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Abstract Landslides often contain boulders on their surface or within the landslide body. Embedding sen-
sors inside boulders within a landslidemay helpmonitor itsmovement and dynamics. In this study, smart sen-
sors were tested for tracking movements of a cobble and estimating its magnitude and mode of movement in
dedicated laboratory experiments. The cobblewas embeddedwith a sensor equippedwith accelerometers, gy-
roscopes, andmagnetometers. The experiments consisted of letting the cobble travel down an inclined plane.
By changing the angle of the inclined plane, the cobble showed different modes of movement such as rolling
and, when embedded in a thin sand layer, sliding. While travelling down the slope, the cobble was tracked
to infer its position from camera videos. Raw sensor data were used for motion detection and discerning the
modeofmovement. Sensor-based acceleration and camera-basedpositionwere fed to aKalman filter to derive
the cobble velocity and compute the total kinetic energy to characterise the motion magnitude. Furthermore,
LoRaWAN wireless transmission was tested by burying the cobble in sand layers of different thickness. The ex-
periments contributed to understanding how the sensor functions andmay be applied in the field for landslide
monitoring, modelling and early warning systems.

Non-technical summary Landslides often transport boulders and cobbles either on their surface or
embedded within the landslide body. Thus, tracking the motion of boulders and cobbles can provide informa-
tion about the movement of the landslide in which they are embedded. Smart sensors were inserted into a
cobble and were rolled down an experimental hillslope in a laboratory. By letting the cobble fall on an inclined
plane tilted at different angles, the sensor tracked different types of cobblemovement (namely rolling and slid-
ing). The experiments were recorded by a camera placed at the end of the experimental table. The ability of
the sensor to transmit data wirelessly from inside a landslide was tested separately by burying the cobble at
different depths in a sand filled bucket. The results demonstrate how smart sensor data can separate between
rolling and sliding, approximate theenergyofmovement and senddata remotelywhenburied in a layer of sand.
The trials helped to clarify how sensors work and guide the use of sensors on real landslides formonitoring and
early warning of landslide hazards.

1 Introduction
Under climate change, precipitation has increased in
intensity and frequency making landslide events more
likely (e.g., Gariano and Guzzetti, 2016; Auflič et al.,
2023). Rapid urbanization and demographic growth
have made more people vulnerable to landslide haz-
ards especially in low-income countries (e.g., Pollock
and Wartman, 2020) leading to the development of dif-
ferent approaches in landslide risk management (e.g.,
Sim et al., 2022). Slow-moving landslides occur on
high slopes and are typically sensitive to seasonal rain-
fall given their clay rich texture and complex subsur-
face network (e.g., De Blasio, 2011; Lacroix et al., 2020).

∗Corresponding author: a.sgarabotto@bham.ac.uk

Usually, these systems approach catastrophic collapse
by progressively increasing displacement or alternat-
ing phases of stability and movement, either seasonal
or annual (e.g., Crosta et al., 2017; Chang and Wang,
2022). In many field applications, the rate of change
of displacement can be used to reliably anticipate the
time of failure (Carlà et al., 2017; Intrieri et al., 2019;
Leinauer et al., 2023). Satellite remote sensing tech-
niques such as InSAR can be used to monitor displace-
ment and aid prediction of catastrophic failure of slow-
moving landslides but are limited to several days in tem-
poral resolution and hindered by dense vegetation (e.g.,
Dini et al., 2020;Mondini et al., 2021; Handwerger et al.,
2022). Traditional ground-based methods of monitor-
ing slow moving landslides (e.g., piezometers, exten-
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someters, inclinometers, time-domain reflectometry)
provide valuable and precise information in specific lo-
cations, but they are more expensive than remote sens-
ing as they require drilling and often complex instal-
lation (e.g., Auflič et al., 2023). More recently, Passive
Radio Frequency Identification (RFID) tags have been
installed in boulders to track their displacements (e.g.,
Le Breton et al., 2019, 2022). These tags provide in-
formation about the movements with low battery con-
sumption (Le Breton et al., 2019). However, all these
ground-based techniques tend to be interrupted, dam-
aged or destroyed by the landslide motion they are try-
ing to capture.
While moving, landslides erode debris from hill-

slopes such as boulders and cobbles that can remain
embedded in the body of the landslide while being
transported downslope (e.g., Shobe et al., 2020, 2021).
Recent advances in Micro-electromechanical systems
(MEMS) have allowed the development of compact (few
millimetres) and affordable sensors that can measure
different environmental features with low power con-
sumptionofferingnewopportunities to effectivelymon-
itor stability of boulders embedded in landslides (e.g.,
Dini et al., 2021;Wang et al., 2022a). When used in com-
binationwith a wireless network andwith the appropri-
ate firmware and hardware, the sensors become smart,
i.e. they have the ability to provide an accurate and au-
tomated collection of environmental data. In summary,
these sensors could be relatively small in size, low in
price, and versatile in the application and hence show
a multifaceted potential.
Smart sensors have been deployed previously in the

