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Highlights 
 

o Up-to-date information on landslide inventories is crucial for directing appropriate land use 

planning and implementing mitigation solutions.  

 

o Aim of the work: identifying high-priority areas warranting in-depth investigations for 

updating landslide inventories on a multi-scale basis. 

 

o At every spatial scale, artificial intelligence supported the effective management of massive 

amounts of remote sensing data (i.e., A-DInSAR analysis) employed for the update.  

 

o Regional scale: landsides were semi-automatically assigned to a priority rank through a 

density-based aggregation method that combined geospatial constraints with displacement 

measures. 

 

o Local scale: differential spatio-temporal displacement patterns of a landslide system were 

defined through InSAR post-processing analyses, and a Bayesian model applied to the time 

series.  

 

o Multi-scale: a first InSAR screening was combined to multitemporal analyses on UAS-based 

products to detect early instability precursors on slopes along a highway. 

 

o The three approaches represent a multi-scale workflow and can support local and national 

authorities in updating landslide inventories. 
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Extended abstract 
 

Landslides are acknowledged as one of the most critical geo-hazards at the global scale, as 

they threaten human safety, impact social and economic aspects, and cause instantaneous and 

drastic changes in the landscape depending on the volume of material involved in the displacement. 

Considering the landslide typologies and magnitudes variability, along with the evidence that past 

events may likely represent the preferential path for the activation or reactivation of future 

instabilities, the need to record the spatial occurrence and geomorphological characteristics of such 

phenomena is undeniable. Landslide inventories fulfil this purpose by recording the extent and the 

specific morphographic and morphodynamic peculiarities of slope processes at different spatial 

scales.  As such, they stand as a pivotal tool not only for the morphoevolution analysis of the 

landscape but, above all, as a fundamental step for an accurate evaluation of hazards and risks 

associated with these phenomena, thus playing a crucial role for authorities and decision-makers to 

implement development plans and prioritise mitigation measures implementation.  

To ensure appropriate land use planning, information on landslide spatial and temporal 

distribution requires frequent and extensive updates and should be easily exploitable by 

government authorities. The inventory maps currently suffer from outdated, fragmented and partial 

records, imputable to the fact that the updating process often depends on catastrophic triggering 

event occurrences (e.g., earthquakes and prolonged or intense precipitations) or scientific projects, 

limited in time. The adequate implementation, updating and use of slope processes distribution data 

for urban planning holds significant contemporary relevance for scientific and practical applications. 

Furthermore, directing planning and economic efforts in areas where predisposing factors 

pervasively influence the slope morpho-evolution is still challenging. This work aims to investigate 

the application of remotely sensed data, with specific regard to advanced satellite interferometry 

analysis, for updating landslide inventories from a morphographic and morphodynamic point of 

view on a multi-scale-basis, thus providing a clear direction on identifying high-priority areas 

warranting in-depth investigations at regional to local scales. Considering the challenge of 

investigating millions of measuring points (i.e., Persistent Scatterers-PS) derived from the InSAR 

analysis, the support of artificial intelligence facilitated the effective management of a vast amount 

of data, which is hampered when applying traditional inventory methods. The implemented 

methodology, benefitting from the support provided by user-friendly artificial intelligence models, 

can be incorporated into a multi-scale workflow, offering support to authorities responsible for 

updating local, regional, or even national-scale landslide inventories. 

On the regional scale, the landslide prioritisation was based on a clustering analysis that 

considered the effective interdependence of the single measuring point with its neighbours. The 

aggregation algorithm, namely Density-Based Spatial Clustering of Applications with Noise 

(DBSCAN), has allowed a robust, statistically-driven aggregation of millions of measuring points 

due to their density and the similarity in inherent displacement characteristics. Topological 

constraints incorporated in the clustering workflow favoured the correct discrimination of moving 

PS related to a specific process from those representing adjacent ground deformation. Moreover, 

outliers were effectively filtered and excluded from further analysis. The resulting PS clusters,  
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accurately representing the extension of areas experiencing active and homogeneous deformational 

behaviour, were then integrated into a ranking process. The integration of this clustering procedure 

in a semi-automatic selection workflow proved its efficacy in the quick identification and ranking of 

slope processes that require a thorough evaluation of their morphographic boundaries. 

At the local scale, along with a thorough examination of the morphographic and 

morphodynamic characteristics of the single slope process, the analysis of the displacement 

temporal evolution (related to the interplay of preparatory and triggering factors on the rock mass) 

was also considered. Specifically, the study was targeted at investigating landslide systems, where 

differential morphodynamics complicates the assessment of a comprehensive deformational 

scenario. To better depict the internal displacement heterogeneity, a post-processing analysis was 

conducted on the PS data to derive the bidimensional displacement vector, resulting from the 

combination of the measurements obtained from each orbital satellite geometry. The statistical 

analysis carried out on the resultant decomposed displacement vector provided substantial results 

in entangling the superimposition of the kinematics associated with the different sectors composing 

the landslide system. Furthermore, a Bayesian model was applied to the time series of the resultant 

vector to highlight anomalous trends and acceleration periods for each sector of the system, then 

compared with site-specific meteo-climatic factors. This approach allowed for a more robust 

correlation between accelerations in disruption rates and factors destabilising the slope (i.e., 

preparatory and triggering). Eventually, it was possible to identify specific sectors within the 

landslide system that required monitoring or prioritised mitigation measures. 

When nationwide transportation corridors are involved, providing a quick and accurate 

indication of the slope sectors susceptible to the most severe instabilities enables the subsequent 

planning of detailed analysis and monitoring surveys tailored to the specific criticality degree. For 

those cases where the interferometric technique is not feasible enough to investigate slope instability 

(e.g., fast landslide kinematics and topographical limitations), a multi-scale approach is best suited. 

The first screening phase of a km-wide highway corridor was conducted through the application of 

interferometric analysis, which can identify active ground deformations related to slow phenomena 

or the displacement of debris talus derived from rockfalls and debris detachments. After selecting a 

few specific areas of investigation, multitemporal UAS-based high-resolution products were 

acquired to further analyse the slope at the local and microscale. Object-Based Image Analysis and 

change detection techniques were applied to multispectral and optical products: several early 

instability precursors and micro-landforms were identified, particularly those linked to rill erosion, 

that already started impacting and damaging the road infrastructure and the operating mitigation 

measures. The applied two-phase approach provided effective outcomes in identifying the areas of 

the slope most susceptible to disruption, supporting the selection of specific critical scenarios that 

demand immediate attention to safeguard network security and functionality and allowing for the 

planning of preventive measures instead of mitigation ones alone.  
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Plain language summary 
 

Landslides occur in mountainous terrains worldwide: the soil or rock transported by a 

landslide often impacts urban settlements, causing deaths and economic damage to activities and 

infrastructures. Since past landslides can be reactivated over time or may initiate new failures in the 

vicinity because they compromise the slope stability, it is essential to record the place and extent of 

the phenomena that have already occurred. Landslide inventories serve this scope, as they record 

the extent and the specific characteristics (i.e., typology, last reactivation, internal components) of 

landslides within maps or databases. Consequently, landslide inventories are fundamental tools for 

analysing landscape evolution, assessing landslide risks, and guiding authorities in development 

plans and mitigation measures. Information on landslide maps needs to be regularly updated and 

easily exploited by government authorities to ensure appropriate planning. However, outdated, 

fragmented, and incomplete records are common issues with the current inventory maps. This can 

be related to the fact that the updating process is frequently linked to the occurrence of catastrophic 

triggering events (such as earthquakes or heavy rainfall), which serve as the primary input for 

massive but short-term investigations. Thus, it is not uncommon that, between one catastrophic 

event and another, it can take even years before the extent and characteristics (e.g., activity and 

intensity) of landslides can be modified and updated again. This has enormous repercussions in 

terms of land use and urban planning. In some areas, due to the lack of updated landslide 

information, there may be no restrictions imposed on building or economic activities. Therefore, this 

absence of restrictions may endanger both the infrastructure safety and human lives. Therefore, 

finding a method which allows for periodic, systematic and cost-effective updating is essential not 

only for scientific research purposes but also to successfully manage the problem of land use 

planning in those countries (such as Italy) that are exposed to very high hydrogeological risk. 

This work aims to investigate the application of remotely sensed data, in particular satellite 

interferometric (i.e., radar-based) analysis, for updating landslide inventories and provide a clear 

direction on identifying high-priority areas warranting in-depth investigations at regional to local 

scales. The support of artificial intelligence facilitated the effective management of a vast amount 

(several million) of measuring points derived from the interferometric analysis, which is not feasible 

to investigate through manual inspection. The implemented methodology, benefitting from the 

support provided by artificial intelligence models, can be incorporated into a consistent workflow, 

helping authorities to update local, regional, or even national-scale landslide inventories. 

The present research project is, therefore, composed of three successive analyses, each one 

focusing on investigating a specific spatial scale, hence representing a workflow that can be 

progressively adopted when updating an inventory. Specifically, I first identified at a regional scale 

those slope processes warranting detailed investigations by ranking each phenomenon based on its 

displacement rates. The priority of a landslide to be investigated is directly proportional to its 

ranking; a higher class implies a higher priority. Then, depending on the specific landslide typology, 

a tailored local-scale investigation was applied to characterise the evolution of the process. For 

landslides moving at slower rates (i.e., from cm to mm per year), satellite interferometry provides 

valuable insights for assessing the deformational behaviour of different moving sectors of a single 
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landslide. I also correlated each moving sector with meteo-climatic factors (like precipitation and 

temperature) and found potential elements that could prepare or trigger the slope to failure. For 

faster slope movement typologies (such as rockfalls) the combination of different platforms and 

sensors to properly investigate the gravitational instability is essential. In these cases, optical and 

multispectral sensors carried by drones can better characterise the slope to detect precursors of slope 

instability (e.g., initial fracturing and incision of the rock mass), allowing for preventive measures 

instead of mitigation alone.  
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2 Introduction 
 

Landslides play a central role in shaping the landscape and are recognized worldwide as one 

of the primary geohazards impacting mountainous regions [Evans et al., 2007; Petley et al., 2007]. 

The quantification of the landslides' impact on both the socio-economic aspects and human lives is 

a subject that, despite emerging in the 1980s, remained relatively unexplored until the early 2000s 

[Petley et al., 2005]. According to several authors [Del Soldato et al., 2019; Gautam et al., 2021], each 

year landslides lead to extensive damage, including the destruction of towns and infrastructures, 

fatalities, injuries, and significant economic losses to national economies. Landslides exhibit 

discontinuity concerning their timing and geographical occurrence, and they possess an inherent 

variability in their magnitude even when activated by the same triggering event [Guthrie and Evans, 

2007]. In light of these considerations, it becomes evident the importance of systematically gathering 

and preserving data on the geographical occurrence of landslides, given the interdependence 

between past events and the likelihood of future instability in the same or adjacent locations [Samia 

et al., 2017]. Landslide inventory maps serve this purpose as they document the extent of gravity-

driven processes at multiple scales (from small watersheds to global scales), study the 

morphoevolution of landscapes dominated by mass-wasting processes, and represent the pivotal, 

preliminary step toward landslide susceptibility, hazard, and risk assessment [Guzzetti et al., 2000; 

Galli et al., 2008; Van Westen et al., 2008]. In addition, they represent indispensable tools for 

authorities and decision-makers to implement development plans and prioritise the funding of risk 

mitigation measures realisation [Corominas et al., 2014]. Despite significant technological 

advancements in mapping techniques and exponential growth of the availability of Earth 

observation data, producing a landslide inventory that is complete and accurate in both space and 

time is still challenging [Van Westen et al., 2008]. 

The present Chapter offers a first comprehensive overview of the slope instability processes 

and the traditional and recent techniques to produce a landslide distribution map. Eventually, I will 

provide the specific objectives and rationale pursued in this PhD research project. 

 

2.1 Landslide inventories 

2.1.1 Definitions 
Contrary to what the term "landslide" might suggest, in a modern interpretation (referring 

to the last decades), this composite word refers to a more complex and profound concept of the 

phenomenon it strives to describe. The two words, jointly, do not limit either the geomorphological 

process and its landform to the narrow "land" (in the sense of a phenomenon that occurs in a 

subaerial environment or that involves terrain materials) or to a "sliding" movement. Within a 

broader context, "the movement of a mass of rock, earth or debris down a slope" can be referred to 

as a landslide [Cruden, 1991]. From this definition, “landslide” refers to a non-technical and all-

encompassing concept of almost all types of movements and materials involved [Varnes, 1978; 

Cruden, 1991]. Other ordinary expressions often interchangeably used for "landslide" are "mass 
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wasting", "mass movements", and "slope failure", neither of which includes a connotative 

classification meaning based on kinematics [Varnes, 1978; Highland and Bobrowsky, 2008]. 

Therefore, in the present work, I will use each of these terms as synonyms.  

Several studies focused on understanding the various factors representing a specific landslide type. 

The most common classifications [Varnes, 1954, 1978; Cruden and Varnes, 1996; Hungr et al., 2014] 

recall a two-term combination, reflecting the different types of materials and the kinematics. The 

fundamental criterion originally adopted by Cruden and Varnes [1996] is based on 5+1 distinct types 

of movement categories, namely: 1. Falls; 2. Topples; 3. Slides; 4. Spreads; and 5. Flows (the 

additional category is the result of a combination of two or more kinematics, and thus referred to as 

"complex"). Following the update proposed by Hungr et al. [2014], a sixth category related to "slope 

deformation" was added. The material types considered were, in the first place, broad terms (i.e., 

rock, debris, earth). However, not implying any geotechnical indication, Hungr et al. [2014] replaced 

this threefold with a list of material types that could specifically describe the mechanical behaviour 

of the landslide. Figure 2-1 and Figure 2-2 summarise the classification matrices respectively 

proposed by Cruden and Varnes [1996] and Hungr et al [2014].  

 

 

Figure 2-1: Classification system for slope movements (modified after Cruden and Varnes, 1996). 
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Figure 2-2: Revised Varnes classification for landslides (from Hungr et al., 2014). 

Since the evolution of slope failures can occur in different modalities, timing, and intensities, thus 

implicating complex morpho-evolutionary scenarios and disparate effects if human settlements are 

involved, it has become increasingly critical to target efforts in identifying the spatial distribution of 

such movements. Landslide Inventory Maps (LIMs) are used for this purpose, as they record the 

type and extent of the phenomenon and, where known, the date of occurrence [Pašek, 1975; Carrara 

and Merenda, 1976; Hansen, 1984a, 1984b; McCalpin, 1984; Wieczorek, 1984; Guzzetti et al., 2000, 

2012; Mondini et al., 2014; Santangelo 2015]. A further aspect to be taken into account in the 

classification of mass wasting processes is the representation of the state, distribution, and style of 

activity. The state of activity refers to the description of what is known about the timing of the 

process. A brief description of the different states, distributions, and styles of activity, which follows 

the terminology defined by Multilingual Landslide Glossary [WP/WLI, 1993], is reported hereafter.  

The state of activity of a landslide can be defined as follows: 

1. Active: landslides that currently display displacements, including both first-time 

movements and reactivations (in the latter case, the term reactivated is used). 

2. Suspended: landslide that has moved within one annual cycle but is not moving at present. 

3. Inactive: landslides that last moved more than one annual cycle of seasons ago. In this case, 

we may find: a) inactive landslide which can be reactivated by its original causes or other 

causes (dormant); b) inactive landslide no longer affected by its original causes (abandoned); 

inactive landslide which has been protected from its original causes by remedial measures 
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(stabilised); and d) inactive landslide which developed under climatic or geomorphological 

conditions considerably different from those at present (relict). 

 

The distribution activity of a landslide broadly describes where the landslide is moving, and can be 

defined by the following terms [WP/WLI, 1993]: 

1. Advancing: the rupture surface extends in the direction of movement. 

2. Retrogressive: the rupture surface extends in the direction opposite to the movement of the 

displaced material. 

3. Enlarging: the rupture surface of the landslide extends in two or more directions. 

4. Diminishing: the volume of the displaced material is decreasing. 

5. Confined: In a confined landslide there is a scarp but no rupture surface visible at the foot 

of the displaced mass. 

6. Moving: the displaced material continues to move without any visible change in the 

rupture surface and the volume of the displaced material. 

7. Widening: the rupture surface extends into one or both flanks of the landslide. 

 

Eventually, the style of activity indicates how different movements contribute to the landslide 

[WP/WLI, 1993]. The simplest form is the single landslide, which is, intuitively, a single movement 

of displaced material. A multiple landslide shows repeated development of the same type of 

movement. We refer to a complex landslide when it exhibits at least two types of movement in 

sequence, while a composite landslide exhibits at least two types of movement simultaneously in 

different parts of the displacing mass. Lastly, a successive landslide is the same type as a nearby, 

earlier landslide, but does not share displaced material or rupture surface with it. 

Cruden and Varnes [1996] also presented a classification based on the rate of movement of slope 

processes, summarised in Figure 2-3.  

 

Figure 2-3: Landslide velocity scale (from Hungr et al., 2014). 

