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Abstract

The monitoring of coarse sediment transport is a domain teeming with technical innovations and
methodological developments aimed at improving the characterization of bedload processes at
different spatial and temporal scales. Radio frequency identification (RFID) technology has improved
sediment tracking experiments, allowing the characterization of processes at the individual particle
and flood-event scales. Meanwhile, geophone sensors have enabled the continuous monitoring of
bedload intensity and variations in sediment fluxes at intra-flood event and sediment-pulse scales. The
combination of these two techniques allows these scales and processes to be linked. In this study, we
used a combination of active ultra-high frequency RFID and geophone stations to link the virtual
velocity of tracers with channel geophone activity, hydraulic forcing, and tracked particle properties,
analyzing the results with single and multiple regression models. Our results show that compared with
discharge or stream power, the geophone activity best explained the variance (81%) of the virtual
velocity observed. Furthermore, when all the control variables tested were combined in an empirical

model, the model explained 95% of this variance, and allowed quantification of the portions of the
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variance explained by hydraulic forcing, geophonic activity, and tracked particles. This shows the high
potential of such monitoring combinations for future in-field experiments to investigate bedload

processes in river systems of different morphologies at different spatiotemporal scales.

1. Introduction

Although bedload transport processes are important in flood hazard assessment, engineering
applications, and river ecology, our understanding of these processes remains limited, making them
difficult to predict (Ancey, 2020a, 2020b).

The movement of individual coarse sediment particles depends on hydraulic forcing, river system
morphodynamics, channel geometry, and particle properties (Hassan and Bradley, 2017; Vazquez-
Tarrio and Batalla, 2019). The effects of these factors on particle motion have been investigated using
stochastic and deterministic approaches (Cassel et al., 2021a) involving sediment tracers or smart
pebbles consisting of sediment particles, either natural or artificial, equipped with various types of
sensors or transmitters (Hassan and Roy, 2016). The stochastic approach is used to analyze the motion
of actual particles, distinguishing phases of displacement and rest quantified by hop length and
duration, and to compute probability curves for both of these phases (Einstein, 1937; Ergenzinger and
Schmidt, 1990; Habersack, 2001; Olinde and Johnson, 2015). The deterministic approach considers
flow discharge and stream power above the critical level that allows the transport of particles of a
given size (Shields, 1936; Bagnold, 1966). Following this approach, many studies have developed
models for the barycenter of downstream particle progression (Arnaud et al., 2017; Chardon et al.,
2021), dispersion (Haschenburger, 2013), and virtual velocity (Haschenburger and Church, 1998;
Liébault et al., 2012) as a function of excess stream power (Lamarre and Roy, 2008; Schneider et al.,
2014; Houbrechts et al., 2015; Arnaud et al., 2017; Rainato et al., 2020; Chardon et al., 2021) or stream
impulse (Bradley, 2017; Gilet et al., 2020; Imhoff and Wilcox, 2016; Phillips et al., 2013; Phillips and
Jerolmack, 2014). Recent meta-analysis-based investigations have pointed towards the important role

of the channel morphology and dimensions (Vazquez-Tarrio et al., 2018; Vazquez-Tarrio and Batalla,
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2019), and have quantified the variance in travel distance explained by these factors. However, small-
scale turbulent flow processes and grain-grain interactions also remain of fundamental importance in
bedload transport (Frey and Church, 2011), and their effects on tracer transport have not yet been
investigated in a field experiment. Assuming that grain—grain (mobile vs. mobile particles) and grain—
bed (mobile vs. immobile particles) interactions (i.e. collisions) are colinear and generate ground

vibrations, seismic activity could be used to monitor these interactions (Tsai et al. 2012).

The field monitoring of bedload transport remains challenging, whether in coarse-bedded gravel
rivers, steep-slope torrents (Rickenmann, 2017), or large rivers during rare and intense flood events,
and the development of new tools and methods is important to gain insight into the contributions of
the different controlling factors (Kondolf and Piégay, 2016). Among the recent field monitoring
developments, active ultra-high frequency tracers (a-UHF tracers) and seismic sensors (SS) are highly
complementary, allowing the comprehensive monitoring of bedload transport and the different
controlling factors (i.e. bedload properties and hydraulic conditions) affecting its dynamics.

Over the last few decades, RFID technology with wireless detection of individual (buried or
immersed) transponder-equipped particles has been used to investigate the transport distance
between tracers’ positions before and after flood events (Schneider et al., 2014; Chapuis et al., 2015;
Arnaud et al., 2017; Misset et al., 2020a; Chardon et al., 2021) and the virtual velocities of particles
(Liébault et al., 2012; Milan, 2013; Mao et al., 2017; Brenna et al., 2019; Rainato et al., 2020; Cassel et
al., 2021b; Oss Cazzador et al., 2021). The earliest in-field experiments using stationary antennas for
detection of RFIDs (Schneider et al., 2010; Mao et al., 2017; Stahly et al., 2020) used only low frequency
passive transponders (PIT tags) and reported low recovery rates; however, recent developments using
sediment tracers equipped with a-UHF tags have shown encouraging results in rivers with very active
bedload transport (Brousse et al., 2020b, 2020a; Cassel et al., 2020; Misset et al., 2020a). Additionally,
such a-UHF tags were recently monitored by Cassel et al. (2021b) using an autonomous stationary
antenna system (named e-RFIDuino) to measure particle virtual velocity during flood events,

observations that are analyzed in this paper. Furthermore, the signals of a-UHF tags equipped with a
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movement sensor sensed by the e-RFIDuino system could facilitate observation of particle movements
without displacement along the channel. Such movements were first reported in the second half of
the 20th century (Stevens, 1969; Urbonas, 1968; both in Schumm and Stevens, 1973), but in-field

investigations of them remain scarce (Olinde and Johnson, 2015).