field to collect data on rock falls (Niklaus et al., 2017;
Caviezel et al., 2018, 2019; Coombs et al., 2020; Caviezel
et al., 2021; Souza and Benoît, 2024). More recently,
boulders embedded in the body of a landslide have been
used not only in the study of landform shape and evolu-
tion, but also in hazard assessment where they can be
employed to measure slope-based displacement (Ben-
nett et al., 2016; Shobe et al., 2020; Dini et al., 2021;
Shobe et al., 2021; Roskilly et al., 2022, 2023). Sen-
sors embedded in boulders start recording whenmove-
ment is detected due to rotations or impacts exceeding a
custom-defined threshold. Furthermore, smart sensors
were used in laboratory experiments to study energy
dissipation in pebble-bed collisions (Peng et al., 2024) or
track pebbles embedded in a granular flow for motion
characterisation (Gronz et al., 2016; Dost et al., 2020).
In this case, accelerometers, gyroscopes, and magne-
tometerswere installedwithin five pebbles released in a
flume. Although the granular flow was completely con-
tained within the flume, some of the pebble trajectories
inferred from sensor data were out of range, appearing
to fall outside of the flume walls, indicating inability of
sensors alone to reliably represent pebble motion and
the need for further research (Dost et al., 2020).
The essential feature that makes sensors smart is

their integration within a network that sends data to
a server via wireless communication (e.g., Dini et al.,
2021), i.e. a Wireless Sensor Network (WSN). The de-
velopment in the Internet of Things (IoT) and Wireless
Sensor Networks (WSN) havemade possible the remote

communication amongst sensors in the network and
between the sensing network and servers (e.g., Gronz
et al., 2016; Mao et al., 2019; Dini et al., 2021; Hart
and Martinez, 2022). In geomorphology applications,
MEMS are usually equipped with a transceiver and an-
tenna to send data (e.g., Maniatis, 2021). Recent studies
have made use of LoRaWAN, a wireless communication
protocol capable of long distance and low power data
transfer (Dini et al., 2021; Roskilly et al., 2022, 2023). Be-
fore applying this technology to landslide monitoring,
LoRAWAN technology had given positive outcome to
send data from motion sensors in wild animal tracking
(e.g., Soriano-Redondo et al., 2021; Gauld et al., 2023).
Communication is bidirectional, permitting the sensor
to both send data and receive messages in return. Once
motion is recorded, data are stored and transmitted to
receivers via LoRaWAN. Finally, the data are transmit-
ted to cloud storage via the internet, usually using cel-
lular networks. Thus, LoRaWAN wireless transmission
represents an advance over RFID sensors where com-
munication is only one-way and over shorter distances.
However, the use of LoRaWAN as protocol to send data
from motion sensors has not yet received much atten-
tion in geomorphology.
These recent applications highlight that the reliabil-

ity of these sensors still need to be evaluated for moni-
toring purposes and tested for the development of early
warning systems. The present study aims to improve
our understanding of the functioning ofmotion sensors
and LoRaWAN transmission protocol and to test their
use in dedicated laboratory experiments before their
deployment in ground-based monitoring in landslide
settings. Specifically, a tag equipped with accelerome-
ters, gyroscopes, and magnetometers was tested to get
insight on how to discernmode ofmovements, and cap-
ture magnitude of motion of a single cobble travelling
downa slope. The sensorwas tested over different slope
inclinations and modes of movement. The LoRaWAN
wireless data transmissionwas also tested through sand
layers of different thickness to study the impact on the
signal strength received from the sensor. The study
is organised as follows. The experimental setup, the
sensor details and the experimental campaigns are de-
scribed in Section 2. Then, the results from LoRaWAN
data transmission tests and the findings on raw and pro-
cessed data for cobble motion are shown in Section 3.
Finally, the insights gained from the experiments and
on how this can improve the application of this tech-
nology in ground-basedmonitoring of boulders are dis-
cussed in Section 4.

2 Materials and Methods

2.1 Experimental setup

The experimental setup shown in Figure 1a consisted
of an inclined panel (1500 mm x 1500 mm), followed by
a horizontal one (2000 mm x 1500 mm) as in Manzella
et al. (2016) and Makris et al. (2024). At the upper end
of the inclined plane, a glass box with a sluice gate
was installed to hold and release the cobble (Fig. 1a).
To control the spreading of the runout when the cob-

2 GEOMORPHICA | volume 1 | issue 1



GEOMORPHICA | RESEARCH ARTICLE | Sgarabotto et al. 2025

Figure 1 Experimental setup as inManzella et al. (2016) andMakris et al. (2024). a) Lateral viewof experimental table. b, c) Cobble used in the experiments
(Clark, 2023).