 

2.1.2 Landslide inventories around the world  
In contrast to the present day, during the latter half of the 20th century, landslides were 

regarded as geohazards of lesser significance when compared to earthquakes, floods, and volcanic 

eruptions. The socio-economic impact of these other natural disasters often overshadowed the 

damages caused by landslides. It wasn't until the 1970s that attention began to convey towards such 
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processes, and recognizing the substantial losses, both in terms of economic repercussions and 

human lives, associated with them. However, early studies quantifying the damages caused by 

landslides remained relatively scarce during this period, as the actual extent of the landslide 

problem was still underestimated [Guzzetti and Cardinali, 1989a; Brabb, 1991; Howell et al., 1999]. 

Among the pioneering works that dealt with a preliminary identification of slope processes, we find 

Brabb and Pampeyan [1972], who prepared a detailed map of landslide deposits for San Mateo 

County, located in the San Francisco Bay. In this region, before the '70s, the landslide inventory 

consisted of no more than 1,200 documented phenomena in the entire Bay. It was only after the 

initiation of dedicated landslide mapping programs by the United States Geological Survey (USGS) 

that the number of identified landslide processes and deposits increased significantly, reaching 

approximately 70,000 mapped entities [Brabb, 1991; Howell et al., 1999]. Additional efforts followed 

the high-intensity storm of 1982, which triggered around 18,000 debris flows, causing at least 65$ 

million in damages and 25 human losses [Ellen and Wieczorek, 1988]. However, while this region 

was taking initial steps towards creating comprehensive maps of landslide vulnerabilities, in other 

parts of the world, landslide inventories still lacked adequate coverage of slope-related processes. 

The research conducted by Brabb and Harrod [1989] stands as a fundamental contribution to the 

study of landslide impacts in the United States. Their work provides a comprehensive examination 

of the geomorphic features of landslides, and their associated economic consequences and impact 

on human lives. More importantly, it has played a pivotal role in increasing awareness about the 

significance of creating landslide inventories and mitigating landslide risks, both on national and 

global scales. 

In New Zealand, Crozier [1991] provided updated information regarding the widespread 

occurrence of landslides induced by heavy rainfall and storms, which represent significant triggers 

for mass movements in the country, resulting in landslide activations nearly every year [Glade and 

Crozier, 1996]. However, exceptional triggering events and consequent emergencies continue to 

represent the primary impulse for landslide mapping efforts. As a result, inventories maintain their 

fragmentary nature and remain applicable at the provincial or district level, contributing to the 

complete lack of a standardised system for maintaining a comprehensive national record of 

landslide phenomena up till 1990 [Glade and Crozier, 1996]. 

In general, examples of databases that, at a national scale, focused on collecting and storing spatio-

temporal information on landslides are recorded simultaneously in various countries around the 

world [Glade and Crozier, 1996]. These collections predominantly included paper documents and, 

to a lesser extent, even initial databases of digital data in Geographic Information Systems (GIS) 

environments. Especially in the Alpine countries of Europe, which have shown a long history of 

catastrophic landslides, the conditions of altered bedrock or the presence of colluvial material and 

unstable glacial deposits, combined with the intensive land use, have accelerated and aggravated 

slope-deterioration processes [Swanston and Schuster, 1989]. Examples of databases in the alpine 

territories are those of France [Casale et al., 1994], Germany [Dikau et al., 1994], Austria [Kronfellner-

Kraus, 1985] and Italy [Guzzetti et al., 1994]. An extensive overview of the Italian inventories will be 

provided in Section 2.1.4. 
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More recently, to obtain a more updated perspective on national landslide inventory maps in 

Europe, the Institute for Environmental Protection and Research (ISPRA) in Rome conducted, in 

collaboration with the Association of Geological Surveys of Europe (EuroGeoSurveys), a brief 

survey dealing with the level of detail, format, last update and other relevant information on the 

existing European databases [EEA, 2010]. Following this endeavour, Van Den Eeckhaut and Hervás 

[2012] conducted the first continental-scale effort to achieve an overview of the landslide database 

of 37 European countries (Figure 2-4). This work consisted of an in-depth analysis of the responses 

to a questionnaire distributed to each national and regional organisation, in addition to a 

comprehensive review of existing literature, websites, and European legislation on the subject. In 

both works, despite many countries currently having national landslide inventory maps, these are 

highly variable regarding scale and level of information. The inventories were also not always 

available to the public. Both works have demonstrated that not only are landslide inventories 

incomplete within the individual states' territory, but that a common overview of the distribution of 

mass wasting processes is hampered by the different levels of detail, scale and classification systems 

adopted [Van Den Eeckhaut and Hervás, 2012].  

 

Figure 2-4: Classified landslide susceptibility map derived from the logistic regression model for the European countries. Canary, 

Madeira, and Azores islands are shown in the bottom left inset (from Van Den Eeckhaut and Hervás, 2012)  

To date, a comparative analysis of spatial and temporal patterns of landslide occurrences worldwide 

using four worldwide landslide databases (i.e., International Disaster Database - EM-DAT, the 

Disaster Inventory System - DesInventar, the Global Landslide Catalogue - GLC, and the Global 
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Fatal Landslide database - GFLD) was carried out by Gómez et al., [2023]. Although characterised 

by different compiling criteria, description details, and spatio-temporal scales, their combination 

allowed to achieve a more complete insight into global landslide occurrence (Figure 2-5). However, 

despite the currently available technology, limitations related to the intrinsic complexity of 

understanding slope processes and the lack of a culture of landslide data collection still exist [Gómez 

et al., 2023]. Hence, the challenges associated with the production and updating of landslide 

inventories persist nowadays. 

 

Figure 2-5: Spatial distribution of rain-triggered landslides reported in the Global Landslides Catalog (GLC 2021) (from Gómez et 

al., 2023) 

 

2.1.3 Types of landslide inventory: aim and scale 
Landslide inventories can belong to different classes based on the typology of mapping and, 

by extension, the scope of the catalogue: the two main categories are represented by i) historical; and 

ii) geomorphological inventories [Malamud et al., 2004; Guzzetti et al., 2012]. Collecting and storing 

information from archives and resources constitutes the historical inventories, which can be 

prepared for a specific time frame and cover local [Salvati et al., 2009; Raska et al., 2015; Piacentini 

et al., 2018] to national scales [Taylor and Brabb, 1986; Guzzetti et al., 1994; Reichenbach et al., 1998; 

Damm and Klose, 2015]. The geomorphological inventories can instead be compiled for specific time 

intervals (historical geomorphological inventories), showing the effects of single landslide triggering 

events, or representing multi-temporal datasets [Galli et al., 2008; Guzzetti et al., 2012]. In the first 

case, the time frame covered by such inventories may include events that have occurred over tens, 

hundreds, or even thousands of years [Brabb and Pampeyan, 1972; Malamud et al., 2004]. Event-

based inventories are the result of a specific geomorphological survey aimed at investigating the 

number, type and intensity of the effects produced by one or more triggering factors, such as extreme 

or prolonged rainfall events [Bucknam et al., 2001; Guzzetti et al., 2004; Tsai et al., 2010; Fiorucci et 

al., 2018; Miele et al., 2020], earthquakes [Harp and Jibson, 1996; Fukuoka et al., 1997; Bozzano et al., 

2018; Esposito et al., 2000; Lin et al., 2004; Owen et al., 2008; Gorum et al., 2011; Martino et al., 2014, 

2016; Pucci et al., 2016; Ling and Chigira, 2020], and rapid snow melt [Cardinali et al., 2000; Kawagoe 

et al., 2009]. Eventually, multi-temporal catalogues store instability events that occurred in a specific 
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time frame within different datasets, providing several “time-slices” of the spatiotemporal 

variability of the mapped landslides [Dragicévić 2004; Samia et al. 2017; Valiante et al., 2021]. In 

addition to the classification based on the scope of mapping, a landslide inventory can be compiled 

considering different mapping scales and, consequently, different methodologies. Whether small-

scale inventories (> 1:200,000), which can reach national or global areas, are based primarily on the 

collection, synthesis, and combination of information from journals, literature, and chronicles 

[Kirschbaum et al., 2010, 2015; Van Den Eeckhaut et al., 2012; Mirus et al., 2020], increasing the scale 

involves more focused and detailed investigations. Indeed, the medium-scale inventories (1:25,000 

to 1:200,000) primarily rely on the intensive interpretation of aerial and satellite imagery, with only 

limited field surveys conducted to verify observations made remotely [Duman et al., 2005; Calligaris 

et al., 2013; Conforti et al., 2014]. On the other hand, large-scale inventories (< 1:25,000) are compiled 

only on limited portions of the territory, with extensive field campaigns accompanied by remote 

sensing high and very high-resolution products (e.g., digital terrain models and optical images) 

[Guzzetti et al., 2012]. 

 

2.1.4 Landslide inventories in Italy 
As one of the European countries that is most severely and frequently hit by landslides, Italy 

strives to reach an up-to-date, complete depiction of the spatial and temporal distribution of slope 

processes over its whole territory. Favoured by its predisposing geological, geomorphological (with 

75% composed of mountainous and hilly terrains), tectonic settings, and climatic conditions, the 

Italian territory has always been affected by slope instabilities impacting socio-economic activities 

and leading to a relevant amount of casualties each year (Figure 2-6), especially along the Apennines 

and Alpine Chains [Farina et al., 2004; Bianchi and Salvati, 2023]. Annual reports on the impact of 

landslides and floods on the Italian population are published each year based on the first national 

historical archive, called AVI (Italian Vulnerable Areas, [Guzzetti et al., 1994]). This database was 

prepared as part of a national inventory project to store information on sites historically affected by 

landslides and floods in Italy for the period 1918–2002 [Carrara and Merenda, 1976; Carrara et al., 

1977; Calvello and Pecoraro, 2018]. However, it was not until 1998, following the devastating debris 

flow events that tragically struck the city of Sarno and claimed the lives of 137 people [Catapano et 

al., 2001], that the Hydrogeological Asset Plan (Piano stralcio di Assetto Idrogeologico, PAI [PAI, 

available at https://www.autoritadistrettoac.it/restart/glossario/PAI]) was introduced as the 

national-level tool for identifying hydrogeological risks for spatial planning purposes. PAI 

inventories represent dynamic instruments that have evolved over time. They have undergone 

updates by the so-called “Basin Authorities” (now known as District Basin Authorities) in response 

to recent research findings, investigations, emerging hydrogeological incidents, the completion of 

structural risk mitigation projects, or upon request from local authorities. These plans facilitate the 

implementation of land use restrictions and regulations as they store not only areas where landslides 

have already occurred but also regions susceptible to potential evolution (according to each 

landslide distribution activity) and areas at risk of new landslide occurrences [PAI].  Regular 

updates are, therefore, indispensable, as they enable the consideration of evolving instability 

phenomena and any newly emerging landslides. All of the PAI inventories were initially produced 

from preliminary recognition of the phenomena over large areas, between 1999 and 2002.  



 

9 

 

 

Figure 2-6: Map of landslide events with victims in the period 1971-2020 (modified after Bianchi and Salvati, 2023). 

Meanwhile, the Geological Survey of Italy (part of the Land Protection and Georesources 

Department) launched the IFFI Project (Inventory of Landslide Phenomena in Italy), which, 

although started earlier (1997) with the same objectives, produced the first results in 2007, after the 

first adoption of the PAI [Rapporto Attività Linea A2, 2023]. Despite this, at present, the IFFI 

Inventory is the most complete landslide database covering the Italian territory, both regarding the 

adopted cartographic scale (1:10.000) and the associated parameters to slope processes. According 

to the last report, as of 2022, the landslides recorded in Italy are over 625,000, affecting around 8% 

of the national territory (Figure 2-7) [Trigila et al., 2021]. Data are collected and integrated from 

various sources, including national projects (e.g., AVI), landslide records collected by Regions, 

research institutions, and universities, national and local public archives, and scientific publications 

and technical reports [Trigila et al., 2010]. However, even if the IFFI Inventory serves as a crucial 

foundational resource utilised in the PAI inventory for assessing landslide hazards, these two 

distinct landslide databases coexist within the same territory, frequently exhibiting disparities in 
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their cartographic representations. During the territorial planning (i.e., seismic microzonation or 

urban planning) landslide correspondence between the two inventories is constantly verified and 

updated in order to align the land-use planning to the state of fact detected on the territory [Rapporto 

Attività Linea A2, 2023]. 

 

Figure 2-7: Distribution of landslides mapped and stored within the IFFI inventory. The alignment of these phenomena along Italy's 

two primary mountain ranges, the Alps and the Apennines, is evident (modified after Trigila et al., 2021). 

Several issues such as common spatial inhomogeneity and the use of different mapping 

methods and classification criteria, hamper the real usefulness of national-scale inventories which, 

for some areas, happen to be inadequate [Fusco et al., 2023]. Therefore, to overcome these limitations, 

many inventories were produced at the regional level to achieve a consistent homogeneous coverage 

of landslide phenomena. Examples of such inventories come from several regions all over the Italian 

territory, such as Campania [[Fusco et al., 2023], Basilicata [Lazzari et al., 2017], Puglia [Pellicani and 

Spilotro, 2015; Ardizzone et al., 2023], Tuscany [Rosi et al., 2018], Umbria [Guzzetti and Cardinali, 

1989b], Piedmont [Lanteri and Colombo, 2013], Liguria [Raso et al., 2019]. While the prevailing trend 

among these databases is to document the extent and spatial distribution of landslides, few 

exceptional efforts were made to include the temporal information (i.e., date of occurrence or 

multiple reactivations). The CLOCkER catalogue (Catalogue of Landslide OCcurrences in the 

Emilia-Romagna Region [Piacentini et al., 2018]) includes 14,416 landslide events and their 

respective date of occurrence for the entire Emilia Romagna Region spanning approximately 900 

years (from 1130 to 2015). Even if not applied at the regional scale, further efforts to propose the 

implementation of multi-temporal databases for handling complex spatiotemporal arrangements of 

landslides are presented in Valiante et al. [2021]. Their work applies an object-oriented classification 
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and a hierarchical organisation of objects based on rigorous topological relations to manage 

spatiotemporal succession of landslides. 

At the national scale, inventories that aim to combine spatio-temporal information are 

mainly event-based and include the spatial distribution of landslides activated or reactivated by the 

same trigger event (e.g., precipitation, earthquake). The ITALICA (ITAlian rainfall-induced 

LandslIdes CAtalogue [Peruccacci et al., 2023]) catalogue includes information on the geographical 

location and the timing of rainfall-induced landslides. It currently lists 6312 records with 

information on rainfall-induced landslides that occurred over the Italian territory between January 

1996 and December 2021. As for the seismic trigger, the CEDIT (Italian Catalogue of Earthquake-

Induced Ground Failures [Martino et al., 2017]) inventory, based on several historical documents, is 

a complete collection of Landslides and Seismic-induced effects covering a period of about a 

millennium from 1000 AD. This database, carried on for over a decade by the Research Center for 

the Prediction, Prevention and Control of Geological Risks (CERI), is periodically updated and the 

latest version dates back to 2017, when the catalogue was not only reorganised in its architecture but 

also integrated with ground effects occurred during the 2016-2017 seismic sequence of the Central 

Apennines [Caprari et al., 2018]. 

 

2.2 Producing a landslide inventory 
With the continuous expansion of globally acquired high-resolution remote sensing data and 

the ongoing advancements in data processing technologies, the methodologies for generating 

landslide inventories have undergone significant evolution. This paragraph offers a broad 

perspective on the diverse approaches employed in inventory production, categorised into: i) 

conventional or classical methods; ii) recent methodologies; and iii) new methods and future 

perspectives. 

2.2.1 Conventional methods 

2.2.1.1 Field mapping 

Since field geomorphological mapping is historically the standard method for detecting 

signatures of slope processes, it has also erroneously perceived as a more accurate approach 

compared to remotely based techniques [Guzzetti et al., 2012]. Howevehoweverr, the process of 

identifying a landslide through geomorphological field surveys is not always as straightforward as 

it may appear, due to various limiting (or even precluding) factors, including: 

1. Size of the landslide: when dealing with large landslides or gravitational deformations on 

slopes, it becomes challenging to observe the entire phenomenon comprehensively and map 

it accurately. In such cases, remote approaches can aid in identifying the actual extent of 

ruptures, bulging or counterslopes, and river networks’ adjustments, which may be 

challenging to discern directly in the field [Guzzetti et al., 2012]. 

2. Viewpoint of the expert: field observers often encounter obstacles such as dense vegetation, 

rugged terrain, or inaccessibility, which can obscure their line of sight (Figure 2-8), resulting 

in an incomplete assessment of various elements of a landslide (e.g., deposit, primary or 

secondary scarps, flanks) [Wills and McCrink, 2002]. 
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3. Age of the landslide: recognizing older landslides can be particularly challenging. In contrast 

to recent landslides with well-defined rupture surfaces and conspicuous deposits modifying 

the surrounding landscape (for example, by removing vegetation), older landslides may 

have smoother, less distinct features. Natural geomorphic agents and human activities in 

cultivated or urbanised areas can contribute to the gradual fading of failure signatures over 

time (Figure 2-8). Moreover, on the oldest deposits, the gradual renewal of vegetation tends 

to obscure the original emplacement of the landslide body [Freund et al., 2021]. 

4. Time-consuming mapping: field surveying isn't typically employed to exhaustively 

investigate every process within a large area. Instead, it serves to check and validate specific 

critical elements where the overlapping influence of multiple geomorphic processes or 

limitations of other remote techniques hinder accurate identification [Carrara et al., 1995]. 

