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Deriving rainfall thresholds with XAI and GNSS 
measurements for a large landslide

Abstract  Landslides represent one of the most serious natural haz-
ards in Italy, frequently resulting in fatalities and several damage to 
infrastructure. Recent advancements in Global Navigation Satellite 
Systems (GNSS) have enabled the development of monitoring sys-
tems that can monitor slope displacements continuously, accurately, 
and at relatively low cost. In this study, we present a monitoring 
network based on single-frequency GNSS sensors, integrated with 
rainfall data, applied to a large landslide affecting a village in the 
Carnic Alps (northern Italy). The objective is to showcase a practical 
example of continuous landslide monitoring using GNSS technol-
ogy. By implementing a specific velocity threshold for GNSS meas-
urements, we created an inventory of landslide reactivation events, 
which was then used to define rainfall thresholds based on data from 
two pluviometer stations. To enhance the interpretability of machine 
learning (ML) models used in the analysis, we adopted an inno-
vative approach employing Partial Dependence Plots (PDPs). This 
technique allowed for a straightforward assessment of the influence 
of cumulative rainfall across various time windows, facilitating the 
identification of the most critical accumulation periods.
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Introduction
Landslides are widespread in the Italian territory, and they cause the 
greatest number of losses of human lives and damages to infrastruc-
tures (Guzzetti 2000). In particular, slow-moving landslides (Hungr 
et al. 2014) can remain active for decades and can exhibit velocity var-
iations in consequence to local environmental changes (Cascini et al. 
2010) as precipitation. Determining the factors that control landslide 
occurrence is challenging because the relationship between land-
slides and the causative components varies spatially and temporally 
(Zhou et al. 2002). Nevertheless, a comprehensive understanding of 
these factors is important for the assessment of natural hazards (Bor-
gomeo et al. 2014) and their direct impacts (Franceschini et al. 2022a). 
Landslide hazard can be reduced by adopting different mitigation 
methods: structural works and non-structural actions. If the former 
reduce the probability of occurrence of landslides, the latter, includ-
ing Landslide Early Warning Systems (LEWS), are being increasing 
in recent years, mainly because of (i) their lower economic costs and 
environmental impact (Intrieri et al. 2012; Thiebes and Glade 2018); 
(ii) the development of new technologies for landslide monitoring 
(Crosta et al. 2017); (iii) the increasing availability of reliable data-
bases to calibrate the warning models (Haque et al. 2016; Calvello and 
Pecoraro 2018). Furthermore, landslide EWSs collect valuable data 
that can be utilized for scientific research, monitoring, and landslide 
behavior analysis (Sapena et al. 2023).

One of the most used methodologies for early warning applica-
tions is rainfall thresholds, used to issue warnings when monitored 
rainfall exceeds a predefined level (Rosi et al. 2016; Segalini et al. 
2018; Nocentini et al. 2024a, b). However, the landslide occurrence 
is not only related to rainfall intensity but also influenced by local 
conditions. Therefore, for an accurate early warning in large land-
slides, the measure of the local surface displacement is necessary.

Surface displacement’s role in early warning systems for land-
slide detection has been a subject of research for a considerable 
period (Jaboyedoff et al. 2020; Fukuhara et al. 2023). The instru-
ments commonly used for estimating landslide displacements 
are based on sensors installed in situ, such as inclinometers and 
extensometers, or remote sensing techniques using ground-based 
sensors, such as ground-based interferometric synthetic aperture 
radars (GBInSAR) (Pratesi et al. 2015; Carlà et al. 2019), terrestrial 
laser scanner, or topographic measurements captured by robotized 
total stations (Gigli et al. 2022; Beni et al. 2023; Innocenti et al. 2023). 
However, the complex and widespread nature of landslides neces-
sitates accurate measurements, often with spatial coverage capa-
ble of targeting one or more slopes and an acquisition frequency 
high enough to catch substantial changes in the landslide (Casagli 
et al. 2023). Nowadays, remote-sensing techniques are becoming 
an indispensable tool in landslide investigation (Mantovani et al. 
1996; Solari et al. 2020) and thanks to the development of modern 
monitoring technology such as global navigation satellite systems 
(GNSS), there have been substantial advances in Landslide Early 
Warning Systems (LEWSs). The advance in GNSS technology 
allowed for creating new sensors that can provide continuous moni-
toring with good precision and accuracy and limited costs (Benoit 
et al. 2015; Cina and Piras 2015; Zuliani et al. 2022a). For example, 
Notti et al. (2020) proposed a technical solution that adopts mass-
market instrumentation, but also the definition of a monitoring 
systems management strategy that can be adapted to GNSS taking 
into consideration different phases: analysis, validation, interpreta-
tion and dissemination (bulletin) of obtained results. An automatic 
algorithm checks if the movements exceed statistical (related to 
instrument accuracy) and geological (defined according to geo-
logic models and indicating potential critical phases) thresholds. 
If the movement exceeds the statistical threshold, an automatic 
alert report is generated with three alarm levels: green (normal 
conditions), yellow (first signal, waiting for a second measurement 
for confirmation), and red (alarm confirmed, requires geological 
validation), with manual control for alarm validation.

A successful LEWSs at the slope scale encompasses proper early 
warning indicators, primarily using monitored displacement and its 
velocity and, sometimes, environmental quantities, such as critical 
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water level and rainfall threshold (Berti et al. 2012; Intrieri et al. 2012; 
Huang et al. 2020; Wu et al. 2021). Rainfall thresholds, which define the 
rainfall levels beyond which landslides are likely to be triggered, are 
widely used in LEWSs due to their simplicity and rapid application. 
Traditionally, these thresholds are derived empirically by comparing 
a landslide inventory with rainfall intensity (I) and duration (D) data 
(Piciullo et al. 2018; Segoni et al. 2018a; Guzzetti et al. 2020). Although 
rainfall is indeed the primary trigger of landslides, using only these 
two parameters can overlook critical factors such as seasonal vari-
ations and antecedent soil moisture, both of which significantly 
increase the predisposition of a slope to landslide (Glade et al. 2000; 
Wicki et al. 2020). Only a limited number of studies have attempted to 
incorporate additional rainfall parameters alongside the traditional 
I-D threshold to enhance the cause-and-effect relationship between 
landslides and rainfall. Among them, Rosi et al. (2020) proposed a 
methodology to define three-dimensional (3D) rainfall threshold 
incorporating an additional axis to the I-D plane indicating the ante-
cedent rainfall, to be used as a proxy for soil moisture condition.