Geophones installed on river banks can be used to monitor bedload transport as they can record
the seismic activity generated at the river bed. Bedload flux can be estimated from seismic power (Tsai
et al., 2012), when taking into account both contributions of water turbulence and of bedload flux
(Dietze et al., 2019), when linking grain-scale impacts with seismic activity (Gimbert et al., 2019), or
performing in-field validations to estimate absolute bedload transport rates (Bakker et al., 2020; Dietze
et al.,, 2020). This monitoring approach is particularly suitable for investigating processes of high
temporal variability, as it can run quasi-continuously over a long period of time and can operate in
high-magnitude flow events during which in-stream equipment is likely to break or fail to function
correctly. Bedload samples are always necessary to calibrate the seismic records when investigating
the absolute bedload transport flux (Rickenmann et al., 2014; Antoniazza et al., 2020; Bakker et al.,
2020), and these may be acquired with sediment traps or basket samplers (e.g. Helley Smith).
Geophones have been used to study glacial lake outbursts (Cook et al., 2018), debris flow triggering in
torrents (Navratil et al., 2013; Bel et al., 2017; Roth et al., 2017), gravel mobilization (Schmandt et al.,
2017), and bedload transport downstream of hydropower dams (Aigner et al., 2017) and in near-
natural Alpine streams (Misset et al., 2020a). Such programs often combine geophone sensors with
other measurements such as turbidity (Misset et al., 2020b), flow rheological characterization (Navratil
et al., 2013), rainfall (Bel et al., 2017), topographic survey (Schmandt et al., 2017; Cook et al., 2018),
and bedload flux samples (Rickenmann et al., 2012; Aigner et al., 2017; Misset et al., 2020a), but only
rarely do they include sediment tracers (Habersack et al., 2010; Schneider et al., 2014; Misset et al.,

2020a).
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a-UHF tracers and geophones are monitoring techniques associated with two very distinct and
classical formalisms in physics: Lagrangian and Eulerian formalisms. The approach used to track
individual particles during their movement in a river using a-UHF tracers is based on a Lagrangian
formalism. The seismic approach using geophones to estimate bedload transport over a river section
is based on a Eulerian formalism. From technical considerations, it is essential to combine these two
formalisms to better understand the complexity of bedload processes and how the dynamics of
individual particles add up to bedload dynamics in rivers. Thus, a-UHF tracers can help in the calibration
of geophones, and geophones can improve the interpretation of tracer displacements. Indeed, the
seismic activity generated during floods can allow monitoring of the entire population of coarse
sediment particles. Thus, the combination of these two techniques, which has not yet been studied in

detail, is of great interest.

In this study, we sought to investigate the potential of a newly-conceived fixed monitoring
station installed along a confined Alpine stream channel. This monitoring station was designed to
detect both particle movement from the timing and signal strength of passing coarse sediment
particles equipped with a-UHF tags, and bedload flux from a set of geophones. The particle movement
was quantified through the individual tracer virtual velocity (Haschenburger and Church, 1998), which
is defined as the transport distance divided by the measurement interval. The data were analyzed in
connection with the seismic activity measurements, to link tracer movements to flow discharge, tracer
properties (shape, mass, and past activity), and bedload transport conditions. Our main goals were: (1)
to explore the potential of the combination of these two distinct monitoring methods (a-UHF RFID and
geophones); (2) to compare the respective influences of the above mentioned three main controlling
factors; (3) to investigate the accuracy of predictions of the virtual velocity of tracers according to these
controlling factors using a least squares multiple regression empirical model; and finally, (4) to test the

potential of a-UHF tracers with motion detectors for future investigations on particle dynamics.
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2. Study Site

The Séveraisse River drains a watershed with little human impact in the Ecrins Massif in the French
Alps. It has a catchment area of about 223 km? (maximum elevation of 3579 m a.s.l.; minimum
elevation of 780 m a.s.l.) and a length of 33.2 km. Along its course, it shows several sequences of well-
developed braided reaches in wider sections of the valley, and straight (confined) single-thread
reaches in the more laterally-confined sections (Misset et al., 2020a). The upper part of the catchment
is highly erosive, and processes such as rock fall, debris flows, and sediment transport from torrents
deliver large amounts of sediment to the main channel. From late spring to the beginning of summer,
the Séveraisse River exhibits a hydrologic regime characterized by a high-flow period driven by
snowmelt, with daily discharge fluctuations capable of transporting bedload material. This is followed,
during the late summer and autumn, by generally lower flows generated by ice-melt with occasional
storm events that can cause large flood events with intense bedload transport. The lowest flows occur
in winter when the basin is covered by snow. In this study, we consider the snow-melt and storm driven
events that occurred before and after the 15 of July 2020, respectively, when the discharge base level

dropped below 10 m3s™,

Our study site is located approximately in the middle section of the river near the village of
Villar-Loubiére (44°49°28.34"’North; 6°08'56.22"’East), just upstream of a gauging station (Figure 1)
installed in 1969, and represents a drainage area of ca. 130 km?2. In the vicinity of a bridge, the channel
is straight, laterally confined, and 13 m wide (Bakker et al., 2020), with an average slope of 0.014 m m"
!, The riverbed is armored with cobbles of grain size D50 = 11 cm and D84 = 30 cm, as derived from
Wolman pebble counts (Misset et al., 2020a). Under the most frequent hydraulic conditions, the
bedload fluxes generated in the upstream braiding are transferred efficiently within this confined
section, without morphological adjustments (Misset et al., 2020a). The morphodynamically-active

upstream braided reach exhibits a finer grain size with D50 = 28 mm and D84 = 91 mm.
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3. Material and Methods

3.1.Bedload monitoring equipment

Figure 1. Overview of the Séveraisse River (A) and the monitoring instruments (B).

