This transition696

in acceleration asymmetry may reflect a fundamental change in the dominant en-697

trainment and disentrainment mechanisms across the threshold of motion. The698

varying skewness suggests that higher-order moments of the acceleration distri-699

bution may carry important information about transport regime transitions.700

Our results provide an extensive dataset that can be used for validating numerical sim-701

ulations and analytical solutions for stochastic sediment transport models, particularly702

at conditions below the onset of motion. The systematic characterization of bedload mo-703

tion probability distributions at a range of Shields stresses from below to exceeding the704

critical Shields stress enables improved parameterization of both activity-based and entrainment-705

based formulations of sediment flux.706
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