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ABSTRACT Wireless technologies suitable for Search and Rescue (SaR) operations are becoming crucial for
the success of such missions. In avalanche scenarios, the snow depth and the snowpack profile significantly
influence the wireless propagation of technologies used to locate victims, such as ARVA (in French: appareil
de recherche de victimes d’avalanche) systems. In this work, we explore the potential of LoRa technology
under challenging realistic conditions. For the first time, we collect radiopropagation data and the contextual
snow profile when the transmitter is buried over a 50 × 50 m area resembling a typical human-triggered
avalanche. Specifically, we detail the methodology adopted to collect data through three test types: cross,
maximum distance, and drone flyover. The data are annotated with accurate ground truth which allows
evaluating localization algorithms based on the RSSI (received signal strength indicator) and SNR (signal-
to-noise ratio) of LoRa units. We conducted tests under various environmental conditions, ranging from dry
to wet snowpacks. Our results demonstrate the high quality of the LoRa channel, even when the target is
buried at a depth of 1 meter in snow with a high liquid water content. At the same time, we quantify the
effects of two main degrading factors for the LoRa propagation: the amount of the snow and the liquid water
content existing in the snowpack profiles.

INDEX TERMS Antenna systems, ARVA, localization, LoRa, radiowave propagation, search and rescue,
unmanned aerial vehicles.

I. INTRODUCTION
Search and Rescue (SaR) operations in snowy conditions
represent a challenging scenario. Ski mountaineering and
winter hikers are generally equipped with a rescue kit
comprising ARVA (French acronym: appareil de recherche
de victimes d’avalanche; avalanche beacon), shovel and
a probe [1]. Nevertheless, their chance to survive highly
depends from the hiking companions that are required to
quickly localize the ARVA signal and identify the burial

The associate editor coordinating the review of this manuscript and

approving it for publication was Yi Ren .

location. Statistics of avalanche accidents collected over
years of reporting, show that the surviving curve is limited
to 15 minutes, after such threshold the probability of survival
quickly decreases [2]. Two critical aspects have increased
the number of reported avalanches and accidents. On the
one hand, the climate change surely affects the amount and
the type of snow giving rise to short time periods with
very high snow precipitation. This provokes often unstable
snow accumulations subject to avalanche trigger. On the
other hand, the increasing number ofmountaineers (skialpers,
hikers etc.) further increase the probability of avalanche
activation. Under this aspect, it is worth to mention that the
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majority of avalanches are triggered by humans. Therefore,
it becomes crucial to train mountaineers to proper using
ARVA kits and, at the same time, to investigate valuable
technologies to use as companion of the ARVA localization
which is based on the received strength of the magnetic field
generated by the transmitting beacon [3].

We present in this work an in-depth analysis of the LoRa
technology to localize victims of avalanches, as originally
investigated in [4]. More specifically, we present the adopted
methodology derived from a list of requirements. Data are
collected in a plateau located in Col deMez at 1870 m, Italian
Dolomites. We define three test typologies: i) cross, ii) max
distance, and iii)UAV (unmanned aerial vehicle) flyover each
addressing a specific aspect. A 50× 50 m measurement area
resembling the typical area of human-triggered avalanches
was selected [5]. Moreover, data are collected at different
conditions. We varied not only the burial depth of the target
(from 0 m, namely, Tx radio lying on the snow, to 1 m
burial depth) but also the snowpack profile. In particular,
we report results obtained in March 2024 during which the
snow layers were mainly dry, and in April 2024 when the rise
in temperatures has triggered a phase of snowpack melting.
In the following, we summarize the distinguishing aspects of
the proposed data collection campaign:

• We present a novel methodology for setting up a data
collection campaign tailored for SAR operations in
avalanche scenarios. In the paper, we detail how the
testing field was set up to replicate a realistic avalanche
environment. Specifically, we describe the selection of
measurement points and key variables, such as antenna
polarization, burial depth, and snow properties.

• The dataset includes RSSI and SNR measurements
collected using LoRa technology, along with detailed
snow profiles documenting the conditions during test-
ing. These metrics were gathered from four receivers,
all equipped with identical hardware and software.
Additionally, the dataset includes an accurate ground
truth annotation that records the precise positions of the
receivers throughout the tests.

• Our analysis of the dataset highlights how varying
snow conditions significantly affect signal propagation.
In particular, we examine how RSSI and SNR degrade
as snow conditions shift from a dry to a wet snowpack.

From our experiments we observe a significant signal
attenuation caused by the increase of the burial depth and
of the amount of liquid water content withing the snow
layers. Nevertheless, we always measure a high quality of the
LoRa signal in all the conditions, enabling to the possibility
of adopting a localization algorithm based on the collected
data.

II. BACKGROUND AND RELATED WORKS
In this section, we provide an overview of LoRa technology,
followed by a review of related works, and finally, some
details on the reference use-case.

A. BACKGROUND ON LORA TECHNOLOGY
LoRa, whose name is an acronym for Long Range, is a
technology operating at the physical layer (PHY) and it is
based on a modulation technique known as Chirp Spread
Spectrum (CSS). The intellectual property for LoRa modu-
lation, which was introduced in 2009, is held by Semtech
since 2012. Differently from other wireless technologies,
such as Bluetooth Low Energy [6], [7] and BT Direction
Finding [8], LoRa is capable of covering significant distances
with minimal transmission power, making it suitable for
long-range communication with low energy consumption.

CSS utilizes linear frequency modulated chirp pulses,
which can either be up-chirps (frequency increases over time)
or down-chirps (frequency decreases over time). The data is
encoded as cyclic time shifts in the baseline chirp signal.
When a signal is received, it ismultiplied by the baseline chirp
and then processed using a Fast Fourier Transform (FFT). The
FFT output shows a peak in the frequency bin corresponding
to the time delay in the received chirp, thus enabling the
detection of the encoded data.

A receiver that performs an N-point FFT can distinguish
between N cyclic shifts, allowing it to encode log2(N) bits
per chirp. This number of bits per chirp is referred to
as the Spreading Factor (SF). Consequently, a spreading
factor SF* can have 2SF* cyclic shifts per chirp. The
key properties of CSS in LPWAN (Low-Power Wide-Area
Network) applications include high sensitivity, resilience
to interference, low acquisition overhead, and minimal
frequency synchronization requirements.

A LoRa packet consists of a sequence of repeating chirps
forming a preamble, which ends with a synchronization win-
dow and several down-chirps. An optional header follows,
providing information about the bit rate and symbol rate
used. The payload is CSS-encoded, and an optional 16-bit
Cyclic Redundancy Check (CRC) can be appended at the
end. The CSS modulation allows LoRa to achieve extended
radio ranges, with typical terrestrial communication distances
recorded up to 30 km in rural areas and 15 km in urban areas.

The bit rate in CSS modulation depends on three main
Transmission Parameters:

• Chirp Bandwidth (BW). Supported bandwidths include
7.8 kHz, 10.4 kHz, 20.8 kHz, 31.25 kHz, 62.5 kHz,
125 kHz, 250 kHz, and 500 kHz.