 

Figure 2-8: Pictures from geomorphological field surveys: sometimes it can be tricky to recognize smooth landslide features, which 

need to be identified through secondary field evidence (like power lines tilting and hooked trees, respectively shown in panels a and b 

- courtesy of Dott. Amato). The limited viewpoint of the observer may also preclude the identification and mapping of some of the 

landslide's components (panel c). 

2.2.1.2 Visual interpretation of aerial imagery 

One of the earliest applications of remote sensing techniques for landslide identification and 

mapping involved the visual (qualitative) interpretation of images captured by sensors mounted on 

aircraft. Even nowadays, interpreting imagery obtained from aerial or satellite platforms remains a 

primary method for information acquisition, particularly for reconstructing the multi-temporal 

morphoevolution of mass processes [Guzzetti et al., 2012; Napieralski et al., 2013]. In fact, for 

decades, various stakeholders, including national and local government agencies, research 

institutions, and private enterprises, have been procuring stereoscopic aerial photographs for a wide 

array of purposes. These invaluable resources have been accessible in numerous regions, dating back 

to the 1950s and, in some areas, even earlier [Guzzetti et al., 2012]. The aerial perspective offers a 
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unique vantage point for observing and interpreting landscapes, distinct from the limited viewpoint 

typically available from the ground [Jensen, 2009]. Moreover, observing stereoscopic images creates 

a sense of three-dimensionality in two-dimensional images, making objects appear as if they have 

depth, volume, and spatial relationships, "making the smallest details distinguishable with remarkable 

clarity due to the sensation of relief, which might pass completely unnoticed in a single photograph" [Aber et 

al., 2019]. Thanks to the vertical exaggeration of the relief, a geomorphologist is aided in recognizing 

and mapping the topographic signatures of landslides, covering large areas with few photographs, 

since the average acquisition scale ranges from 1:5,000 to 1:70,000 [Pike, 1988; Guzzetti et al., 2012]. 

This visual recognition often takes place as an intuitive process for the interpreter. Nevertheless, 

several fundamental features facilitate the examination and interpretation of aerial photographs 

[Jensen, 2009; Aber et al., 2019]: 

1. Tone or Colour: the distinction in grey tone (black and white) or colour is how we recognize 

and differentiate one object from others in the scene (i.e., water, soil, vegetation, rocks), 

particularly when dealing with high-contrast features. 

2. Shape: natural forms often align with the contours of the landscape, while human-made 

shapes tend to exhibit geometric characteristics and regular forms.  

3. Size and Height: The absolute size and height of objects are crucial indicators that rely on 

the scale of the photograph, as many objects observed in aerial photos may not be as readily 

apparent, and determining their height can be challenging. 

4. Shadow: Shadows serve as valuable indicators for identifying objects when viewed from an 

aerial perspective, continuing to depth perception in the landscape. Photographs lacking 

shadows can appear indistinct and challenging to interpret while, on the contrary, excessive 

shadowing may obscure the features of interest. 

5. Pattern: The spatial arrangement of discrete objects can generate unique patterns, especially 

in the case of human-made features (e.g., agricultural fields, streets) or specific natural 

environments (e.g., drainage networks, dune fields).  

6. Texture: Texture refers to the appearance of grouped objects that are either too small or 

closely spaced to form distinct patterns. Textural adjectives like smooth (uniform), 

intermediate, and rough (heterogeneous) are used to describe this feature. Examples include 

the crowns of trees within a forest canopy, or individual plants in agricultural fields. The 

distinction between texture and pattern is largely influenced by the scale of the photograph. 

7. Context: The location of objects and their relationships with other objects and patterns are 

often critical for interpretation, as is their geographical context. Land cover and land use 

serve as essential clues for identifying related features within the scene, and reference to 

existing maps or census data can provide additional context. Interpretation often relies on 

common sense and experience in image analysis, as it stands as one of the elements of image 

interpretation with the highest complexity. 

These elements of image interpretation are depicted in Figure 2-9. Since each image is composed of 

individual pixels with a unique colour or tone at a certain geographic location, these are the 

fundamental (primary) parameters upon which all other elements are based. The secondary and 

tertiary elements are spatial arrangements of tone and colour. The higher order elements of site, 



 

14 

 

situation, and association include a higher level of complexity since they are based on the use of 

collateral information, convergence of evidence, and the use of the multi-concept [Jensen, 2009]. 

 

Figure 2-9: Elements of image interpretation: the first-order parameters represent the basis of the image (tone/colour), the second and 

third-order are spatial arrangements of the primary order parameters, while higher order corresponds to different methods of search 

and, therefore, higher complexity level (from Jensen, 2009). 

For decades, various stakeholders, including national and local government agencies, research 

institutions, and private enterprises, have been procuring stereoscopic aerial photographs for a wide 

array of purposes. These invaluable resources have been accessible in numerous regions, dating back 

to the 1950s and, in some areas, even earlier [Guzzetti et al., 2012]. For example, the historical archive 

of the Military Geographical Institute contains over 300,000 aerial photos of the Italian territory taken 

between 1927 and 2010 [IGMI]. Among this impressive database, the G.A.I. (Italian Aeronautical 

Group) Flight, which is the first planimetric and stereoscopic covering the entire national territory 

for the 1954-1956 interval (Figure 2-10), and Volo Italia flights, carried out starting from 1988, are 

among the most used datasets to perform multi-temporal investigations of the Italian territory, 

including landslide morphoevolution purposes.  
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Figure 2-10: Extract of a frame of the GAI flight depicting the town of Amatrice (circled in yellow) during 1953-54. 

 

2.2.2 Recent methods 

2.2.2.1 Analysis of topographic digital datasets  

The rapid progress in technology has opened up exciting opportunities for generating digital 

representations of the Earth's topographic surface in three dimensions, marking the natural 

progression from stereoscopic interpretation of two-dimensional images. Digital elevation models, 

commonly referred to as DEMs, are data files or databases that encompass elevation data points 

across a continuous geographic area [Jensen, 2009]. Depending on whether they exclusively portray 

the Earth's bare surface or also include above-ground objects, they are categorised as either Digital 

Terrain Models (DTMs) or Digital Surface Models (DSMs), respectively. Various techniques are 

employed to create these models, ranging from on-site field surveys and photogrammetry to the 

utilisation of topographic maps, laser scanning, and radar data acquisition [Jensen, 2009; Aber et al., 

2019]. Indeed, the widespread availability and ease of accessibility of DEMs have marked a 

significant advancement in data collection within the domain of mountain geomorphology due to 

their global coverage and continually enhancing measurement precision. The creation, examination, 

and presentation of DEMs is now a standard procedure for mapping landforms [Napieralski et al., 

2013]. The visualisation and interpretation of digital models can be compared to the visual analysis 

of aerial stereo-pairs, digitally substituted by DEM derivatives such as shaded relief of the terrain or 

representations of its distinctive characteristics (e.g., curvature, roughness) [Guzzetti et al., 2012]. 

The resulting topographical products, especially in the case of shaded reliefs, support the landslide 

feature identification because they provide suitable lighting conditions for different slope areas by 

changing the shadow (Figure 2-11), thus depicting drastically different representations of the 

ground surface [Schulz, 2004].  
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Figure 2-11: DEM-derived shaded reliefs of the same slope under changing lighting conditions. The specific sun orientation may 

preclude or support the landslide feature identification depending on the slope aspect and gradient: in this case, the most suitable sun 

azimuth is 290°. 

In addition, digital models have enabled land-surface quantitative analyses (i.e., 

geomorphometry) to address, on a specific level, the characterization of discrete surface features (i.e., 

landforms) [Sekiguchi and Sato, 2004] or, in the general sense, to describe the continuous 

topography of a territory [Pike, 2009; Troiani et al., 2014]. The emergence of remote sensing 

technology based on Light Detection and Ranging (LiDAR) has revolutionised the collection of 

digital surface models and digital terrain models. LIDAR sensors achieve hundreds of thousands of 

points per second that already possess accurate x,y, and z coordinates and that are used both for 

geomorphological applications and in urban engineering [Jensen, 2009; Pawluszek, 2019]. Due to its 

high effectiveness in delivering precise surface topography information, today high-resolution 

DEMs (HRDEMs) generated from LiDAR are widespread worldwide and continue to advance 

rapidly [Tarolli, 2014 and references within]. Numerous examples in the literature demonstrate the 

various applications of HRDEMs for accurate landslide identification [Bell et al., 2012; Jaboyedoff et 

al., 2012 and references within; Pawluszek, 2019 and references within; Zhong et al., 2020], even in 

challenging environments characterised by dense forest cover [Van Den Eeckhaut et al., 2007; Chen 

et al., 2014], offering advantages over other investigative techniques limited by these conditions. 

Many countries, including Italy, have collected or are collecting national and/or regional LiDAR-

derived repositories [Jaboyedoff et al., 2012], including point clouds, HRDEMs and their derivatives, 

giving unprecedented opportunities for landslide mapping over large areas, with potential impacts 

on hazard and risk evaluation or for landscape evolution modelling. 
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2.2.2.2 Analysis of multispectral imagery  

In recent times, aerial, satellite, and unmanned aerial vehicle data (boosted by advancements 

in computer hardware and software, sensor capabilities, and acquisition frequency) represent the 

evolution of the old stereo-pairs and are currently used to evaluate the morphoevolution of the 

territory both through the qualitative photo-interpretation or change detection techniques. Passive 

optical sensors acquire images of the topographic surface in the visible and infrared domains of the 

electromagnetic spectrum (400 ηm - 1040 μm) in the visible and infrared domains [Jensen, 2009]. 

Products taken with panchromatic (single band) and multi-spectral (multiple bands) sensors are 

usually preferred by investigators for landslide identification, who employ both qualitative visual 

assessment of the landslide signatures and analytical methods (such as classification and semi-

automatic detection) [Guzzetti et al., 2012].  

Satellite or Unmanned Aerial System (UAS) images with high and very-high resolution 

enable us to identify and map landslide features at different scales and levels of detail (Figure 2-12) 

through the same interpretation process described in Section 2.2.1.2. Compared to traditional aerial 

stereoscopic images, the multitemporal and ubiquitous spatial coverage (for satellite-based images) 

offers the opportunity to investigate occurrences or reactivations of slope failures following major 

triggering events [Van Westen et al., 2006], thus keeping up-to-date event inventory maps. 

Additionally, the introduction of Google Earth® (Figure 2-12), offering global and multi-temporal 

access to VHR optical satellite imagery combined with 3D visualisation supports landslide 

identification [Guzzetti et al., 2012; Mohammadi et al., 2018; Cheng et al., 2021].  

 

Figure 2-12: Comparison between Google Earth (left panel) and UAS-based (right panel) optical imagery of a landslide located in 

Colorado, USA. The zoom boxes compare the level of detail reached with images acquired at medium resolution (Google Earth, zoom 

A) and at very high resolution (drone image, zoom B) of the debris. 

Regarding the analytical approach of satellite images, the discrimination between stable 

areas and areas affected by landslide-induced deformations is carried out using semi-automatic 
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image classification techniques, which exploit the peculiar spectral information of the image. The 

availability of substantial volumes of medium to high-resolution imagery has made Machine 

Learning (ML) techniques increasingly appealing for landslide detection, training the machine to 

identify key landslide characteristics to “make predictions or decisions without being explicitly 

programmed to do so” [Tehrani et al., 2022]. The main approaches implemented to identify landslide 

features are defined as pixel and object-based, depending on whether the ML algorithm employs a 

single pixel or an aggregate of pixels of variable size representing the different landslide segments 

[Zhong et al., 2020; Tehrani et al., 2022]. In the first case, the spectral signature relative to the single 

pixel (whether using the single-band or a multi-band image) is analysed, disconnected from the 

information of the neighbouring pixels, to determine whether it is classifiable as a landslide or not. 

Common methods include thresholding [Hervás et al., 2003; Rosin and Hervás, 2005; Yu and Chen, 

2017], change detection [Yang and Chen, 2010; Li et al., 2016; Zhao et al., 2017; Si et al., 2018], and 

supervised or unsupervised [Danneels et al., 2007; Lacroix et al., 2013; Siyahghalati et al., 2016] 

classification algorithms, whether the training pixels were assigned to user-defined labels or when 

the algorithm tries to find patterns in unlabelled data [Ma et al., 2020]. The limitations related to the 

pixel-based approach, especially related to noise and the salt-and-pepper effects which reduce the 

accuracy of the analysis, led to increasingly employing the Object-Based Image Analysis (OBIA) 

method [Blaschke et al., 2008], where the trained classification algorithm produces a class prediction 

for pixels on a group basis [Zhong et al., 2020; Tehrani et al., 2022]. This approach was effectively 

used for producing more accurate results, enabling the extraction of detailed landslides geomorphic 

features with various techniques [Stumpf and Kerle, 2011; Hölbling et al., 2012; Keyport et al., 2018; 

Amatya et al., 2021; Valiante et al., 2021].  

 

2.2.2.3 Analysis of radar imagery  

Interferometric Synthetic Aperture Radar (InSAR) has emerged as a powerful tool in the 

scientific literature for detecting and monitoring landslides over the last 20 years, finding several 

applications in landslide risk mitigation strategies at different stages and scales [Moretto et al., 2021]. 

The launch of several satellite missions belonging to different national and international space 

agencies, the improvement of satellite mission technologies, computing capabilities and processing 

algorithms are among the factors that contributed to the spread and development of satellite SAR 

interferometry worldwide. Obtaining multiple SAR images of the Earth's surface can provide 

valuable three-dimensional and velocity data: whenever radar images of the same ground area are 

captured either from different locations or at different times, enables highly accurate measurements 

in each image pair, even with sub-wavelength precision [Jensen, 2009]. Moreover, InSAR is 

particularly valuable for landslide studies due to its ability to provide frequent, wide-area coverage, 

and all-weather capabilities. In particular, Differential SAR Interferometry (DInSAR) is a radar-

based method that exploits phase information from a minimum of two SAR images captured over 

the same geographic area but at different time points. This process results in the creation of 

interferometric differential maps, referred to as "interferograms" [Hanssen, 2001]. The advantage of 

these differential maps consists in the flexibility to provide qualitative information on ground 

displacements, even where SAR data are scarce. Nonetheless, DInSAR analyses are affected by 

atmospheric phase screen (APS) and residual topography [Cascini et al., 2009; Moretto et al., 2021]. 
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Ferretti et al. [2000; 2001] achieved a breakthrough in addressing the aforementioned limitations by 

harnessing long acquisition sequences, specifically through the analysis of a stack of multitemporal 

and multi-baseline (MT/MB) interferograms. This innovative approach, known as Permanent 

Scatterers (PS), demonstrated its effectiveness in mitigating APS through the application of statistical 

filtering techniques to long-term radar sequences, resulting in highly accurate ground deformation 

and residual topography estimations, particularly on stable target areas [Cascini et al., 2009]. As 

stated by Wasowsky and Bovenga [2014], further remarkable advantage of the technique relies on 

the cost-effectiveness application for wide areas (hundreds and thousands of km2), maintaining 

high precision of measures (in the order of mm) and the availability of high-density radar targets, 

both in natural and urbanised areas. Therefore, the PS-InSAR technique is extremely versatile for 

investigating ground deformations on a multi-scale approach, from regional scale mapping  [Righini 

et al., 2012; Bianchini et al., 2018; Frattini et al., 2018; Rosi et al., 2018; Antionielli et al., 2019; Dini et 

al., 2019; Xu et al., 2021], to basin scale [Sousa et al., 2010; Rocca et al., 2015; Bozzano et al., 2017a; 

Yazici and Gormus, 2020], up to the detailed study of processes at the local scale [Bardi et al., 2014; 

Eriksen et al., 2017; Pawluszek-Filipiak et al., 2019; Moretto et al., 2021](Figure 2-13). 

 

Figure 2-13: Example of PS analysis of a slope of interest located in the Marche Region, Italy. The measuring points, obtained in both 

orbital geometries, show severe displacements (up to 10 mm/y) within and outside the landslide extent. 

Along with PS-InSAR, another popular multitemporal interferometric approach is 

represented by the Small Baseline Subset (SBAS) [Berardino et al., 2002], which exploits pairs of 

images with optimal spatial baselines (below a certain threshold). One of the main differences 

between PS and SBAS is that, while in the PSI analysis, each cell is dominated by a single 

measurement point, in the SBAS analysis no dominant element represents the resolution cell. The 

SBAS distributed scatterers are more susceptible to both temporal and volume decorrelation 

compared to PS, leading to significant variations in the number and spatial arrangement of 

observable targets, depending on the scattering characteristics of the ground surface [Wasowsky 

and Bovenga, 2014; Scaioni et al., 2014]. Nevertheless, SBAS is widely adopted for identifying and 
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mapping landslides-related active deformations [Novellino et al., 2017; Confuorto et al., 2023] or for 

detailed morphodynamic characterization [Calò et al., 2014; Martins et al., 2020].  