ble is embedded in a sand layer, two acrylic side walls
were mounted on the table constraining the maximum
spread to 30 cm. A GoPro HERO8 located at the end
of the horizontal board was used to record the exper-
iments (Fig. 1a). To track moving objects, the GoPro
camera was set at 4K resolution with linear distortion
and a frame rate of 30 fps. Further details about camera
tracking are in the Supplementary Material. The cob-
ble used in the experimentshas anapproximately round
shape (Fig. 1b and c). On the vertical plane the cob-
ble had a diameter of 10 cm, whereas on the transver-
sal plane, the cobble diameter was around 8 cm (Fig. 2a
and b). The cobble had a cylindrical borehole with a
diameter of 4 cm and a depth of 7.5 cm (Fig. 1b and
c). The hollowed cobble was made of concrete cast us-
ing a mould created from a real cobble (further details
on cobble making are in Clark (2023)). A smart sen-
sor was placed within the borehole to detect the move-
ments of the cobble (Fig. 2a, b, and c). Specifically, the
smart sensor used was a Miromico-manufactured de-
vice (Miromico AG, 2020a,b) equippedwith a 9-axis sen-
sor comprising accelerometers, gyroscopes, and mag-
netometers (ST LSM9DS1) powered by a 3.6 V lithium
thionyl chloride battery. The device is equipped with
an additional low-power 3-axis accelerometer sensor
(STLIS2DH) used to continuouslymonitor acceleration.
When the movement exceeds the user-defined thresh-
old (configured to 390 mg in this study), the continu-
ously monitoring accelerometer wakes the 9-axis sen-
sor that begins recording. The smart sensor is also pro-
vided with LoRaWAN for wireless communication and
a microcontroller to regulate data acquisition, process-
ing, and transmission. The sensors in the LSM9DS1
record with their maximum range, i.e. the accelerome-
ters at ±16 g, the gyroscopes at ±2000 ˚/s, and the mag-
netometer at ±16 Gauss. The sensor tag and the bat-
tery were placed within a sensor enclosure stuffed with
cotton-pads to damp and prevent overload damage due
to violent impacts (Fig. 2b). The sensor enclosure was

then inserted into the cobble so that the sensor tag sat at
the bottom of the borehole. The upper part of the cavity
was then sealed with a blue tack for a total weight of 0.7
kg (Fig. 2c). Although the cotton pad buffer in the sen-
sor enclosure does not ensure a fixed sensor installation
position within the cobble and can increase the error in
the measurements, it is necessary to prevent damage to
the sensor by dampening the impact overload and pre-
serving the integrity of the sensors (Feng et al., 2023).
This has been taken into account when analysing the
data.

The recorded data can be wirelessly transferred to a
cloud server for online retrieval using a LoRaWAN gate-
way, or it can be manually downloaded via a USB cable.
A Dragino-manufactured gateway was used for the tests
and placed 3 m from the experimental table (Dragino
LPS8 manual, 2021). The OpenWRT-based gateway is
powered by an open-source software, with minor cus-
tomisations of the stock firmware applied for additional
features such as remote access and cellularmodemsup-
port. The network was composed of the sensor, an
end-node device, and the LoRaWAN gateway. The LO-
RIOTnetwork server receives the data from the gateway
and then relays it to the SENSUM cloud server (Roskilly
et al., 2022, 2023). Besides the transmitted data, LORIOT
provides each transmission with received signal quality
metrics, namely the Received Signal Strength Indicator
(RSSI) and the Signal-to-Noise Ratio (SNR). The signal
strength that the gateway receives from the end node
is measured by RSSI, which typically falls between -120
dBm and -30 dBm, indicating a weak reception and a
high reception, respectively. SNR is defined as the ra-
tio of the power of the received signal to the power of
the background signal noise. SNR levels are typically
between -20 dB and 10 dB, with higher values indicating
less corrupted signal. MEMS features are summarized
in Table 1.
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Figure 2 Laboratory experiment pictures. a) Sensor tag. b, c) Sensor installation in the cobble. d, e) The starting position of the cobble within the release
box for rolling experiments and sliding experiments while embedded in a thin layer of sand.

Table 1 Main sensor parametric features (Miromico AG, 2020a,b)

MEMS
Power supply 3.6 V battery
3-axis sensor (ST LIS2DH) parameters
Accelerometers ±2 g
Acquisition frequency 2 Hz
Acceleration threshold
(to wake 9-axis sensor) 390 mg

9-axis sensor (ST LSM9DS1) parameters
Accelerometers ±16 g
Gyroscopes ±2000 °/s
Magnetometers ±16 Gauss
Acquisition frequencies:
- Accelerometers, Gyroscopes 14.9 Hz or 59.5 Hz
- Magnetometers 5 Hz
LoRaWAN parameters

Received Signal Strength Indicator (RSSI) from -120 dBm
to -30 dBm

Signal-to-Noise ratio (SNR) from -20 dB
to 10 dB

2.2 Data-fusion approach

MEMS usually suffer from stochastic and determinis-
tic errors, including bias, scale factor errors, misalign-
ments, noise, latency, and temperature dependence
(e.g., Dewhirst et al., 2016). These factors hamper track-
ing based on InertiaMeasurement Unit (IMU) andmag-
netometer (i.e., inertial navigation or dead reckoning),
which is detrimental to its use in position/velocitymon-
itoring. To avoid these issues andharness the best infor-
mation about object motion, it is necessary to fuse sen-
sor data together and use the camera-based positions as
movement constraints (e.g., Dewhirst et al., 2016). This
data fusion approach can be summarised in five steps as
illustrated in the flowchart in Figure 3.
First, the raw recordings are retrieved from the sen-

sor at the end of each run. Second, calibrated data are
derived from the sensor raw recordings. Magnetome-
ters and each sensor in the Inertial Measurement Unit
are calibrated. Specifically, the accelerometers are cal-
ibrated according to Frosio et al. (2009), the gyroscopes
according toGlueck et al. (2013) and themagnetometers
according to Dewhirst et al. (2016). Details on the cali-
bration frameworkused are reported in the Supplemen-
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Figure 3 Pipeline for IMU and camera tracking data fusion. In short, the raw data retrieved from the sensors are calibrated following the procedure related
to each sensor and then filtered to better describe cobble kinematics.

