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A B S T R A C T

Landslides can significantly affect cultural heritage sites worldwide, often leading to irreversible damage and loss 
of invaluable cultural assets, and the assessment of the spatio-temporal distribution of such processes in 
culturally relevant sites is still a challenge. In this study, we propose a workflow to assess landslide susceptibility 
at the catchment scale and landslide dynamics, in terms of state of activity, at the slope scale with reference to 
built environments. A fully open-source and quantitative approach that integrates machine learning methods and 
persistent scatterer interferometry is proposed. The workflow was tested to identify cultural heritage sites 
potentially affected by landslides in a catchment of the Northern Apennines (Italy) characterized by the 
occurrence of earth slides and earth flows. The research reveals that 18 sites are located in highly susceptible 
terrains and five of them display notable displacement rates. Two sites in the highest susceptibility class and with 
high displacements rates were selected as case studies. One of the sites showed displacement rates up to 8 mm/ 
year, while the second one up to 80 mm/year. A seasonal pattern of displacements was observed, with higher 
rates during summer and autumn. The analysis suggested a remarkable influence of topographic conditioning 
factors for the identification of earth slide susceptibility, while lithology was more important for the identifi-
cation of earth flow susceptibility. Limitations due to the widespread occurrence of landslides characterized by a 
complex style of activity and the yearly update schedule of the interferometric data used are acknowledged. 
Nonetheless, the proposed workflow demonstrates its replicability with minimal operational costs to assess 
landslide susceptibility and state of activity in diverse geomorphological contexts.

1. Introduction

Landslides are a natural process that encompasses both the sudden or 
gradual movement of debris, rock, and/or earth down a slope under the 
influence of gravity (Cruden and Varnes, 1996; Borgatti and Soldati, 
2010; Crozier, 2010). While varying in their velocity of movement, these 
processes can pose a significant threat to human lives and livelihood, 
infrastructure, and cultural heritage (Lee and Jones, 2004; Glade and 
Crozier, 2005; Corominas et al., 2014; Micu et al., 2022). Landslide 
studies are not only fundamental to avoid potential life and economic 
losses (Crozier, 1986; Turner and Schuster, 1996; Glade and Crozier, 

2005), but also to avoid the degradation and loss of value of culturally 
significant structures. Landslides are one of the main natural threats to 
the preservation of cultural heritage worldwide (UNESCO, 1972; 
UNESCO et al., 2010; ICOMOS, 2000, 2020; Bonini et al., 2023). 
Therefore, assessing landslide spatial and temporal frequency of occur-
rence is crucial when developing cultural heritage safeguarding 
strategies.

The first step of such a strategy can be a landslide susceptibility 
assessment. Landslide susceptibility is defined as the spatial probability 
of occurrence of a specific landslide type in a defined area (Brabb, 1984; 
Glade and Crozier, 2005). Susceptibility can be assessed using a wide 

* Corresponding author at: Department of Chemical and Geological Sciences, University of Modena and Reggio Emilia, Modena, Italy.
E-mail address: carlotta.parenti@unimore.it (C. Parenti). 

Contents lists available at ScienceDirect

Geomorphology

journal homepage: www.journals.elsevier.com/geomorphology

https://doi.org/10.1016/j.geomorph.2024.109522
Received 27 May 2024; Received in revised form 24 October 2024; Accepted 17 November 2024  

Geomorphology 469 (2025) 109522 

Available online 20 November 2024 
0169-555X/© 2024 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

mailto:carlotta.parenti@unimore.it
www.sciencedirect.com/science/journal/0169555X
https://www.journals.elsevier.com/geomorphology
https://doi.org/10.1016/j.geomorph.2024.109522
https://doi.org/10.1016/j.geomorph.2024.109522
http://creativecommons.org/licenses/by/4.0/


Fig. 1. Lithological map of the study area (A), and landslide state of activity and cultural heritage sites of the Scoltenna catchment (B).
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range of methods whose selection should consider the project objectives, 
the mapping scale and size of the study areas, the environmental 
context, and the type of landslide under analysis (Soeters and van 
Westen, 1996; Guzzetti et al., 1999; van Westen et al., 2008; Hervás and 
Bobrowsky, 2009).

For large areas with complex geological and geomorphological set-
tings, it is recommended to assess landslide susceptibility through data- 
driven models due to the spatial variability of soil and rock geotechnical 
properties that are key inputs for physically-based models (Carrara 
et al., 1991; Hervás and Bobrowsky, 2009; Corominas et al., 2014; 
Reichenbach et al., 2018). Several statistical methods have been 
deployed to assess landslide susceptibility, such as the information value 
(Yin and Yan, 1988; Jade and Sarkar, 1993; Chen et al., 2016; Bonini 
et al., 2020; El-Fengour et al., 2021), weights of evidence (Piacentini 
et al., 2012; Liberatoscioli et al., 2017; Barella et al., 2019), logistic 
regression (Ayalew and Yamagishi, 2005; Mancini et al., 2010; Zêzere 
et al., 2017; Broeckx et al., 2018; Chalkias et al., 2020), and generalized 
additive models (Petschko et al., 2014; Goetz et al., 2015; Steger et al., 
2016, 2017; Brock et al., 2020). Machine learning algorithms, such as 
support vector machines (Pourghasemi et al., 2013; Hong et al., 2015; 
Chen et al., 2017) and Random Forest (Xu et al., 2012; Goetz et al., 2015; 
Pourghasemi and Rahmati, 2018; Zhou et al., 2021) have also been 
deployed in landslide susceptibility studies, and the interest in deep 
learning algorithms is growing (Sameen and Pradhan, 2019; Bui et al., 
2020; Van Dao et al., 2020; Saha et al., 2023; Meng et al., 2024; Yang 
et al., 2024; Yu et al., 2024).