Currently, the extensive array of satellites employing different wavelengths, spatial 

resolution, revisiting time, and incident angles, enables comprehensive coverage of the Earth's entire 

surface. This availability extends back to as early as 1990 and, with ongoing advancements in sensor 

technology, the capacity to monitor ground deformations is steadily improving, promising even 

greater precision and shorter revisit times in the future [Calò et al., 2014; Wasowsky and Bovenga 

2014; Moretto et al., 2021]. In particular, missions funded by the European Space Agency (ESA), from 

the ERS and ENVISAT satellites to the Sentinel-1A and 1B constellation, which provide nearly 

continuous radar information in the C-band (Figure 2-14), enable retrospective investigations into 

the pre-failure conditions of landslide phenomena [Barra et al., 2016; Intrieri et al., 2018; Gama et al., 

2020]. L-band data provided by the Japanese Space Agency JAXA (ALOS PALSAR and PALSAR-2 

missions) and the Argentinean CONAE (with SAOCOM constellations), thanks to their high 

capacity of penetrating vegetation canopy, are very often exploited to investigate forested areas 

[Jebur et al., 2014; Nishiguchi et al., 2017], managing to capture displacement information where 

other sensors fail. Eventually, the emergence of the "second generation" X-band SAR systems, 

represented by Italian COSMO-SkyMed (CSK) and German TerraSAR-X, has led to substantial 

enhancements in the mapping and monitoring capabilities [Herrera et al., 2011; Calò et al., 2014; 

Wasowsky and Bovenga 2014; Bozzano et al., 2017b], owing to their improved ground resolution 

and temporal sampling. 

 

Figure 2-14: Comparison between four PS-InSAR analyses derived from C-band satellite (ERS, ENVISAT and Sentinel-1) and X-

band (COSMO-SkyMed). Starting from the older sensors (i.e., ERS and ENVISAT) and depending on the band acquisition, we can 

observe an increase in the number of PS within the scene. 
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Solari et al. [2020] conducted an in-depth review on the use of interferometric analysis for the study 

of landslides on the Italian territory, to provide an overview of the effectiveness of this technique 

not only for updating national inventories purposes but also for characterisation and monitoring of 

the slope process in the short to long term. Figure 2-15 shows the number of published works by 

region: Sicily (35), Lombardy (26), and Tuscany (24) are the Regions with the highest number of 

applications. A conspicuous number of publications is found in the Lombardia region and generally 

along the Alpine arc, where the occurrence of phenomena with slow kinematics and involving large 

portions of slope (from Deep Seated Gravitational Slope Deformations DSGSD to large rockslides) 

represent the ideal context for InSAR application. In addition, works focusing on the landslide 

occurrence along the Apennine chain, where the InSAR technique was exploited not only for 

characterising and monitoring slope processes but also for mapping new landslides, especially after 

strong seismic events (such as Amatrice and L'Aquila) which triggered thousands of landslides.  

 

Figure 2-15: Distribution of InSAR-related applications for landslide studies in Italy during the period 1999–2019. The total number 

of applications for each region (apart from national-scale applications) is included (from Solari et al., 2020). 
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2.2.3 New methods and future perspectives 
ML algorithms have increasingly emerged in the literature since they proved their 

capabilities in processing large data sets and finding complex patterns, which turns valuable 

considering the increasing availability of observational data [Tehrani et al., 2022]. Building a 

machine learning model involves analysing data to allow the model to discern fundamental 

relationships and discover insights hidden within the data set [Mohan et al., 2021]. Most ML models 

are predictive models, which seek to create representations of reality based on the available data 

(i.e., training and testing datasets) [Tehrani et al., 2022]. In addition to traditional machine learning 

models (i.e., pixel and object-based approaches), there has been a recent escalation in the adoption 

of Deep Learning (DL) models, which are a subset of ML. In particular, Deep Convolutional Neural 

Networks (DCNN) are mainly employed for landslide detection and classification using satellite 

data. Since 2016, the use of such models has been steadily increasing, especially for visual 

identification tasks mostly from optical images and, to a lesser extent, from digital elevation models 

[Tehrani et al., 2022]. Given the remarkable capacity of object detection demonstrated in other areas 

by DCNN models, the first applications to the recognition of the landslide's features have focused 

on identifying the signature characteristics and the contrast of the landslide body in heavily 

vegetated areas [Ding et al., 2016; Chen et al., 2018; Ghorbanzadeh et al., 2019 ]. Pre and post-event 

ALOS-2 and PALSAR-2 images of the 2018 Hokkaido Eastern Iburi earthquake in Japan were 

employed in the U-Net CNN by Konishi & Suga [2019]. So far, the only example in the literature on 

the use of ground-based and UAS images was presented by Catani [2021]. In his work, four well-

known pre-trained CNNs (namely, GoogLeNet, GoogLeNet-Places365, ResNet.101, and 

Inception.V3) were exploited to use transfer learning for landslide detection. 

DCNNs do not automatically outperform traditional ML models, although this is sometimes 

claimed. Since the performance of DCNNs strongly depends on the availability of large training 

datasets and optimised network architectures, many researchers use pre-trained algorithms 

available online, predefined parameters in solutions such as Google TensorFlow, or find the best 

performance through a trial-and-error approach [Zhong et al., 2020]. The future of landslide 

mapping holds promises for DL, despite its current limited application. To fully unlock this 

potential, it's crucial to gain a more profound understanding of how different design approaches 

impact the field, ensure the availability of sufficient training samples, and enhance our knowledge 

of augmentation strategies aimed at artificially increasing the pool of existing samples [Meezal et al., 

2017; Zhong et al., 2020]. 
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2.3 Aims 
The information stored within the landslide inventories, however accurate they might be in 

both spatial and temporal terms, needs to be easily exploitable by government authorities and civil 

protection to ensure appropriate land use planning. Currently, the inventory updating process 

predominantly depends on catastrophic events occurrences, such as earthquakes or 

prolonged/intense precipitations, which provide the essential inputs to systematically revise a 

considerable number of phenomena over vast geographical regions. Along with that, despite 

research institutes conducting comprehensive analyses of landslides across extensive areas within 

the scope of scientific projects, the landslide inventory maps they produce are not maintained and 

updated once these projects conclude [Van Westen et al., 2006]. Unfortunately, this approach results 

in inventories that are fragmented, only partially exhaustive, and inevitably introduce biases that 

can further impact susceptibility and risk assessments. Gaining insights into the effective utilisation 

of the extensive data found in landslide inventories for urban planning is a topic of significant 

contemporary relevance, extending beyond scientific research and holding practical applications. 

Directing planning and economic efforts in areas where structural, geological, geomorphological 

and climatic settings pervasively predispose the morpho-evolution of the slope processes on the 

territory is still a complex topic. Furthermore, the challenge of assessing the impact of geomorphic 

processes at different scales [Dramis et al., 2011] involves a two-faced complexity. On one side, the 

need to quantify phenomena morphodynamics for precise urban planning and mitigation strategies 

and, on the other, the analysis of the landscape morphoevolution affected by mass wasting at larger 

scales, thus considering the long-term interaction with human activities. Remote sensing data, 

particularly interferometric methods, now stand as the pivotal technological bridge to investigate, 

both at the local and regional scale, ground deformations with the same accuracy. Several 

approaches have been implemented to update existing landslide inventories objectively and easily 

[Meisina et al., 2008; Barra et al., 2017; Solari et al., 2019] or to provide a landslide classification (in 

terms of spatial deformational pattern and state of activity) to prioritise specific phenomena over 

others [Bianchini et al., 2013; Cigna et al., 2013; Bonì et al., 2018] from an urban planning perspective. 

Although refined and effectively implemented within the scope of their project, these methods are 

undoubtedly limited to a single scale of investigation and do not offer a concrete possibility of being 

implemented within a fluid and coherent landslide updating process. Similarly, in studies confined 

to the site-specific process investigation, remote sensing data are often integrated with extensive 

field-based analysis and on-site monitoring instrumentation, economically unsustainable in the 

short term if several phenomena need to be covered. For this reason, the presented PhD project 

focuses on manipulating remote data as a cardinal tool for the prioritisation and spatio-temporal 

assessment of slope processes from a multiscale perspective. The tools provided, readily 

reproducible and user-friendly for non-experts in the field at the same time, can seamlessly become 

an integral component of the process for competent authorities when updating landslide 

inventories. The structure of the thesis reflects the adopted multiscale approach which, starting from 

the analysis at the regional scale, progressively leads to the local one, and even extends at the micro-

scale.  

Before delving into the actual description of the multiscalar methodology, in Chapter 2 I will 

provide a brief overview of the landslide inventory updating workflow employing traditional and 



 

24 

 

recent methodologies. This validated geodatabase represents the input dataset for the work 

proposed in Chapter 3, involving the use of innovative techniques for semi-automatically 

prioritising slope processes to be updated at the regional scale.  

Regional scale: Handling SAR data distribution at a regional scale poses a highly intricate 

challenge. The spatial dependence of the measuring points is often neglected, with only a few 

authors [Lu et al., 2012; Aslan et al., 2020; Festa et al., 2022] exploring the problem of PS aggregation. 

Most studies still rely on single-point features (i.e., mean or maximum velocity) or fixed-distance 

buffer procedures for mapping, classifying or investigating ground deformations. In the first case, 

even outliers can be classified instead of being discarded, while in the second case, the fixed-distance 

buffer (or the buffer based on the sensor's resolution) method approximates in a regular, unrealistic 

way the uneven PS distribution. Therefore, in Chapter 3, I will delve into the following research 

question:  

● Considering the irregular distribution of interferometric measurement points, how can we 

account for spatial dependencies and topological boundaries to highlight and prioritise 

critical displacement clusters for regional landslide inventory updates? 

 

Local scale: Within the spectrum of landslide classifications in a given inventory, large slides, 

DSGSDs, and complex landslides are among the phenomena that present a high degree of 

fragmentation and internal displacement heterogeneity. Various failure mechanisms or differential 

morphodynamics complicate the assessment of a comprehensive scenario of the slope movement: a 

detailed post-processing analysis of the InSAR dataset is required to entangle the superimposition 

of different processes. In these cases, reactivation, and failures of one or multiple sectors of the 

landslide constitute a crucial element in the strategic planning of mitigation measures, which must 

consider a heterogeneous hazard pattern, both in the spatial and temporal domain. Chapter 4 will 

be dedicated to address the following questions: 

● How can we obtain an accurate spatial delineation of the different kinematics of each 

landslide deforming sector through InSAR post-processing analysis? 

● What approaches can be employed to assess the differential morphodynamics of the 

individual landslide bodies to facilitate the recognition of those sectors more susceptible to 

cyclic reactivations triggered by external forces? 

 

Multi-scale: Transportation agencies need to prioritise inventorying landslides that impact 

their infrastructure networks and work on strategies to optimise the effectiveness of their monitoring 

tools while attenuating costs. This entails efficiently mapping and regularly updating landslide 

occurrences over km-long transportation corridors. For such a reason, a two-phase approach is 

crucial, involving an initial comprehensive screening of the entire infrastructure network, followed 

by a focused analysis of specific critical scenarios that demand immediate attention to safeguard 

network security and functionality. A multi-scale approach is best suited in these cases: identifying 

the most critical issues over large areas and quickly providing an indication of the location and 

severity of the landslides will support the mitigation strategies and economic resources 

management. However, transportation infrastructures are very often impacted by rockfalls which, 

being intrinsically characterised by very rapid kinematics and developing on steep or near-vertical 
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rock slopes, are not investigable through InSAR. The research question to be answered in Chapter 5 

is, therefore:  

● Using a multiscale approach, how can we detect ongoing deformations and early indicators 

of future instabilities for kinematics like rockfalls that cannot be investigated using InSAR? 

In the following chapters, three different case studies will be presented, each serving as an 

exemplary representation of the specific scale of investigation. 

Chapter 3 will focus on addressing the difficulty of automating the spatial aggregation of 

point interferometric data at the regional scale, applying our methodology to the portion of the 

Central Apennines (about 8000 km2) recently struck by the 2016-2017 seismic sequence. Through the 

analysis of the spatial distribution of the deformations, a prioritisation ranking was provided for the 

landslides of the Hydrogeological Asset Plan (PAI) inventory to be updated. 

The local scale analysis, examined in Chapter 4, focuses on the study of a slope process, the 

DeBeque Canyon Landslide, interacting with one of the principal highways of the Colorado State 

(USA). The spatial and temporal deformational behaviour was parallelly analysed to highlight 

heterogeneous displacements of different moving sectors within the landslide and define which 

would likely need priority for mitigation or monitoring measures. 

Eventually, Chapter 5 exemplifies the integration of different types of remote sensing data 

and techniques on two test sites along Highway 133, which holds strategic importance for the 

Colorado Department of Transportation, considering the instability processes that undermine this 

road segment's safety. In this case, the adopted approach has been modelled on the specific landslide 

type (i.e., rockfalls). The method allows the transition from small-scale analysis on the entire 

highway via satellite interferometry, to the local scale of each test site and up to the micro-scale of 

specific slope sub-portions affected by early instability indicators.  
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3 Landslide inventory update through traditional and 

recent methodology: application in the Central Apennines 
 

Following the seismic sequence that struck the Central Apennines between August 2016 and 

January 2017, a massive reconstruction programme has been launched for hundreds of 

municipalities that experienced severe damage. Among governance authorities and Civil Protection, 

universities and research centres were also involved in carrying out specific and detailed geo-

hazards investigations. In particular, these investigations focused on updating the extent and 

activity of those slope processes included in the Hydrogeological Asset Plan (PAI) and interacting 

with urban centres and infrastructure affected by the shocks. All the selected landslides are 

characterised by a high or very high hazard level and, for this reason, were prioritised as their update 

would have concerned the reconsideration of the associated hazard and risk. Being part of the PAI 

inventory of the Central Apennines, landslide hazard classification at a specific level rather than 

another has a direct impact on the extent of limitations or potential prohibitions on the 

reconstruction and protection of buildings and infrastructure.  

The landslides selected for the updating process are distributed over 245 slopes of interest 

and involve a total of 102 municipalities over the Umbria, Marche, Lazio and Abruzzo Regions 

(Central Apennines). Considering the high number of slope processes (over 400 phenomena) to be 

updated, the District Basin Authority of the Central Apennines (ABDAC), which is responsible for 

validating the PAI inventory) assigned to five different universities a sub-selection of landslides to 

accelerate the examination procedures. Within the working group related to the CERI Research 

Centre of the Sapienza University of Rome, I focused on the analysis, updating and validating of 

more than 100 instability processes in the Lazio and Umbria Regions (Figure 3-1).  

 

Figure 3-1: Representation of the landslides of interest (red dots) interacting with urban centres of the Umbria and Lazio Regions, 

assigned to the Sapienza University of Rome. 
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The initial database is represented by rockfalls (22%), earth/debris slides (17%), shallow 

landslides (19%), complex landslides (7%), debris flows (8%) and non-defined landslides (16%). 

Since there is neither a national or regional standard for updating landslide inventories, the 

preliminary phase focused on rationalising a workflow that would allow for organically and 

coherently revising all the deformation processes and standardising the procedure to make it as 

objective as possible. The implemented workflow consists of four successive steps (Figure 3-2), 

synthesised as follows: 1) general overview and morphological setting of the slope of interest; 2) 

topographical inspection and preliminary landslide extent updating; 3) multitemporal 

interpretation for the state of activity refining; 4) field survey validation.  

 

Figure 3-2: Workflow adopted for updating the PAI inventory, consisting of four progressive steps, namely: a) morphological setting 

of the area of interest; b) preliminary spatial extend updating through topographic inspection; c) state of activity updating through 

multi-temporal analysis; d) results validation through field surveys. 

The first step of the workflow involved a bibliographic research phase, aimed at finding 

previous technical and geological reports, information on the structural, geological and 

geomorphological setting of each area of investigation, as well as technical documents relating to 

the existence of mitigation measures related to the analysed phenomena. All the geospatial and 

multi-temporal material found for each site was subsequently organised and stored within a 

georeferenced GIS database, which allowed the overlap of the different layers collected and the 

interpretation of the specific geomorphological context. The bibliographic information, related to 

distinct data types, was grouped in the following geospatial datasets: geological and lithological 

features; topographical features (topographical maps and medium to high-resolution DEMs); multi-

temporal imagery; other pre-existing landslides inventories (e.g., IFFI, earthquake-induced landslide 

inventories); interferometric dataset. The second step included the visual analysis and interpretation 

of topographical data at different spatial resolutions. Topographical maps and Digital Elevation 

Models (DEMs) were exploited to preliminarily map the extent of the slope process and assign them 

kinematics and state of activity. The Italian territory is heterogeneously covered by different 

elevation models, with the only exception of the TinItaly DEM (which provides full coverage of the 

entire territory with a 10 m pixel size) [Tarquini et al., 2023]. Therefore, the combined use of DEM at 

different resolutions was necessary to recognise landslide geomorphic expressions. Specifically, a 

LiDAR-derived DEM of 2m-resolution (where available) and a 5m-resolution DEM generated from 

the 1:5000 topographical map were used. Moreover, several shaded relief maps, with variable sun 
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azimuths, were also obtained to avoid azimuth bias in the interpretation of landforms and 

emphasise scarps, topographic changes, and other landslide elements under different illumination 

effects. At the same time, the use of a multi-temporal dataset composed of optical images, both aerial 

and satellite, and historical interferometric information enabled, in the third phase of the workflow, 

the definition of the state and style of activity of the processes in the interval from the early ’50s till 

today. The optical dataset encompasses aerial images of flight GAI (1954-55) and Italy (1988-89), 

digital aerial orthophotos (1994-1998, 2000, 2006, 2008, and 2012), and recent satellite images (i.e., 

Google Earth) displayed directly in the GIS environment. In addition, the quantitative displacement 

information included in the PS measuring points of the ESA satellites ERS-1 and ERS-2 (1991 - 2001) 

and ENVISAT (2002 -2012) was examined. The historical PS-InSAR is an open-source resource 

available for the entire national territory in ascending and descending geometries. The analysis of 

the PS time series highlighted any reactivation and acceleration of displacements, thus providing a 

more complete scenery of the deformation history of each phenomenon. These steps made it possible 

to record the information related to kinematics and states of activity of every landslide in the GIS-

based geodatabase; moreover, each slope process was also assigned to a unique code, according to 

the ABDAC standards. In the fourth phase, field surveys were carried out in each area of interest to 

cross-check the results obtained through photo interpretation and interferometric satellite analysis. 