tary Material. Third, the orientation is computed com-
bining the readings of the accelerometers, gyroscopes,
and magnetometers (e.g., Madgwick et al., 2011; Ma-
hony et al., 2012). Here, the orientation is derived fol-
lowing the approach proposed in Mahony et al. (2012)
coded in theAHRS (Attitude andHeadingReference Sys-
tem) python library (AHRS, 2019). Fourth, linear accel-
erations are inferred from the accelerometers through
gravity compensation. The fusion of these data sources
eliminates the low frequency drift caused by integra-
tion of gyroscope errors, while giving better high fre-
quency accuracy than accelerometer and magnetome-
ter measurements alone. Then, given the sensor ori-
entation (attitude) with respect to the local Earth ref-
erence frame, the calibrated accelerometer measure-
ments are rotated from the local body reference frame
to the local Earth reference frameusing simple transfor-
mations. The last step in the pipeline for IMU and cam-
era tracking data fusion is a linear Kalman filter fed by
sensor-derived (linear) accelerations and camera-based
positions (Dewhirst et al., 2016; Kim and Bang, 2019).
The sensors embedded in the cobble provide

internally-measured acceleration data, that can be
integrated for velocity and position change, but the
derived data are prone to drift over time while the
camera provides position data measured externally.
Although camera-based position is subject to noise
when differentiated for velocity and acceleration, it
can constrain the drift from sensor data alone. By
combining the measurement data, a two-step recursive
algorithm computes the state of the system defined as
the position, velocity, and linear acceleration of the
cobble. The uncertainty in the state estimate is assessed
by the relative weight given to the measurements and
current state estimate. Additional information about
sensor calibration and Kalman filter implementation

can be found in the Supplementary Material.

2.3 Design of the experiments

Two experimental campaigns were conducted to test
the performance of smart sensors in monitoring the
movements of a cobble (Table 2). In the first set of
experiments, the LoRaWAN wireless data transmission
was tested using a gateway and a sensor acting as an
end-node device. The experiments were carried out in-
doors with the gateway mains powered and the sensor
battery powered. Specifically, to replicate the attenua-
tion the terrain may exert on smart sensor transmitting
data, the device was covered by sand layers of increas-
ing thickness (namely 0 cm, 5 cm, 8 cm, and 10 cm) to
measure the signal strength of data packets transmitted
via LoRaWAN. The sensor was placed in a plastic box
and buried in sand within a bucket ensuring that there
was a minimum sand layer achieved in all directions.
By moving the bucket, the sensor then detected move-
ment sending data to the gateway placed at a distance of
3 m. For these experiments, the acquisition frequency
for the accelerometers and gyroscopes was set at 14.9
Hz, the magnetometers recorded at 5 Hz. In the second
experimental campaign, the magnitude and mode of
movements were analysed with the sensor installed in
a cobble travelling down different inclines, namely 18˚,
25˚, 30˚, 35˚, 40˚, 45˚, 50˚ and 55˚. The tagged cobble
was placed within the release box with the sealed bore-
hole facingupwards anda side leaningon the sluice gate
(Fig. 2f). The starting position allows the cobble to roll
down the table. For slopes of 25˚ to 40˚, the same exper-
iments were also carried out embedding the cobble in a
thin sand layer (∼0.5 cm) to reduce the friction on the
table and favour sliding motion. The cobble was placed
within the release box with the sealed borehole leaning
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Table 2 Experimental campaigns. In the first experimental campaign, the sensor secured in a plastic box and buried under a sand layer of different thick-
nesswasmovedso thatReceivedSignal Strength Indicator (RSSI) and theSignal-to-Noise ratio (SNR)were sent toLORIOTnetwork service throughLoRaWAN.
In the second experimental campaign, cobble motion down an inclined plane was tested for different mode of movements and slope inclination. Three re-
peats for each test were conducted (tick symbol stands for 3 repeats).

First experimental campaign: Testing LoRaWAN under sand layers
Experiment series Sand layer thickness (mm)

A 0
B 5
C 8
D 10
E 15

Second experimental campaign: Testing MEMS for cobble motion
Experiment series Slope inclination Rolling experiments Sliding experiments

F1 18° ✓
G1 25° ✓
G2 25° ✓
H1 30° ✓
H2 30° ✓
I1 35° ✓
I2 35° ✓
J1 40° ✓
J2 40° ✓
K1 45° ✓
L1 50° ✓
M1 55° ✓

on the sluice gate (Fig. 2g). The starting position of the
cobble and the sand layer prevent full rotation and al-
lows the cobble to slide down the table. For slope an-
gles larger than 40°, slidingmotionwas not ensured and
thus it was possible to carry out only rolling-type trials.
Each run was repeated three times. For these move-
ment experiments the acquisition frequency for the ac-
celerometers and gyroscopes was set at 59.5 Hz and the
magnetometers recorded at 5 Hz. In this set of exper-
iments, the data were downloaded from the sensor via
a USB cable. The raw data collected showed the cob-
ble movements in space and time. To characterise the
mode of movement for each inclination, a typical be-
haviour was inferred from the data following the proce-
dure described. First, the vector magnitudes of the ac-
celeration, angular velocity and the magnetic field data
were computed. Second, each vector norm was aver-
aged over the run duration. Then, error bars were com-
puted from these averages. Finally, camera-based data
and sensor-based data were filtered (Fig. 3) to better de-
scribe cobble motion.