More recently, artificial intelligence models have been used to 
attempt temporal landslide forecasting (Nava et al. 2023; Rosi et al. 
2023; Mondini et al. 2023), but their use to derive rainfall thresholds 
is still unexplored.

While rainfall thresholds are generally designed for regional-
scale forecasting (Krøgli et al. 2018; Jordanova et al. 2020; Zêzere et al. 
2015), their use at the scale of individual landslides is far less common. 
Developing rainfall thresholds specifically for the reactivation of indi-
vidual landslides is challenging, as active landslides may exhibit a dif-
ferent sensitivity to rainfall compared to new landslides (Intrieri et al. 
2013; Bogaard et al. 2013; Vallet et al. 2016; Floris and Bozzano 2008). 
Ideally, thresholds should be calibrated separately for new and reacti-
vated landslides to improve accuracy. However, landslide inventories 
rarely differentiate between new landslides and reactivations. Defining 
thresholds for reactivated landslides requires a robust monitoring sys-
tem that provides a long-term record of reactivation events to ensure a 
reliable statistical analysis. Only a few studies have defined thresholds 
specifically for reactivated landslides. Wu et al. (2021) analyzed and 
defined a critical triggering threshold for LEWSs specifically for the 
Gapa landslide in south-western China. This landslide was reactivated 
by the water accumulation behind the first Jinping dam. Using GNSS 
data from last five years, a velocity threshold has been defined by an 
innovative method that uses a double moving average back and for-
ward of time series. Since the deformation of the rockslide is closely 
related to changes in the water level of the reservoir, a critical water 
level has also been defined to reduce false alarms based only on the 
velocity threshold. Similar research has been conducted by Šegina 
et al. (2020). Authors analysed many GNSS stations, installed on a 
deep-seated landslide in Slovenia for establishing how different parts 
of the landslide react to precipitation.

In this work a monitoring network based on single-frequency 
GNSS sensors and its implementation for the definition of rainfall 
threshold for reactivations of a landslide involving a village in Italy is 
presented. The presence of the landslide affecting the town of Cazzaso 
(Municipality of Tolmezzo, Udine, Italy) in the north-eastern Alps 
was observed as early as the second half of the nineteenth century 
(CNR-GNDCI 1992). The landslide resulted in the displacement of 
the entire town by 24 m. For this reason, a new town was rebuilt in 
a new site 1 km away (Zuliani et al. 2022a). The work is based on the 
current monitoring system set up in agreement with the regional Civil 

Protection, that continuously records local displacement measures of 
the landslide body. The last report describes the triggering landslide 
(beginning of movement on one or more sensors equal to 1 cm/day) 
occurred with cumulative rains of duration equal to or greater than 
3 days, with intensity equal to 42 mm/day and therefore a cumula-
tive value of about 125 mm (Peressi 2019). Since the last report, new 
GNSS systems have been installed and this work aims to integrate and 
deepen the analyses and correlations between GNSS and rain. GNSS 
and rainfall thresholds and correlation between displacements and 
rainfall data are presented and discussed. The GNSS thresholds have 
been defined on the base of almost 9 years of observation (Zuliani 
et al. 2022a, b), while traditional I-D rainfall thresholds have been 
derived by MaCumBA software (Segoni et al. 2014a, b). This approach 
has been integrated with an innovative Machine Learning (ML) pro-
cedure to optimize the selection of the accumulation period that most 
influenced the reactivations of the Cazzaso landslide.

Study area

The village of Cazzaso (Municipality of Tolmezzo, Udine, Italy) lies 
at 680 m a.s.l., in the north-eastern sector of the Alpine mountain 
chain (Carnic Alps), and is located on a deep-seated landslide which 
is still active nowadays (Fig. 1a). The landslide affects a surface of 
approximately 2 km2 with a sliding surface detected down to ~ 32 m 
below ground level through inclinometer measurements (Tunini 
et al. 2024a). Based on geomorphological reconstructions and geo-
physical surveys, the mobilized volume is estimated between 105 and 
107 m3 (Tunini et al. 2024a), hence falling within the large landslide 
class according to the classifications by Mc Coll & Cook (2024). The 
landslide body is constituted by glacial, fluvioglacial, lacustrine, and 
fluvial deposits (Colucci et al. 2014), lying on a calcareous–clayey 
bedrock (Fig. 1b). The superficial cover exhibits high lithological het-
erogeneity and variable permeability, which controls local drainage 
and preferential flow path (Zuliani et al. 2022a). The morphology of 
the slope is characteristic of post-glacial environment (Fig. 1c). It is 
classified by IFFI (Italian Inventory of Landslide. Trigila et al. 2007) as 
an earth rotational slide that has evolved into an earth flow. Histori-
cal data indicate reactivations since at least 1807, with a major event 
in October 1851, which caused a 24-m displacement of the original 
village, leading to the relocation of some buildings and the establish-
ment of “Cazzaso Nuova” further downslope (CNR-GNDCI. 1992). 
Reactivations are associated with prolonged rainfall events, acting as 
primary triggering factors (Peressi 2019). Repeated topographic sur-
veys and slope restoration interventions have been carried out in the 
area during the past and current decades (Coccolo 2010, 2012, 2015; 
Ramella and Roberto 2004, 2006). The landslide currently exhibits a 
slow rate of displacement on the order of meters per year, placing it 
within the “slow” category according to Cruden and Varnes (1996).