These surveys, along with representing an indispensable validating tool for the preliminary 

morphography, kinematics and state of activity records, have also allowed the registration and detail 

characterisation of existing mitigation measures.  

After the validation obtained through the field surveys, the updated information was 

integrated into the database in an organic structure that includes spatial and temporal characteristics 

of the landslide phenomena, geological-geomorphological features of the respective slope, 

information on any existing mitigation measures and related state of maintenance, as well as the 

quantification of hazard and risk levels following ABDAC standards. Figure 3-3 portrays the 

different kinematics classifications between the inventory before and after the updating process. 

 

Figure 3-3: Different kinematics classifications between the inventory before and after the updating process. 
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Note that no landslides were categorised as non-defined, as the correct association of the slope 

process to a specific class is essential for the quantification of the associated risk. This updated and 

validated database has been used, together with the landslide geodatabases updated for the other 

Regions by the respective Universities (i.e., Università degli Studi di Roma “La Sapienza”, 

Università degli Studi di Urbino Carlo Bo, Università degli Studi "G. d'Annunzio"Chieti – Pescara, 

Università di Camerino, Università degli Studi di Perugia), within the classification workflow 

described in detail in the work presented in Chapter 3.   
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4 Landslides Semi-Automatic Prioritisation Using Persistent 

Scatterers Clusters: A Regional-Scale Application After the 

2016 Central Apennines Seismic Sequence 
 

Under internal review  

 

Abstract 

Landslide inventory, together with the reconstruction of the spatial distribution of mass movements 

of different origin, size and state of activity, is essential for hazard assessment, risk management and 

mitigation, and urban planning. In addition, understanding the spatio-temporal patterns of 

landslides helps local and national authorities prioritize natural hazard management efforts within 

available economic resources, especially for planning actions to update landslide inventories, even 

within active seismic regions. In this context, the use of multi-temporal A-DInSAR (Advanced 

Differential Synthetic Aperture Radar Interferometry) techniques such as Persistent Scatterer 

Interferometry (PSI) is a well-established methodology for assessing and monitoring ground 

deformation with sub-centimeter precision over large areas (e.g., regional, and national scales). 

However, analyzing and extracting ground movement information from PSI-derived deformation 

maps on a regional or national scale can be labor-intensive due to the large number of measurement 

points (PS, Persistent Scatterer) generated, which range from millions to billions. As multi-sensor 

multi-band interferometric datasets become increasingly accessible, the need to efficiently manage 

this wealth of data has driven the development of post-processing methodologies designed to 

enhance the extraction of valuable information. This study presents a reproducible and semi-

automatic post-processing analysis approach based on multi-sensor Sentinel-1 and COSMO-

SkyMed PS data to evaluate priority levels associated with slope instability processes following the 

2016-2017 earthquake in the Central Apennines, Italy. The methodology involves a comprehensive 

filtering stage to eliminate noisy data and a clustering stage to aggregate PS exhibiting similar 

deformation behavior within homogeneous terrain units. Landslides are automatically categorized 

and ranked based on successive thresholds applied to these clusters, accounting for their potential 

morphoevolution within the slope units. Priority for further validation through field investigations 

is given to landslide bodies that show deformation beyond the defined limits. The proposed 

methodology finds application in updating geomorphological and landslide inventory maps, as well 

as assessing the state of activity of landslide. This approach offers advantages over traditional 

methodologies, as it considers objective topological criteria when evaluating slope deformations 

over large areas. By establishing a standardized procedure, this study facilitates the integration of 

interferometric data and geomorphological characteristics for identifying areas that allocate 

resources for field inspections and offering a valuable tool for post-seismic reconstruction efforts 

undertaken by government institutions. 

Keywords: Landslides; earthquake-induced landslides; PS-InSAR; post-processing; prioritisation; 

Central Apennines earthquake  
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4.1 Introduction 
Among the damage caused by large and severe earthquakes, aside from the initial impact 

resulting from seismic shaking interacting with urbanised areas, secondary effects such as ground 

failures, liquefaction, and coseismic landslides must be considered [Martino and Mugnozza, 2005; 

Tang et al., 2016]. Especially in the case of seismic-induced landslides, the socio-economic impact, 

both in terms of financial resources spent on reconstruction interventions and in terms of human 

lives, can be dramatic [Ling and Chigira, 2020; Kallimogiannis et al., 2022]. The first scientific 

earthquake-induced landslide investigation was undertaken following the earthquake swarm in 

Calabria, Italy, in 1783 [Keefer, 2002]. Further examples of massive amounts of slope processes 

induced by strong seismic events were reported after the Northridge (California, Mw=6.7, [Soeters 

and Van Westen, 1996]), Chi-Chi (Taiwan, Mw=7.6, [Hung, 2000]), Wenchuan (China, Mw=7.9, [Yin 

et al., 2009]), Central Italy (Mw= 6.0, [Martino et al., 2017]) and Hokkaido (Japan, Mw= 6.6, [Zhao et 

al., 2020]) earthquakes. Moreover, since co-seismic first or second-generation (i.e., reactivated) slope 

failures represent more than 50% of the total losses due to landslides in the World [Petley, 2012], the 

consequence of the seismic motion on landslides deposits in the post-seismic interval can't be 

neglected. Indeed, mass wasting deposits stressed during seismic shocks may be more predisposed 

to be remobilized under the influence of subsequent triggering factors (i.e., precipitation) and be 

subjected to cascade failures over time [Hovius et al., 2011; Marc et al., 2015; Fan et al., 2019]. In the 

years following the above-mentioned seismic events, many co-seismic landslides have undergone 

reactivation stages as a result of rainfall and storms [Tang et al., 2016]. For such reasons, the 

reconstruction of a comprehensive scenario of the spatial distribution of post-earthquake mass 

movements is indispensable for hazard and risk assessment, and for environmental planning in 

urban areas [Shafique et al., 2016]. Furthermore, understanding the spatio-temporal arrangement of 

earthquake-induced landslides helps local and national authorities prioritise interventions for 

natural hazard management within the constraints of available economic resources [Martino et al., 

2020]. As a well-established strategy for identifying, assessing and monitoring ground deformations 

over wide areas [Mondini et al., 2021], InSAR (Interferometric Synthetic Aperture Radar) techniques 

have been applied to tackle displacement measurements on post-earthquake mass movements 

[Martino et al., 2017; Polcari et al., 2017; Ramirez et al., 2020; Martino et al., 2022; Smail et al., 2022; 

Licata et al., 2023] which can be triggered within tens of km from the epicentre. In particular, multi-

temporal InSAR processes, such as those introduced by [Ferretti et al., 2001; Berardino et al., 2002; 

Lanari et al., 2004], have proven to be highly effective for accurately detecting ground surface 

displacements at millimetre resolution. These techniques are particularly valuable for various 

purposes, including updating geomorphological maps and creating multi-temporal landslide 

inventory maps [Guzzetti et al., 2012; Rosi et al., 2018; Antonielli et al., 2019], as well as assessing 

and ranking the activity levels of landslides [Lauknes et al., 2010; Ciampalini et al., 2012; Solari et 

al., 2020]. However, analysing and extracting ground movements from InSAR-derived deformation 

maps at regional or national scales may result in a labour-intensive endeavour, since the 

Measurement Points (MPs) generated by multi-temporal processing methods might be in the order 

of millions to billions of points. This amount of data has undergone (and is expected to continue) to 

increase in terms of density due to the increasing availability of high-resolution X-Band datasets 

(e.g., COSMO-SkyMed)[Mazzanti et al., 2022], and freely accessible C-Band data of Sentinel-1 after 

the launch of the European Ground Motion Service (EGMS [Costantini et al., 2021]), which allows 
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the exploitation of long-term ground deformations monitoring at an international scale. Nowadays, 

post-processing methodologies are increasingly used for gathering and optimising the displacement 

information from interferometric data (such as the filtering of regional scale datasets to eliminate 

potential noise, and the automatic identification of those areas affected by deformation that can be 

further validated by field investigations) [Festa et al., 2022]. Several attempts to provide easily 

applicable and reproducible methods for discriminating actively deforming areas within regional-

scale deformation maps are found in the literature, involving the use of hot spots [Bianchini et al., 

2012; Lu et al., 2012; Barra et al., 2017; Solari et al., 2019], clustering [Festa et al., 2022; Lu et al., 2012; 

Solari et al., 2019; Montalti et al., 2019; Tomás et al., 2019], or time-series-based [Bonì et al., 2018; 

Raspini et al., 2018; Aslan et al., 2020] approaches. 

In this paper, we introduce a post-processing analysis based on the clusterization of InSAR data to 

provide a hazard level to slope instability processes updated in terms of extension and state of 

activity after the 2016-2017 earthquake that struck the Central Apennines, Italy. We post-processed 

a multi-satellite interferometric dataset for the 2017–2022-time interval, derived from the 

combination of Sentinel-1 and COSMO-SkyMed images, through a first filtering stage to remove 

noisy data, followed by a clustering stage aimed at aggregating MPs characterised by similar 

deformation behaviour. Landslides were assigned to a different ranking based on successive 

thresholds set on the moving clusters, even considering the potential morphoevolution of the 

landslide within its relative homogeneous terrain unit (sensu [Alvioli et al., 2016]). Such 

geomorphological constraints are preferable with respect to fixed distance or grid cell-based 

methodologies (still prevalent in the literature) since they allow considering deformations of slope 

processes considering real topological criteria [Pokharel et al., 2021]. We aimed to provide a 

reproducible methodology to semi-automatically analyse the massive quantity of data covering the 

territory impacted by the seismic sequence and, therefore, deliver a tool to support post-seismic 

reconstruction activities carried out by government institutions. This approach intends to establish 

a standard procedure that fills a gap in the existing literature, as it can be integrated into contexts 

requiring monitoring measures and the prioritisation of hazardous areas, promoting resource 

allocation for field inspections, and supporting territorial planning activities. 

 

4.2 Study area 
The study area corresponds to the territory affected by the Amatrice-Visso-Norcia seismic 

sequence, which struck the Central Apennines, Italy, from August 2016 to January 2017, involving 

an area of about 8000 km2 (Figure 4-1). These events caused a dramatic amount of casualties and 

extensive damage to buildings, and architectural heritage in the Lazio, Abruzzo, Umbria and 

Marche regions [Fiorentino et al., 2018]. Moreover, considerable seismic secondary earthquake-

induced effects (i.e., ground fractures and landslides) were registered within a 50 km buffer from the 

main epicentres. In response to this emergency, a massive reconstruction plan was launched to carry 

out seismic microzonation studies and the comprehensive cataloguing of numerous landslides 

triggered or influenced by the seismic event. The field surveys revealed that the most significant 

deformations were related to the 2016 mainshocks [Martino et al., 2020]. Within this post-seismic 

reconstruction scenario, mass wasting processes located on 245 slopes of interest (shown as red dots 
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in Figure 4-1) were investigated for extent and state of activity updating and monitoring purposes. 

The landslide dataset will be described in detail in Section 4.3.2. 

 

Figure 4-1: Representation of the area involved in seismic sequence in 2016-2017, which affected four distinct regions located in the 

Central Apennines (i.e., Lazio, Abruzzo, Umbria and Marche regions). The spatial distribution of the earthquake-induced landslides 

analysed in this study are displayed as red dots. 

4.2.1 Geological setting 

The present morpho-structural configuration of the Central Apennines is a consequence of the 

complex, multi-phase tectonostratigraphic evolution this area has experienced over time, which 

includes a first compressional phase from the Miocene to the lower Pliocene, associated with the 

growth and northeastward migration of the imbricate fold-and-thrust Apennines Chain, followed 

by the onset of an extensional tectonic wave, which began in the Late Pliocene to Early Pleistocene 

[Bigi et al., 2011; Pierantoni et al., 2013]. During the compressional tectonic phase, the limestones 

and marls sequence (Jurassic-Cenozoic) of the Umbria–Marche pelagic basin was emplaced onto 

limestones and dolomites of the Latium-Abruzzi carbonate platform. The eastward migration of the 

Apennines Chain induced the development of highly articulated foreland basin systems, filled up 

by thick successions of pelitic-arenaceous flysch of the Laga Formation (Upper Miocene) [Carminati 

and Doglioni, 2012; Marini et al., 2015]. The subsequent Quaternary extensional phase generated 

strike-slip and normal fault systems, which are responsible for the development of intermontane 

basins and include the major seismogenic sources of this sector of the Apennines [Marini et al., 2015]. 
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Figure 4-2: Simplified geological map of the study area in scale 1.5M modified from [OneGeology Portal]. The epicentres of the 4 

main mainshocks that made up the seismic sequence of Central Italy are also reported, corresponding to: 1. Mw 6.0 Amatrice (AMA) 

mainshock (24 August 2016); 2.Mw 5.9 Castelsantangelo Sul Nera (CSN) mainshock (26 October 2016); 3. Mw 6.5 Norcia (NOR) 

mainshock (30 October 2016); 4. Mw 5.5 Capitignano (CPT) mainshock (18 January 2017). 

The seismic sequence that hit the Central Apennines between August 2016 and June 2017 is the 

result of such a system and comprises more than 70,000 earthquakes, most of which with normal-

faulting mechanisms [Martino et al., 2019; Bucci et al., 2021]. The sequence started on 24 August 2016 

with the Mw 6.0 Amatrice earthquake (Figure 4-2) that destroyed the historical centres of Amatrice, 

Accumoli and Pescara del Tronto municipalities [Marini et al., 2015]. On 26 October 2016 the Mw 

5.9 Visso earthquake (Figure 4-2), ∼25 km to the north of Amatrice, severely damaged Camerino, 

Castelsantangelo Sul Nera, Preci and Ussita municipalities. The last mainshock of 2016 represents 

the largest event, the Mw 6.5 Norcia earthquake (Figure 4-2), which occurred on 30 October and was 

generated between the two previous mainshocks' sources. On 18 January four earthquakes with Mw 

> 5 were recorded near Montereale and Capitignano villages (Figure 4-2). Following each 

mainshock, there was a prolonged period of aftershock activity, and over subsequent months, 

seismic activity migrated both southward and northward. 

 

4.3 Materials and methods 
The current paragraph aims to describe the input data and the workflow (Figure 4-3) adopted 

to obtain a ranking of the analysed landslides of interest. The input data of the model are 

represented, on one hand, by a multi-sensor dataset composed of PS (Persistent Scatterer) data 

extracted from SAR imagery acquired by Sentinel-1 and COSMO-SkyMed satellites, which provide 

a surface deformation map in the study area (Section 4.3.1). 
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Figure 4-3: Methodological scheme for assigning a priority level to the landslides dataset based on thresholds applied to the 

interferometric ground deformation maps. 

On the other hand, a subset of landslides from a national Italian inventory (described in Section 

4.3.2) was selected to be classified and ranked for future site-specific investigations. Section 4.3.3 has 

been further subdivided into three subsections, respectively related to the description of the 

preliminary filtering of the interferometric dataset (Subsection 4.3.3.1), the spatial clustering 

(Subsection 4.3.3.2), and, finally, the assignment of a priority class (Subsection 4.3.3.3) based on 

specific thresholds applied to the interferometric data. 

 

4.3.1 Input dataset: ground displacement map 
To quantify the displacement rates occurring along the slopes of interest, the PSP IfSAR 

approach was employed [Costantini et al., 2008]. This method is based on considering pairs of 
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measuring points (i.e., arcs) to identify and subsequently analyse the PS. After conducting a 

feasibility analysis to assess the temporal and spatial coverage of available archive images, the most 

feasible approach resulted in adopting a different orbital geometry for each satellite: an ascending 

geometry for Sentinel-1 (S1) and a descending geometry for COSMO-SkyMed (CSK). S1 comprises 

a pair of satellites managed by the European Space Agency (ESA) and offers ground resolution of 

5x20 meters and a revisit time of 6 days due to the consecutive orbits of Sentinel-1A and Sentinel-

1B, constituting the constellation [sentinels.copernicus.eu]. On the other hand, CSK offers higher 

ground resolution of 3x3 meters but has a longer revisit time of approximately 16 days [Torre and 

Capece, 2011]. The adopted solution leverages the improved temporal resolution of Sentinel-1 in 

ascending orbits while circumventing the scarcity of images available in the CSK archive with the 

same orbital configuration, which would otherwise hamper a precise analysis. The analysis was 

performed employing S1 images acquired in Interferometric Wide (IW) swath mode: thanks to the 

250 km-wide acquisition mode, a single satellite swath was employed to cover the entire extent of 

the study area with data of 5m by 20m spatial resolution. Instead, considering that the HIMAGE 

(HI) mode of the CSK data has a 40x40 km swath at 3 by 3 m of spatial resolution, four different 

tracks were used to fully cover the area of interest. Further details of the acquired datasets are listed 

in Table 4.1. The processing allowed us to estimate the average Line of Sight (LOS) velocity for over 

3M measuring points (PS) for the S1 dataset and more than 4M for each one of the CSK tracks. To 

maximise the information related to gravity-driven processes and exclude the contribution of the 

co-seismic deformation related to the 2016-2017 seismic sequence, the displacement analysis was 

carried out for the 2017-2022 interval.  