3 Results
3.1 Received signal transmitted by LoRaWAN

through sand
The power of the received sensor data transmissions
was evaluated with two metrics, the Received Signal
Strength Indicator (RSSI) and the Signal-to-Noise Ratio
(SNR) (Fig. 4). For the accelerometer and gyroscope
data packets, the median value of RSSI is -35 dBm with
no sand coverage (Fig. 4a). Themedian value decreases
to -45 dBmwhen sensors are submerged in a 10-cm sand
layer. Moreover, the cumulative probability increases
its slope suggesting data closely distributed around its
median value. Similarly, the signal strength indicator

of the magnetometer data packets is sensitive to sand
layer depths (Fig. 4b). Indeed, the median value RSSI
decreases from -35 dBm to -55 dBm. In contrast with
the behaviour of accelerometer and gyroscope packets,
the cumulative probability becomes less tilted since the
sample is more dispersed around the median. Overall,
the RSSI is more sensitive to sand submergence with
magnetometer data than with the gyroscope and ac-
celerometer data. However, this sensitivity behaves dif-
ferently. For the accelerometer and gyroscope pack-
ets, the RSSI becomes concentrated around the median
value. On the other hand, for the magnetometer pack-
ets, differently from the gyroscope and accelerometer,
RSSI is lower but more dispersed when the sensor is
submerged in a sand layer probably due to a different
acquisition frequency. Moreover, the SNR is not as sen-
sitive asRSSI to sand layer submergence. SNR is positive
ranging between 5.4 dB and 13.5 dB for the accelerome-
ter and the gyroscopedata packets (Fig. 4c) andbetween
5.2 dB and 13.0 dB for the magnetometer data packets
(Fig. 4d). Regardless of the sand thickness tested, the
median value for SNR stays approximately constant for
both packet types.

3.2 Recordings from accelerometers, gyro-
scopes, andmagnetometers and camera-
based positions

Raw data recorded on a 30˚ incline are shown as an
example of characteristic signals of the sensors while
the cobble travels down the slope (Fig. 5). Similar ob-
servations can be derived from the raw data collected
on other slope angles. Sensor outputs show different
ranges when the cobble freely travels down the tilt ta-
ble (Fig. 5a, b, c) compared to when it travels while em-
bedded in a sand layer (Fig. 5e, f, g). Following its re-
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Figure 4 Cumulative probability distribution of (a and b) Received Signal Strength Indicator (RSSI) and (c and d) Signal Noise Ratio (SNR) when the signal
is transmitted through different sand layer depths, namely 0 cm, 5 cm, 8 cm, and 10 cm (experiment series A-E, Table 2). RSSI and SNR are measurements
of the signal power received in the gateway and the ratio of the signal power and the noise power, respectively. a, c) Accelerometer and gyroscope packets.
b, d) Magnetometer packets.

lease, the cobble was seen simply sliding down the in-
cline when embedded in the sand, but without the sand
it rolled down the table instead. These different modes
of movement are evident in the gyroscope recordings.
When the cobble is not embedded in a sand layer, the
angular velocities increase progressively reachingmax-
imum magnitude at the junction between the sloping
and the horizontal board and then gradually decrease
(Fig. 5a). The angular velocities along all axes range
between -2000 ˚/s and 1200 ˚/s, confirming the rolling
movements seen in the experiments. Conversely, when
the cobble is embedded in a sand layer, full rotations do
not occur and thus the angular velocities show less vari-
ation, between -200 ˚/s and 400 ˚/s (Fig. 5e). The smaller
range for the angular velocities denotes a different be-
haviour, confirmed by the sliding observed during the
experiment.

The accelerometer detects the impacts occurring dur-
ing the motion. When the cobble rolls down the slope,
the acceleration signal shows spikes across all axes
representing the contact impacts between the cobble
and the experimental table during the rolling motion
(Fig. 5f). The highest magnitude peaks occur when the
cobble touches the horizontal board at the end of the
sloping board and reaches the value of -14.5 g in the

vertical direction. Conversely, when the cobble is em-
bedded in a sand layer, the accelerometer signals are
smoother ranging between –0.5 g and 2.0 g (Fig. 5f). Ac-
celerations in all directions show smaller changes with
a small spike occurring when the slope becomes hori-
zontal along the experimental table.
Magnetometer recordings exhibit some differences

depending on the mode of movements. In the slid-
ing experiment, the magnetic field signal is flat in all
directions as the cobble travels down the slope and it
changes slightly as the cobble slows down on the hor-
izontal board (Fig. 5g). Similarly, in the rolling exper-
iments, while the cobble is on the slope, the magnetic
field data are approximately constant with time and are
then subject to larger variations when the cobble decel-
erates (Fig. 5c). Between modes, some differences are
seen in the magnetic field values, ranging between -0.5
and 0.5 Gauss for the rolling experiments and -0.2 and
0.6 Gauss for the sliding ones.
The cobble paths tracked by the camera on the 30˚