The bedload monitoring used in this study combines a coarse sediment tracing program using
a-UHF equipped tracers with geophone sensors recording vertical ground vibrations. The coarse
sediment tracing program was progressively implemented between 2018 and 2020 to quantify the
transport and mobility of coarse particles within the braided reach over multiple years (see Misset et
al., 2020a). During the 2020 field campaign, the instruments were installed close together (Figure 1b),

along a straight confined reach.

3.1.1 Monitoring particle movement

3.1.1.1 Sediment tracers

Over the course of three years, a total of 123 tracers were injected in 10 seeding operations at
5 different locations (Table 1; Figure 1). Because of high water discharges at the seeding periods, the

tracer injection procedure consisted of dropping the tracers into the main channel flux, either from
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bridges (INJ 1 and INJ 2) or from banks (INJ 3, INJ 4 and INJ 5). Several tracer inventories performed in
2018 (Misset et al., 2020a) and 2019 revealed that the majority of the tracers seeded in 2018 and 2019
were already located downstream of the reach investigated in this study at the beginning of the 2020
campaign. Four tracer inventories were also performed before (i1), during (i2 and i3), and after (i3) the
monitoring period using stationary antennas: the 26" of May, 22" of July, 26" of August, and 30" of
November 2020, respectively. The results of these inventories are not analyzed in this paper, but they
did allow us to know the final position of the tracers that were located upstream of the stationary

antenna at the beginning of the monitoring period.

The tracers seeded at the beginning of the 2020 field campaign were artificial stones (Figure
2-A) composed of a mixture of polyurethane resin and corundum (Cassel et al., 2016, 2021a). They
were equipped with active transponders of ultra-high frequency (a-UHF tags). The a-UHF tags used in
this study were COIN ID and COIN MOV models developed by Ela Innovation® and distributed by
Cipam®. These a-UHF tags were chosen because they have a relatively long operating life (up to 5
years), and can be sensed over dozens of meters (up to 40 m) in an open environment and over several
meters when buried or immersed (up to 2.6 m). Their beacon signals are emitted at 433.9 MHz and do
not suffer from collision when several transponders are simultaneously present in the antenna sensing
field. The beacon signal also includes a received signal strength indication (RSSI) (Cassel et al., 2017,
2020). The COIN MOV tags include a movement sensor that directly transmits through the beacon
signal, whether or not it has moved since the previous signal emission. Thus, when the COIN MOV
transponders are sensed by an antenna, three parameters are provided: the identification (Id) number,
the RSSI, and an indication of whether (1 is sent) or not (0 is sent) it has moved since the last beacon
signal emission. During the 2020 campaign, 29 tracers equipped with COIN ID tags were seeded, and 5
tracers equipped with COIN MOV tags were tested. The interval between signal emissions was set to
2.2 seconds and 900 ms for tracers equipped with COIN ID and COIN MOV, respectively. The shorter
interval used for the COIN MOV tracers was set to acquire more temporal details on RSSI variations

and to sense movements as close as possible to the moment of tracer displacement.



197

198

199

200

201

202

203

204

205

Table 1. Summary of the tracer seeding information

Number of tracers detected
Number of tracers
Injection | ID of Injection | Date of D50 during the 2020 season at RFID
injected
ID location seeding (mm) | stations RFID 3 and RFID 2 (RFID
COIN ID/COIN MOV
2 indicated in parentheses)
2 INJ 1 03/05/2019 20/0 68 2
5 INJ 2 27/05/2020 9/0 6
6 INJ4 & INJ5 |28/05/2020 0/2 2
7 INJ 2 28/05/2020 10/0 8
57.3
8 INJ 5 02/06/2020 2/1 3(3)
9 INJ 5 03/06/2020 3/2 5(2)
10 INJ 5 04/06/2020 5/0 5(1)
Total 31 (6)

Notes: In the rightmost column, the numbers in parentheses indicate the number of tracers sensed by station
RFID 2. Injections 1, 3, and 4 are not presented here as the tracers seeded at these injections were either

immobile or were already downstream of the reach investigated in this study.

3.1.1.2 Tracer monitoring stations

Three RFID-tracking stations were installed on-site on the 28 of May 2020, two being
temporary and one, referred to as “e-RFIDuino”, being permanent (Cassel et al., 2021b) (Figure 1b).
When a tracer signal was sensed by an antenna, the three stations recorded its identification number,
the RSSI, and the time, plus the movement indication if the tracer was equipped with a COIN MOV tag.
After the installation of the stations, their antenna sensing fields were delimited using the procedure
detailed in Cassel et al. (2021). This ensured the tracer’s detection over the whole channel width and
allowed us to determine the channel length over which the tracers could be monitored. A channel

length of ~60 m was obtained for RFID 2 and RFID 3 (Figure 1B).
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The two temporary stations consisted of equipment used for mobile prospection surveys
(Figure 2-C): a rugged field computer connected to a SCIEL reader equipped with a SLENDER Ill antenna
(see details in Cassel et al., 2017, 2020). The upstream temporary station was installed on the left bank
at the location of the INJ 5 seeding point, and was only used to observe the departure of the tracers
seeded at this location and the signal evolution of the COIN MOV tags, which were tested here for the
first time. The downstream temporary station was installed as close as possible to the geophone
station, and was used to detect the tracers’ passages and to monitor their displacement and residency
duration within the sensing field. These mobile stations were installed in the morning and removed at
night when the tracers were injected at INJ 4 and INJ 5: on the 28" of May and the 2™, 3™, and 4" of
June.

The e-RFIDuino station consisted of an environmental Arduino based datalogger kitted out
with a commercially available RFID reader (SCIEL reader) and a SLENDER Ill antenna (Figure 2-B; see
design details in Cassel et al. 2021). It was installed next to the EDF gauging station (Figure 1b), which
provides flow discharge measurements (10-minute time-step recording). The e-RFIDuino station

remained on-site during the whole campaign (from the 28th of May until the 26th of October 2020).