Table 4.1: Characteristics of Sentinel-1 and COSMO-SkyMed datasets employed for the PS analysis. 

 Sentinel-1 COSMO-SkyMed 

Orbital geometry Ascending Descending 

Ground resolution 5x20m 3x3m 

Radar band C-band X-band 

Track 117 HI_01     HI_03    HI_04    HI_05 

N° of images 305 69 78 82 80 

Incidence angle (°) 38.21 26.02 28.73 31.66 33.39 

Heading angle (°) 12.07 -12.69 -12.68 -11.65 -11.64 

 

4.3.2 Input dataset: landslide inventory and ancillary data 
Within the framework of the reconstruction plan, a thorough study of earthquake-induced 

landslides was carried out after the main mainshocks. Many of the documented slope processes 

encompassed known phenomena already mapped in the Hydrogeological Asset Plans (Piano 

Stralcio di Assetto Idrogeologico, PAI) of the four Regions, which are technical inventories of 

geohazards that may represent constraints or limitations during urban planning actions. The hazard 

level assigned to PAI landslides plays a crucial role in the reconstruction perspective, sometimes 

leading to land-use restrictions that may prohibit all human activity except for hazard mitigation 

interventions, implying the relocation of buildings or settlements damaged by the earthquake. For 

this reason, to accelerate the operations of reconstruction, in-depth investigations were conducted 

to quickly update all landslides of the PAI inventory characterised by high hazard levels. 
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Specifically, the landslides of interest that have been the subject of such detailed investigations are 

distributed over 245 sites, involving a total of 102 municipalities. During 2021, detailed photo-

interpretation of aerial and satellite imagery was carried out in combination with field surveys for 

each location: the final product comprehends an updated, comprehensive geodatabase of the slope 

movements extent, state of activity, anthropic structures involved in the deformational process and 

efficacy of eventual mitigation solutions (Figure 4-4). The following step consisted of satellite-based 

interferometric analysis, carried out to investigate and monitor the morphoevolution of these 

phenomena during the next few years. The purpose was to validate the updated inventory or else 

provide evidence of discrepancies between the mapping performed through photo-interpretation 

and field surveys, and the displacement rates recorded by satellite. In this framework, we designed 

a classification model to provide a ranking of those cases where inventoried processes and InSAR 

results diverged the most. Considering that the PS-InSAR analysis is suitable for the study of slow 

phenomena while, for the intrinsic limitations of the technique, rapid kinematics are undetectable, 

rockfalls were excluded from the dataset (Figure 4-3). All the remaining landslide typologies were 

used as input for the model to be assigned to a different prioritisation ranking. 

 

Figure 4-4: Landslide dataset interacting with the infrastructures and urban centre of Micigliano municipality, updated in the 

framework of the ReSTART project. 

The auxiliary data introduced in the classification model are divided into topological constraints 

and man-made elements. The topological constraints used to analyse the spatial interaction of the 

moving PS with the landslide features are represented by the Slope Units (SU), which are 
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morphologically homogeneous territorial units freely available for the whole Italian territory. The 

employed SU are extracted from [Alvioli et al., 2016] using the EU-DEM digital elevation model, at 

25x25 meters resolution. Risk elements susceptible to the effects of gravitational processes (i.e., 

roads, highways, and buildings) were acquired in vector format from GeoFabrik, servings as a 

repository that regularly extracts and offers up-to-date, open-source data from OpenStreetMap. 

4.3.3 PSI post-processing and classification workflow 

4.3.3.1 Filtering phase 

The filtering phase represented the essential preliminary operation of the proposed workflow 

(Figure 4-3) supporting the removal of noise or irrelevant information from both datasets. The 

filtering operations enhance the quality and reliability of the detected displacement information and, 

at the same time, reduce the dataset dimensions to facilitate the analysis. This process consisted of 

three consecutive steps, applied to remove: 1) noise; 2) isolated points; and 3) outliers. PS points that 

could introduce noise in the analysis were initially filtered by applying a coherence threshold of 0.6, 

which ensured the inclusion of reliable PS (both in space and time) while preserving over 90 percent 

of the valuable information within the dataset. In the second step, isolated points were removed by 

applying a spatial criterion that relied on an influence buffer. The buffer was designed to encompass 

a region where a minimum number of points, representative of the same deformation phenomenon, 

could be reliably considered. Several studies in the literature have focused on defining thresholds 

on both these parameters, which were set based on the deformational processes’ extent [Solari et al., 

2019], or the ground resolution of the sensor [Barra et al., 2017] and, therefore, employed an 

empirical criterion. In our study, considering the average dimensions of the gravity-driven 

phenomena of interest, we set a buffer's radius equal to 100 metres and a minimum number of 3 PS 

as proximity thresholds to retain interpretable clusters. In fact, while isolated PS points can still 

provide a correct indication of the deformations occurring in a particular portion of the territory, 

their reliability is affected by the absence of corroborating measuring points in their proximity. This 

filter was applied also to the PAI inventory, in order to retain only those landslides having more 

than 3 PS within a 100 m buffer. A similar scenario was considered also for the velocity parameter, 

along with the spatial one. The last filtering phase detected and removed outliers (i.e., inconsistent 

values compared to the neighbourhood displacement rates) based on the PS velocity. In this case 

too, if one PS within the cluster shows very different displacement values from the other measuring 

points, this PS would be discarded as it is considered an outlier compared to the displacement rates 

of that specific cluster.  Therefore, in the last step, outliers were removed from each cluster to avoid 

introducing noise in the displacement estimation (Figure 4-3). For this purpose, we applied the 

outlier’s removal was based on the Anselin Local Moran's Index [Anselin, 1995], a spatial statistical 

analysis that identifies significant clusters or velocity patterns in the dataset. Given a geospatial 

dataset, this statistic compares the value of each point with the values of its first three neighbours, 

assessing whether a PS is part of a homogeneous cluster, is a heterogeneous and randomly 

distributed cluster, or is a spatial outlier. As part of Moran's statistics, z-score and pseudo-p values 

are also calculated, expressing the statistical significance of the spatial autocorrelation in the dataset. 

As a result, clusters and outliers are classified into a cluster/outlier type based on the field chosen to 

perform the analysis (in our case, the PS velocity rates). Therefore, statistically significant clusters 

are distinguished in high values (HH, positive velocity rates) or low values (LL, negative velocity 
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rates), while outliers with high or low values respectively surrounded primarily by low-value or 

high-value points are defined as HL and LH and filtered out. The outlier’s identification allowed to 

remove the noise introduced during the displacement estimation. 

4.3.3.2 DBSCAN 

The identification and monitoring of significant clusters undergoing similar deformation 

patterns are essential tasks in analysing and interpreting PS data. Among the clustering algorithms, 

the Density-Based Spatial Clustering of Applications with Noise) [Li et al., 2015] has emerged as a 

powerful unsupervised machine-learning tool for identifying clusters with irregular shapes in data 

with varying densities. The density-based technique explores the set of ungrouped filtered PS data 

to detect additional outliers and extract well-separated clusters with similar deformation behaviour 

(i.e., dense regions) without any preliminary information about the number of groups existing in the 

dataset [Lv et al., 2016]. Two input parameters are required to define clusters by linking 

neighbouring points: the eps radius and the MinPts density threshold. The radius determines the 

maximum distance between two data points that can be regarded as part of the same cluster, 

whereas the density specifies the minimum number of data required within the neighbourhood to 

form a core point [Starczewski et al., 2020]. Points that fail to meet these criteria are deemed outliers 

to the sample. The PS datasets are clustered by considering the boundaries given by the SU they 

belong to. In the context of the clustering process, ground displacement operated as a critical factor 

for categorising PS data into clusters. When dealing with multivariate datasets it is crucial to 

recognize only significant variations within the same cluster. Therefore, we employed a 

standardisation procedure to bring the velocity values to a common scale. In particular, we assigned 

a value of -1 for displacement rates indicating motion towards the satellite LOS and a value of +1 for 

those showing movement away from the LOS direction. Finally, we allocated a value of 0 for PS 

considered stable (with velocities ranging from -2 and +2 mm/y). This process avoids affecting the 

performance of the clustering algorithm due to the broad range of the velocity feature, enabling the 

DBSCAN to effectively operate on the datasets. We performed the unsupervised clustering, 

implemented with Python from the Scikit-learn library [scikit-learn.org], by applying a MinPts value 

equal to 3. The optimal radius (eps) was automatically determined inside each Slope Unit to ensure 

the adaptability of the clusterization to local conditions. The dynamic estimation involved the 

extraction of the knee point in the k-distance graph, which represents the distances between data 

and their three-nearest neighbours (Rahmah and Sitanggang, 2016). The adopted approach ensured 

that clusters within each Slope Unit were based on the local density of deformation patterns, 

handling variations of spatial distribution across different regions of the area of interest. The 

employed methodology assigned a unique cluster number attribute for each point within the 

designated area of interest, enabling the extraction of deformation clusters. 

4.3.3.3 Classification workflow 

Once the PS data filtering and clustering processes were concluded, the aggregated groups of 

points were used in the implemented ranking model to assign a different prioritisation value to 

landslides of interest. The implemented prioritisation pipeline and the output classes were 

reported in Fig.3. The first step was to evaluate the presence of PS inside the investigated 

landslide bodies. The threshold set on the density was obtained from the literature [Barra et al., 

2017; Solari et al., 2019], taking into account the different spatial resolutions of the S1 and CSK 
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sensors. In particular, landslides showing a PS density less than 30PS/km2 (for S1 data) and 

50PS/km2 (for CSK data) were assigned to the not-classified (NC0), according to the poor spatial 

coverage of PS-InSAR data (Figure 4-3). Similarly, slope processes without at least 3 moving PS 

(hence, at least one cluster of displacement) were considered not-classified (i.e., NC1, Figure 

4-3). The NC1 class has been assigned to this category because the absence of moving clusters 

does not necessarily imply a lack of active deformation of the slope process but rather a 

potentially unfavourable slope orientation compared to the satellite LOS, which would prevent 

an adequate movement assessment. The following steps involved the ranking of all the slope 

processes not exhibiting moving clusters between the body of the landslide and the slope unit 

(well-mapped, 0A) or moving clusters crossing both the landslide perimeter and the relative 

SU, but not interacting with human structures or infrastructures (not-interacting, 0B, Figure 

4-3). In the 0A class, all observed phenomena seem to be accurately mapped (by PS-InSAR 

measurements) since the clusters of deformation fall within the mass process limits. In the 0B 

class, these instability processes, while presenting moving PS outside the mapped polygon (but 

still within the topological boundary marked by the relative SU), do not affect man-made 

structures, hence related to a low priority level based on the aim of our study. To assign a 

priority ranking that could be easily interpreted by non-experts and used for in-depth 

investigation, the following ranking classes were based on thresholds set on the average LOS 

velocity of clusters. Thresholds based on the average LOS velocity were assigned for moving 

clusters located within landslide boundaries, in-between landslides and SU, or clusters located 

in the SU and within a specific distance from the landslide body. The specific distance, already 

included in the PAI inventory, varies for each landslide, as it considers the potential evolution 

of the distribution activity of each process (e.g., advancing, retrogressive, enlarging, [WP/WLI, 

1993]). Although in several works the landslide classification is implemented based on the 

velocity projected along the steepest slope gradient (Vslope), the major disadvantage of such a 

procedure relies on the assumption that the landslide kinematics is purely translational, 

otherwise, the retrieved displacement is underestimated. This implies that the Vslope is not 

feasible when considering a landslide inventory including the full spectrum of kinematics, 

hence the average LOS velocity was considered as the best option for our analysis. The 

thresholds set on the absolute mean value of the cluster velocities are the following: 

• |v|< 2 mm/y: stable, class S 

• 2 < |v| < 4 mm/y: Low- priority, class 1;  

• < |v| < 8 mm/y: Medium- priority, class 2;  

• |v| > 8 mm/y: High- priority, class 3. 

We also accounted for the possibility that clusters moving between landslide polygons and the 

SU might exhibit a gradient in the displacement rates, indicating zones with a differential 

deformation pattern. Consequently, we introduced two additional classes, denoted low-priority 

differential (1D) and medium-priority differential (2D), to acknowledge this differential 

movement between clusters. This distinction is crucial, as it can exacerbate the expected level of 

damage by introducing complexity into the deformation scenario for human structures. 

 



 

41 

 

4.4 Results 

4.4.1 Multi-sensor deformation maps 
The multi-sensor dataset allowed us to obtain good coverage of displacement data in the area 

of interest despite the presence of densely vegetated and cultivated areas. Considering that the 

objective of the present work is to provide a classification of the gravitational phenomena interacting 

with anthropic structures and that the latter constitute excellent radar signal reflectors (and, 

consequently, high-coherent PS), in most cases, the obtained information was representative of 

deformation processes of interest. As mentioned in Section 4.3.1, the total number of PS obtained for 

the area of interest is around 2M for S1 and just under 15M for CSK (about 4M for each track). Figure 

4-5 shows the data coverage for both orbital geometries used. 

 

Figure 4-5: Deformational maps at the regional scale for the study area. The panels display the displacement rates measured in the 

ascending orbit from the Sentinel-1 satellite (left panel), and the deformations retrieved from COSMO-SkyMed for the descending 

geometry (right panel). 

From the comparison between the two orbital geometries, the different resolutions of the S1 and 

CSK sensors significantly affected the ability to identify PS. In the descending orbit, the 

measurement points are much denser and provide better data coverage throughout the study area. 

Nevertheless, in both cases, the areas surrounding the epicentre of the 2016-2017 seismic sequence 

and along the active faults' system lack displacement measures. This is probably due to the intense 

co-seismic deformations affecting the analysis of ground displacements. While the signal is 

completely decorrelated in the proximity of the epicentre, residues of the co-seismic deformation are 

detected up to about 10 km moving away from this area. To ease the filtering, clustering, and 

classification tasks, we exclude those PS outside of the slope units comprising the landslides of 

interest, which were considered as the minimum morphological boundaries to discriminate between 

adjacent instabilities. 
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4.4.2 Priority assignment 
The application of the proposed workflow allowed us to assign each of the over 500 landslides 

to one of the 10 classes for obtaining a different prioritisation level (Figure 4-6). Considering the 

higher spatial coverage of the CSK dataset, the number of landslides for which the use of the InSAR 

technique was effective support for field activities is much higher than S1. During this process, 

despite the presence of measuring points, areas of interest which did not show sufficient distribution 

of displacement information to study and classify the landslide phenomenon were discarded. In this 

first phase, we discarded 3% of the areas poorly covered by S1 data and less than 5% of the landslides 

of interest covered by CSK, classified as NC0. The subtle difference is linked to the fact that, given 

the higher ground resolution of the CSK sensor, the PS density threshold set is higher (50 PS/km2) 

than that decided for S1 (30 PS/km2). In the following step, a much higher number of phenomena 

(45-50%) without enough moving PS was discarded and classified as NC1. 

 

Figure 4-6: Overview of the landslide classification in nine ranking classes. 

The last steps before the priority class assignment consisted of the filtering of Classes 0A and 

0B, respectively representing landslides showing non-overlapping moving PS clusters with Slope 

Units, or with infrastructure and urban areas. Regarding class 0A, when considering the slope units 

associated with it, dataset S1 had approximately half the number of landslides without any 

significant movement clusters compared to those excluded when using CSK data (41 landslides in 

S1 versus a total of 88 landslides in CSK). On the other hand, the count of non-interacting clusters 

involving anthropic structures was noticeably lower, resulting in a reduction of less than 30 

landslides for both datasets. Eventually, the crucial parameter for distinguishing the priority levels 

among the remaining landslides was the average velocity calculated for each moving cluster. This 

criterion differentiated, in terms of velocity rates, those landslides with adequate distribution of the 

ongoing displacements, significant enough to impact vulnerable anthropic elements, and whose 

actual deformation's extent was underestimated. Out of the initial set of landslides considered for 

classification, approximately 148 polygons from S1 and 175 from CSK successfully passed through 

the selection process and were assigned to 5 different priority levels (Figure 4-6). 
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Among the five proposed levels, classes with low priority (specifically, class 1 and 1D) 

encompass the highest proportion of landslides. Approximately 19% of the instabilities were 

categorised as low priority when considering the S1 data, while this figure increased to about 23% 

when using CSK data. Figure 4-7 shows the cases of the municipalities of Moscano (panel a), ranked 

as class 1, and Borgiano (panel b), whose landslides are ranked instead as class 1D, located in the 

Marche Region. For a better visualisation of the deformation maps, the unmoving PS are not shown.  