A characteristic longitudinal cross-section of the landslide is in 
Fig. 2. This section was developed by Tunini et al. (2024b), including 
borehole logs and inclinometer profiles. Topographic and lithologi-
cal profiles used in the 2D limit equilibrium method (LEM) slope 
stability analysis are shown. Figure 2 illustrates two scenarios with 
differing groundwater conditions—one with a low-level and one 
with a high-level groundwater table in Profile 1—while in Profile 2 
only a high-level groundwater scenario is considered. Both profiles 
present the most unstable sliding surface that corresponds to the 
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easternmost part of the slope, delimited upstream by a morphologi-
cal trench (Tunini et al. 2024a).

Current monitoring system

The Cazzaso landslide monitoring system has been deployed since 
2016 by the Center for Seismological Research (CRS), belonging to the 
National Institute of Oceanography and Applied Geophysics—OGS. It 
is composed of 12 cost-effective single-frequency GPS stations (Fig. 1d 
and e) primarily located on the landslide body upslope the Cazzaso 
village, 1 geodetic-class dual-frequency GNSS station located in the 
Cazzaso village (CASO), 1 seismometric station equipped with an 
accelerometer and velocimeter and coupled with a single-frequency 
GNSS device (Zuliani et al. 2022b). The dual-frequency station CASO, 
equipped with a geodetic-level receiver (Trimble NetR9), tracks both 
L1 and L2 carrier signals from the GPS satellites, and it can provide 
position estimates with sub-millimetric level precision (Zuliani et al. 
2022b; Tunini et al. 2024a). The monitoring system provides hourly dis-
placement data for each geodetic site along the north, east, and vertical 
components, as well as displacements resulting from the average of the 
previous 24 h of observations. The displacements are calculated with 

respect to a reference station located out of the landslide body. The 
reference station is FUSE (or TOLS in the case of FUSE malfunction-
ing), belonging to the Friuli Regional Deformation Network-FReDNet, 
part of the north-eastern Italy monitoring system (SMINO) (Battaglia 
et al. 2003; Rossi et al. 2016, 2018; Zuliani et al. 2018; and Bragato et al. 
2021; Tunini et al. 2024b) and located less than 3 km from the landslide. 
In this work, the reference configuration utilized to retrieve the dis-
placements is “Net-Just” configuration, providing temporal continuity 
of the data. Based on the nature of the lithologies and similar case 
studies (Notti et al. 2020; Huang et al. 2022), three color-coded alert 
thresholds have been set for each of the GNSS stations, by the regional 
Civil Protection, considering a lapse of 24 h (Chersich et al. 2016; Bai 
et al. 2020, 2022; Zuliani et al. 2022a, b):

•	 In case the daily average movement rates exceed the limit of 
1 cm, a yellow alert is issued. In relation to the data transmit-
ted, in case of yellow alert (more than 1 cm/day) for GPS taken 
upstream of the city, an analysis of the evolutionary trend is 
implemented;

•	 If they exceed the limit of 2 cm, an orange alert is issued. If at 
least one GPS upstream of the village exceeds the threshold of 

Fig. 1   In (a) localization of the area; (b) Geological setting of the study area; (c) Geomorphology of Cazzaso landslide. The hillshade has been 
used to basemap. The hillshade was derived from a 1 × 1 m digital terrain model (DTM). The DTM was derived from Friuli Venezia Giulia region 
web portal http://​eagle​fvg.​regio​ne.​fvg.​it; (d) Ortophoto and geolocalization of GNSS network. In (e) one of the GNSS stations on the Cazzaso 
landslide (in this case, GPS9)

http://eaglefvg.regione.fvg.it
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2 cm, the road Fusea-Cazzaso will be automatically interdicted 
to traffic.

•	 If they exceed at the limit of 3 cm, the alert will be red. If 3 GPS 
upstream of the village exceed the threshold of 3 cm/day, the 
village is evacuated.

In addition, if the region declares an orange weather alert for geo-
logical risk (rainfall capable of triggering landslide is expected), the clo-
sure of the Fusea-Cazzaso road is implemented as a preventive measure.

Materials

GNSS data
The time series of 12 GPS + 2 GNSS stations are analyzed. More than 
540 thousand data, distributed from 2015 to 2024, have been exam-
ined. The system adopted for the configuration and control of the GPS 
network, as well for the data elaboration, called DISPLAYCE, is a cost-
effective solution dedicated to monitoring of critical infrastructures 
and areas subject to slope instability (www.​yettm​oves.​it/). DISPLAYCE 
software calculates the displacement of each station at regular inter-
vals (i.e., regular sessions) of 1, 3, 6, 12, and/or 24 h, providing different 
parameters of the GPS signal (signal-to-noise ratio, number of cycle 
slips, etc.) (Tunini et al. 2024a, b). The calculation of the displace-
ments is the result of the GPS data processing, which is carried out 
through the widely-known double difference (DD) technique (Kaplan 
et al. 1996; Hofmann-Wellenhof et al. 2001). Based on the current alert 
system, the first alarm threshold can be recorded by multiple GPS or 
GNSS stations and several times a day considering the horizontal or 
vertical component. To simplify data analysis, the module between 
the two components is calculated. For this work, the maximum speed 
(above the first threshold) recorded per day has been considered. This 
dataset represents an inventory of past reactivation events. In total, 

stations indicate a velocity above the first threshold 116 times (days) 
from 2016 to May 2024.