Figure 2. RFID devices, geophone station (A: artificial tracers equipped with a-UHF tags; B: the e-RFIDuino
station; C: the mobile station RFID 1) and geophone datalogger (D: the Geospace ® GS-20DX geophone before

its installation on a rock; E: the encapsulated datalogger of the geophone signal; R: solar panel).
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3.1.2 Geophone monitoring stations

A geophone station was installed in a similar way to that described by Navratil et al. (2013) and Bel et
al. (2017). The geophone station was powered by a small 3.7 V battery (10 000 mAh), a solar panel (3
W) and a solar power regulator. The microcontroller (Arduino Mini Pro®; 8 MHz) used was chosen
because of its very low energy consumption. An RTC (Real Time Clock controller; RTC DS3231 AT24C32
IIC) and SD card reader (DEV13743) completed the recording system. A micro-SD memory card (8 Go)
provided a data storage autonomy of several months. A GS20-DX Geospace® geophone was deployed
on the left riverbank ca. 2 m from the river flow. This geophone registers ground velocity in the vertical
direction (with a natural frequency of 8 Hz). The vibration frequency typically associated with bedload
transport is 50—60 Hz (Bakker et al., 2020), which meant that the maximum recording frequency of the
microcontroller (5 Hz) was insufficient to record the signal output of the geophone, i.e. a voltage
proportional to the soil vibration velocity. To accommodate this problem, the raw geophone signal was
first processed with an electronic interface that performed: 1) a signal rectification; 2) low-pass filtering
(Frequency = 2.5 Hz); and 3) amplification of the geophone signal output, following the method of
Navratil et al. (2013). The output signal was finally recorded at 5 Hz. The offset and gain of this interface
can be adjusted to account for local ground properties and the specific location of each geophone. The
geophone was fixed on a big boulder embedded in the riverbank (at 20 cm depth in the ground) to
reduce the effects of direct impacts of rain, hail, and runoff, and the wires to the solar panel were fixed
to eliminate noise induced by wind. Finally, to define a gain value and verify that the station worked
properly, preliminary tests were performed with boulders (ca. 10 kg) manually thrown into the river
(from 3—4 m in height) and onto the riverbanks (from 1.5 m), and these were clearly identified in the

seismic record.
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3.2 Data computing

3.2.1 Data compilation

Following Haschenburger and Church (1998), the virtual velocity (v) of passing tracers
expressed in m s was computed using the channel length covered by the antenna sensing field, i.e.
60 m (see section 3.1.1.2 Tracer monitoring stations) divided by the tracer stay duration within the
sensing field, which is the difference between the detected time of entry and the time of exit from the

antenna sensing field.

To explore the role of factors influencing the virtual velocity of the tracers’ passages (v), we
distinguished three types of controlling variables (Table 2): 1) the tracer properties (weight, shape,
size) including the transport distance and the time elapsed since tracer injection (i.e. past tracer
activity); 2) the hydraulic conditions; and 3) the bedload transport conditions.

The tracers’ properties were measured before they were seeded in the river. Each tracer was
weighed and its three axes were measured. The past tracer activity was measured in a Geographic
Information System (travel length along the river thalweg) or calculated using the time of injection and
the time of the first detection by the RFID monitoring station when the tracer entered the antenna
sensing field (time elapsed since injection).

We used the times of entry into and exit from the antenna sensing field of each tracer to
determine the residence time period, for which we also derived: (1) the stream power resulting from
flow discharges measured at the gauging station (@, in m3s?); and (2) the seismic activity (G, in mV)
recorded at the geophone station. Values Q and G were both recorded at 10-minute intervals, and
their average, range of variation (difference between maximal and minimal values), and standard
deviation (oqi and oei) were calculated to describe their fluctuations over the residence periods. The
maximal values of Q and G were also calculated, but their links to virtual velocity were both weaker

than those of their average values.
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We investigated two stream power formulations commonly used in riverine coarse sediment
tracking studies, both of which include the tracer size in the formula:

- the sum of the unit excess flow power based on the discharge values exceeding the critical
discharge for bedload transport (Q.), which is also considered as the total excess flow energy
(Haschenburger, 2013; Schneider et al., 2014; Chardon et al., 2021);

- and the dimensionless stream power (Eaton and Church, 2011), which allows comparisons
between contrasting river systems of different width, slope, and discharge regime, and avoids
scale differences (Vazquez-Tarrio et al., 2018). It could thus be a good standard for further

replications of the empirical models developed in this study.

The sum of the unit excess flow power (Zii(wt — w,) in W m?) is suitable when several
hydrological events are recorded by displacement of tracers between two surveys, or when the tracer

residence duration in the antenna sensing field is long. It is defined for each tracer passage P; as:

P; P;pg -Q.)'S
Zt (wt - wc) = L W (E1)

where Q; is the instantaneous discharges summed within the tracers passage P; to a resolution of one
second; $ and w are the straight confined channel slope (0.014 m m™) and width (13 m), respectively;
p is the water density equal to 1000 kg m; and g is the acceleration due to gravity equal t0 9.81 m s™2,
Bedload had been measured with a Elwha sampler over successive years, and the critical discharge for
bed mobility was known to be 11.9 m3s™ (Bakker et al., 2020). This value is also consistent with the

11.7 m3 s7! estimated using the following equation derived from the Shields and Manning formulas:

0, = (K W _51/2) : (((1.65 Dgy - T2 )/5)2) (E2)

where K is the Manning-Strickler coefficient equal to 26 (calculated using the Strickler (1923) formula:

1 21

K = PV Dg, is the 84" percentile of the tracers b-axis values (0.303 m), and 7} is the critical
84

Shields number (0.045).