Statistically-based regional landslide susceptibility assessments 
aiming at identifying potentially affected cultural heritage sites are less 
common in literature, and some of them are not fully quantitative. 
Tarragüel et al. (2012) used spatial multicriteria decision analysis to 
assess landslide and avalanche susceptibility aiming at identifying 
possible adverse consequences to the cultural heritage of Upper Svaneti 
(Georgia). Klimeš (2013) assessed landslide susceptibility and frequency 
with a statistical approach at the Machu Picchu UNESCO World Heritage 
Site (WHS) and its surroundings. At the Matera archaeological area 
(Italy), Sdao et al. (2013) used neuro-fuzzy networks to identify criti-
cally susceptible areas. In Cyprus, Agapiou et al. (2015) identified nat-
ural and anthropogenic threats to the cultural heritage of Paphos District 
using the Analytical Hierarchy Process. Nicu (2018), Nicu and Asan-
dulesei (2018) and Lombardo et al. (2020) produced landslide suscep-
tibility maps using different statistical methods in the Moldavian 
Plateau, aiming to identify potentially threatened Cucuteni Neolithic 
sites. In the Honghe Hani UNESCO WHS (China), Jiao et al. (2019)
mapped landside susceptibility through different data-driven methods, 
suggesting a method that could be replicated for other UNESCO sites. 
Kim and Kim (2021) overlapped cultural heritage site locations in the 
Chungcheong region (Korea) with a susceptibility map obtained through 
an ensemble of statistical and machine learning methods to select 
potentially threatened cultural heritage sites for future studies. In the 
Sikkim Himalayas (India), Saha et al. (2021) explored how changes in 
land use, landcover and rainfall regimes alteration due to climate change 
can impact debris and rock fall susceptibility, resulting in an increased 
exposure of cultural heritage to those landslide types. Yang et al. (2023)
used a combination of methods on to evaluate, at the regional scale, the 
risk posed by different processes (including landslides) to the Yongtai 
Fortified manors (China). Potential natural and anthropogenic threats, 
including landslides, to the conservation of the ancient city of Ibb 
(Yemen) were assessed using a hybridized method AHP method by 
Dammag et al. (2024), revealing that most of the area is classified as 
high and very high risk of degradation. The majority of the mentioned 
regional scale studies were focused on establishing landslide spatial 
probability, with few examples that analyzed both landslide suscepti-
bility and state of activity.

The growing availability of Earth Observation products and the ad-
vances in computing capabilities have not only made the gathering of 
information to perform data-driven landslide susceptibility analysis less 

time-consuming but also facilitated the monitoring of landslide state of 
activity over extensive areas. In particular, the use of spaceborne Syn-
thetic Aperture Radars (SAR) for landslide detection and monitoring is 
promising due to their all-weather imaging capabilities and wide terri-
torial coverage (Massonnet and Feigl, 1998; Wasowski and Bovenga, 
2014; Mondini et al., 2021).

Multitemporal differential interferometry (MT-DInSAR) techniques 
allow the detection of terrain displacements achieving millimeter ac-
curacy (Ferretti et al., 2001). In particular, Persistent Scatterer Inter-
ferometry (PSI) is one of the most widely-used MT-DInSAR techniques to 
obtain terrain displacement time series exploring the stable signal 
reflection of natural or built surfaces (Persistent Scatterers, henceforth 
referred to as PS) over a stack of multitemporal interferograms (Ferretti 
et al., 2001; Colesanti and Wasowski, 2006). PSI has been used to 
monitor volcanic activity (Hooper et al., 2004; Terranova et al., 2015; 
Wang et al., 2018), subsidence phenomena (Teatini et al., 2012; Raspini 
et al., 2014; Rosi et al., 2016; Amato et al., 2020; Mancini et al., 2021; 
Ng et al., 2023; Qiao et al., 2023; Wu et al., 2023; Zhou et al., 2024), and 
displacements due to slow and very-slow moving landslides (Colesanti 
and Wasowski, 2006; Bianchini et al., 2013; Notti et al., 2014; Wasowski 
and Bovenga, 2014 Piacentini et al., 2015; Ciampalini et al., 2016a, 
2016b; Mantovani et al., 2016; Carlà et al., 2019; Cignetti et al., 2023).

MT-DInSAR have been previously used to identify and characterize 
potential landslide effects on cultural heritage sites. Gigli et al. (2012)
integrated detailed geological mapping, geomechanical survey, terres-
trial laser scanner surveys, numerical and kinematic analysis, and PSI to 
investigate the instability mechanisms of the Mdina bastions and the 
Citadel sites of the Maltese Islands. The PROTection of European Heri-
tage from GeO-hazards (PROTEGHO) project low-impact multiscale 
method combined MT-DInSAR and other geomatic survey techniques 
aiming to diagnose the situation of cultural heritage sites and support 
safeguarding strategies (Themistocleous et al., 2016, 2017, 2021). The 
PanGeo methodology is another example, as demonstrated by Cigna 
et al. (2015) in the study of the Greater London metropolitan area. The 
potential to produce a priority list of hazardous zones that demand 
attention in cultural heritage sites based on MT-DInSAR is further 
demonstrated by Pastonchi et al. (2018) at the regional scale for the 
UNESCO World Heritage Sites of Tuscany (Italy). Using MT-DInSAR and 
in situ geomatic surveys, Reale et al. (2019) assessed the potential 
structural effects of slow-moving landslides in the St. Gerlando Cathe-
dral (Agrigento, Italy). Most studies deploying MT-DInSAR aimed at 
characterizing the state of activity and/or the displacements effects on 
built structures over extensive areas. However, studies that also pro-
vided information on landslide spatial probability are less common, and 
this type of information could be useful for cultural heritage manage-
ment and related decision-making processes.