• Spreading Factor (SF). LoRa supports SF values
from 6 to 12, where higher SF increases sensitivity but
reduces data rate.

• Coding Rate (CR). This represents the error correction
capability and can be 4/5, 4/6, 4/7, or 4/8, with the
payload typically having a CR of 4/8.

Given a bandwidth BW, the symbol rate is defined by
1/BW samples per second, and, with a spreading factor SF,
each symbol has a length of 2SF/BW. Since each symbol
encodes SF bits, the bit rate is BW/2SF·SF. Higher SF values
result in lower data rates but increased sensitivity.

A relevant feature of LoRa is its duty cycle imposed
by local regulation for the use of the unlicensed frequency
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band. In the EU 868 MHz band, the maximum duty
cycle is typically set to 1%, so that a LoRa device can
only transmit for such percentage of the given timeslot.
In emergencies scenarios though, such limit could potentially
be avoidable [4].
Regarding the Carrier Frequency, typical LoRa hardware

operates in the regional UHF bands. However, it is worth
reporting that the most recent LoRa products can also operate
at frequencies as high as 2.4 GHz, opening new directions for
future research [9].

LoRa PHY is commonly used with the LoRaWAN MAC
(Medium Access Control) layer. When the MAC is bypassed,
the radio simply broadcast LoRa signals. This working mode,
which is exploited in this paper, is referred to as ‘‘LoRa-
MAC’’ or ‘‘raw LoRa’’.

B. RELATED WORKS
Thanks to its advantages summarized in the previous Section,
LoRa SaR constitutes a significant research interest for
worldwide scientists. Firstly, the characterization of LoRa
fading is a crucial prerequisite for deploying effective
systems, especially in the case of radiolocalization appli-
cation such as SaR [10]. During recent years, several
propagation models and techniques have been proposed and
tested for LoRa [11], including extensive characterization of
temperature and humidity effects [12]. A particular scenario
of interest for SaR radiopropagation is constituted by body-
UAV links [13], which can be effectively modelled through
a numerical-statistical approach; this approach simulates the
possible body postures and, afterwards, derives equivalent
antenna gain values to account for such variability [14].

Beyond the particular LoRa radiowave propagation, the
use of the protocol for radiolocation purposes poses its own
relevant challenges [15]. A growing literature proposes LoRa
systems that utilize several localization techniques, such
as, for instance, Time Difference of Arrival (TDoA) [16],
and virtual fingerprinting which, differently from classical
fingerprinting, avoids to collect on-site radio map thanks to
satellite data [17]. It is also possible to exploit the Trans-
mission Parameters to enhance radiolocation; for instance,
reference [18] merges SF values with RSSI data to strengthen
fingerprinting. RSS-UDPG (received signal strength-based
with an unknown distance power gradient) techniques are
particularly promising since they do not need in-depth
knowledge on the radiopropagation to be effective [19].

Despite continuous progress in radiolocation methods,
accurate radiopropagation models are still generally required
for deploying reliable SaR systems. Indeed, even if LoRa
strengths are being further improved by researchers [20] and
they are extremely valuable inmost emergency scenarios, like
the mountain SaR [21], the variability of LoRa propagation
poses a severe constraint on the actual systems’ effectiveness.
Due to this variability, crucial links in proposed LoRa SaR
systems could be negated such as terrestrial communication
with robots [22] and/or rescue dogs [23], or even ground-
air/air-ground communications with UAVs [24]. Although

conservative fading estimation can mitigate this issue,
the overall performance of the SaR system could result
hampered.

In this context, our work addresses a relevant open issue
aiming at characterizing LoRa radiowave propagation in a
typical SaR scenario, when thewearer of the LoRa transmitter
has to be rescued in snowy environments. Even if several
LoRa datasets with data on terrestrial links and with UAV
exist in the scientific literature, our work is the only dataset
including through-the-snow radiowave propagation. Table 1
compares our work with the most similar datasets on the
radiowave propagation existing in literature.

C. THE REFERENCE USE-CASE
The design of the data collection campaign described in this
work is motivated by a critical use case for mountaineering
activities, specifically SaR operations in avalanche scenario.
This scenario is typical during the winter season, when
specific snowpack conditions are conducive to avalanche
activation.

The ARVA system can operate in two modes: send and
search. In send mode, the ARVA periodically broadcasts
beacon signals, while in search mode, the ARVA listens for
and processes beacon messages to estimate the distance and
direction to the burial location. Our use case is based on
this scenario with the goal of evaluating the potential of
LoRa technology to enhance the efficacy of ARVA systems.
We assume that all individuals involved in a search and rescue
operation are equipped with a LoRa device that can be set in
both send and search modes.

We also assume that rescuers divide the search phase
into different steps, as usually done during training courses.
These steps range from the first signal detection, to the
coarse search, and the fine-grained localization. The first
signal detection phase requires listening for an initial
beacon message from the buried transmitter. This phase
necessitates moving along the avalanche field according to
a specific pattern. The goal of the coarse search is to move
as quickly as possible towards the nearby of the burial
location, while the fine-grained search aims to precisely
locate the victim using the probe. According to these steps,
we designed a testing methodology capable of collecting data
at different distances from the burial location (as detailed in
Sec. III-B).

LoRa is particularly indicated for SaR applications as it
is designed to transmit data at long distances with limited
emission power and reduced energy consumption. Moreover,
LoRa chipset are very cheap and they can be easily integrated
with computational units. Lastly, the operating frequencies of
LoRa in EU and US allow testing this technology without any
specific permission.

III. EXPERIMENTAL DESIGN AND METHODS
We now detail the adopted methodology to design and
executed the tests.We first describe the adopted hardware and
then we describe the executed tests, respectively.
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TABLE 1. Comparison between this work and the most similar datasets on the radiowave propagation existing in the literature.

A. HARDWARE KIT
The experimental setup uses 5 T-beam1 Meshtastic boards
(by LILYGO) which embeds ESP32 and SX1276 chipsets.
Each T-beam board features a GSM/GPRS Antenna L7222

(by LILYGO) and is powered by a 30,000 mAh power bank.
Fig. 1 shows the adopted LoRa module. More specifically,
the board features a System on Chip (SoC) that integrates
an ESP32 processor and an SX1276 LoRa module. It also
includes a GPS receiver and supports WiFi and Bluetooth
connectivity. Custom Arduino-compliant firmware can be
uploaded via a USB connection, utilizing the 4MB of flash
memory and 8MB of PSRAM. Fig. 1c provides detailed
specifications of the board used. One board acts as the
transmitter while the others receive raw LoRa packets. The
transmitter, placed in a waterproof bag and buried under
the snowpack (see Fig. 1b), sends data to the receivers
(analogous to the ARVA’s send mode). Receiver boards are
connected to Raspberry Pi 4 units, which log packet details
(timestamp; RSSI, received signal strength indicator; SNR,
signal-to-noise ratio) onto SD cards in text files. Receivers
are synchronized initially via Wi-Fi and NTP protocols so
that to have synchronized timestamps. Antennas are linearly
polarized, and are rotated by 90◦ to fully analyze the
electromagnetic wave propagation in the horizontally- and
vertically-polarized components. Fig. 3b shows the receivers
mounted on the top of a tripod for the data collection
phase. We coded a custom firmware on both transmitter and
receivers to send and receives LoRamessages and to log RSSI
and SNR values. Based on [4], the firmware is set with the
following parameters:

• Transmission Power = 14 dBm
• Carrier Frequency = 868 MHz (EU band)
• Spreading Factor = 7
• Bandwidth = 125 kHz
• Coding Rate = 4/5

We also use an Android app to record start and end times of
data collection at different locations, namely the StepLogger

1https://www.lilygo.cc/products/t-beam-v1-1-esp32-lora-module
2https://www.lilygo.cc/products/gsm-gprs-antenna

FIGURE 1. (a) The adopted LoRa module for the experimental setup;
(b) the transmitter placed in a orange waterproof bag and buried under
snow; (c) details of the T-Beam Meshtastic board.

app [35]. This app runs on a Google Pixel 6 Pro, synchronized
via NTP protocol.

Concerning tests done with the drone, we use the
circular-polarizedWANTENNAX0053 antenna, produced by
CaenRFID. The antenna, mounted on the bottom of the
drone, as shown in Fig. 5b, allows to collect messages
from transmitters in any orientation. This feature makes it
particularly suitable for receiving signals from an elevated
point.

B. ADOPTED METHODOLOGY AND DESIGNED TESTS
The design of the data collection has been influenced by a set
of requirements, as detailed in the following.

3https://www.barcodesinc.com/caen-rfid/part-
wantennax005.htm?tab=product.info.accessories
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• Reproducibility. We provide all information useful to
reproduce the tests we executed and the followed
methodology.

• Multiple Receivers. We adopt one transmitter and
four receivers so that to obtain data from multiple
orientations. The receivers are all identical.

• Multiple Measurement Points. We identify measure-
ments points far and close from the burial location so
that to reproduce coarse and fine-grained search step (as
detailed next).

• Snowpack Variability. We collect data during different
time periods in order to perform measurements with
different snow types (see Sec. III-C for an extensive
description of the snow profiles considered in this
paper).

• Snow Depth Variability. We collect data with the
transmitter buried at different depth so that to observe
possible attenuation due to the amount of snow.

• Aerial Data Collection. We collect not only data
for terrestrial communication, but we also investigate
ground-air links by using an UAV.

Tests have been executed in a plateau located at Col de
Mez, Dolomites, (Falcade, Italy)4 at 1870 m above sea level
exposed to South. The plateau is ideal for conducting the
experiments as it is located in snowy area, it is easy to reach
through a flat path, and snow conditions in the area greatly
vary along the winter season. The plateau is also located in a
safe area suitable to set up our base camp. We show in Fig. 2a
the plateau where tests have been executed and, in Fig. 2b,
the exact location of the identified plateau.

We design three test typologies:
• Cross test;
• Maximum Distance test;
• Drone Flyover test.

The different typologies allow observing specific aspects of
LoRa signal propagation in snowy conditions as detailed in
the following.

1) CROSS TEST DESCRIPTION
The Cross test is designed to characterize the terrestrial
LoRa propagation by fixing certain measurement points.
According to the search methodology of buried victims based
on the ARVA technology, the search is organized according
to different steps.

1) Coarse search. The surface search begins with the
reception of the first signal and continues to the
immediate vicinity of the buried individual. During this
phase, the initial signal search method is abandoned to
follow the signal path.

2) Fine-grained search. The surface search in the imme-
diate vicinity of the buried person.

3) Localization. The initial use of the probe until it makes
contact with the buried person.

4GPS coordinates: 46◦ 22’41’’ N, 11◦49’33’’ E

According to such steps, we mark a set of measurements
points of increasing distance from the burial location, each
of which is a measurement point for a specific receiver.
We deploy four receivers, one for each orientation: North,
South, East, West. Given the burial location, we identify
40 measurements points, 10 positioned along each orienta-
tion, as reported in Fig. 3. The cross layout is composed by
an outer box and an inner one.

• Outer box. Five measurements points, placed at: 50, 40,
30, 20 and 10 meters from the burial location along a
specific orientation. Locations in this range can be used
to test the coarse search step;

• Inner box. Five measurements points, placed at: 5, 3,
1.8, 1.2 and 0.6 meters from the burial location along a
specific orientation. Locations in this range can be used
to test the fine-grained and localization steps.

Given a reference location, such as 30 meters North,
we collect 2 minutes of data from each receiver. Once
data collection is complete, we move the receivers to the
next reference location and we start a new 2-minute data
collection. We also keep track of the start and end times of
data collection for each reference location, as well as the
actual distance to the target, this information are referred to
as the Ground Truth (GT).

The transmitter is buried at different depths. During the
March campaign we test three depths: 1 m, 0.5 m, and 0 m
(surface; Tx lying on the snow), while during April we test
0.5 m and 0 m due to a limited snowpack. Furthermore,
we vary the antenna’s polarization of the transmitter and
of the receivers. We measure the vertical and horizontal
polarizations separately by rotating both the Tx and Rx radios
by 90◦ in order to switch between the two polarizations.

2) MAXIMUM DISTANCE TEST DESCRIPTION
The Maximum Distance test is designed to measure the
maximum distance at which the LoRa signal of a buried
victim can be received. We acknowledge that this test can
be significantly influenced by environmental factors such
as trees, slopes, snow amount, and weather conditions.
Nevertheless, it is useful for investigating the potential of
LoRa under realistic conditions.

For the test, the transmitter is buried with horizontal
polarization at the maximum available burial depth, viz., 1 m
in March and 0.5 m in April. We then move away from the
transmitter’s locationwith the receiver held in hand at a height
of 1.5 m above the ground. While distancing from the target,
we periodically stop and collect 2 minutes data in a number
of stops (or markers), as shown in Fig. 4. The maximum
distance test concludes when the receiver can no longer
detect any signal from the transmitter. The path followed is
highly influenced by the morphology of the environment.
Specifically, during our tests, we walked through a wooded
area and climbed a small slope. This test serves to examine
the robustness of the LoRa signal in terms of RSSI and SNR
in a wide-open environment with natural obstacles.
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FIGURE 2. Experimental area in Col de Mez, Falcade (BL), Italy.

FIGURE 3. Layout of the cross test.