 

Figure 4-7: Example of two case studies ranked with a low priority level (i.e., class 1 and 1D). Panel a) represents the gravitational 

instability processes and the relative deformation rates affecting the municipality of Moscano. Panel b) shows the displacement rates 

of landslides interacting with the anthropic structures of the municipality of Borgiano. In this case, differential deformational 

patterns can be measured over the landslide bodies, leading to the assignment in the 1D category. Given the high concentration of 

PS, information from the measuring points that are considered stable (velocity ranging between -1.5 and 1.5 mm/y) was omitted for 

better interpretation of the analysis. 

The landslide that affects the town and the infrastructure of Moscano, and is classified as a 

quiescent complex landslide, is well characterised in the southern sector, along its foot. In both 

geometries, the displacement clusters display an average velocity of |3| mm/y, with a displacement 

direction towards the southwest (approaching the sensor in the ascending geometry and moving 

away from the descending one). In both cases, small clusters outside the perimeter of the landslide 

body indicate that this instability process affects a slightly larger area, deforming with the same 

average velocities. In panel b of Figure 4-7, a heterogeneous displacement pattern is recorded on the 

landslide bodies affecting the town of Borgiano and the anthropic structures located along the valley 

floor. In both orbital geometries, the movements measured in the central-eastern area of 

gravitational instability show a displacement component along the maximum slope direction. 
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Indeed, S1 clusters displaying negative velocity (approximately -3mm/y on average) move away 

from the ascending sensor, while the PS (averaging +3mm/y) recorded in the descending orbit move 

away from the sensor (light blue shades). The deformational measures, although remaining in the 

order of about |3| mm/y, abruptly change their motion direction, which is opposite to the one 

described above at the foot of the two landslides. In this sector, the national highway SS7 that runs 

along the valley floor and, in some parts, even the quarry located at the foot of the western 

gravitational phenomenon, exhibit opposite displacement direction with respect to the upper part 

of the slope, which can be potentially related to bulging.  

Almost 70 landslides intersecting clusters with average displacement rates ranging between 4 and 8 

mm/y were assigned a medium priority level (i.e., class 2). When compared to their respective totals, 

the number of landslides categorised with medium priority is higher by exploiting S1 data 

(amounting to 44 landslides out of 511), as opposed to the classification using CSK (Figure 4-6). Two 

case studies of landslides resulting as category 2 from the classification process are located 

respectively in the Marche and Lazio regions (Figure 4-8).  

 
Figure 4-8: Example of two case studies ranked with a medium priority level (i.e., class 2). Panel a) represents the gravitational 

instability processes and the relative deformation rates affecting the village of Piaggia (municipality of Apiro, Marche). Panel b) 

shows the displacement rates of landslides interacting with the anthropic structures of the village of Poggio Perugino (municipality 

of Rieti, Lazio). 

The first example (panel a) involves the instability processes affecting the village of Piaggia 

(municipality of Apiro). This example vividly illustrates how a substantial number of measurement 

points displaying significant movement (with displacement rates on the order of approximately ±7/8 

mm/year) are entirely omitted in the mapping of deformation phenomena. In this way, different 

commercial structures and some houses, although involved in rather conspicuous deformations, are 
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not affected by landslides inventoried in the PAI. Similarly, although with more fragmented 

information due to the uneven distribution of stable scatterers to the ground, the township of Poggio 

Perugino (municipality of Rieti) shows several moving clusters of PS, indicating deformation rates 

of about +-7mm/y in both geometries (panel b of Figure 4-8). In any case, a direct correlation between 

the clusters excluded from the mapping and the landslide of interest is not, in this case, so obvious. 

Only the PS cluster located at the foot of the landslide appears to be near the deformation, whereas 

a couple of separate groups in the northern sector of the area may be associated with a distinct 

phenomenon. 

Finally, landslides classified with a medium-high (i.e., class 2D) and high priority level (i.e., 

class 3) are the least numerous. A comparable number of landslides belong to class 2D for both S1 (6 

landslides) and CSK (4 landslides) while, in the high-priority class, the number of landslides 

classified with CSK data (9 phenomena) is much higher than those classified using S1 (only 3 

landslides). Figure 4-9 illustrates the instability processes affecting the municipalities of 

Montemartano and Offida. 

In the case of Montemartano, there is a significant contrast in the spatial distribution of 

deformations observed in the ascending and descending geometries. This difference is substantial 

enough to lead to the classification of the landslide into two distinct priority levels. On one hand, 

utilising S1 data, displacement rates of about -4.5mm/y above the gravitational process boundary 

were obtained, at about 740 m a.s.l. This part of the slope falls within the geomorphological limit of 

the slope unit related to this landslide, thus potentially indicating a further extension of the 

instability to those sectors (Figure 4-9a). In the central portion of the landslide body, the severe 

deformations measured in the municipality of Montemartano and along a section of the provincial 

road reach average displacement rates of about -20 mm/y, thus raising the classification to a priority 

level 3 (Figure 4-9a). On the other hand, the deformation cluster acquired with the CSk data is well 

concentrated in the urban centre, and entirely enclosed by the perimeter of the landslide, which then, 

according to the classification model, is "well mapped" (class 0A, Figure 4-9a1).  

The last case taken as representative of the prioritisation model concerns the municipality of 

Offida. Once again, the model returned two different priority classes based on the different 

interferometric datasets used, although not as divergent as the example described above. A 

considerable portion of the town of Offida, along with the primary and secondary roads, is under 

intense deformations, which are appreciated with both orbital geometries. Due to the considerable 

density of buildings and infrastructures, we can appreciate a gradual transition in the displacement 

pattern. From displacement rates in the order of about +-7mm/y, located towards the top of the 

landslide, to peaks of over 18 mm/y recorded with CSK, and over 20mm/y recorded with S1 is 

noticeable. Isolated clusters with lower deformation rates (less than 4mm/y) are recorded just above 

the inventoried landslide crown, identifying a wider extension of the process than the mapped 

portion. Moreover, thanks to the data acquired in descending geometry, it is possible to highlight 

how, within the slope unit that includes the mapped phenomenon (and in the neighbouring slope 

units as well), there is an evident inversion of the recorded velocities, shifting in the orientation from 

southwest (away from the sensor for the PS in yellow and orange shades) to northeast (approaching 

the sensor for the PS in blue shades) measured in the body of landslide. In the ascending geometry, 

this inversion is not recorded. For this reason, if in the case of S1, the landslide is classified as priority 

level 3, in the case of CSK the phenomenon is assigned a 2D priority level. 
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Figure 4-9: Example of two case studies ranked with a medium-high (i.e., class 2D) and high priority level (i.e., class 3). Panels a) 

and a1) represent the gravitational instability processes and the relative deformation rates affecting the village of Montemartano 

(municipality of Spoleto, Umbria). Panels b-b1) show the displacement rates of landslides interacting with the anthropic structures 

of the municipality of Offida (Marche). In panels c) and c1) details of the moving clusters exceeding the boundaries of the mapped 

phenomenon are illustrated for both orbital geometries. Given the high concentration of PS in the urban centre of Offida, information 

from the measuring points that are considered stable (velocity ranging between -1.5 and 1.5 mm/y) was omitted for better 

interpretation of the analysis. 

4.5 Discussion 
We successfully exploited the PS displacement rate information to assign a different priority 

level to the landslides of interest. Out of the input data (over 500 landslides from PAI inventory), we 

found that at least 30% (for both orbital geometries) exhibit moving clusters closely extending 

beyond their boundaries and, therefore, potentially associated with the same gravitational process. 
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The subdivision into the five priority subclasses remains consistent for both the S1 dataset and the 

CSK dataset. The distribution of phenomena within each category is generally similar, except for 

minor variations that can be attributed to the use of different sensors and varying resolutions. When 

examining the distribution of landslide occurrences across each class, a noticeable decreasing trend 

emerges, beginning from the lowest priority class (i.e., class 1), which accounts for 13% in the case 

of S1 and 16% with CSK, to the highest priority class (i.e., class 3), accounting for S1 and CSK 0.6% 

and 1.5%, respectively. 

At the local scale, the selected case studies shown in the results section have also allowed us to 

analyse in detail the correct assignment of the phenomenon to each priority class, confirming that 

some areas, already examined in the literature with local-scale investigations, are worthy for further 

reconstruction of the phenomena morphodynamics. The landslide that affects the town of Borgiano, 

which has been assigned a level of medium-low priority, has already been documented in the 

literature as a small DGPV (specifically, a deep-seated block slide, Aringoli et al., 2010). This 

landslide, owing to its interaction with critical anthropogenic structures like the primary connecting 

road, a quarry, and a water production reservoir, is subjected to ongoing monitoring through a 

specialised GPS monitoring system. Furthermore, geophysical surveys have been conducted to 

examine the active deformation characteristics. The displacement rates obtained by ascending and 

descending PS, averaging around 3 mm/y, perfectly match the phenomenon classification (sensu 

Cruden and Varnes, 1996), corresponding to the slow or very slow category. From the 

geomorphological surveys and the geophysical analyses, it clearly emerges how the DGPV basal 

part, which affects the state road, is effectively subjected to bulging, as confirmed by the InSAR 

displacement measures. A small counterslope located south of the town of Borgiano expresses the 

same deformational behaviour. The instability appears to extend, as suggested by geophysical cross-

section interpretations [Aringoli et al., 2010], even beneath the lake's bottom, where the limitations 

of the InSAR technique prevent the detection of displacements. The prioritisation process for both 

the Borgiano landslide (already documented in literature) and the Moscano landslide (so far 

unexplored) proved its effectiveness. This process highlighted the significant impact on 

anthropogenic structures, particularly those of strategic importance. It also facilitated the 

displacement rate measurement for both phenomena and found that the current boundaries should 

be extended.  

In the cases of mass processes classified with medium ranking, we obtained excellent results. 

The case of Piaggia is perhaps the most exemplary, as it is well characterised by dense measuring 

points in correspondence with the inhabited and industrial areas. The perimeter of gravitational 

phenomena does not take into account large portions of this inhabited centre, which however exhibit 

intense deformation. Similarly, the landslide of interest located in the town of Poggio Perugino 

stands as a critical case study, since the mapped slope instability does not comprehend some areas 

that show quite significant displacements (rates of about 5-7 mm/y). In this case, the deformation 

clusters excluded from the perimeter of the landslide are located in portions relatively distant on the 

slope, and may therefore not be part of the landslide of interest, but rather related to new slope 

failures not yet identified in the PAI inventory. In any case, it is important to stress that these 

deformations insist on several sections of the primary road network leading to the residential area. 

Whether it's an extension of the same landslide or new gravitational phenomena that haven't been 
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identified yet, the ranking model accurately recognised a problematic zone that warrants additional 

investigation. If such instabilities were to affect the primary road network, they could disrupt and 

even preclude any connection in the event of future emergencies. Similarly, a redefinition of the 

landslide system in the Piaggia district should be reconsidered, as should a more detailed 

examination of the varying displacement rates observed by satellite measurements.  

The varying performance of different sensors and ground resolutions became evident through 

the cases of Montemartano and Offida, which received different rankings depending on the satellite 

employed. The InSAR measurements obtained in the descending geometry confirmed displacement 

rates observed between 2011 and 2014 with CSK by [Di Matteo et al., 2023]. Such displacements are 

retrieved exclusively in correspondence with the inhabited centre: thus, the Montemartano landslide 

does not exhibit deformation sectors outside the mapped perimeter and was correctly classified as 

"well mapped" (class 0A). On the contrary, in the ascending geometry, we report a deforming area 

in the upper portion of the slope (between 750 and 800 m a.s.l.), which is partly covered by 

vegetation. The different radar bands related to the two satellites likely affected the ability to record 

movements in this area. Sentinel-1 C-band sensor, less influenced by the vegetation and with a 

greater penetrative capacity than the X-band sensor, succeeded in identifying a moving cluster in a 

challenging area, with few scattering elements surrounded by shrubs. Detailed geological surveys 

(Licata et al., 2023), pointed out that this specific portion of the slope is covered by unconsolidated 

debris talus, which easily experiences movements uncorrelated with the complex landslide below. 

In this case, therefore, although the ability of the model to identify mapping criticality, the 

attribution of such a high-priority class is to reconsider in the light of field evidence. Similarly, a 

slight discrepancy is also observed for the Offida landslide ranking. The finer ground resolution of 

CSK provided an exceptional level of detail in measuring the differential displacement rates within 

the urban centre, not comparable with that achieved by S1. The city develops on a watershed, on 

which the crown of the landslide body has been identified. The difficulty in distinguishing 

movements related to the phenomenon under study or other strains insistent on the opposite side 

can in this case be facilitated by the use of interferometric information, which can support a more 

correct delimitation of the process in an urban context, which can always be challenging. 

 

4.5.1 Novelties, limitations and future perspectives 
This study stands as one of the first applications of PS-InSAR analyses in the Central Apennines 

since, compared to other Italian regions, there has been a notable absence of regional-scale studies 

[Solari et al., 2020]. Our work has addressed this gap in the context of the complex geomorphic 

dynamics of the Central Apennines, an area known for its pervasive presence of landslides [Trigila 

et al., 2021]. We introduced a spatial statistical approach (i.e., clustering analysis) as a novel 

instrument for evaluating and assessing a priority ranking to landslides, so far poorly explored with 

respect to hot-spot and buffer analyses, which still represent very popular approaches. The 

application of the DBSCAN method allowed us to assign measuring points with similar 

deformational behaviour to the same cluster in a way resembling the interpretation an expert would 

perform. By doing so, the spatially aggregated information enabled us to obtain a more robust 

interpretation key that better mirrors the actual deformation patterns. While a mere interpolation or 

hotspot creation might result in an overestimation of the deformation rates extent in an area 
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(assumed that they don't display a linear deformation pattern), a more precise approach as the 

DBSCAN involves focusing solely on the cluster within an active deformation zone and a limited 

relative buffer. The comparison depicted in Figure 4-10 highlights that, based on the PS mean 

velocity (Figure 4-10a), the clustering analysis carried out through the DBSCAN algorithm (Figure 

4-10b) yields more reliable results compared to the hotspot analysis (Figure 4-10c). In Sector I, the 

interpolation fails to distinctly identify a deformation cluster due to the mixing of displacement 

values with nearby stable velocity values, leading to an attenuation of the deformation signal. 

Conversely, DBSCAN effectively isolates and delineates the deformation area, strictly connected to 

the deformation identified further north, thus supporting the interpretation of the process. Sectors 

II and III demonstrate DBSCAN's efficacy in identifying outliers within the dataset, simplifying 

filtering operations. In the hotspot analysis, outliers are either integrated into the interpolation 

process, resulting in small areas of apparent deformation (Sector II), or categorized as stable areas if 

nearby speed values exhibit opposite signs (Sector III).Future implementations should also 

incorporate the temporal dimension, considering, together with the spatial distribution of the 

velocity rates, also the PS time series trends, to obtain a more reliable aggregation of similar PS 

representing the same slope process. Furthermore, by incorporating geomorphological constraints 

(such as Slope Units) into our analysis, we were able to substantially enhance our ability to identify 

clusters potentially attributable to the same geomorphic process (i.e., excluding moving clusters 

separated by drainage divides or ridges). However, the current main limitation of Slope Units as 

geomorphological constraints is their spatial resolution, which is still limited to 25 metres pixel size, 

unreliable for analysing the extension of small phenomena. The authors are currently working on 

further implementation of the Slope Units resolution, starting from high-resolution digital models 

to obtain more accurate slope subdivisions into homogeneous terrain units. 