In this paper, we aim to fill the gap for a regional scale landslide 
susceptibility and state of activity analysis for identifying potentially 
affected built environments. The paper outlines an open-source and 
quantitative workflow for such purpose. The workflow integrated data- 
driven landslide susceptibility mapping and MT-DInSAR, and was tested 
to identify cultural heritage sites that can be affected by landslides in a 
catchment located in the Northern Apennines (Italy).

2. Study area

The Scoltenna stream catchment (approximately 280 km2) is located 
in the Modena Apennines (Fig. 1), Emilia-Romagna Region, Northern 
Italy. The main geological units of the Modena Apennines are repre-
sented by the Tuscan Unit (composed of siliciclastic deep-water turbi-
dites), the Ligurian Unit (deep-sea oceanic sediments with Jurassic 
ophiolites covered by calcareous terrigenous turbidites), the uncon-
formably overlying Epi-Ligurian successions (mainly terrigenous sedi-
ments), and the Plio-Eocene marine-terrigenous deposits that rest 
unconformably over the Epi-Ligurian and Ligurian units (Bertolini et al., 
2005). Hinterland-to-foreland propagating thrusts, folds and faults were 
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developed during the collisional event when the tectonic units belonging 
to the oceanic domain (Ligurian Domain) and the epicontinental margin 
(Tuscan Domain) were transported to the east (Carosi et al., 2004).

The sedimentary marine rocks originated mostly in a period between 
the Lower Cretaceous and the Upper Pliocene were raised and deformed 
during the orogenic phases that led to the current structure of the 
Northern Apennines. The geology of the study area can be summarized 
as a heterogenous alternation of prevalently clayey layered rock types 
(in the south of the Scoltenna catchment) with intensely fractured 
sandstones and limestones (mainly in the northern sector of the catch-
ment) (Abbate et al., 1970; Piacentini et al., 2018).

In the Scoltenna catchment, the slopes are prone to landslide pro-
cesses because of the physical weathering of the geological formations, 
the decay of mechanical properties, and the progressive water absorp-
tion (Bertolini et al., 2002; Bertolini et al., 2005). The landforms 
occurring in the catchment are the result of a series of morphogenetic 
processes generally linked to lithological-structural factors, climatic 
conditions, and anthropic activities (Soldati, 1997). The prevalent 
clayey nature of the rocks, their tectonization, intense and/or prolonged 
rainfall contribute to the occurrence of slope movements of various 
types, sizes and ages. The landslide types are essentially conditioned by 
the mechanical characteristics of the geological formations. Landslides 
due to flow are typical of the predominantly clayey soils which, soaked 
in by precipitation waters, give rise to plastic-viscous movements 
(Tosatti, 1982; Cancelli et al., 1987). The most frequent landslide types 
in the study area are dormant and active earth slides and flows (Bertolini 
and Pellegrini, 2001; Ronchetti et al., 2007; Castaldini et al., 2012; 
Bertolini et al., 2017; Mulas et al., 2018; Piacentini et al., 2018; Parenti 
et al., 2023).

Rainfall is the main landslide trigger in the Scoltenna catchment, 
with a secondary contribution of snowmelt and rare cases in which 

earthquakes played a central role in landslide triggering (Castaldini 
et al., 2012; Bertolini et al., 2017; Piacentini et al., 2018). Rainfall 
pattern is orographically influenced, and the average total annual pre-
cipitation is 1,227 mm in the lower Scoltenna catchment and 1,902 mm 
in the upper Scoltenna catchment (data recorded in the period 
1954–2022) (https://www.arpae.it/). The climate of the area is classi-
fied as “sub-continental” and locally as “cool-temperate” with a mild 
temperate climate (Cfa) (Köppen, 1931).

3. Materials and methods

Our approach for the identification of potentially landslide-affected 
built environments can be summarized in three steps (Fig. 2): a) Land-
slide susceptibility assessment, performed independently for each 
landslide type, and then integrated in a synthetic map; b) Analysis of 
open and free interferometric products and reprojection of the line of 
sight velocities to the steepest slope direction; and c) ranking of the 
cultural heritage sites by their susceptibility level and displacement 
values, with the analysis of the temporal evolution of displacements.