3) DRONE FLYOVER TEST DESCRIPTION
The Drone Flyover test is designed to collect data from an
aerial perspective. More specifically, we organized a data
collection campaign by using the quadcopter DJI Matrice
300 equipped with a LoRa receiver as payload and an

omnidirectional antenna as payload (see Fig. 5b). We identify
a grid of 121 measurement points covering a region of
100 m2 centered on the burial location, with UAV flying
height of 15 m. The adopted grid is shown in Fig. 5a. The
first location is on the top-left corner, each row is composed
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FIGURE 4. Layout of the maximum distance test.

by 11 measurements points and the path followed by the
drone completed one row and then moves to the next rows
according to the arrows reported in Fig. 5a. During April
2024, we run two tests. In the first test, the transmitter was
buried under 0.5 m of snow, while in the second test, the
transmitter was lying on the snow (0 m burial depth). In both
the maximum distance and drone flyover tests, the transmitter
is horizontally polarized towards the northwest in order to
avoid the nulls of the dipole’s radiation patterns.

The drone stops in each location of the grid for 30 seconds
and then it automatically moves to the next point. The drone
is always oriented toward North direction. It is important to
remark that we configure the drone to automatically follow
a flight plan consisting of stopping and moving from a
reference location to the next one. This configuration has two
benefits; on one hand the drone exploit GPS/RTK precision
enabling it to hover a reference location with high accuracy,
on the other hand we can focus on the GT annotation and to
check the battery status of the drone and other environmental
conditions. Flight plans have been designed and tested in
advance before starting the data collection campaign.

Table 2 summarizes all the executed tests. Each test is
labeled with an ID, the type, the date, the target’s depth, the
antenna’s polarization and the snow condition referred to as
�, as detailed next in Sec. III-C. Table 2 also provides details
concerning the amount of the collected data for each test and
the duration. In total, we collected more than 235 thousand of
RSSI and SNR values, for a total duration of almost 7 hours.

C. SNOW PROFILE
In this Section, snow profiling performed by AINEVA’s
nivologists is described.

1) SNOW PROFILING METHODOLOGY
Nivometric profiles are performed following the International
Classification for Seasonal Snow on the Ground ICSIUCCS-
IACS 2009 [36] and the AINEVA Model 4 (Interregional
Snow and Avalanche Association) for graphical repre-
sentation. Below we provide the main observations or

measurements that characterize the different layers identified
within the snowpack and their meanings. Snow profiles are
executed with instrumentation reported in Fig. 6.

Water content (�). It refers to the amount of water
present in the snow in its liquid state. This parameter is
synonymous with the content of free (liquid) water in a snow
sample relative to its volume, which can range from 0% (dry
snow) to 25% (soggy snow). The liquid water present in the
snow results from melting, rain, or a combination of both
phenomena. The method used for this type of assessment,
which is the most widely adopted, involves an empirical
measurement performed by extracting a snow sample from
each identified layer, which must be compressed in the fist
with a gloved hand to check for the presence of water. This
operation must also be evaluated in association with the snow
temperature (e.g., Ts ≤ 0 ◦Cdry snow; Ts = 0 ◦Cwet to soggy
snow) and the visual assessment of any liquid water present
at the junctions between grains using a magnifying glass.

Grain shape (F). It is detailed with appropriate sub-
classes [36] that further differentiate the grains based on their
morphology and the governing physical process. Given that
each identified layer may contain two or more grain types,
by convention, the predominant form is listed first, while
the others are considered secondary forms. Identification is
performed using a magnifying glass.

Grain size (E). The grain size of a snow layer is
determined by the average size of its grains. The size of a
grain or particle is measured in millimeters (mm) along its
longest dimension. This measurement is performed using a
magnifying glass and, when possible, with an accuracy of up
to one-tenth of a millimeter.

Snow hardness (R). It represents a measure of the snow’s
resistance to compression by an object. Hardness values
provide a relative index that varies based on both the operator
and the instrument used. In this measurement campaign,
snow hardness was determined using the hand test (as
originally proposed by De Quervain [37]) at the layer level
and horizontally along the profile. This method involves
intuitively and progressively applying five different levels
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FIGURE 5. Layout of the drone flyover.

TABLE 2. Overview of tests executed during the data collection campaigns.

of force, corresponding to various ranges of compression
resistance: fist, four fingers, one finger, pencil, knife blade,
and ice.

Snow density (ρ). It is the mass per unit volume (kg/m3),
is typically calculated by weighing a snow sample of a known
volume, accounting for all snow components (ice, liquid
water, and air). Density was calculated for layers with a
thickness of≥ 4 cm using a coring tube with a known volume
of 1/10 liter. The sampling was done through horizontal
coring in the lower third of the layer.

Snow temperature (TS) indicates the thermal state of
the snowpack at a certain height (H). By taking a series
of measurements at regular intervals along the vertical axis
of the snowpack, a thermal profile can be created, and
a temperature gradient can be calculated. This gradient is
essential for defining the thermodynamic transformations

that influence the morphology and mechanical properties of
the various layers. Measurements are taken along the vertical
profile of the snowpack down to the snow/ground interface,
with the thermometer sensor inserted horizontally at regular
intervals (usually every 10 or 20 cm). Snow temperature
measurements allow us to clearly distinguish between dry
snow (T ≤ 0◦) and wet snow (T = 0◦). On the graphical
representation of the AINEVA Model 4, the temperature
profile is depicted as a red line, with points corresponding
to the heights at which measurements were taken.

Lastly, the graphical representation of the snow profile
(AINEVA Model 4) provides numerous simplified pieces
of information, including grain morphological classes. The
various layers are depicted as a histogram, where the block
height corresponds to the layer’s height and its length
corresponds to the measured R. Grain morphological classes
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FIGURE 6. The instrumentation used for vertical analysis of the snowpack
(snow profile).

can also be synthetically represented using a coded and
conventional color scale. Fresh snow and recent snow in
the form of precipitation particles and decomposed and
fragmented particles are depicted in green. Rounded grains,
typical of destructive metamorphism or wind transport, are
represented in light pink. Crystals typical of constructive
metamorphism are depicted in shades of blue, with faceted
particles in azure and depth hoar in blue (surface hoar in
magenta). Melted forms are rendered in red, with added
vertical black lines for melt and refreeze crusts. The
main classes are represented by color, while morphological
subclasses of grains are further detailed on the side in
symbolic form.

2) SNOW PROFILE ON MARCH 2024
The snow profile conducted on March 11, 2024 was
performed with an overall snow height (HS ) of 116 cm,
as a series of snowfall events occurred along the winter
season. A significant internal warming of the snowpack
is observed, with an almost isothermal snow temperature
profile at around 0 ◦C, the highest temperature at which
the snowpack can be found. The surface of the snowpack
appears dry and loosely cohesive, with the first 4 cm (H
116-112 cm from the ground) characterized by precipitation
crystals (� 1; F 1d, E 2, R 1) deposited in the previous
24 hours. The density is typical of a fresh snowfall, with ρ

100 kg/m3. Below, there is approximately 20 cm of recent
snow (H 112-93 cm), deposited during snowfalls fromMarch
2 to March 6, which has started to decompose. There are
two layers of dry snow, the surface layer loosely cohesive
mainly composed of decomposed and fragmented particles
and some rounded grains (� 1; FF 2a-3a; E 1-0.4; R 1),
while betweenH 105-93 cm, there is a slightly more cohesive

layer with ‘‘pellet-like’’ snow (� 1; FF 2a-1f; E 0.8-1.5;
R 2). The densities are still relatively low, ranging from ρ