incline are shown to highlight the differences between
the rolling trajectory (Fig. 5d) and sliding trajectory
(Fig. 5h). When the cobble is rolling, the trajectory
keeps approximately straight and then, in the second
half of the horizontal board, tends to drift to the left-
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Figure 5 Raw recordings of the three sensor types on a 30˚ incline for (a, b and c) a rolling experiment (experiment series H1, Table 2) and (e, f and g) a
sliding experiment (experiment series H2, Table 2). a, e) gyroscopes data. b, f) accelerometers data. c, g) magnetometers data after upsampling. The solid
line refers to the x axis, the dashed line to the y axis and the dotted line to the z axis. Trajectories extracted from camera videos for (d) rolling tests and (h)
sliding tests carried out on a 30˚ incline. The solid red line shows the time when the cobble passes over the slope break.

hand side. These paths can be explained based on the
momentum and the irregular shape of the cobble. After
the release, the cobble accelerates rapidly increasing its
momentum. Thus, along the slope, when the momen-
tum is high, the cobble hardly drifts from its initial di-
rection. At the junction between the slope and the hor-
izontal board, the cobble keeps on rolling in the same
direction without losing contact with the surface. In
the second half of the horizontal board, when the mo-
mentum has reduced, the irregular shape of the cobble
makes its trajectory drift. Conversely, when the cobble
is embedded in sand, it keeps approximately the same
side in contact with the experimental table and slides
down the slope. Since full rotations do not occur, the
irregularities on the cobble surface only slightly affect
the trajectory so that it is approximately straight. On the
horizontal board, the cobble motion is quickly stopped
by the sand layer. Thus, the resulting trajectories are
shorter than in the rolling experiments.

3.3 Lumped representation of motion from
raw data

The cobble activity was lumped into error bars rep-
resenting the spatiotemporal averages over all runs
for each slope and for rolling and sliding experiments
(Fig. 6). In Figure 6, error bars on the left-hand side re-
fer to motion on the inclined plane (Fig. 6a, c, and e),
and error bars on the right-hand side correspond to the
motion on the horizontal plane (Fig. 6b, d, and f). The
error bars referring to the gyroscopes show a clear sep-
aration between rolling and sliding experiments from
both the magnitude and distribution of angular veloc-
ity (Fig. 6a, b). Specifically, sliding experiments exhibit
similar values for angular velocity on the inclined plane
(Fig. 6a) and on the horizontal plane (Fig. 6a) regard-
less of the slope angle (ω≈0˚/s). Conversely, rolling ex-
periments showdifferent behaviour dependingon incli-
nation. On the inclined plane, the angular velocity be-
comes larger as the tilt of the table increases to 50˚ and
then drops at a slope of 55˚ (Fig. 6a). A similar trend
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is shown on the horizontal plane where the cobble re-
leased from a more inclined plane has larger values of
angular velocity (Fig. 6b). On the horizontal plane, at
around 50˚-55 ˚, the increasing trend of angular veloc-
ity also shows a sudden drop on the horizontal plane.
On both planes, the angular velocity for rolling experi-
ments ranges between 1000 ˚/s and 2500 ˚/s.
Raw acceleration data shows a clear separation be-

tween rolling and sliding experiments (Fig. 6c, d). This
separation suggests a remarkable difference in the ac-
celeration depending on the mode of movement, as the
acceleration in sliding experiments (1-1.5 g)was smaller
than in rolling experiments (namely 1.5-4.0 g). The sen-
sor was not tightly fixed to borehole walls resulting in
slight motion of sensor when the cobble travels down
the incline, especially during full rotations. Hence, the
vibrations were seemingly higher in the rolling exper-
iment rather than in the sliding experiments resulting
in higher values of total acceleration. On the inclined
plane, the acceleration does not increase with the slope
inclination and shows an irregular trend. Specifically,
the acceleration increases up to a 35˚ incline, then it
decreases at 40˚, it goes up again at 50˚ before drop-
ping at 55˚. On the horizontal plane, the acceleration
in rolling experiments is more regular as the cobbles
released from higher slopes show larger acceleration
(Fig. 6d). However, between 50˚ and 55˚, the accelera-
tion drops stopping the increasing trend. Although the
raw acceleration magnitude and distribution separate
the modes of movement, the irregular behaviour, es-
pecially for high slopes, is not completely clear from a
physical point of view. Raw acceleration data need fur-
ther investigation to explain the cobble dynamics on the
slope.
Similarly, the raw magnetometer data show irregu-

lar behaviour. Magnetometer recordings have a similar
range regardless of the mode of movements (Fig. 6e, f).
However, in the rolling experiments, the magnetic field
magnitude decreases non-monotonically by increasing
the inclination up to 35˚ on the inclined and the hor-
izontal plane. For a slope of 40˚, the magnetic field
drops abruptly and then shows similar values for higher
slopes on both the inclined and the horizontal plane.
Conversely, in the sliding experiments, raw data in-
creases with incline up to 35˚ and then it slightly de-
creases at 40˚. Overall, the magnetic field magnitude
changes non-monotonically for rolling and sliding ex-
periments. However, in the rolling experiments, the
magnetic field tends to decrease as the slope angle in-
creases, whereas, in the sliding experiments, it has the
opposite trend. The samebehaviour is observedonboth
the horizontal and the inclined plane. Although differ-
ent trend responses are seemingly detected for a slope
increase, it is not possible to characterise the mode of
movement with the magnetometer data alone.