The dimensionless stream power (w*) proposed by Eaton and Church (2011) is calculated as:

14
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w0 E3

wherew = (P - g S - Q; ) /w is the unit stream power (w in W m?), as defined by Bagnold (1966,
1980), and estimated at the mean value of the discharge Q; observed during the passage of the tracers
P;. R is the submerged specific weight of the tracer (1.65), and D; is the tracer b-axis value in m. The
dimensionless stream power is linearly dependent on the mean value of the discharge.

As the flow discharge partially drives the bedload transport sensed by a geophone, it may be
expected that the dimensionless stream power and seismic values are colinear; we therefore
computed the residuals (&) from the linear relationship between the log-transformed mean
dimensionless stream power (w*) and the log-transformed seismic averaged values (G). By using these
residuals together with the mean discharges, we avoided an artificially strong correlation due to

collinearity between the two variables.
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Table 2. Description of the control factors tested to predict particle virtual velocity.

Factor type Description Code Variable tested in stepwise process
Tracer b-axis in m Di Yes
Tracer mass in kg m Yes
. Tracer sphericity based on Sneed and Folk (1958) index :
Tracer properties
W = 3 ’ﬁ with a, b, and c the longest, intermediate, and v, Yes
shortest axes of the tracer.
Travel length in m since tracer injection L Yes
Past tracer activity Time elapsed between tracer injection and its entrance into
ti Yes
the antenna sensing field
Water discharge in m3 s, This is the mean value of the
Qi No
Hydrological and hydraulic | discharges measured during the tracer passage.
variables Difference between maximal and minimal discharge values
Aai Yes

measured during the tracer passage.

16




Standard deviation of the discharge values measured during

Oai Yes
the tracer passage.
P;
Z(wh - wc) No
Sum of the unit excess flow power in W m™ A
Dimensionless mean stream power w* Yes
Average geophone activity observed during the passage of
Ei No
the tracer passage in mV.
Difference between maximal and minimal seismic values
Agi Yes
measured during the tracer passage in mV.
Geophonic variables Standard Deviation of the seismic values measured during
Ogi Yes
the tracer passage in mV.
The residuals from the power model linking log transformed
dimensionless mean stream power (w*) and log & Yes

transformed seismic averaged values (G)
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3.2.2 Data analysis

The acquired data were processed and analyzed using R and Rstudio statistical software
(http://www.rstudio.com/). All the variables (virtual velocity and their potential drivers) were log-
transformed. We first determined how much of the variance in the virtual velocity of the tracers’
passages could be explained by each of the potential drivers in Table 2. Then, the correlations of the
averaged seismic activity with the mean flow discharge and the dimensionless stream power were
analyzed using multiple R-squared coefficients obtained with the “Im()” function in Rstudio. Finally,
using all potential drivers, we developed an empirical model to predict the virtual velocity of tracers
with the best accuracy and lowest variance. To do this, the drivers were processed using multiple least
squares regression in a linearized form (also using the “Im()” function in Rstudio) and a stepwise
procedure, as was successfully used by Vazquez-Tarrio and Batalla (2019) to predict tracer transport
distances and to investigate the influence of its drivers. This stepwise procedure was performed using
the “stepAlIC ()” function of the “MASS” package in Rstudio. To assess the potential inflation of variance
in the R? associated with collinearity between the drivers, we computed the variance inflation factor
(VIF), which quantifies how much the variance of an estimated regression coefficient is increased by
the driver’s collinearity. This was performed using the “vif()” function of the “car” package in Rstudio,
and following the methods of previous authors (James et al., 2013; Vazquez-Tarrio and Batalla, 2019)

we considered VIF values lower than 10 acceptable.

4. Results

4.1 Observations

Over the total monitoring period, the stations RFID 3 and RFID 2 recorded 31 and 6 tracer
passages, respectively (Table 1 and Figure 3), with 6 tracers being detected by both RFID stations.
Among the 31 tracers detected, 29 were injected in 2020, including 14 injected at INJ 2 (Fig. 1; 1.2 km
upstream of the station RFID 3), 14 injected at INJ 5 (275 m upstream of the permanent RFID station),
and 1 injected at INJ 4 (about 225 m upstream of the RFID stations). Two detected tracers were injected
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341

342

343

344

345
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347

in 2019 at location INJ 1, the most upstream point (3.5 km upstream of station RFID 3). It should be
noted that of the tracers located upstream before the monitoring period and then located downstream

in the tracer inventories i2 to i4 performed after the monitoring period, all were sensed by the station.

The average b-axis, weight, and sphericity of the tracers were 59 mm, 0.265 kg, and 0.73,
respectively (Figure 4). The residency durations within the RFID station sensing fields ranged from 36
seconds to 8.8 days, corresponding to virtual velocities of 2.01 m s to 7.9e-5 m s* (i.e. 6.8 m day?),
with both extremes being recorded by the permanent station. Of the 37 passages, 26 occurred during
snow-melt-driven flood events (before mid-July) with mean discharges ranging from 11.3 m3s'to0 22.5
m3 s1. The remaining 11 passages occurred during rainfall driven flood events, with mean discharges
varying between 6.1 m? s to 70 m3 s (the latter was observed during the peak of a flood event with
an estimated return period of 30-years). The seismic activity recorded during the tracer passages
ranged from 0.003 mV to 0.055 mV over periods of snow-melt-driven flows, and from 0.002 mV to
0.27 mV over rainfall-driven flows (Figure 3). Over these two periods, the virtual velocities ranged from
0.007 to 0.095 m s* for snow-melt driven flows and from 0.002 to 2.01 m s for rainfall driven flows.
Thus, we observed particle motion under contrasting flow conditions, for different tracer properties,

and for different passage velocities.
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349 Figure 3. Discharge, seismic activity, and the passage of 37 tracers at the RFID stations “RFID 2” and “RFID 3” during the 2020 season. Notes: Q. is estimated at 11.9 m3s™.
350 The blue curve indicates log-transformed discharge values reported on the left ordinate axis. Red dots represent log-transformed geophonic activity values reported on the