Rainfall data

CASO (Fig.  1d) and Tolmezzo stations are equipped with rain 
gauges which have been analyzed to obtain rainfall thresholds. 
The first pluviometer is located above landslide and the second 
station is located in Tolmezzo municipality almost 3.2 km from 
landslide. Both rain gauges provide hourly data, covering the period 
from 2016 to May 2024. CASO pluviometer is marked by more 56 
thousand data, and it is part of the monitoring system managed by 
the Civil Protection. The data source about CASO pluviometer is 
DISPLAYCE software, which developed by yettmoves (www.​yettm​
oves.​it/). Tolmezzo pluviometer is characterized by more than 75 
thousand data, and it is managed by ARPA FVG—SOC OSMER 
GRN—Osservatorio Meteorologico Regionale—Gestione Rischi 
Naturali Settore Meteo of CFD (Decentralized Functional Center—
https://​www.​osmer.​fvg.​it/​home.​php) by Civil Protection of Friuli 
Venezia Giulia region.

The rainfall data has been analyzed to remove both low repre-
sentative and noisy data: negative rainfall values or values higher 
than 200 mm/h and 0.2 mm/h have been removed, which are clearly 
erroneous (Nocentini et al. 2024a, b).

Methods
This chapter outlines the methods employed in order to provide 
a robust, data-driven framework that enhances the reliability and 
effectiveness of the generated LEWS:

Fig. 2   Topographic and lithological profiles used for the 2D LEM slope stability analysis with two profiles in different conditions of water 
level. Profiles were derived by Tunini et al. 2024a

http://www.yettmoves.it/
http://www.yettmoves.it/
http://www.yettmoves.it/
https://www.osmer.fvg.it/home.php
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1.	 At first, hourly deformation velocities have been calculated 
for each GNSS station. Daily velocity maxima over 1 cm/day 
have been then used to create an inventory of past reactivation 
events.

2.	 The cumulative rainfall from 1 to 30 days prior to each reactiva-
tion have been calculated. In this phase, reactivations not asso-
ciate to rainfall have been removed from the analyses described 
below.

3.	 Intensity-duration rainfall thresholds have been defined using 
MaCumBA software.

4.	 Random Forest model and XAI (explainable AI) have been 
used to identify the most critical rainfalls.

I‑D rainfall thresholds macumba

The threshold analysis was conducted using MaCumBA (Massive 
Cumulative Brisk Analyzer), a software firstly presented in Segoni 
et al. (2014a, b) and validated through numerous case studies in 
Italy (Rosi et al. 2015, 2021; Segoni et al. 2014a, b) and in other coun-
tries (Rosi et al. 2016, 2019). MaCumBA performs a semi-automated, 
rapid, and objective analysis, enabling the identification of rainfall 
thresholds based on the general power law initially proposed by 
Caine (1980):

where α and β are empirical parameters, proper of data distribu-
tion. One of the distinctive features of MaCumBA is the introduc-
tion of an additional parameter called No-Rain-Gap (NRG), which 
expresses the number of consecutive hours without rain needed 
to distinguish between rainfall events. This key parameter ensures 
replicability of the analysis and facilitates the implementation of 
thresholds in LEWS (Segoni et al. 2014a, b).

The software identifies the most representative I-D threshold 
encompassing 95% of landslide events. This threshold serves to 
distinguish the ordinary level, indicating no criticality, from the 
low criticality level. A successive calibration phase is performed 
to identify multiple thresholds, corresponding to higher landslide 
probabilities. The calibration of these higher thresholds is based 
on the number of acceptable False Alarms (FAs: alerts issued 
because rainfall exceeds the threshold, but no landslides occur), 
as introduced by Nocentini et al. (2024a). The moderate critical-
ity threshold is determined by raising the low criticality threshold 
until a maximum of one FA per year is observed. The high critical-
ity threshold is set by further raising the threshold until zero FAs 
are observed. This approach ensures a minimal number of FAs for 
the moderate and high criticality thresholds, making the system 
operationally efficient and more sustainable for the civil protection 
system (Nocentini et al. 2024a).

Random forest and variable importance for antecedent rainfall 
analysis

Traditional I-D thresholds consider only the rainfall event immedi-
ately preceding or coinciding with a landslide occurrence (Piciullo 
et al. 2018; Segoni et al. 2018b). However, this approach does not 
account for the effect of antecedent rainfall, which is particularly 
important for large landslides where the rainwater infiltrated into 

I = �D�

the soil need time to reach a deep slip surface (Glade et al 2000; 
Giannecchini et al. 2012; Kim et al. 2021; Rahul and Tyagi 2025). 
Therefore, relying only on I-D thresholds to evaluate the impact 
of rainfall on reactivating the Cazzaso landslide is insufficient. It is 
essential to also investigate how rainfall accumulated over extended 
periods affects these reactivations. However, there is no consensus 
in the literature on which accumulation period has the greatest 
influence on such triggers (Rosi et al. 2021; Salee et al. 2022; Nocen-
tini et al. 2024a, b).

In order to determine the most relevant rainfall accumulation 
period affecting Cazzaso landslide reactivations, a ML approach 
has been evaluated. ML algorithms enable computers to learn from 
data, identifying logical patterns among them and making deci-
sions based on that learned information (Hastie et al. 2001). These 
techniques are becoming popular worldwide because they allow 
to quickly process large datasets without requiring any statistical 
assumptions on their frequency distribution. The most sophisti-
cated ML algorithms also provide interpretative metrics that allow 
verifying the reliability of model outcomes. As an example, in the 
field of landslide studies, these metrics can be assessed to evaluate if 
the logical reasoning learned by the model is plausible from a geo-
morphological perspective (Nocentini et al. 2023; Steger et al. 2024).

Specifically, we used the Random Forest (RF) algorithm (Brei-
man 2001; Catani et al. 2013), which offers several advantages, 
including the ability to calculate the Out-of-Bag Error (OOBE). 
This measure assesses the importance of each input variable by 
evaluating the potential error introduced when a specific variable is 
excluded (Molnar 2020). This model also allows the calculation Par-
tial Dependence Plots (PDPs). The plots are a XAI technique that 
illustrates the marginal effect of a specific variable on the model’s 
predictions, revealing the nature of the relationship (direct, inverse, 
or complex) between the input and landslide probability (Friedman 
2001; Molnar 2020; Nocentini et al. 2024a, b; Schlögl et al. 2025).