3.4 Kinetic energy as representation of mo-
tion

The total kinetic energy of an object is defined as the
sum of the translational (K) and rotational (R) energy
(e.g., Díaz, 2019):

(1)
ET OT = K + R

= 1
2mv2

G + 1
2ωT Iω

where m is the mass of the cobble, vG is the velocity
magnitude of the centre of mass, ω is the angular ve-
locity, while I is the moment of inertia of the cobble.
By approximating the cobble as a sphere of radius Rc,
the moment of inertia is 2/5mR2

c . The first term on the
right-hand side is translational energy, whereas the sec-
ond term is the rotational energy. Given the mass and
the average diameter of the cobble, the variation of the
average total kinetic energy can be calculated with re-
spect to the inclination of the slope using the magni-
tude of linear and angular velocity (Fig. 7). The linear
velocity is computed through the Kalman filter fed by
the camera-based positions and sensor-based linear ac-
celerations (see the SupplementaryMaterial for further
details), whereas the angular velocity is inferred from
the orientation angles (Section 2.3, Fig. 3).
For the rolling experiments, on the inclined plane,

the total kinetic energy increases with incline up to 45˚
(Fig. 7e). Then, the energy slightly decreases at 50˚and
55˚, where the average value stays between 4 J and 6
J. Similarly on the horizontal plane (Fig. 7f), the total
kinetic energy increases with the slope angle but sud-
denly decreases when the slope angle reaches 50˚-55˚.
For sliding experiments, on the inclined plane, the to-
tal kinetic energy increases until the slope reaches 35˚
and then it reduces (Fig. 7e). On the horizontal plane,
the drop in the total kinetic energy occurs at a slope an-
gle of 35˚-40˚ (Fig. 7f). A better understanding of the
trend shown by the total kinetic energy is provided by
the translational and rotational energy. In rolling exper-
iments, as the slope inclination increases, the rotational
energy increases and suddenly drops at 55˚ both on the
inclined and horizontal plane (Fig. 7c, d). Translational
energy increasesmonotonically on the horizontal plane
(Fig. 7b). Conversely, on the inclined plane, the increas-
ing trend of the translational energy is interrupted with
sudden drops at 40˚ and at 50˚-55˚ (Fig. 7a). By hitting
the horizontal board, the cobble makes small bounces.
Consequently, the cobble does not keep a point of con-
tact with the boards while it transits from the tilted
board to the horizontal board. The impact dissipates
energy leading to its decrease at 50˚ and 55˚. In slid-
ing experiments, the rotational energy is very small so
that there is a clear separation betweenmodes ofmove-
ments on the inclined andhorizontal planes (amber and
blue error bars in Fig. 7c, d). The translational kinetic
energy on both planes is lower than in the rolling ex-
periments but has the same trend for slope changes be-
tween 30˚ and 40˚ (Fig. 7a, b). Comparing rolling and
sliding tests on the same slope, the average value of the
total kinetic energy is slightly larger in the rolling exper-
iments since the rotational energy is higher than in the
sliding experiments. Indeed, in sliding experiments,
the rotational kinetic energy is approximately constant
and smaller than in rolling experiments on the inclined
and horizontal planes. The translational kinetic energy
in sliding experiments has a trend similar to the rolling
experiments but with slightly smaller values.
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Figure 6 Lumped representation of cobble motion for rolling and sliding experiments using raw data. (a, c, and e) Error bars for motion on the inclined
plane. (b, d, and f) Error bars for the motion on the horizontal plane. The mean magnitude of (a and b) angular velocity, (b and c) acceleration, and (e and
f) magnetic field. Amber error bars refer to experiments with a sliding cobble, whereas blue error bars are tests with a rolling cobble.

4 Discussion

Our laboratory experiments have given us insights into
the possibilities and challenges of smart boulders for
landslide monitoring and early warning in field appli-
cations. Despite some limitations in the camera and
sensor settings dictated by laboratory and design con-
straints, the protocol and methods developed here are
able to provide a lumped representation of the motion
magnitude, determine the mode of movement of the
cobble and test its signal transmission. Firstly, it seems
possible fromour experimentswith a sand-filled bucket
of different depths (section 3.1) to obtain a signal from
partially buried sensors, though in a complex field set-
ting this will inevitably also depend on other factors
such as geology, topography, atmospheric conditions
etc. Preliminary data fromfield experiments conducted
in parallel to our laboratory experiments also suggest
that this is the case, with signal obtained even from par-
tially buried sensors (Roskilly et al., 2023; Newby et al.,
2024). Laboratory experiments on the style of cobble
movement show the potential of IMU sensors for mon-
itoring landslides by detecting the style of movement
e.g. by rolling or sliding, and magnitude of movement.