90-130 kg/m3, typical of recent snow. Between H 93 cm and
82 cm, there is a layer of dry small rounded grains (F 3a;
E 0.3;R 3), resting on a 2 cmmelt and refreeze crust. Between
H 80 cm-76 cm, there is a layer of wet snow (� 3), composed
of melted forms (F 6b), with low resistance (R between 1 and
2). Below, there are three more resistant layers (R 4), with
two layers composed of melted forms of wet snow (� 2;
H 76-72 cm: faceted particles are also present in rounding)
and an intermediate layer of dry snow of decomposed and
fragmented precipitation particles (with presence of melted
forms). These layers with a higher proportion of melted forms
are much denser, with ρ 400-420 kg/m3. Similarly, the layer
atH 68-50 cm, of wet snow (� 2), but with a higher presence
of decomposed and fragmented particles compared to the
upper layers (FF 2a-6b;E 0.6-1.0;R 3; ρ 290 kg/m3). In these
alternating layers with a higher degree of moisture, the effect
of significant warming on the snowpack, which preceded the
most recent snowfalls and the drier snow visible above 82 cm,
is evident. February 2024 was indeed the warmest since 1991
(with the exception of 1998), and until the 22nd the month
was generally characterized by good weather. There were
significant snowfall events between February 27th and 28th,
with a high snow level at the end of the event (1700 m),
so it cannot be entirely ruled out rain-on-snow phenomena
at the site under consideration. The beginning of March was
normal, with intense snowfalls on the 5th and 6th of March,
with a snow level fluctuating between 600 and 1700 m.

Differently from a preliminary snow profile executed in
January 2024 (not considered in this work) where faceted
crystals and depth hoar were found on most of the profile,
the March snowpack has undergone significant warming:
the approximately 50 cm of faceted particles observed in
January, characteristic of a cold and wintry snowpack, have
gradually warmed and rounded, but still partly retaining
their edges. We find therefore a layer of wet snow between
H 50 and 42 cm, with melted forms and faceted particles
in rounding (� 2; FF 6b-4c; E 2-1.5; R 4). Between H
42-25 cm, we find a heterogeneous layer, with low resistance
(R 2), but with ice columns present (E 8b; R 4), typical of
previous percolation phenomena, although the snow in this
layer is, at the time of the survey, dry. The two basal layers are
composed of melted forms and faceted particles in rounding
(� 1; FF 6b-4c; E 1-2.0) with dry snow (� 1) and high
resistance (R between 4 and 5). The older snow layers, which
have undergone evolution compared to what was observed in
the survey of January 24, 2024, have also increased in density,
with a general densification of the layers, ranging from an
interval of ρ 220-270 kg/m3 in January to ρ 340-350 kg/m3 in
March (for layers characterized by kinetic growth), while the
basal layer represented by a melt-freeze crust in January has
changed from ρ 340 kg/m3 to a density on March 7, 2024,
of ρ 430 kg/m3. Fig. 7 reports a detail of the snowpack
stratification.
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FIGURE 7. The snowpack stratification shows a clear visual distinction
between the new snow deposited in the last 72 hours (surface layer H
116-82 cm, white color) and the old snow present before the recent
snowfalls (H 82-0 cm, darker color).

3) SNOW PROFILE ON APRIL 2024
The first half of April was extremely warm, with +6.5 ◦ C
compared to the average calculated over the period
1991-2020, up to +10/+12 ◦ C above average, increasing
accelerated melting of the snowpack. The melting was also
favored by the abundant presence of Saharan dust, which
made the surface snow red. The first days of the month
were characterized by precipitation, rain even up to 2100 m
altitude.

The snow profile conducted on April 11 2024, appears
spring-like, with a distribution of temperatures along the
vertical almost isothermal with Ts = 0 ◦ C, where all
layers, due to the prolonged warming of the snowpack, have
undergone the typical processes of wet snow metamorphism,
with the disappearance of edges in the old snow layers
and the formation of well-defined melt forms over almost
the entire height of the snowpack, with snow between wet
(� 2) and wet (� 3). The total height of the snowpack
HS is 57 cm, and the first 4 cm are composed of fresh,
wet snow (� 2) and weak cohesion, fallen in the previous
24 hours. The 2 cm in contact with the air (H 57-55 cm)
have already transformed with optimal radiation and high air
temperature (Ta+9 ◦ C).WithH 55-53 cm, at 11:00 hours, the
precipitation particle forms are still intact, with the presence
of pellet snow (� 2;F 1f;E 1.0;R 1), still warming during the
profile execution. Below, almost the entire snowpack consists
of melt forms, particularly rounded polycrystals, with layers
of snow ranging from wet (� 2) to wet (� 3). Between H
53-52 cm, there is a small slightly harder layer composed
of melt forms of wet snow (� 2; F 6b; E 2; R 3) which
overlies a layer with a similar composition but of wet snow
and lower hardness, characterized by the presence of Saharan

FIGURE 8. A nivologist during snow profiling in April. In the layers near
the surface (H 52-47 cm), there is the presence of impurities (orange
color) originating from Saharan sand deposited between late March and
early April 2024.

sand, deposited with the precipitation of late March/early
April (H 52-47: � 3; F 6b; E 2.0; R 2; ρ 490 kg/m3). Lower
down is a layer of wet snow (H 47-37 cm) where, in addition
to melt forms, rounded grains of smaller sizes are still visible
(� 2; FF 6b-3a, E -0.4; R 4; ρ = 410 kg/m3).
Between H 37 cm and 15 cm, there are two similar layers,

always composed of melt forms of wet snow, with the upper
one (H 37-32 cm: � 3; FF 6a-6b, E 1.5; R 3; ρ 380 kg/m3)
slightly more resistant than the lower one (H 32-15 cm: � 3;
FF 6a-6b, E 2.0; R 2; ρ 400 kg/m3). Between H 15-6 cm,
there are two more layers similar to the upper ones, but of wet
snow (H 15-9 cm: � 2; FF 6a-6b, E 2.0; R 3; ρ 390 kg/m3),
with the lower layer characterized by grains still relatively
small to be melt forms (H 9-6 cm: � 2; FF 6a-6b, E 0.8;
R 2-3). At about 5 cm above the ground, there is a very
hard melt and refreeze layer (H 6-5 cm: FF 6 m; R 5),
while at ground contact there is a final layer of melt forms
and wet snow (H 0-5 cm: � 3; FF 6a-6b, E 1.5; R 3; ρ

440 kg/m3). As can be seen from the reported values, as the
season progresses, the snow density has further increased and
reachedmaximum values of ρ = 410 kg/m3. Fig. 8 details the
impurities in the snowpack due to Saharan sand.