3.1. Landslide susceptibility maps

Landslide location, type, style of activity, and state of activity were 
retrieved from the Italian Landslide Inventory (IFFI) freely available for 
the whole country at the ISPRA Idrogeo platform [https://idrogeo.ispra 
mbiente.it/app/iffi] (Trigila et al., 2010; Iadanza et al., 2021). Landslide 
state of activity registered in the IFFI is based on direct field evidence, 
archive data, aerial photo interpretation, and radar interferometry. A 
given landslide is defined as dormant if it has not experienced a reac-
tivation event in the last year. The rationale of the one year-threshold is 
that during one year a slope is subject to one or more wet seasons, and a 

Fig. 2. Workflow of the proposed approach.
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period of snowmelt in certain Italian regions, which may cause landslide 
reactivation (Pasuto and Soldati, 1996; Borgatti and Soldati, 2005; 
APAT, 2004) A total of 424 landslide polygons are classified as active in 
the Scoltenna catchment according to the IFFI (182 earth slides, 117 
earth flows, 81 with complex style of activity, 40 of undetermined type, 
and 4 rock fall source areas). Active landslides correspond to 11.22 km2 

of the catchment (approximately 4% of the total area).
The conditioning factors data for the landslide susceptibility models 

were derived from different data sources and can be grouped into three 
categories: morphometric, lithological, and landcover (Table 1). Slope 
Units (SU) were employed as the cartographic unit for the landslide 
susceptibility assessment. SU derivation is based on drainage and ridge 

lines and can be considered more geomorphologically accurate than the 
traditional, arbitrarily sized, grid-based approach for regional suscep-
tibility assessments (Carrara, 1983; Guzzetti et al., 1999). SU partition 
was obtained from the DTM using the Slope Unit Maker version 1.1.3 
(SUMak), recently introduced by Woodard et al. (2024). The SU mean 
and standard deviation of morphometric conditioning factors were 
derived, while for the other types of conditioning factor the percentage 
of SU area covered by each class was considered, totaling 20 indepen-
dent input features for the susceptibility model (Table 1).

Slow-moving earth slides and earth flows are the predominant 
landslide processes in the Scoltenna catchment as shown by Parenti et al. 
(2023). In this paper, we considered that earth slides and the less 
frequent block slides that occur in the upper part of the catchment could 
be merged into a single class for the susceptibility model. A similar 
simplification was deployed for the earth flows partially covered with 
rock falls deposits, but in this case, rock falls were not considered in the 
model, being flow assumed as the dominant landslide mechanism. We 
used this categorization due to the prevalence of earth slides and earth 
flows in the study area, with the aim to outline the most susceptible 
terrains on a catchment scale.

In the IFFI landslide inventory, some of the mapped landslides 
display a complex style of activity according to Cruden and Varnes 
(1996), while others were classified as of undetermined type. To include 
those landslides in our modeling framework, we reclassified the complex 
and undetermined type landslide polygons based on two criteria (Fig. 3).

Given the different kinematics of earth flows and earth slide pro-
cesses, the susceptibility to each one of those processes was assessed 
independently through a Random Forest (RF) machine learning algo-
rithm (Breiman, 2001), a non-parametric technique based on an 
ensemble of decision trees. Two independent RF classifications were 
trained using 500 trees with maximum tree depth equal to 7. Different 
tree depths were tested to evaluate the effect of tree depth on accuracy. 
The value was selected in a preliminary step and the selection aimed to 
maximize accuracy while also avoiding deeper trees that could lead to 
model overfitting. Accuracy was assessed using repeated k-fold cross- 
validation (Kohavi, 1995), resulting in 500 estimates of classifications' 
accuracy (100 repetitions of 5-fold cross-validation) for each landslide 
type. Model accuracy was assessed through the Area Under Curve (AUC) 

Table 1 
Selected landslide conditioning factors and their data sources.

Conditioning factor Data source

Morphometric Slope (mean and σ) DTM of the Emilia-Romagna 
region (5 m res.)

Profile curvature (mean and 
σ)

DTM of the Emilia-Romagna 
region (5 m res.)

Planar curvature (mean and 
σ)

DTM of the Emilia-Romagna 
region (5 m res.)

Northness (mean and σ) DTM of the Emilia-Romagna 
region (5 m res.)

Eastness (mean and σ) DTM of the Emilia-Romagna 
region (5 m res.)

Topographic Wetness Index 
(mean and σ)

DTM of the Emilia-Romagna 
region (5 m res.)

Convergence Index (search 
radius = 10 cells) (mean and 
σ)

DTM of the Emilia-Romagna 
region (5 m res.)

Convergence Index (search 
radius = 50 cells) (mean and 
σ)

DTM of the Emilia-Romagna 
region (5 m res.)

Flow accumulation (log- 
scale) (mean and σ)

DTM of the Emilia-Romagna 
region (5 m res.)

Geological Lithology (% of SU covered 
by each class)

Geological maps of the Emilia- 
Romagna and Tuscany regions 
(1:10.000 scale)

Landcover Landcover (% of SU covered 
by each class)

Corine Landcover Plus (10 m)

Fig. 3. Procedure used to reclassify the undetermined type landslides and the ones with complex style of activity, based on lithology and geomorphological 
interpretation criteria.
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of the Receiver Operating Characteristics (ROC) curve (Bradley, 1997; 
Fawcett, 2006), which was computed for each test fold and summarized 
by its Interquartile Range (IQR) across all repetitions. A SU was used as a 
landslide sample for the RF classification if it contained a landslide 
register in the IFFI inventory (141 earth flow affected SUs and 145 earth 
slide affected). An equal number of non-landslide-affected SUs were 
randomly selected for the application of the RF classifier.

Conditioning factor importance for each of the classifications was 
assessed through the mean decrease in the Gini coefficient. This metric 
indicates how much a variable contributes to the separation of tree 
nodes containing mixed labeled elements (i.e., landslide and non- 
landslides) into single-class nodes (Han et al., 2016). The higher the 
value assumed by the mean decrease in the Gini importance coefficient, 
the higher the usefulness of the variable for the classification (Han et al., 
2016).