351 right ordinate axis. Black points indicate tracer passages during the snow-melt and storm-driven floods and are proportional to the virtual velocity. Black horizontal segments

352 indicate the residency period of the tracers within the sensing field of the RFID antennas.
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354 Figure 4. Box-whisker and violin plots of the distributions of the 37 tracer passages recorded: b-axis (A),
355 weight (B), sphericity (C), distance of travel (D), time elapsed since injection before tracer passage at
356 the RFID stations (E), and dwell time in the RFID antenna sensing fields (F). Notes: whiskers indicate D10
357 and D90 values. The violin plots’ curves indicate the probability density of the entire distribution.
358 The values of the RSSI signals recorded over all tracer passages exhibited considerable

359  variation at a time-scale of less than 5 seconds (Figure 5). These variations, which were particularly
360 observed when the tracers had a long residence time within the antenna sensing field and emitted
361 every0.9s, were not due to tracer displacement but to multipath propagation of radio frequencies, as
362 previously reported by Cassel et al. (2017). Despite these variations, the use of moving-window
363  temporal averaging allowed the important displacements (significant increase or decrease in average
364  values) and rest periods (levels of average values) to be detected for some of the tracers (Figure 5-A).
365  When the signals of tracers equipped with COIN MOV tags were recorded over a long enough time, it
366  was possible to observe that the significant variations in the RSSI signal (100 observations, which
367  corresponds to a time-window of about 9 s) were mainly concomitant with “moving” indications. To
368  the contrary, the RSSI levels were mainly concomitant with “not moving” indications (Figure 5-A). For
369 the other tracers, those passing though the antenna faster or emitting at the largest time interval, the
370  useof arolling average function did not allow important displacements and rest periods to be detected

371 (Figure 5-B).
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373 Figure 5. Examples of contrasting RSSI evolutions observed during two tracer passages equipped with
374 different a-UHF tags. Notes: The COIN MOV and COIN ID tags emitted signals every 900 ms and every 2.2s,
375 respectively, and were sensed over about 2 hours and 2 minutes, respectively. The red and grey points of
376 COIN MOV tags indicate “moving” or “not moving” over the 900-ms period between signal emissions. The
377 dark curve in (A) indicates the rolling average based on 100 observations. The green curve shows the ratio
378 between “moving” and overall detection computed at the same scale as the RSS! rolling average (i.e. 100
379 observations): the closer to 1 the more mobile, the closer to O the less mobile.
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4.2 Virtual particle velocity as a function of a single controlling variable

We found positive power correlations between the tracer virtual velocities and the mean
discharges (R? = 0.58; p-value < 0.001) and dimensionless mean stream power (R? = 0.63; p-value <
0.001). These correlations are weaker than that between the mean tracer velocities and mean seismic
activity (R = 0.81; p-value < 0.001; Figure 6). The sum of excess stream power exhibited weak negative
power correlations (R? = 0.21; p-value = 0.83 > 0.05) with tracer virtual velocities. The power law linking
tracer virtual velocities to dimensionless mean stream power exhibited a factor (9.7) very close to that
of the power law linking tracer virtual velocities to mean seismic activity (9.4). However, its exponent
coefficient (4.1) was very close to that of the power law linking mean flow discharges and virtual
velocities (4), which is unsurprising, as dimensionless mean stream power is based on mean discharge.
Except for the sum of excess stream power, most of the data scattered around the regression curves
were for low or high virtual velocity values, whereas dispersion remained relatively moderate for

medium values (Figure 6).
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394 Figure 6. Relationships between tracer virtual velocity and the mean values of (A) flow discharge, (B) seismic
395 activity, (C) dimensionless mean stream-power, and (D) the sum of excess flow power per unit area. Notes:
396 circles and triangles represent the passages observed during snow-melt events and storm events, respectively.
397 The tracer passages occurring during storm events showed higher mean particle velocities,
398 higher flow discharges, and higher seismic activity than those during the snow-melt period (Figure 6).
399 The power regression curves between the tracer virtual velocities (v) and the mean flow discharges
400  (Figure 6-A), dimensionless mean stream power (Figure 6-C), and average seismic activity (Figure 6-B)
401  show wider dispersion for storm events than during snow-melt periods.
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stream power. Notes: circles and triangles represent the passages observed during snow-melt events and storm
events, respectively

We also found that averaged seismic activity showed strong positive power correlations with
mean flow discharge (R? = 0.83; p-value < 0.001) and dimensionless mean stream power (R? = 0.81; p-
value < 0.001; Figure 7), which supports the use of the residuals (€;) from the power linear model

linking log transformed dimensionless mean stream power and log transformed averaged seismic

values.

4.3 Multiple regression analysis

Of the eleven controlling variables tested (Table 2), the stepwise procedure identified nine as
significant (Table 3). Two of them, 0G; and L;, were less statistically significant, but remained within
the 90% confidence interval (p-value < 0.1), while a third one, Q;, was just above the limit (p-
value = 0.11). Among the six most relevant controlling variables, the most statistically significant (p-
value < 0.01) were: 1) the dimensionless mean stream power; 2) the residuals from the power model
linking dimensionless mean stream power and average seismic activity; and 3) sphericity. These each
showed positive coefficients. Meanwhile, the particle weight, range of seismic activity, and time

elapsed since injection contributed negatively.
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Although the VIF values of t; (9.6) and L; (8.6) were both close to 10, all VIF values remained

below this limit, indicating that multicollinearity can be dismissed (Table 3).