D. DATASET FORMAT
The dataset is available to the community [38] and is
organized into three folders, one for each test typology:
Cross, Maximum Distance, and Drone. Each folder, except
drone folder, contains the sub-folders march and april,
with measurements collected in March 2024 and April 2024,
respectively. The raw data consist of timeseries of values,
with each row reporting values logged by a receiver, together
with the GT annotations. The data format is different for
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each type of test (Cross, Maximum Distance, Drone), and
fields can be numeric or strings depending on the data type.
First, we report in Table 3 the data structure of the Cross
experimentation, where fields have the following meanings:

• timestamp: receiving LoRa message time in epoch
format;

• RSSI: RSSI value in dBm;
• SNR: SNR value in dB;
• receiver orientation: one of four possi-
ble receiver orientations (north, south, east, west),
as defined in Fig. 3;

• distance: actual distance in meters between the
receiver and the burial location;

• depth: the burial depth in meters of the transmitter;
• polarization: the horizontal or vertical polarization
of the receiver/transmitter.

Second, we report in Table 4 the data structure of the
Maximum Distance test, where fields have the following
meanings:

• timestamp: receiving LoRa message time in epoch
format;

• RSSI: RSSI value in dBm;
• SNR: SNR value in dB;
• depth: the burial depth in meters of the transmitter;
• marker ID: the marker ID according to the path
layout shown in Fig. 3;

• longitude: longitude of the marker ID;
• latitude: latitude of the marker ID.

Finally, we detail in Table 5 the data structure of the Drone
test, where fields have the following meanings:

• timestamp: receiving LoRa message time in epoch
format;

• RSSI: RSSI value in dBm;
• SNR: SNR value in dB;
• longitude: longitude of the drone position;
• latitude: latitude of the drone position;
• x: x-coordinate of the drone position, according to the
grid shown in Fig. 5a;

• y: y-coordinate of the drone position, according to the
grid shown in Fig. 5a;

• depth: the burial depth in meters of the transmitter.

Note that the Drone test was carried out only in the month of
April, so the march subfolder is not present in the dataset.
In addition to the data collected by the LoRa receivers,

we have added the complete snow profiles to the dataset,
conducted inMarch andApril, respectively. These documents
are in PDF format and contain all useful nivological
information, including the graphical representation of the
snow profile (according to the AINEVA Model 4) and fully
described in Sec. III-C.

IV. EXPERIMENTAL RESULTS
We now analyze data collected during tests described in
Table 2. We study the impact of several environmental

settings in order to observe significant variations of the LoRa
signal propagation.

A. CROSS TEST RESULTS
First, we analyze data concerning the cross test in March and
April 2024. Secondly, we compare results of the cross month-
by-month.

Concerning March 2024, results of tests T1.1 to
T1.6 reported in Table 2 are shown in Fig. 9a and Fig. 9b.
The figures show the impact of the snow depth by varying
the antenna’s polarization.

Values reported in the figure are obtained by combining
data from the four receivers. Concerning the RSSI (see
Fig. 9a), we observe a decreasing trend as the distance
from the burial location increases from 0.6 m to 50 m for
all the snow depths. Specifically, tests conducted at 0 m
depth yield higher median RSSI values compared to tests
conducted at 1m depth. This trend is particularly evident with
vertical polarization. With this polarization, at 0 m depth
the average RSSI is -29.4 dBm at 0.6 m from the burial
location, decreasing to -83.7 dBm at 50 m. Differently, for
the same polarization but at 1 m depth, the average RSSI
is -47.7 dBm at 0.6 m and -94.4 dBm at 50 m, about 12.7%
more attenuation than 0 m depth.

Regarding the SNR (see Fig. 9b), no clear trend is
observable since it is always reliably higher than 0 dB.
However, a general observation across all tests (T1.1 to
T1.6) is that the 25th percentile of SNR is 10 dB, indicating
high channel quality across all distances, snow depths, and
polarizations. This aspect is particularly important, as it
demonstrates that the LoRa signal remains clear under
variable depths, polarizations and distances from the burial
location.

Regarding the effect of antenna polarization, we observe
that vertical polarization tends to provide higher average
RSSI values compared to the horizontal polarization across
all burial depths, as shown in Fig. 10.

We further analyze the RSSI variability while varying
the distance from the burial location. RSSI variability is an
important features as it represents a distinguishing feature of
wireless signals.

We compute the RSSI standard deviation by varying the
snow depth and antenna polarization, as shown in Fig. 11.

The figure shows the median RSSI value for each location
and the corresponding standard deviation depicted as a light-
blue ribbon. Each row of the figure presents test results for
a single polarization: horizontal and vertical, while columns
display results for varying burial depths: 0 m, 0.5 m, and 1 m.
Additionally, the figure includes the average RSSI value for
locations in inner box (see Sec. III-B), namely those location
ranging between 0.6 m and 5 m from the burial location.

Concerning the inner box, we observe an interesting trend
while increasing the burial depth. Given a specific burial
depth, e.g. d = 0 m, the average RSSI at 0.6 m from
the burial location, μd

0.6(RSSI ) and the average RSSI at
5 m from the burial location, μd

5 (RSSI ), its difference can
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TABLE 3. Data format of values logged by receivers in Cross test.

TABLE 4. Data format of values logged by the receiver in Maximum Distance test.

TABLE 5. Data format of values logged by the receiver in Drone experimentation.

FIGURE 9. Impact of the snow depth to RSSI and SNR for the cross test of March 2024.

be computed as �d
R = |μd

0.6(RSSI ) − μd
0.6(RSSI )|. Such

difference can be considered as the RSSI loss from the nearest
locations from the burial depths to the limit of the inner
box. We observe that such difference tends to decrease as
the burial depth increases. More specifically, with horizontal
polarization, �0

R = 17.6 dBm while �1
R = 8.7 dBm.

Similarly, with vertical polarization, �0
R = 25.5 dBm while

�1
R = 15.03 dBm. Therefore, we observe a side-effect of

snow depth of reducing the RSSI variations in the inner box.
Not only, but when computing the same RSSI differences
for the outer box (location ranging from 10 m to 50 m),
we observe that the RSSI difference in the inner box is not
proportional to the RSSI difference in the outer box. Table 6

reports the RSSI loss expressed in dBm/m computed for
the inner and outer boxes and for the different depths and
polarizations. From the table, we can observe that the RSSI
loss of the inner box is always higher with respect to the
outer box and the snow depth always reduces the dBm loss
per meter. Therefore the attenuation that we observe in the
locations inside the inner box is higher than that the outer
box. This aspect has an important consequence for the March
2024 dataset. Features of LoRa signal (RSSI and SNR) in the
inner box could be more more distinguishable than that the
outer box. This aspect is important as the fine-grained search
in the inner box is the more critical step to find the burial
location.
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FIGURE 10. Impact of antenna’s polarization to RSSI for the cross test in March 2024.

FIGURE 11. In-depth analysis of the RSSI variation for the cross test of March 2024.

TABLE 6. RSSI loss expressed in dBm/m for March and April 2024 for the
inner and outer box.