The variables importance analysis (OOBE) was used to identify 
the most important accumulation period among different cumu-
lative rainfall analysed; while PDPs were used to identify which 
rainfall value of the selected accumulation period had the greatest 
influence on landslide reactivations.

Several accumulation periods were considered to calculate 
cumulative rainfall: from 1 to 10 days with steps of 1 day, and peri-
ods of 15, 30, and 60 days. These values were calculated for all reac-
tivation events above the 1 cm/day GNSS threshold (116 events, as 
described before). A non-reactivation dataset was also created by 
randomly sampling, within the study period, the same number of 
events, with velocities below the 1 cm/day threshold. This random 
sampling approach, widely supported in the literature (Catani et al. 
2013; Reichenbach et al. 2018; Tehrani et al. 2022), helps prevent the 
unintentional selection of non-reactivation events associated with 
specific rainfall conditions, thereby ensuring a more representative 
and unbiased input for model training.

The database was then randomly divided into 80% training and 
20% test datasets. The training set was used to train the model 
to identify a logical pattern between cumulative rainfall data and 
reactivations. By using the training set, the model also computes 
the variables importance and create the PDPs. The test set was used 
to evaluate the model’s predictive capability. The model was imple-
mented in MATLAB using the TreeBagger function for classification 
tasks. Apart from specifying the number of trees (500), all other 
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hyperparameters were left at their default settings, as they provided 
satisfactory performance during preliminary tests. By default, no 
limit is set on tree depth (trees grow until all leaves contain one 
observation, controlled by a MinLeafSize of 1); splits continue as 
long as a node has at least two observations; and the number of pre-
dictors considered at each split is set to the square root of the total 
number of input variables. The sensitivity analysis was performed 
by running the model 10 times, each run with a random division of 
training and test datasets, to assess its robustness to variations in 
input data. The variables importance was calculated for each run 
and then averaged. A random variable, with values between 0 and 1, 
was added as an additional input variable to test the model’s ability 
to recognize its irrelevance and to verify the presence of overfitting 
issues. The RF model was trained with 500 trees, after its stability 
was verified with higher values during preliminary analysis. The 
model’s accuracy was checked by the use of the Receiver Operating 
Characteristic (ROC) curve and the calculation of the AUC (Area 
Under the Curve, which ranges between 0 and 1) parameter, for 
both the rain gauges.

In order to clarify whether the reactivations of the Cazzaso land-
slide are primarily triggered by short and intense rainfall events or 
by antecedent rainfall, once the most important cumulative rainfall 
variable and its corresponding rainfall value with the highest influ-
ence were identified, a comparison with the performance of I–D 
thresholds is performed.

Results

GNSS and rainfall data
The comparison of the mean precipitation and the number of dis-
placements above the velocity threshold is shown in Fig. 3, taking 

into account the comparison in temporal distribution on a monthly 
scale. On a monthly basis, the velocity threshold was exceeded 
mainly in fall and winter (October, November, December and Janu-
ary), while this was less frequent in summer from June to Septem-
ber (Fig. 3 black line). CASO and Tolmezzo rain gauges recorded 
an average annual rainfall of 1295.41 mm/year and 2081.2 mm/
year, respectively. Regarding monthly rainfall averages, most rainy 
months were October and November for both rain gauges. Janu-
ary and August are characterized by less rain, with average rainfall 
values below 98.78 mm/month and 92.98 mm/month for CASO 
(Fig. 3 brown bars), while for Tolmezzo pluviometer, January and 
March are resulted to be months with less rainfalls, respectively 
with 107.88 mm and 136.40 mm (Fig. 3 yellow bars).

Rainfall thresholds macumba

The I-D thresholds for Cazzaso landslide were derived following 
the procedure outlined in “I-D Rainfall thresholds” section. Table 1 

Fig. 3   Comparison on monthly base between mean rainfall and number of accelerations above the velocity threshold

Table 1   I-D thresholds parameters for each pluviometer

Pluviom-
eter

NRG (h) α low 
critical-
ity level 
(mm)

α mod-
erate 
critical-
ity level 
(mm)

α high 
critical-
ity level 
(mm)

β (−)

CASO 30 7.3 18 72  − 0.42

Tolmezzo 38 6.9 12 42  − 0.41
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summarizes the I-D threshold parameters for the three-critical-
ity level obtained applying MaCumBA, while Table 2 shows their 
respective performance. A “No Rain Gap” (NRG) of 30 h with CASO 
and one of 38 h with Tolmezzo was derived from the ID thresh-
olds (Table 1), respectively. An in-depth analysis of the thresholds 
(Table 2) revealed their low performances and reliability, since they 
were able to identify a correlation with only a few reactivations and 
issuing many false alarms. This result pointed out that the landslide 
reactivation may be linked to longer rain events, not detectable with 
I-D rainfall thresholds, or to different triggering factors.

Random forest and variables importance analysis

Once the RF model was trained and tested, its performances were 
verified. Considering the CASO rain gauge, average AUC of the 
test phase was 0.684 (± 0.055), while with Tolmezzo pluviometer 
data average AUC was 0.915 (± 0.046). This difference in results is 
linked with the higher completeness of rain time series of Tolmezzo 
station.

Even if the model trained with Tolmezzo data was more reliable 
than the one trained with CASO data, analysed described below 
were made considering both stations.

After RF model training and testing, XAI methods were applied 
to identify the most influent rainfall cumulation period and to 
derive rainfall thresholds. Figure 4 shows the importance esti-
mates for each cumulative rainfall variable, calculated over the 
investigated accumulation periods (CR_x, where x represents the 
accumulation period in days) for CASO and Tolmezzo rain gauges. 
The bars represent the average importance obtained across 10 runs, 
while the whiskers indicate the observed range, from minimum to 
maximum values.