Table 3. Result of the multiple regression analysis using a stepwise procedure

Variable Coefficient p-value VIF % of variance explained
Intercept 7.459 4.6e-05 ***
& 1.906 8.3e-08 *** 2.98 18.12
w*; 4.076 3.5e-11 *** 3.46 63.72
AG; -0.382 2.2e-04 *** 1.51 5.23
oQ; -0.246 0.113 1.67 1.56
oG; 0.353 0.02 * 3.66 0.31
m; -2.881 1.6e-03 *** 2.34 0.003
Y; 5.475 1.2e-05 *** 2.10 4.63
t; -0.535 3e-03 *** 9.64 1.63
L; 0.532 0.091 * 8.57 0.49

Residual standard error: 0.609 with 28 degrees of freedom. Multiple R? = 0.957. Adjusted R? =
0.943. F-statistic: 66.74 with 9 and 27 degrees of freedom. p-value = 4.1e-16.

*p-value statistically significant at a 90% confidence level

**p-value statistically significant at a 95% confidence level

***p-value statistically significant at a 99% confidence level

The estimated contributions to the variance explained by the independent controlling
variables selected by the stepwise procedure again show that the dimensionless mean stream power
(w*;) explained 63.7% of variance. The residuals from the power linear model linking dimensionless
mean stream power and seismic averaged values (&) explained 18.1%. Thus, the sum of these two

controlling variables explained 81.8% of the R?, which is slightly higher than the R? (0.816) of the power
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law linking average seismic activity and tracer virtual velocity. The range of the seismic activity values
(AG;) and the standard deviation of these values (6G;) explained 5.2% and 0.31% of the variance,
respectively. Thus, the overall virtual velocity variance explained by the seismic data (Gi, AG;, 6G;)
was 86.8%. In comparison, the same statistics computed from the flow discharge values explained
69.8% of the tracers’ virtual velocity variance. From the tracer properties and past activities tested, the
stepwise procedure selected sphericity (Y;), time elapsed (t;), distance of travel (L;) since injection,
and weight (m;), which explained 4.63%, 1.63%, 0.5%, and 0.003% of the virtual velocity variance,
respectively. Thus, the tracer b-axis was the single tracer property not selected by the stepwise

procedure.

The results of the multiple regression analysis show a highly significant relationship between
tracer virtual velocity and the combination of controlling variables (R? = 0.957; p-value < 0.001). The
data scattering around the 1:1 line is moderate and relatively homogeneous between low, medium,
and high virtual velocity values (Figure 7). Equation 1 (E1) was adapted to estimate the tracers’ virtual

velocity observed within the studied reach for both storm events and snow-melt events (Figure 8).
=746 - 5:'1'91 . w*i4.08 . AG,-_O'38 . aQ,-_O'ZS . aGi0'35 (E4)

288 ., 547 . —054 _y 053
i U TR L

. m i

Of the 37 values modelled, all were within an order of magnitude of the observed values, and

only seven were found to deviate by more than a factor of two.
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Figure 8. Comparison between the observed and predicted virtual velocity of tracer passages.

Notes: dashed and dotted lines indicate the 10- and 2-fold intervals respectively.

5. Discussion

About the observations and monitoring

The virtual velocities reported in this study ranged between 0.29 and 7548 m h%, with mean
and median values of 440 and 15.7 m h%, respectively. Most of these values are in the range of those
observed on comparable river systems by Misset et al. (2020), but at larger temporal and spatial scales,

with the authors reporting virtual velocities between 13 and 27 m h™* on a “braided-confined-braided”
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sequence of the Séveraisse River, while Liébault et al. (2012) reported values of about 100 m h! for
several of the grain sizes monitored in a wandering mountain stream. However, the virtual velocities
reported in this paper are higher than those observed on the alpine headwater streams of the Rio
Cordon, where virtual velocities were globally inferior to 6 m h™* (Mao et al., 2017; Rainato et al., 2020;
Oss Cazzador et al., 2021). Although our observations are higher than that, they are globally inferior to
the 60 m h! reported by Dell’Agnese et al. (2015), who also reported that higher virtual velocity was

associated more with rainfall-dominated periods than with snowmelt and mixed periods.

The fastest virtual velocity we monitored over a distance of 60 m was 2.01 m s, a value
consistent with that reported by Habersack (2001) on a braided reach of the Waimakariri River in New
Zealand, who observed a maximum instantaneous particle velocity of 2 m s and a maximal individual
step length of 24.9 m. It is reasonable to hypothesize that the geometry of the straight confined
channel of our study site allowed for a longer individual step length compared with that generally
observed on a braided reach. The tracer virtual velocity value is also consistent with the flow velocity

of 2.7 m s estimated at the mean discharge value of 27 m3 st measured during its passage.

The estimated critical discharge for bedload transport (Q,) is ca. 11.9 m3 s™. This value is
consistent with the tracer passages observed in the early stage of the snow melt season up until the
flood events of the 1° and 2" July, whose peak flow discharges reached 28 m3 s* and 21.5 m3 s?,
respectively (Figure 3). Prior to these flood events, the tracers passing through the station sensing field
at average discharge values (Q:) very close to Q. (i.e. from 11.6 to 12.7 m* s) exhibited the lowest
virtual velocities (from 0.29 to 1.5 m h). After the 15-2" July flood events, this threshold was no
longer so clear. Indeed, the tracers that passed through the station sensing field at Q; = Q. exhibited
more varied residence times within the antenna sensing field (i.e. 9.6, 11.1, 12.4, and 53 hours) and
exhibited three-times higher ¥ values (i.e. 6.3, 5.7, 4.9, and 1.2 m h, respectively) at equivalent Q;
values (i.e. 12.9, 11.3, 12.4, and 11.6 m® s}, respectively) than the tracers monitored before the 15—