Regarding April 2024, the results of tests T2.1 to T2.4 in
Table 2 are illustrated in Fig. 12a and Fig. 12b. It is important
to note that the snowpack in April 2024 is typical of the spring
period, characterized by a high level of water content (�),
as detailed in Sec. III-C3. Due to such snow conditions, only
two burial depths were possible: 0 m and 0.5 m.
Similar to March 2024, the burial depth decreases the

average RSSI with the cross test. This trend is observable

for both polarizations, and it is even more pronounced than
in the tests conducted in March 2024. More specifically, the
two curves in Fig. 12 are clearly separated even with a depth
difference of only 0.5 m, whereas in March 2024, the depth
difference is 1 m. The SNR value does not show a clear
trend, except for a steep decrease in the inner box and a slow
stabilization trend in the outer box. The 25th percentile of
SNR is 10 dBm, indicating high channel quality across all
distances, snow depths, and polarizations.

Regarding the effect of antenna polarization, we observe
that vertical polarization tends to provide higher average
RSSI values compared to the horizontal polarization across
all burial depths, as shown in Fig. 13. This result matches
with tests executed in March 2024.

Results of the RSSI variability and its standard deviation by
varying to snow depths and antenna polarization are shown in
Fig. 14.
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FIGURE 12. Impact of the snow depth to RSSI and SNR for the cross test of April 2024.

Regarding the RSSI loss in the inner box, we observe a
similar trend compared to March 2024. Specifically, with
horizontal polarization, �0

R = 9.1 dBm and �0.5
R =

18.5 dBm. Similarly, with vertical polarization, �0
R =

5.1 dBm and �0.5
R = 9.7 dBm. Therefore, we note that

snow depth has the side effect of reducing RSSI variations
in the inner box. Additionally, there is no proportionality
between the RSSI loss in dBm per meter between the inner
and outer boxes, as reported in Table 6. An interesting case
is represented by vertical polarization at 0.5 m depth. In this
instance, we observe a very high variability in RSSI at every
distance (0.6 m to 50 m). This trend is caused by the higher
percentage of liquid water in April’s snowpack compared to
March 2024.

We now compare tests conducted in March and April
2024 with the goal of identifying significant differences in
LoRa signal when the snowpack varies from almost dry to
wet. In March 2024, tests were conducted with a snowpack
that was dry in the top and lower layers (� = 1 from
116 cm to 80 cm and from 40 cm to 0 cm) and wet in
the innermost layers (� = 3 − 2 from 80 cm to 42 cm).
Conversely, in April 2024, the snowpack was wet in most
of the layers (� = 3 − 2 from 57 cm to 0 cm), resulting
in higher liquid water content and potentially greater signal

attenuation. Details of the snowpack profile are provided in
Sec. III-C2 and Sec. III-C3.
We compare the average RSSI and SNR of the cross test by

varying the month, polarization, and snow depth, as shown
in Fig. 15. The graph also shows the average RSSI in the
inner box (0.6 m to 5 m from the burial location), the colored
ribbon show the RSSI standard deviation. From the graph,
we derive two observations. Firstly, we do not observe any
significant variation in the RSSI at 0 m for both vertical
and horizontal polarizations. For this reason, we omit such
graphs from Fig. 15. Differently, at 0.5 m burial depth some
differences emerge more clearly. Specifically, the horizontal
polarization at 0.5 m depth shows a clear decrease in RSSI
during the April 2024 tests. Secondly, RSSI variation in
the inner box differs between March and April 2024. More
specifically, the April 2024 test show a reduction of average
RSSI in most of the inner box’s location, as shown with
results of vertical polarization 0 m and 0.5 m burial depth
and horizontal polarization 0.5 m burial depth. Furthermore,
the RSSI loss per meter also differs between the two periods,
as reported in Table 6. From the table we observe a general
trend to obtain high RSSI loss per meter with tests executed
in April 2024 and with 0.5 m depth. A possible justification
for such variation is still the snowpack profile, that is wetter
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FIGURE 13. Impact of antenna’s polarization to RSSI for the cross test in April 2024.

FIGURE 14. In-depth analysis of the RSSI variation for the cross test of April 2024.

in April 2024 than in March 2024. Also in this case, results
obtained with the vertical polarization provide higher RSSI
values than that of horizontal polarization.

Lastly, we examine the impact of the four adopted
receivers. Our goal is to show a coverage map from the burial
location to the maximum tested distance (50 m). Fig. 16
shows the observedmap for the cross test conducted inMarch
2024 and April 2024 at different depths and polarizations.
The figure clearly highlights regions where the RSSI is higher
compared to regions where RSSI attenuates. In particular,
it is possible to observe how the heatmap attenuates with
tests conducted in April 2024 at 0.5 m when compared with
March 2024.

The cross test reveals interesting aspects. We summarize
them as follows:

• The snow depth affects the LoRa signal propagation in
both March and April 2024. As expected, the deeper the
burial location, the lower the signal propagation.

• The quality of the LoRa channel is consistently high
in both the inner and outer boxes. This is important as
it demonstrates the robustness of the channel against
variations in snow depth and snowpack conditions.

• The RSSI loss per meter measured inside the inner box
tends to be higher than in the outer box. This suggests
that it would be valuable to further study how the LoRa
signal fluctuates as it gets closer to the burial location.

• The amount of liquid water in the snowpack profile
tends to attenuate the LoRa signal. Moreover, snow
stratification and wave polarization have clearly observ-
able impacts that, up to now, were only theorized. This
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FIGURE 15. Comparison of RSSI variation of the cross test March and April 2024 at 0.5 m depth.

FIGURE 16. Radiation pattern of the cross test for March and April 2024.

conclusion emerges from comparing the RSSI variation
in March and April 2024, but we believe more data
should be collected and analyzed to further demonstrate
this aspect.

• Vertical polarization provides higher RSSI values com-
pared to tests with horizontal polarization. However,
it also caused the signal to fluctuate more.

B. MAX DISTANCE TEST RESULTS
The second test we conducted has the goal of showing the
potentialities of LoRa to reach long distances even in snowy
conditions. As detailed in Sec. III-B, we walked along a path
distancing from the burial location. We stopped in a number
of markers, labeled M-1 to M-5 and we collected 2 minutes
of data in each marker.
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FIGURE 17. Max distance test March 2024.

FIGURE 18. Max distance test April 2024.

Concerning March 2024 and April 2024, a graphical
representation of the max distance test is shown in Fig. 17
and Fig. 18, respectively. The figures show on the top-side
the RSSI and SNR variation along the followed path. The
red-vertical lines show the stopping points, namely markers
M-1 to M-5. The location of the markers can be found on the
lowest part of the figures, where we show the path and the
maximum traveled distance.