During preliminary analysis, the random variable showed a 
negative impact using both rain gauges, confirming that the model 
correctly identified it as irrelevant and even counterproductive in 
forecasting the reactivations. Therefore, the subsequent analyses 
were carried out without this variable. Since the random vari-
able importance was negative, the hypothesis of overfitting could 
be discarded (Rosi et al. 2021, 2023). Using the CASO rain gauge, 
medium duration rainfalls, specifically 7, 8 and 9 days, exhibit the 
highest importance. While, for the Tolmezzo rain gauge, a strong 
importance of the 8-day cumulative rainfall emerges among oth-
ers. In contrast, shorter accumulation periods (e.g., 1–3 days) and 
longer ones (e.g., over 30 days) show a lower influence on landslide 

activations for both rain gauges. These findings align with this type 
of landslide: the Cazzaso landslide is deep-seated, therefore short 
periods are insufficient to allow the infiltration and accumulation 
of enough water for the reactivation of the landslide. At the same 
time, the type of deposits (mainly glacial and fluvioglacial) where 
the landslide formed, means that rainy periods longer than a week 
are not necessary for the infiltrated rainwater to reach the sliding 
surface.

For the CASO rain gauge, the 7, 8, and 9-day cumulative rainfall 
values were selected for further analysis using PDPs, based on their 
high and similar importance. In contrast, for the Tolmezzo rain 
gauge, only the 8-day cumulative rainfall was selected, as it clearly 
has a higher OOBE value than other cumulation periods.

Partial dependence plots

PDPs have been used to visualize the effects of rainfalls on land-
slides reactivations, since they allow understanding the relationship 
between input variables (rainfall data in this case) and the trained 
learning models.

Figures 5 and Fig. 6 show the PDPs obtained for the CASO and 
Tolmezzo rain gauges, respectively, over ten model runs.

These plots display a consistent pattern across all cumulative 
rainfall durations analysed (7 in Fig. 5a, 8 in Fig. 5b, and 9 in Fig. 5c 
days for CASO; 8 days for Tolmezzo in Fig. 6): the predicted land-
slide probability initially increases with rainfall, reaches its maxi-
mum value, and then stabilizes, indicating a threshold beyond 
which additional rainfall does not further increase the reactiva-
tion probability. This behaviour aligns with the expected physical 
response: for each cumulation period, low rainfall values having 
limited influence, while higher cumulative rainfall contributes more 
on slope instability. This pattern is in line with actual knowledge 
of landslide behaviour and confirms the physical plausibility of 
the predictions.

For the CASO rain gauge, all three rainfall accumulation periods 
(CR_7, CR_8, and CR_9) showed a similar pattern, with peaks of 
importance at around 90 mm. These peaks were interpreted as crit-
ical rainfall thresholds beyond which the probability of landslide 
reactivation becomes significant. In contrast, for the Tolmezzo rain 
gauge, the most significant increase in importance was observed 
around 50 mm for the 8-day cumulative rainfall. This difference 
between the two rain gauges is likely due to the higher complete-
ness of the Tolmezzo rainfall data, which may have enabled the 

Table 2   I-D performance for each rain gauge. Correct Alarm (CA), MA Missed Alarm (MA) and False Alarm (FA)

CASO Tolmezzo

CA MA FA CA MA FA

Low 11 15 54 2 7 73

Moderate 7 - 8 6 - 10

High - - - - - -

Total 18 15 62 8 7 83

Total reactivations detected 33 15
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model to identify correlations between rainfall and landslide reac-
tivations more accurately.

To assess the predictive capability of these thresholds and their 
applicability for a prototypal early warning system, a binary clas-
sification was performed to evaluate model performance in dis-
tinguishing reactivation vs. non-reactivation events for the whole 

observed period (2015-May 2024). Table 3 summarizes the perfor-
mance metrics computed for each threshold.

For CASO, performance remains relatively stable across the 
three accumulation periods tested, with a slight increase in TP from 
CR_7 to CR_9. CR_9 led to the highest number of TP (47) but also 
resulted in the highest number of FP (286). On the other hand, the 

Fig. 4   Histogram of variable importance estimates for each cumulative rainfall variable tested, along with the random variable, for the rain 
gauges (a) CASO and (b) Tolmezzo

Fig. 5   PDPs obtained for different rainfall accumulation periods: (a) 7 days, (b) 8 days and (c) 9 days by using the CASO rain gauge. Red lines 
indicate rainfall thresholds and correspond to peaks in the gradient of variable importance
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Tolmezzo threshold (CR_8 = 50 mm) achieved higher TP (72) but 
with a substantial increase in FP (992) due to the lower threshold.

From Table 3 also emerges the relatively low number of FN asso-
ciated with Tolmezzo rain gauge (44) compared to higher values 
observed for the CASO thresholds (ranging from 69 to 72). This 
indicates that the Tolmezzo threshold is more effective at captur-
ing reactivation events, even if at the cost of a higher number of FP. 
In operational EWSs contexts, minimizing FN is often prioritized, 
as missed alarms can result in severe consequences (Sättele et al. 
2016; Guzzetti et al. 2020; Nocentini et al. 2024a, b). Therefore, the 
Tolmezzo threshold can be considered the most performant among 
those analysed for forecasting Cazzaso landslide reactivations. It 

is also worth noting that the 44 false negatives observed for the 
Tolmezzo threshold may not necessarily represent rainfall-induced 
reactivations. These could instead correspond to internal move-
ments within the landslide body, such as slow creep, internal col-
lapses, or compaction processes, which are not directly triggered by 
rainfall but are part of the landslide’s natural kinematic evolution.