2nd July flood events. Over the post-flood-event period, there was a temporary increase in seismic
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activity that lasted until 6™ July, although flow discharges were slightly lower than in the pre-flood-
event period (Figure 3). These observations highlight the role of the antecedent conditions on tracer
passage dynamics. Indeed, breaking of the armor layer, channel shifting (especially in river systems as
dynamic as braided streams), or ongoing channel adjustment after a major flood can locally and
temporarily promote bedload particle transport. Such delayed bedload transport processes following
a flood event were reported by Aigner et al. (2017) using a geophone plate, but remain difficult to
observe with sediment tracers, although they demonstrate the complementarity of geophones and
tracer tools. This is an important topic that could bring elements for understanding the passage of
tracers observed at the lowest average discharge value Qi = 6.2 m®s™%, which is well below the Q,, but

still at a virtual velocity of ¥ =7.3 m hl,

The differences in time interval between signal emissions and the residence time within the
antenna sensing field caused the patterns of RSSI signals recorded during tracer passages to be very
different in resolution (Figure 5). Thus, the step lengths of displacements and the durations of rest
periods could not be compared. To achieve such an objective, the experimentation set up would need
to focus on short-term measurements and the transponders would need to be programmed to emit
at shorter time intervals to improve signal temporal resolution and the recording of numerous
detections, rather than focusing on an extend emission interval and transponder lifespan. The use of
several stations installed alongside each other would extend the channel length monitored, improve

the signal recording resolution, and could even allow 3D reconstruction of the travel path.

About drivers and virtual mobility prediction

Although Figure 6-D shows a marked segregation relative to flood event types, the statistical
relationship between the sum of excess stream power and virtual velocities exhibited weak negative
power correlations (R2=0.21; p-value = 0.83 > 0.05). This negative correlation, consistent with previous
work by Chardon et al. (2021), is due to the fact that both virtual velocity and cumulative excess stream

power are dependent on time, but the first is negatively correlated (i.e. the shorter the time spent in

30



504

505

506

507

508

509

510

511

512

513

514

515

516

517

518

519

520

521

522

523

524

525

526

527

528

529

the antenna sensing field, the higher the virtual velocity) while the second is positively correlated (i.e.
the longer the time spent, the higher the cumulative excess stream power). Thus, cumulative excess
stream power is more suitable for investigating transport distance than for investigating virtual

velocity.

Furthermore, the percentage of mean tracer velocity variance explained by the seismic signals
was higher than that explained by flow discharges (Figure 6-A and -B). Both are strongly correlated
(Figure 7), and geophone activity integrates some of the virtual velocity variance explained by flow
discharge. Thus, compared with the single flow discharge, the seismic signal, as an integrated measure
of flow conditions and bedload transport, offers a better way to predict the virtual velocity of mobile
coarse particles during bedload processes in a confined channel. The link between virtual velocity and
seismic signal is consistent with the results of Schneider et al. (2014), who reported a strong link
between unit bed load volume and the mean distance of tracer transport. Their results and those we
report here support the use of tracers, together with measurements of the scour layer thickness made
by classical or RFID scour chains (Laronne et al., 1994; Liébault and Laronne, 2008; Brenna et al., 2019;
Melun et al., 2019; Boutault, 2020), to quantify bedload transport flux in rivers where direct sampling

is not feasible.

The overall variance of mean tracer velocities explained by particle properties and past activity
was 6.8%, most of it being explained by sphericity, which is consistent with previous in-flume tracking
experiments (Cassel et al., 2021a), while the b-axis was not significant in the stepwise procedure. It
would be tempting to think that sphericity has a bigger influence on the virtual velocity of coarse
particles. However, the small variability in the b-axis values and its inclusion in the dimensionless
stream power formula could have reduced its contribution to explaining the virtual velocity variance.
Our use of dimensionless mean stream power, which includes b-axis in its formula, instead of flow
discharge, was verified. Furthermore, the use of Qi in the stepwise procedure instead of w*; did not
change b-axis non-selection, nor the final R? of the final multiple regression model. However, the

particle weight, which was also tested in this study and correlated with b-axis, presented a greater
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range of values but explained very little of the mean tracer velocity variance (Table 3). The time elapsed
and distance of travel since tracer injection explained small percentages of variance: 1.6% and 0.5%,
respectively. They had almost the same absolute coefficient value, but that of the time elapsed was

negative, while that of the distance of travel was positive.

Finally, future work should investigate and compare the coefficients for the controlling
variables resulting from the multiple regression analysis with those obtained in river systems of
contrasting morphologies. Indeed, it is reasonable to assume that in river systems exhibiting less
torrential processes, the proportion of particle virtual velocity variance explained by the seismic
activity signal could be lower, whereas that of the unit stream power could be higher. Further
comparisons are needed to determine if such methodology would allow assessment of whether or not
the interactions between moving particles influence their mobility (entrainment, motion, deposition),

and to what extent compared with flow discharge.

Conclusions

The e-RFIDuino station showed good efficiency for monitoring the passage of tracers in a
diversity of flood events and associated hydraulic conditions. It also has important potential for the
study of the phases of bedload transport at the particle scale. The combination of RFID and geophone
environmental stations allowed surveying of tracer passages and seismic activity over a period of
several months and detection of shifts in river system dynamics in pre- and post-flood analyses. The
comparison of the efficiencies of flow discharge and seismic activity for predicting the virtual velocity
of tracers showed that seismic activity, as for suspended load prediction Misset et al. (2020b), is a
better controlling factor than flow discharge. The results of the multiple regression analysis also
confirmed, in-river, the contribution of the particle shape on the observed virtual velocity. Further
investigations in different river systems with finer granulometry and/or a larger channel and/or more
fluvial and less torrential dynamics are needed to specify the potential of such a monitoring set up and

to achieve insights into the relationships between grain scale processes and bulk bedload transport.
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