The test starts at M-1, which is about 50 m distance from
the burial location. The, we walked along the plateau (see

Fig. 4). During the path, we encountered a forest area and
two slopes breaking the line-of-sight between the transmitter
and the receiver. Data collected in each marker have been
collected orienting the receiver toward the direction of the
transmitter. SNR and RSSI values of LoRa signal decrease
as distancing from the burial location. SNR values tend
to remain stable up to a certain distance, then the SNR
decreases. Concerning the March test, SNR varies between
12.7 dB in M-1 and -15.2 dB in M-5, while for the April test
SNR ranges between 11.7 dB in M-1 and -15.5 dB in M-5.
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FIGURE 19. Drone Flyover test, according to the layout shown in Fig. 5. The circled red cross indicates the burial location.

In summary, we draw the following considerations from
the max distance test:

• The LoRa signal can be captured at considerable
distances in the considered scenario.

• The max distance test does not allow for the estimation
of signal direction; rather, we onlymeasure the RSSI and
SNR. Nevertheless, the obtained results demonstrate a
certain robustness against environmental obstacles such
as wood, slopes, and the snowpack profile and depth.

• The results of themax distance test are highly influenced
by the morphology of the testing location. In our case,
the line of sight between transmitter and receiver is
established only with the initial markers (e.g., M-1 to
M-2).

C. DRONE FLYOVER TEST RESULTS
The last test we conducted is obtained with the adoption of
a UAV, namely the DJI Matrice 300 drone, as described in
Sec. III-B. Data have been collected only during April 2024,
and we tested the 0 m and 0.5 m burial depths. Results
are reported in Fig. 19 in which we show how RSSI varies
according to the 121 sampling locations (see Fig. 5a).
As expected RSSI increases while the drone flies over
to the burial location, while RSSI decreases in peripheral
regions. Nevertheless, the RSSI always ranges in high values
from -45 dBm to -95 dBm, and we do not observe any
data interruption during the tests (packet delivery ratio
consistently ∼ 100%). The different burial depths affect
the signal propagation. Indeed, the average RSSI value with
0 m depth is of -78.81 dBm, while the average RSSI value
with 0.5 m depth decrease to -82.1 dBm. Furthermore, the
heatmap also shows how RSSI smoothly increases along
every direction (north, east, west and south).

In summary, we derive the following considerations from
the flyover test:

• The adoption of a UAV to expedite the location of buried
objects appears to be a promising approach. RSSI and
SNR values indicate a stable and clean LoRa signal in
the testing area.

• A small-size UAV can be employed to quickly delineate
the burial location, for example, within a 5×5 m square
region. Subsequently, such a location can be surveyed
using traditional ARVA tools or a combination of LoRa
and ARVA.

• The snowpack profile induces a certain degree of signal
attenuation, suggesting that the liquid water content in
the snow alters LoRa signal properties.

V. DISCUSSION AND FUTURE WORK
We report in this paper a data collection campaign based
on the LoRa technology with the goal of evaluating its
potentiality to localize a victim in an avalanche scenario.
Therefore, this work represents the first step toward the
performance evaluation of a localization system. Data
collected in this study enable to evaluate the quality of LoRa
signal under different environmental conditions. In particular,
we study two orthogonal aspects affecting the LoRa signal
propagation and hence the possible performance of the
localization system: the snow depth and the snowpack profile.
Concerning the first aspect, we varied the burial depth (from
0 m to 1 m of burial depth), while concerning the snowpack
profile we tested dry and wet conditions.

The collected RSSI and SNR data show large-scale
and small-scale fluctuations due to varying environmental
conditions, snowpack profiles, and other factors. To perform
accurate path loss and channel modeling with the provided
data, these fluctuations should be averaged out by appropriate
averaging widows [39], [40]. Moreover, the statistical
distribution of the fluctuations should be carefully considered
based on the application of interest. For instance, it can be
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used to predict communication outage probability [41] and
the noise affecting radiolocalization [13].

The collected LoRa data can be compared with the
existing literature on radiowave propagation in a limited
way, since most of the scientific analyses were performed
by considering snow as a hydrometeor [42] or from remote
sensing applications [43]. Standards from the International
Telecommunications Union provide guidelines to account for
the snow presence as hydrometeor [44] or as an obstacle
on the antenna [45] and, in the most challenging system
deployments, the snowy environment is accounted for by sim-
ply providing more robust communications [46], [47]. When
considering only the set of reports investigating snow under
or above the transmitting radio, the dataset is in line with
the existing knowledge obtained through theoretical [48],
simulative [49], and experimental [4], [50] analyses. Hence,
the dataset described in the previous pages is suitable to
be employed for channel modeling based on the several
techniques described by the literature [51], [52]. Future
versions of the dataset will provide more comprehensive
information, allowing for more refined modeling.

The potentialities of this dataset can be enumerated as
follows.

1) Sharing a testing methodology to replicate an
avalanche scenario in safe conditions. More clearly,
we describe in Sec. III-B the requirements and three
test typologies useful to study different aspects of LoRa
propagation in snowy conditions. In particular, the
approach adopted to design the cross test follows the
experience we gained to organize the IPIN competition
(International Conference on Indoor Positioning and
Indoor Navigation) [35]. This event allows researchers
and industry players to test their systems at challenging
conditions. We exploit such approach, to replicate in
a different scenario how to collect data and how to
replicate the experiments.

2) Sharing a fully-annotated dataset. We release the
dataset with an accurate Ground Truth reporting the
actual GPS coordinates of the measurement points.
Such coordinates are obtained with a GPS/RTK station
providing centimeter accuracy.

3) Testing variable snow conditions. The data have been
collected at different environmental conditions, cap-
turing significant influences caused by the amount of
snow, the type of snow and the antenna’s polarization.
To this end, we release with the dataset standardized
snow profile compiled by ARPAV Italian public entity.

4) Localization of the burial site. The collected data can
be leveraged to implement and test localization systems
aimed at determining the burial location. Specifically,
RSSI-basedmethods using attenuationmodels can help
identify the most probable areas where the victim
may be buried. Additionally, we suggest that more
advanced approaches, such as filtering algorithms (e.g.,
Kalman or Particle filters), can be applied to iteratively
converge toward the optimal location.

We foresee some further actions able to improve the quality
and the quantity of this dataset. Firstly, we plan to execute
more runs of the same tests at similar conditions. This would
provide more evidence of specific features that we detail in
Sec. IV. Secondly, we plan to collect data during all the
Winter season and not only in March and April. This action is
evenmore challenging as snow precipitations are increasingly
difficult to predict and can cause additional hardware failures.
The goal is to gather additional data under snow conditions
similar to those of March and April 2024, as well as new data
in different snow conditions. The dataset will be accompanied
by snow profiles in order to characterize the radio propagation
of the LoRa signal in relation to the snow’s properties.

Our intention is also to conduct new data acquisition
campaigns using UAV devices. We believe the use of UAVs
in search and rescue operations will become more prevalent
in the future, both by rescue teams and hiking companions.
Flight altitude, as well as the flight path, will be the key
parameters we vary, considering the terrain’s morphology and
environmental conditions.

Finally, regarding weather conditions, in the next data col-
lection campaign, we will collect environmental parameters
such as temperature, humidity, and wind intensity. If possible,
we also aim to vary these parameters to better characterize the
LoRa signal under different environmental conditions.
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