The best-performing RF models were used to separately estimate 
earth flow and earth slide spatial probabilities across all SUs. Finally, to 
combine the maps, the prediction probabilities for each landslide type 
were classified into four quartiles, from low to high susceptibility. The 
reclassified maps were then combined in a map with 16 unique classes 
from low (S1-F1, which indicates low susceptibility both to earth slides 
and earth flows) to high (S4-F4). The combination was carried out 
following Lombardo et al. (2020) approach to combining SU-based 
landslide and gully erosion susceptibility maps by map algebra.

The R open-source software (R Core Team, 2019) performed all 
processes described in this section: conditioning factor data processing 
using the rsagacmd package (Pawley, 2023), deploying the SUMak R- 
code, and RF training and prediction using the caret package (Kuhn, 
2008).

3.2. Landslide susceptibility and state of activity at cultural heritage sites

The location of cultural heritage sites in the study area was extracted 
from the online platform curated by the Regional Secretariat for the 
Emilia-Romagna Region (https://www.patrimonioculturale-er.it/webgi 
s/), a catalog compiled by the regional authority as part of the response 
efforts to the damages resulting from the Emilia-Romagna 2012 earth-
quake. The database was queried for the architectonic and archaeolog-
ical sites of cultural significance at national and regional levels.

A total of 92 architectonic sites and zero archaeological sites were 
identified in the study area (Table 2). The sites were built between the 
Medieval epoch and the XX century, mostly ecclesiastic properties such 
as churches, monasteries, and chapels. Several cultural heritage sites are 
located in the vicinity of dormant and active landslides according to the 
IFFI (Fig. 1). However, the database does not provide information about 
the state of conservation of the sites and the potential adverse conse-
quences of natural and human-induced processes.

To analyze the landslide state of activity in SUs containing cultural 
heritage sites we used PSI data provided by the European Ground Mo-
tion Service (EGMS) (Table 3). The EGMS calibrated dataset consists of 
PSI derived from Sentinel 1 data from 2015 to 2021 and is made 
available for the territory of all European Union members as part of the 

Copernicus Land Monitoring Services. Calibrated EGMS products are 
referenced using data from GNSS stations spread across the European 
continent and contain no assumptions regarding the direction of the 
terrain displacements (Crosetto et al., 2020; Crosetto and Solari, 2023).

The ground displacement velocities measured along the radar's Line 
of Sight (VLOS) for the ascending and descending orbits were combined 
after reprojecting the VLOS in the steepest slope direction (Vslope) using 
the C-index (Cascini et al., 2010; Notti et al., 2014). The C-index 
amounts to the percentage of displacement measured by the radar and 
can be obtained with Eq. (1), which requires: a) the directional cosines 
of the sensor LOS during data acquisition (N, E, and H); and b) slope (s) 
and aspect (a), derived from the DTM. After computing the C-index for 
each PS, the Vslope values can be calculated through Eq. (2) (Cascini et al., 
2010; Notti et al., 2014). 

C = {N⋅[ − cos(a)⋅cos(s) ] }+ {E⋅[ − 1⋅sin(a)⋅cos(s) ] }+ [H⋅sin(s) ] (1) 

Vslope =
VLOS

C
(2) 

The computation of Vslope using the C-index can result in a potential 
bias due to the assumption that the direction of movement is the steepest 
slope direction when projecting VLOS. Aiming to mitigate this bias, a PS 
selection procedure was used (Bianchini et al., 2013; Herrera et al., 
2013; Notti et al., 2014; Cignetti et al., 2023): a) Exclusion of PS with C- 
index value inside the range [− 0.2, 0.2], that indicate an overestimation 
of Vslope resulting from the projection along the slope direction; b) 
Removal of PS in areas with slope gradient under 5◦, due to projection 
exaggeration and to possible detection of subsidence movements and c) 
PS with velocities >+2 mm/year were discarded since they are not 
geomorphologically reasonable for landslide studies (e.g., a landslide 
moving upslope). The deployed PS selection procedure results in a 
reduction of the PS population.

PSI data was integrated with the SU-based susceptibility map by 
computing the mean of the Vslope modulus for each SU containing three 
or more PS. Then, for each cultural heritage site, the susceptibility level 
and the SU mean Vslope modulus were retrieved and analyzed aiming to 
identify the sites that could be affected by active landslides. Moreover, 
we selected a cultural heritage site located in an SU classified as one of 

Table 2 
Cultural heritage sites by category and epoch as registered in the Emilia-Romagna WebGIS database.

Site category Number of sites Epoch

Not indicated Medieval Renaissance Modern Contemporary

Bridge 10 1 1 3 1 4
Religious building 52 5 10 12 18 7
Graveyard 12 12 0 0 0 0
Landmark 3 0 0 1 1 1
Residential Building 5 2 0 2 0 1
Fortress 6 1 3 1 0 1
Civil structure 3 0 0 0 1 2
Windmill 1 0 0 1 0 0
Total 92 21 14 20 21 16

Table 3 
Statistics of the interferometric data from 2016 to 2021.