Thus, by analysing the activity of boulders distributed
on a landslide, it should be possible to analyse landslide
movements in time and space. Boulder activity would
possibly help to map the boundaries of zones where
displacements occur (e.g., Dini et al., 2021) and mon-
itor movement of the underlying landslide. The sen-
sor used in this study is also equipped with a GPS that,
although remained deactivated in the laboratory trials,
can record the location of the smart boulder outdoors
given satellite coverage (Miromico AG, 2020a,b).

Whilst there are benefits of a technology that can
move with the landslide over more traditional tech-
niques that may be disrupted by landslide movement,
boulders may not remain fully embedded in the body
of the landslide for the entire duration of the motion
and thus may not always represent underlying land-
slide movement. The sensor recordings from the field
thusneed to be carefully analysed to determinewhether
bouldermotion is representative of deeper-seated land-
slide movement or more surficial movements in flows
or rock falls. Moreover, LoRaWAN technology has to
provide low-latency data transmission with respect to
the timescale of the events being monitored. Thus,
the time lag between sensor recording and data re-
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Figure 7 Error bars of (a,b) themean translational kinetic energy K, (c,d) rotational kinetic energy R and (e, f) total kinetic energy Etot in rolling and sliding
experiments. (a, c, and e) Motion on the inclined plane. (b, d, and f) Motion on the horizontal plane. Amber error bars refer to experiments with a sliding
cobble, whereas blue error bars describe tests with a rolling cobble (m = 0.7 kg; R = 0.05 m; I = 1.68 kg ˑ m2).

trieval should be carefully studied in field sites. To al-
low timely data transmission for early-warning system
applications, it would be advisable to rapidly charac-
terise the motion of the boulder by computing a high-
level metric on-board the sensor (such as the total ki-
netic energy proposed in this study) and then send this
via LoRaWAN with highest priority.
A full understanding of landslide behaviour requires

monitoring data at different spatio-temporal scales to
track local and global movements, correlate move-
ments occurring on the landslide surface and deeper
layers and get insight into the sensitivity of subsur-
face drainage network to rainfall. In the past, an in-
tegrated multi-sensor approach has been used to study
and frame landslide behaviour (e.g., Castagnetti et al.,
2013; Casagli et al., 2017; Wang et al., 2022b). Hence,
smart boulders could be integrated into a multi-sensor
monitoring system where remote-sensing and ground-
based measurements are used together to capture fully
the landslide behaviour.

5 Conclusions
In view of possible application formonitoring and early
warning of landslides, in this study we tested the abil-

ity of novel smart sensors to track and characterize cob-
ble motion and send data via wireless network in labo-
ratory experiments. Specifically, the study investigated
the ability of the sensor to send data via LoRaWAN, even
when buried in a layer of sand, and to detect magnitude
and type of motion using the 9-axis IMU tag. The main
experimental findings can be summarised as follows.
First, the Received Signal Strength Indicator (RSSI)

declines as the thickness of the sand layer covering the
sensor increases. RSSI shows more sensitivity to sand
coverage in the magnetometer packets than in the gy-
roscope and accelerometer packets. Conversely, the
Signal-to-Noise Ratio (SNR) stays approximately con-
stant regardless of the sensor. The sensitivity of the Lo-
RaWAN system to possible sand coverage adds a degree
of complexity to wireless data transmission in the field
and deserves further investigation to better frame the
technology potential for landslidemonitoring and early
warning.
Second, the sensor was able to differentiate between

different types of movement of cobbles in our labora-
tory experiments. Importantly, even without calibra-
tion, raw data allows detection of movement and sep-
arating two modes of movement, namely rolling and
sliding. This is important because it may be time-
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consuming and difficult to accurately calibrate sensors
used in field-based monitoring systems. In field appli-
cations, this finding can potentially be useful to under-
stand the type ofmotion of the landslide in which smart
cobbles/boulders are embedded. However, it is impor-
tant to consider that raw data do not give reliable val-
ues for the acceleration, angular velocity, andmagnetic
field.
By combining sensor data and camera-based data in

the laboratory setting, it was possible to derive a full
characterisation of themovements of the cobble. A data
fusion approach makes it possible to derive values for
position, orientation, velocity, and acceleration allow-
ing the evaluation of the total kinetic energy. As slope
increases, the total kinetic energy becomes greater, sug-
gesting its potential use as metric for characterising the
cobble motion when embedded in the body of the land-
slide.
Overall, smart sensors showed their potential to give

new insights on the dynamics of complex hazardous
flows. In field applications, smart boulders can provide
an indication to the initiation of movement and a quan-
titative approximation of its intensity and could be used
effectively to fully capture the landslide behaviourwhen
integrated into a multi-sensor monitoring system.

6 Notation

RSSI Received Signal Strength Indicator (dBm)

SNR Signal-to-Noise Ratio (dB)

a Total acceleration (g)

ω Angular velocity (°/s)

φ Direction of magnetic field (Gauss)

vG Velocity of the centre of mass (m/s)

m Cobble mass (kg)

Rc Average cobble radius (m)

I Moment of inertia (Kg m2)

K Translational kinetic energy (J)

R Rotational kinetic energy (J)

ET OT Total kinetic energy (J)
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