Finally, a comparison was made between rainfall thresholds 
and displacement thresholds derived from GNSS monitoring, as 
presented in Table 4. This comparison aimed to evaluate whether 
exceedances of antecedent rainfall thresholds correspond to sig-
nificant ground displacements. When the CASO CR_9 threshold 
was exceeded, 20 GNSS measurements showed displacements 
over 3 cm/day, compared to 25 in the non-exceedance condition. 
This suggests that rainfall alone may not fully explain displace-
ment patterns, and other triggering or preparatory factors might 
be involved. Similarly, for Tolmezzo, 25 displacements > 3 cm/day 
occurred during threshold exceedance, which is comparable to the 
20 displacements observed when the threshold was not exceeded. 
These results highlight that while rainfall thresholds are effective 
in predicting reactivations, they may not always correspond to 
significant displacements, emphasizing the need for multi-sensor, 
multi-parameter early warning approaches.

Discussion
A landslide monitoring system is required to provide reliable and 
continuously updated data for quantitatively catching the sce-
nario evolution, thus allowing a forecasting analysis and prompt 
actions for risk mitigation (Casagli et al. 2023). The monitoring of 
the spatial and temporal evolution of landslides is therefore cru-
cial to evaluate the hazard, manage the risk, and define preven-
tion and mitigation strategies (Cenni et al. 2021). The increasing 
availability of monitoring techniques, and thanks to the continuous 
improvement in data analysis techniques, research in the field of 
LEWS has seen remarkable advancements over the past decade. 
The identification of controlling factors of landslide occurrence is 
difficult, because the relationship between landslides and the causa-
tive components varies spatially and temporally (Zhou et al. 2002). 
Nevertheless, a full understanding of these factors is relevant for the 
assessment of natural hazards (Borgomeo et al. 2014) and of their 
direct effects (Franceschini et al. 2022a)

This study focuses on the deep-seated landslide affecting the 
area of Cazzaso (Tolmezzo, Udine), which extends over approxi-
mately 1.7 × 1.1 km. The geodetic monitoring system, operational 
since 2016 and developed by the Centro di Ricerche Sismologiche 
(CRS) of the Istituto Nazionale di Oceanografia e di Geofisica Speri-
mentale (OGS), in collaboration with the Regional Civil Protec-
tion, provides continuous displacement measurements, ensuring 
excellent temporal resolution of the data. The monitoring network 

Fig. 6   PDPs obtained for the 8-day cumulative rainfall by using the 
Tolmezzo rain gauge. Red line indicates the rainfall threshold and 
corresponds to the peak in the gradient of variable importance

Table 3   Performance obtained using the rainfall thresholds identi-
fied with XAI

Rain gauge Antecedent rain-
fall threshold

TP FN FP TN

CASO CR_7 = 90 mm 44 72 193 2657

CR_8 = 90 mm 46 70 235 2615

CR_9 = 90 mm 47 69 286 2564

Tolmezzo CR_8 = 50 mm 72 44 992 2392

Table 4   Performance obtained by comparing the different GNSS thresholds levels with rainfall thresholds exceedance

Antecedent Rainfall Threshold
CASO Tolmezzo

GNSS threshold CR_9>90mm CR_9<90mm CR_8>50mm CR_8<50mm

>1cm & <2cm 19 34 36 17

>2cm & <3cm 8 10 11 7

>3cm 20 25 25 20
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currently covers a limited area of approximately 200 × 250 m, pri-
marily concentrated around the inhabited zone. This spatial con-
straint is a result of strategic choices aimed at civil protection, 
prioritizing potentially hazardous surface movements near the 
village. The monitoring system comprises 12 single-frequency GPS 
stations and 2 dual-frequency GNSS stations, complemented by one 
rain gauges, allowing for integrated analysis of displacement time 
series and precipitation data. While the network is not designed to 
detect large landslide deformations, it provides reliable and con-
tinuous measurements of superficial slope movements within and 
immediately upslope of the village (Tunini et al. 2024b; Zuliani et al. 
2022a). In addition to GNSS monitoring, multi-temporal InSAR and 
LiDAR analyses have been employed to enhance the understand-
ing of the landslide’s kinematics and morphology. These datasets 
have been integrated into 2D and 3D numerical stability models, 
contributing to hazard assessment and early warning efforts for this 
deep-seated moraine-based landslide system (Tunini et al. 2024a; 
Buono et al. 2025). Landslide activity in this area has been histori-
cally documented since at least 1807. A significant event occurred 
in October 1851, when a rotational–flow movement destroyed a por-
tion of the original settlement, prompting the foundation of ‘Caz-
zaso Nuova’ approximately 1 km downslope. More recent observa-
tions also indicate superficial mass movements involving the upper 
slope and the inhabited sector. For example, 5/03/2016; 3/04/2024 
and 15/05/2024, Friuli Venezia Giulia Civil Protection notices sig-
nificant events of the landslide due to heavy rainfall of the past few 
days. Some phenomena were also surveyed within the multi-risk 
information gateway landslide inventory from newspaper reports 
(developed by Battistini et al. 2013) and classified by Franceschini 
et al. (2022b) From this inventory, it is possible to extract additional 
reactivations in the years affecting the area: 29/04/2017; 06/12/2020; 
02/11/2023; 03/04/2024; involving also a road closure due to land-
slide movement.