Geometry

Ascending Descending

Temporal coverage 10-02-2015 to 23-12- 
2021

15-04-2015 to 27-12- 
2021

Number of PS 36,802 32,623
PS density (PS/km2) 130.26 115.39
Mean VLOS (mm/year) − 2.65 − 1.81
Maximum positive VLOS (mm/ 
year)

10.6 11.6

Minimum negative VLOS (mm/ 
year)

− 20.9 − 20.7
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Fig. 4. Prediction probabilities for earth slide (A) and earth flow (B) landslide types; Reclassified susceptibility map into four quartiles for earth slide (C) and earth 
flow (D); and the result of the combination of the reclassified susceptibility maps into a susceptibility map with 16 classes (E).
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the most susceptible and one of the higher displacements as a case study. 
In the case study, the displacement values provided in the EGMS dataset 
for each image acquisition were summarized yearly and on a seasonal 
basis to assess the temporal evolution of displacements and the presence 
of seasonal behaviors. For the seasonal mean displacement computation, 
we considered the astronomical seasons for the northern hemisphere (e. 
g., defined by the solstices and equinoxes).

4. Results

4.1. Landslide susceptibility maps

Based on the cross-validation results, the earth slide and earth flow 
susceptibility models have high predictive performances, with median 
AUC ROC values of 0.72 and 0.88, respectively. The best-performing 
models achieved AUC ROC values of 0.90 and 0.97 for the earth slide 
and earth flow models, respectively. The susceptibility models also show 
high robustness and stability in the predictions, with AUC ROC inter-
quartile ranges under 0.10 for both susceptibility models (0.088 for the 
earth slide model and 0.054 for the earth flow model) The parameters of 
the best-performing models were used to estimate earth slide and earth 
flow spatial probabilities across all SUs (Fig. 4A and B).

The reclassified maps into four quartiles (Fig. 4C and D) were com-
bined into a susceptibility map with 16 classes (Fig. 4E). In the sus-
ceptibility map, one can notice that the lower sector of the Scoltenna 
stream catchment is highly susceptible to both landslide types, but 
mainly to earth flows. In the lower Scoltenna catchment, some north- 
facing SUs are depicted as highly susceptible to earth flows and with 
low susceptibility to earth slides (S1-F4 in the susceptibility map). This 
shows that the Random Forest classifier was able to capture the indi-
vidual contributions of the conditioning factors to the occurrence of 
each particular landslide type, despite being trained with the same set of 
conditioning factors.

Conditioning factor importance show that morphometric properties 
of the SUs related to hydrology (e.g., flow accumulation, convergence 
index, planar and profile curvature, and TWI) are more significant to the 
earth slide model than they are for the earth flow model (Fig. 5). On the 

other hand, most of the lithological classes are more meaningful for the 
earth flow model. Moreover, for the earth flow model, there is a ten-
dency for the standard deviation of the morphometric variables for the 
SU to be more relevant than the mean value for the SU.

4.2. Persistent Scatterer Interferometry (PSI)

The PSI analysis shows that most of the Scoltenna stream catchment 
is affected by displacements that can be caused by landslides (Fig. 6A 
and B), although most of it shows slow VLOS. After the computation of 
Vslope, for a population composed of 69,425 PS (36,802 from ascending 
orbit and 32,623 from the descending orbit) the following number of PS 
was discarded in each step of the selection procedure: a) 17,013 PS 
based on the C-index threshold; b) 6823 based on the slope angle 
threshold; and c) 6000 PS based on the Vslope threshold. The PS popu-
lation was reduced by 43% (Table 4). The relatively high number of 
discarded PSs could be the result of the presence of a significant number 
of shallow slopes and the uncertainty related to the DTM heights and the 
resolution of the DTM that could affect the estimation of the slope 
inclination value. Nevertheless, the PS population for the combined 
orbits (Fig. 6C) still has a density of approximately 141 PS/km2 

considering the total catchment area a mean of 226 PS/km2 by SU. 
Nearly 27.5% (n = 172) of the SUs were discarded due to a low PS 
population (<3 PS) (Table 4).

4.3. Cultural heritage sites potentially affected by landslides

The Scoltenna catchment cultural heritage sites are spread all over 
the area, except for the uppermost zone of the catchment characterized 
by higher elevations and steeper slopes of the Northern Apennines that 
mark the border between the Emilia-Romagna and Tuscany regions 
(Fig. 7). Most of the sites (52) fall into the low to moderately low sus-
ceptibility classes for both processes (S1-F1 to S2-F2) (Fig. 7) and PSI 
data shows that the majority of the SUs where these sites are located 
display 1st and 2nd quartile mean displacement values for the period 
2015–2021. Most of those sites are bridges, religious buildings, and 
residential buildings located in SUs containing dormant landslides along 

Fig. 5. Random Forest classification conditioning factor importance for the earth slide susceptibility model and the earth flow susceptibility model.
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the course of the Scoltenna stream. Only one of the fortresses of the 
catchment is located in an SU characterized by a low susceptibility level 
(S1-F2) but with mean displacement in the 3rd quartile of values 
(Fig. 7).

On the other end of the susceptibility classification, 18 cultural 
heritage sites are located on SUs with the highest susceptibility to both 
landslide types (S4-F4), most of them also religious buildings, bridges, 
graveyards, and fortresses. Out of the 18 sites, 5 show mean displace-
ment values on the time series in the 4th quartile (Fig. 7), mainly bridges 
and fortresses. The high susceptibility level of the SUs containing for-
tresses can be associated with the topographic position of those struc-
tures, usually constructed on hilltops that provide a strategic viewpoint 
for military purposes. On the other hand, bridges with high displace-
ment levels, such as the Medieval Olina Bridge (Fig. 8), have their 
displacement associated with other structural deformations since there 
is no field evidence of landslides affecting this structure.

To exemplify our approach, we selected two cultural heritage sites in 
the highest susceptibility class to both processes: the Gaiato Tower 
(Fig. 9A) and the Sacra Famiglia oratory (Fig. 9B). The tower is the last 
remnant of a fortress built in the XII century and stands on a hilltop (926 
m) close to the crown of a landslide of complex style of activity whose 
first description dates to the XVII century and is named after the Gaiato 
locality in the lower sector of the catchment (Tosatti, 1982).

The nearly 3 km long accumulation zone of the Gaiato landslide 
moves mainly due to earth flows on the clay terrains of the Chaotic 
complex. This mechanism can lead to rock falls and block slides 
detaching from the sub-vertically fractured calcarenites of the 

Fig. 6. PSI data coverage in the study area. (A) PS ascending orbit mean Line of Sight Velocities (VLOS) for the Sentinel-1 time series; (B) PS descending orbit mean 
VLOS; and (C) Results of the VLOS projection to the local steepest slope direction and computation of its modulus, resulting in Vslope.

Table 4 
Statistics of the interferometric data after the reprojection along the steepest 
slope.

Geometry

Ascending Descending Ascending +
Descending

Number of selected PS 20,575 18,974 39,549
Selected PS density (PS/km2) 73.482 67.764 141.246
Mean of selected PS density by 
SU area (PS/km2)

226.405

Maximum negative Vslope (mm/ 
year)

− 80.269 − 76.498 − 80.269

Mean Vslope (mm/year) − 6.183 − 4.424 − 5.339
Number of Slope Units with >3 
PS

453

Number of no data Slope Units 
(<3 PS)

172

Mean selected PS population by 
SU

87.220

Slope Unit maximum mean 
Vslope module (mm/year)

15.347

Slope Unit minimum mean 
Vslope module (mm/year)

1.462

Slope Unit mean of mean Vslope 

module (mm/year)
5.703
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Bismantova Formation (Gelmini and Pellegrini, 1969; Tosatti, 1982). 
Moreover, the upper part of the landslide is registered in the official 
landslide inventory as a deep-seated gravitational slope deformation 
(Iadanza et al., 2021). The reactivation of a deep rupture surface is 
associated with the infiltration of rainfall in the fracture networks of the 
Bismantova Formation, eventually reaching the less permeable clay 
formations underneath (Gelmini and Pellegrini, 1969; Tosatti, 1982). 
The most recent movements occurred after intense rainfall between 
March and April 2013.

The Sacra Famiglia oratory is located in the upper sector of the 
Scoltenna catchment (1,188 m), in the Faidello fraction of the Fiumalbo 
municipality. The small oratory was built in 1845 and is the main 
reference point of the village. The whole village stands on top of an 
active landslide with complex style of activity, mainly due to a slow- 
moving earth flow mechanism, with a total area of approximately 
320,000 m2 as registered in the IFFI. The area is located in the higher 
zones of the catchment and is characterized by the contact between 
three lithologies: block-in-matrix rocks with shale matrix (Sestola- 
Vidiciatico unit); Macigno Formation sandstones; and argillaceous 
breccias (Sestola-Vidiciatico unit).

Interferometric data for the Gaiato SU (Fig. 10A and C) show two 
displacement episodes and a tendency to higher displacement values 
during autumn and summer (Fig. 10C). During the first episode, the 
mean annual displacement increased from approximately 1.6 mm in 
2015 to nearly 5.5 mm in 2018, with a mean displacement of 5.5 mm 
during the summer of 2018 (Fig. 10C). From 2018 to 2020, the mean 
annual and seasonal displacements remained relatively stable at around 
5.8 mm/year (Fig. 10C). The second acceleration episode takes place 
from 2020 to 2021 (the last year in the interferometric time series) and 
shows a significant increase in the displacement rate (up to approxi-
mately 7.8 mm during the summer of 2021).

PSI analysis revealed that the Oratory SU displayed a consistent in-
crease in the displacement rates in the period 2015–2021 (Fig. 10B and 
D). In 2015, the mean displacement was 7.8 mm and the area has 
experienced a sharp increase from 2016 onwards, with a mean value of 
77.4 mm in 2021. The same seasonal displacement pattern observed in 
the Gaiato Tower SU could be observed in the oratory SU. Mean seasonal 
displacement tend to be higher during autumn and summer, respectively 
82.8 mm and 78.2 mm in 2021.

Fig. 7. Cultural heritage sites of the Scoltenna catchment, color-coded by SU Vslope quartiles and superimposed to the susceptibility map. Graph with site category 
according to the susceptibility level and SU mean displacement quartiles.
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5. Discussion

The susceptibility modeling resulted in reasonably accurate pre-
dictions for the identification of areas prone to earth slides and earth 
flows at the regional level. Previous studies in the area were mainly 
focused on the analysis of specific landslides (Gelmini and Pellegrini, 
1969; Tosatti, 1982) and the coupling between fluvial and slope dy-
namics (Parenti et al., 2023). Landslide susceptibility mapping results 
showed: a) that the standard deviation of morphometric parameters can 
better depict the SU morphometric variability related to the large earth 
flow affected areas, while the mean is more useful to identify the smaller 
earth slide affected areas; and b) in the study area, earth slides are 
mainly topographically controlled, whereas lithological controls are 
more relevant for earth flow susceptibility.