In previous works (Peressi 2019), the landslide was identified 
as rainfall-driven, so the definition of statistical rainfall thresh-
old was initially attempted, for establishing warning levels. This 
approach led to the definition of I-D thresholds; however, their 
validation revealed poor performances and unreliability. Given 
that the Cazzaso landslide is quite large and deep, it is possible 
that simple empirical/statistical approaches are inadequate to 
depict its complex internal rheology, hence more sophisticated 
models should be used. For defining rainfall thresholds, two sta-
tions have been analysed. Even if CASO rain gauge could be con-
sidered highly representative as it is located inside the sliding 
mass, time series were incomplete, with several data interruption, 
so data from Tolmezzo rain station were used as well. Although 
the Tolmezzo rain gauge provides a longer and more continuous 
record, its greater distance from the landslide may make rainfall 
measurements slightly less representative of local conditions. For 
a more effective early-warning implementation, it would there-
fore be important to improve the continuity and reliability of the 
CASO rain gauge, and to repeat the analyses once a longer and 
complete dataset becomes available, in order to refine and vali-
date the rainfall thresholds. It is important to note that the GNSS 
network supports a monitoring objective rather than a real-time 
early warning function. As such, the data are analyzed over daily 
timescales to detect trends in surface displacement, rather than to 
activate immediate response protocols. The monthly distribution 

of GNSS data and precipitation showed a seasonal trend. In the 
fall and winter months (from October to March), the number 
of GNSS threshold exceedances increases, while the amount of 
precipitation usually remains relatively constant.

An approach based on RF model and XAI techniques (OOBE 
to define variables importance and PDPs to visualize their influ-
ence) was used to identify the most influential rainfall parameters. 
The results highlighted that medium-term cumulative rainfall (7, 
8, and 9 days considering CASO rain station and 8 days consider-
ing Tolmezzo pluviometer), has the greatest impact on landslide 
reactivation.

For the Tolmezzo rain gauge, the rainfall threshold of 50 mm 
over 8 days resulted in the lowest number of FN, demonstrating 
higher predictive performance compared to the thresholds iden-
tified with RF for the CASO rain gauge and the traditional I–D 
method (only 15 reactivation events were correctly associated 
with rainfall using I–D thresholds for Tolmezzo). The inconsist-
ency in results of ID thresholds and the relatively high number of 
FN in the RF models, combined with the well-known seismicity 
of the area, suggested the possibility of the coexistence of differ-
ent triggering factors. To investigate this hypothesis, the database 
provided by CRS (https://​terre​moti.​ogs.​it/) was used to identify 
earthquakes with a magnitude greater than 2. It includes earth-
quakes that occurred in north-eastern Italy and the surrounding 
area from January 1, 1977, to the present day. However, no correla-
tion between reactivations and seismic events was identified. Data 
from accelerometer and velocimeter located in CASO station (in 
Cazzaso village) were analysed as well, considering 3 days before 
and after each landslide reactivation. No signals attributable to the 
landslide movement were detected. These findings of this work are 
consistent with the geomorphological characteristics of the land-
slide. While short rainfall events are insufficient to induce reactiva-
tion due to limited infiltration amount of water that can infiltrate, 
very long accumulation periods may not be necessary, as the fail-
ure surface is not extremely deep and the soil can be considered 
as medium permeability. The histograms of variables importance 
(Fig. 2) also revealed that daily rainfall has minimal or even nega-
tive importance for the model’s predictive performance. These find-
ings align with actual understanding of the response to rainfall of 
deep landslides. However, due to a lack data, the current work does 
not account for subsurface hydrological states (e.g., soil moisture, 
groundwater), which can strongly modulate the slope response to 
rainfall. Future work should integrate such variables to improve 
the knowledge of landslide behavior, leading to the definition of 
a refine landslide model, which is essential to properly set-up a 
proper LEWS.

Overall, these results confirm the robustness of the proposed 
ML framework in identifying rainfall thresholds that are both 
physically meaningful and operationally effective. This approach 
provides an innovative way to identify reliable rainfall thresholds. 
Nevertheless, rainfall thresholds should be re-estimated in view 
of changes in rainfall intensity and duration. Indeed, landslide 
risks could be exacerbated by global changes such as increased 
in the frequency or magnitude of rainfall (Patton et al. 2019). The 
empirical thresholds used in the current system are based on his-
torical rainfall–displacement relationships, which may evolve due 
to climate variability. Future developments could include the inte-
gration of non-stationary models or probabilistic approaches to 

https://terremoti.ogs.it/
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dynamically update threshold values, enhancing the system’s long-
term robustness.

Conclusions
The work is based on the current monitoring system adopted and 
in place by CRS – National Institute of Oceanography and Applied 
Geophysics—OGS. The aim of this work is to extract rainfall 
thresholds for landslide reactivations. The monitoring system each 
hour automatically acquires data from GPS/GNSSs and rain gauge. 
By applying a velocity threshold specifically for GPS/GNSS instru-
ments, it was possible to create an inventory of landslide reactiva-
tions, a novel aspect that provides valuable insights for conducting 
important analyses. Since traditional empirical approaches failed 
to define reliable rainfall thresholds for the case of study an inno-
vative approach based on the interpretability of ML algorithms 
was used to identify rainfall thresholds. The use of PDPs allowed 
for a rapid and simple evaluation of the influence of cumulative 
rainfall over multiple time windows, enabling the identification 
of the most significant accumulation period in a straightforward 
way. This framework proved to be particularly effective in a con-
text where traditional I–D threshold methods failed to capture the 
triggering conditions of the Cazzaso landslide, since the landslide 
is not directly influenced by short-duration and intense rainfall. 
In contrast to I–D approaches, the ML-based analysis successfully 
revealed that the 8-day cumulative rainfall is the most relevant pre-
dictor of reactivation, providing reliable thresholds for support-
ing GNSS system for operational warning purposes. The proposed 
methodology can be applied to assess the role of short and long 
terms rainfalls in landslide reactivations across different geomor-
phological and climatic settings, as it based on rainfall and dis-
placement data. However, rainfall thresholds should be re-estimated 
when a consistent number of new GPS/GNSS acquisition will be 
available, in view of changes in rainfall intensity and duration, due 
to climate changes. While tailored to a specific site, the detailed 
outline of this tool can be valuable in addressing similar situations. 
Furthermore, some of these solutions may be broadly applicable, 
even in entirely different contexts.
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