The standard deviations of morphometric parameters allow to 

capture the variability of the terrain morphometry across the slope unit. 
Thus, its stronger relation with earth flows can be associated to a better 
representation of the geomorphological variability of the terrain that 
determines the occurrence of such landslides in the study area. This 
finding suggests that the use of more statistical measures in suscepti-
bility models can help researchers to identify different relationships 
between landslides and their conditioning factors. Future research can 
select critical areas for detailed studies aiming to explore the afore-
mentioned relationships between different landslide types and condi-
tioning factors in other areas of the Modena Apennines.

The integration of the susceptibility map with interferometric data 
allowed us to identify two sites in the highest susceptibility class to both 
landslide types and with concerning displacement rates in the period 
2015–2021. Additionally, the seasonal analysis of the displacement time 
series for the Gaiato Tower and Oratory SUs shows that faster mean 

Fig. 8. The Olina Bridge during filed surveys in May 2023 when it was being repaired due to the increase in the number of cracks in the structure.

Fig. 9. The Gaiato tower in the lower sector of the Scoltenna catchment (A); and the Sacra Famiglia oratory in the Fiumalbo municipality (B). Source: Ufficio 
Nazionale per i beni culturali ecclesiastici e l'edilizia di culto (B).
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displacement rates take place during summer and autumn. For the 
Gaiato Tower SU, we outline two hypotheses to explain the observed 
seasonal pattern of displacement: a) it could be related to the time that 
rainfall water takes to infiltrate and reach the rupture surfaces associ-
ated with the underlying clay formations; and b) the higher observed 
displacements during the summer could be related to the drying of the 
clay formations, resulting in a vertical displacement of the landslide 
body. Those hypotheses could be further tested in future studies by 
detailed geotechnical and geomorphological surveys in the area. In the 
oratory SU, we associate the higher and constant displacement rates to 
the higher annual rainfall and a potential contribution of snowmelt.

Our approach shows the potential of the integration of quantitative 
susceptibility modeling with PSI data for the identification of potentially 
landslide-affected built environments in a cost- and time-effective 
method, that can be entirely reproduced with open-source data and 
software in different geomorphological and climatic contexts. The SU- 
level susceptibility map allows the acquisition of a catchment-wide 
notion of the potential landslide effects on buildings, while the use of 
data from MT-DInSAR provides a more detailed assessment of the sites 
that are potentially affected by past and current phenomena. Our 
approach applicability is not restricted to cultural heritage sites but 
could be reproduced for any other type of built environment. The two 
case studies show that the method is applicable in areas with different 
geomorphological and land cover characteristics.

On the other hand, two main drawbacks can be highlighted. The first 
one is related to the inevitable simplification of the landslide style of 
activity involved in susceptibility modeling (Guzzetti et al., 1999; 

Corominas et al., 2014), such as in the case of the Gaiato landslide. 
However, this can be considered a minor limitation for this research 
since the simplification is supported by field evidence and the suscep-
tibility map's purpose was to provide a wider view of landslide dynamics 
in the area. In other geomorphological and climatic contexts where 
complex landslides are less frequent this limitation should not be a 
serious issue.

The second limitation is related to the interferometric data. The 
EGMS data has a limitation for the monitoring of ongoing displacements 
since the datasets are updated every 12 months due to the continental 
scale of the EGMS project (Crosetto and Solari, 2023). Nevertheless, our 
approach is useful for identifying cultural heritage and other built 
structures whose slopes have higher displacement rates in the time series 
provided by the EGMS. For those slopes, the second limitation can be 
overcome by processing recent SAR data aiming to monitor ongoing 
processes as suggested by Crosetto and Solari (2023). Such an approach 
results also in a less computationally intensive process due to the smaller 
size of the SAR datasets that need to be analyzed (i.e., the areas previ-
ously identified in the EGMS data with higher displacements). Addi-
tionally, the analysis of recent SAR datasets could be done using higher- 
resolution SAR products aiming to better depict the spatio-temporal 
distribution of displacements.

6. Conclusions

In this paper, we integrated landslide susceptibility assessment and 
interferometric data to identify cultural heritage sites potentially 

Fig. 10. Gaiato tower slope unit and distribution of PSI data (A); Oratory slope unit and distribution of PSI data (B); Vslope seasonal and annual means for the Gaiato 
slope unit (C) and the Oratory slope unit (D).
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affected by landslides. We tested this approach in a catchment of the 
Modena Apennines (Italy) that is affected mainly by earth slides and 
earth flows. Our results show that most of the cultural heritage sites are 
situated in areas with low to moderately low susceptibility to the 
analyzed landslide types. However, floods and other geomorphic pro-
cesses whose analysis was outside of the scope of this paper can 
potentially affect those sites' integrity and could be analyzed in a future 
multihazard study. Eighteen sites are located on terrains with the 
highest susceptibility level and five of them displayed high displacement 
rates in the analyzed time frame (2015–2021).

Therefore, the main advantages of our proposal are its reproduc-
ibility and flexibility, since only open data and open software were used 
to achieve the results. This characteristic allows the identification of the 
potential consequences of natural hazards to built environments effi-
ciently and cost-effectively. The proposed workflow can be applied in 
diverse geomorphological and climatic contexts, considering other 
landslide types, other geomorphic processes, and also structures other 
than cultural heritage sites. In summary, this study provides insights into 
landslide susceptibility and state of activity, demonstrating the potential 
for practical application for the evaluation of the potential effects of 
landslides on built environments.
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