 
Figure 4-10: Comparison between the results obtained through the DBSCAN-based aggregation model and the classic hotspot 

analysis-based techniques. The panel on the left shows the deformation map generated with the Sentinel-1 dataset on a test area. The 

top right panel displays the DBSCAN algorithm performance: PS aggregated in separate moving clusters are effectively highlighted 

more accurately through this procedure than through the hot-spot-based analysis (bottom right panel). 
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4.6 Conclusions 
In regions with historically frequent seismic activity, it is of paramount importance to 

thoroughly investigate the interplay between slope instability and urban development. The impact 

of severe seismic motions, like the Central Apennines sequence, can extend over vast areas, reaching 

up to several tens of kilometres from the epicentre. Consequently, their interaction with slope 

instability phenomena within the seismic area can multiply exponentially, leading to the reactivation 

or triggering of hundreds to thousands of landslides. In addition to conducting comprehensive field 

investigations targeted at assessing earthquake-induced landslides, it is equally vital to provide tools 

that can facilitate large-scale monitoring and updating of gravitational deformations. For this 

purpose, our work provided valuable and easily reproducible methodologies to support the 

cataloguing of the actual extent and current state of activity of landslides at the regional scale, 

ensuring spatio-temporal up-to-date information for urban planning and risk management 

instruments (i.e., PAI inventory). This methodology, designed to be adopted by both expert and non-

expert users, is targeted to plan detailed investigations based on the results of prioritisation of 

different areas of study. A central aspect of our study revolves around the synergistic use of 

interferometric data aggregation algorithms (i.e., DBSCAN), wherein the motion of individual 

Persistent Scatterers is interpreted based on the deformation patterns in their immediate vicinity, 

and the geomorphological constraints represented by the Slope Units, which delimit this 

aggregation according to topological criteria. Moreover, by exploiting different radar bands and 

spatial resolution, albeit with the limitation of one orbital geometry available per sensor, we 

obtained distinct information that demonstrated the advantages of reduced sensitivity to vegetation 

(resulting in a less noisy analysis, as observed with Sentinel-1) or enhanced capability to measure 

differential deformational patterns (as evidenced by COSMO-SkyMed).  In the near future, with the 

advent of freely accessible and regularly updated Europe-wide interferometric products like EGMS, 

there will be a growing demand for the standardisation of procedures related to the identification 

and classification of active deformational areas. Additionally, it will be imperative to explore 

innovative tools for efficiently handling the vast volume of data generated by these sources. 
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5 PS-InSAR post-processing for assessing the spatio-

temporal differential kinematics of complex landslide 

systems: a case study of DeBeque Canyon landslide 

(Colorado, USA)  
 

Under review on Earth Surface Processes and Landforms 

 

Abstract 

The complex superimposition of different kinematics and nested sectors within landslide 

systems amplifies the challenge of interpreting their heterogeneous displacement pattern and 

targeting effective mitigation solutions. As an example of such peculiar spatio-temporal behaviour, 

the DeBeque Canyon Landslide (Colorado, USA) is emblematic of the application of interferometric 

post-processing analysis for a detailed, remotely based investigation. We employed a multi-

geometry Persistent Scatterers (PS) InSAR dataset to provide continuous information on the spatio-

temporal scale and achieve a solid representation of the segmented kinematics and timings. From 

the updated geomorphological map of the landslide system and its internal components, a bi-

dimensional decomposition of the PS dataset was performed to derive, for each sector, the respective 

displacement orientation and inclination. Statistical-based analyses carried out on the displacement 

vector descriptors and time series lead, respectively, to the spatial characterization of the landslide 

system segmented style of activity, and the assessment of trend abrupt changes related to 

preparatory and triggering factors. A clear differentiation of the rotational or translational 

kinematics within the landslide system was accomplished solely using surface displacement 

measures. Moreover, the application of a Bayesian model on the bi-dimensional vector time series 

lead to the identification of significant differences in the deformational behaviour of each sector with 

respect to precipitation and temperature factors. Our approach represents a replicable method for 

local-scale characterization and monitoring of landslides exhibiting complex spatio-temporal 

displacement patterns and providing an effective, low-cost solution for transportation agencies from 

a risk-reduction perspective. 

Keywords: Landslide system; InSAR post-processing; PS-InSAR; landslide kinematics; multi-

geometry combination; time series decomposition. 

 

5.1 Introduction 
Landslides significantly impact mountain environments worldwide, reshaping the 

topography but also affecting human activities, thus posing a threat to urban settlements [Bozzano 

et al., 2010; Agliardi et al., 2012; Crosta et al., 2013; Raspini et al., 2017; Herrera et al., 2018]. The 

interplay of litho-structural factors and hydro-climatic conditions controls their differential erosion 

and sediment redistribution, affecting the long-term morphoevolution of the slopes [Crosta et al., 

2017; Preisig et al., 2016; Della Seta et al., 2017; Riva et al., 2018; Delchiaro et al., 2019; Marmoni et 
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al., 2023]. Under the ongoing effect of such factors, rock masses accumulate stress and experience a 

slow yet persistent deformation, which may result in complex spatiotemporal arrangements of 

landslides, derived from the internal segmentation and mobilisation of nested bodies [Lopez Saez et 

al., 2012] or the superimpositions of different types of movements [Bossi et al., 2015; Valiante et al., 

2016; Wang et al., 2020]. The term landslide system [Valiante et al., 2021 and references therein] 

describes such arrangements of gravity-driven morphotypes derived, over the long term, from the 

same slope deformation. Assessing this segmentation through an extensive spatial kinematic 

characterization, including the quantification of distinct displacement rates and mechanisms, as well 

as the identification of nested bodies and secondary failures, is crucial for understanding the 

complex morphodynamics of these phenomena [Bigot-Cormier 2005; El Bedoui et al., 2009; Crosta 

et al., 2017; Delchiaro et al., 2023; Dong et al., 2023].  

The factors controlling landslide system history can be long-term static, as in the case of 

predisposing ones (e.g., bedding, lithology), or dynamic as in the case of the preparatory ones (e.g., 

temperature, river incision, glacial debuttressing). In addition, short-term triggering factors (e.g., 

earthquakes, extreme rainfall events) can lead the slope to the ultimate failure. In this regard, 

precipitation events play a decisive role both in the short term, acting as triggers when heavy rainfall 

or sudden snowmelt occurs [Grøneng et al., 2011; Del Ventisette et al., 2012; Nishii et al., 2013; Crosta 

et al., 2014] and, along with temperature, as preparatory factors, whenever prolonged rainfalls and 

seasonal changes undermine the slope marginal stability over the mid and long term [Popescu 2002; 

Ibsen and Casagli, 2004; Scheevel et al., 2017; Steger et al., 2022].  

The interplay between the aforementioned factors impacts the temporal displacement evolution and 

may lead to the differential reactivation of the landslide system's internal sectors and even to a 

generalised failure [Del Ventisette et al., 2012; Wang et al., 2020]. From a geotechnical perspective, 

mitigation measures planning and construction become challenging due to the high spatio-temporal 

displacement variability, especially when strategic infrastructures are involved. An overall analysis 

is often carried out through traditional geotechnical and geophysical techniques that allow acquiring 

accurate localised measurements [Crosta and Agliardi, 2002]. However, given their spot-like 

peculiarity and the high cost of pervasive positioning, they fail to provide a comprehensive 

perception of the heterogeneous displacement pattern of the landslide, likely underestimating the 

actual fragmentation of the system.  

To achieve a robust yet persistent interpretation of the spatio-temporal evolution of landslide 

systems, Interferometric Synthetic Aperture Radar (InSAR) and Light Detection and Ranging 

(LiDAR) can be effectively employed for a thorough investigation as they provide high spatio-

temporal resolution, and extensive measurements coverage [Singhroy and Molch, 2004; Gischig et 

al., 2011; Ciampalini et al., 2016, Vick et al., 2020; Xu et al., 2021]. Combining these two techniques is 

ideal for investigating slow-moving phenomena in mountainous and hilly terrains. Whereas LiDAR 

data in the form of Digital Elevation Models (DEMs) are often employed for a detailed morphometric 

characterization of landslide signatures on rugged topography [Glenn et al., 2006, Ardizzone et al., 

2007; Kasai et al., 2009; Jaboyedoff et al., 2012], InSAR techniques proved optimal detection of subtle 

ground deformations moving within the specific sensor's detection capability (i.e., from several 

centimetres to a few millimetres per year) [Wasowski et al., 2014; Mazzanti et al., 2015]. From the 

traditional differential interferometry method [Tarchi et al., 2003; Dong et al., 2018; Crippa et al., 

2020; Reyes-Carmona et al., 2023] to advanced multi-temporal methodologies based on Small 
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Baseline Subsets [Berardino et al., 2002] and Persistent Scatterers - PS [Moretto et al., 2021], InSAR-

derived displacements are essential for the landslide's deformational pattern quantification and 

mapping purposes [Bozzano et al., 2017a; Di Martire et al., 2017; Bordoni et al., 2018; Antonielli et 

al., 2019; Bonì et al., 2020]. The PS-InSAR technique has found widespread application in analysing 

the spatial displacement patterns associated with slow deformation processes, providing valuable 

insights for investigating landslide systems' segmented and heterogeneous kinematic behaviour 

[Crippa and Agliardi, 2021] and considering their interaction with man-made structures [Frattini et 

al., 2013]. In addition, PS displacement time series can be correlated with external meteorological 

forcings. In this case, examining the historical temporal deformation pattern of the slope process can 

allow us to highlight the relationship between reactivations and sudden accelerations in the 

displacement trend, triggered by high-intensity, short-duration events, or influenced by medium 

and long-term seasonal trends.  

Nevertheless, the motion assessment through PS-InSAR applications is heavily affected by the 

intrinsic characteristics of the technique, which retrieves the ground deformation velocity along the 

satellite line-of-sight (LOS) and therefore fails to record the real tridimensional components of the 

displacement vector [Eriksen et al., 2017; Crippa et al., 2021]. Moreover, considering the complexity 

of examining multiple deforming sectors nested in a larger disrupted rock mass, the present 

literature still offers rare studies that aim to address this challenge in the spatial domain [Eriksen et 

al., 2017; Crippa et al., 2021] and, to the best of the author’s knowledge, none in the temporal one.  

Therefore, the purpose of this study is to exploit PS-InSAR analysis to examine the spatial kinematic 

variability and temporal dynamics of a landslide system. The first part of the methodological section 

is dedicated to the description of the exemplary case study used in the present work. Then, we 

described how we estimated the two-dimensional displacement vector and employed it as an 

alternative to the LOS velocity for further displacement analysis. We used the combination of the 

multi-geometry Sentinel-1 dataset acquired between 2014 and 2019 considering it with respect to the 

LiDAR-derived local topography to derive the bidimensional vector. The spatial and temporal 

outcomes of the InSAR post-processing analysis are described in the two main subsections of the 

results. First, we delineated the spatial deformation pattern of the selected landslide exploiting the 

decomposed displacement vector to obtain a clear distinction of the peculiar kinematics of each 

sector composing the system. Eventually, from a temporal point of view, we correlated the 

decomposed velocity to the meteo-climatic data, identifying a correlation between displacement 

acceleration phases and precipitation and temperature factors, acting both as triggering and 

preparatory. 

 

5.2 Materials and Methods 
The methodology presented in the current section is tailored to investigate the spatial variability 

and morphodynamic evolution of the DeBeque Canyon Landslide system, described in Section 5.2.1. 

This system was used as an exemplary test site to investigate the heterogeneous deformational 

behaviour of a slow-deforming slope threatening Interstate 70, one of the major highways of the 

United States. Detailed mapping of the geomorphological features of the landslide was carried out 

through visual interpretation of a high-resolution digital topographic model (Section 5.2.2) as a 

preliminary step for further quantitative investigation on a multi-geometry interferometric dataset 
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(Section 5.2.3). We differentiated the heterogeneous spatial pattern by considering, in the first place, 

the decomposed velocity vector distribution over the landslide's sectors. Subsequently, we also 

examined the vector's time series for each zone of the landslide to retrieve specific timings and 

correlations with preparatory and triggering factors. 

 

5.2.1 The DeBeque Canyon case study 
The study area is located in the northern part of Mesa County in Colorado (USA): here, 

channelised surficial waters belonging to the Colorado River system represents the main 

morphogenetic agent, incising the extensive plateau in the form of deep canyons and playing a 

crucial role in disrupting the slope stability along its banks (Figure 5-1). A critical example of this 

interaction is the DeBeque Canyon Landslide (DCL) at milepost 51 of Interstate 70, a landslide 

system that has historically impacted the road, thus representing an area of concern for the Colorado 

Geological Survey [White et al., 2003].  

This test site is in the western portion of the Upper Colorado River Basin, which is 

characterised by an arid to semi-arid climate [Kopytkovskiy et al., 2015] and can be referred to as 

BSk based on the Köppen climate classification [Zepner et al., 2020]. Summers are typically hot and 

dry, with temperatures reaching an average of 26°C in July, while winters are cold, with an average 

temperature below 0°C in December-January, as represented in the climate chart reported in Figure 

5-1. Precipitations are scarce, averaging around 235 mm per year (Figure 5-1). Future projections of 

climatic trends draw attention to the progressive increase of drought periods, where liquid and solid 

precipitation are likely to decline while temperatures are expected to increase 2-4°C [Ficklin et al., 

2013; Kopytkovskiy et al., 2015]. Such temperature increase is linked with the anticipation of 

snowmelt and runoff timing during Spring, thus potentially influencing the deformational trend of 

mass movements in the area [Ficklin et al., 2013]. 

Historically referred to as the "Tunnel Landslide", the DCL showed first signs of activity 

before 1910 (the precise date is unknown), when a 300 m-long, 90m-high sandstone slab partially 

dammed the Colorado River that deviated its path towards the opposite bank [White et al., 2003]. 

Two other historic paroxysmal events were recorded before the last catastrophic failure occurred in 

April 1998. As reported by White [2005], the landslide movement caused the permanent diversion 

of the Colorado River channel and the Old Highway 6 destruction in 1924, which was subsequently 

relocated but disrupted again in 1958. The last paroxysmal failure occurred in April 1998: a section 

of the newly built Interstate 70, located at the foot of the landslide, was laterally shifted 3 m and 

pushed up around 7 m. Ongoing displacement of these sectors is currently recorded and monitored 

by the Colorado Department of Transportation and Colorado Geological Survey using in-situ 

instruments and repeated LiDAR scanning [Gaffney et al., 2002; White, 2014; Weidner and Walton, 

2020]. The first conceptual model of the geology, subsurface geometry, and the interaction of the 

different failure mechanisms involved in the DCL system was proposed by White [2000] and White 

et al. [2003], who reconstructed the model by means of a photogrammetric study based on aerial 

stereo-pairs available for the landslide site. Field mapping and wire-line core borings were also 

performed to reconstruct structural and stratigraphical information. The deformational area is 

divided into three main sectors (Figure 5-2) based on the surficial expression of the distinct failure 

mechanisms affecting the slope, namely the Upper Block, Rubble Zone, and West Disturbed Block 

[White, 2000; White et al., 2003; Weidner and Walton, 2020]. 
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Figure 5-1: Geographical setting of the study area. The map shows the sum of the average annual rainfall (a) and average annual 

temperature (b) for the western portion of the Colorado basin [Fick et al., 2017], where the DeBeque Canyon Landslide (red triangle) 

is located. The blue rhombus indicates the location of two meteorological stations near Grand Junction (GJ) and Palisade (Pa), whose 

data were extracted and analysed in combination with the displacement time series (see Section 5.2.3). A representative climate chart 

is available for the GJ station, the closest station to the study area [Zepner et al., 2020]. 
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The Upper Block is a wedge-shaped block delimited by an active cliff face on the right side 

and by a set of fractures and tension cracks, part of a shear zone along the upper side, which 

promotes its sliding. The material supplied by the retreating cliff accumulates in the Rubble Zone, 

where it translates to the rotational area located at the toe of the landslide system, thus constituting 

the "Rotational Failure Engine" model proposed by White et al. [2003]. Eventually, the West 

Disturbed Block represents a transitional sector that undergoes both the creep movements of the 

above Upper Block and the lateral shifting of the main rotational area of the Rubble Zone (Figure 

5-2) [Weidner and Walton, 2020]. 

 

 

Figure 5-2: Oblique aerial view of the DCL (photo taken pointing to the west direction). The landslide system is divided into different 

sectors, each one characterised by distinct failure mechanisms (modified after White et al., 2003). 

The geology of the DeBeque Canyon, located in the depositional basin of the Colorado Plateau, 

consists of the upper Mesa Verde Group, a Late Cretaceous sedimentary sequence (Figure 5-3a). This 

sequence was deposited in a coastal plain environment and is mainly composed of nearly horizontal 

interbedded layers reflecting the sea level oscillations during the transgressive and regressive cycles 

of the western Cretaceous Seaway shoreline [Hettinger and Kirschbaum, 2002].    

The lithological alternation of prominent massive sandstone beds (up to 30 m) interbedded 

with less competent, thinner shale and siltstone layers [Gaffney et al., 2002; White et al., 2003; 

Weidner and Walton, 2020] gives the slope its peculiar step-like morphology. As reported by White 

et al. [2003], the stability of the DCL system appears to be significantly conditioned by the different 

geomechanical properties of the less competent layers overlying the sandstone bed outcropping in 

the proximity of Interstate 70 (Figure 5-3a). Figure 5-3b shows the geological section from the Upper 
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Block, intensely disrupted by a set of vertical fractures, through the Rubble Zone (characterised by 

a translative component of the deformations) and eventually to the Main Rotational Zone. Moreover, 

a fault running parallel to the headscarp contributes to compromising the rock mass stability [White 

et al., 2003]. 

 

 
Figure 5-3: The upper panel represents the portion of the geological map at a scale of 1:100.000 (modified after Ellis and Gabaldo, 

1989) relative to our study area, along with the extent of the DCL (missing in the original geological map) and mapped accordingly 

to White et al., 2003 and White et al., 2007. The lower panel illustrates the geological cross-section of the western part of the 

landslide (modified after White et al., 2003). 
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5.2.2 Terrain visual analysis 
In this study, terrain analyses were carried out using a Digital Terrain Model (DTM) with a 

ground resolution equal to 1 m derived from a LiDAR survey performed within the framework of 

the 3D Elevation Program (3DEP). This program provides freely downloadable bare-earth models 

over the United States territories [U.S. Geological Survey, 2019]. The DTM used for our study area 

was derived in 2016. Preliminary recognition and mapping of the landforms and processes occurring 

along the slope were supported by the visual interpretation of hillshade maps, realised with varying 

sun azimuth angles, and 1 m and 5 m intervals contour lines maps, both of which were extracted 

using the geomorphological tools available in the QGIS 3.22 software. In addition to the DTM 

interpretation, freely available GoogleEarth images [GoogleEarth Pro, 2016] supported the visual 

recognition of the main landslide characteristics (e.g., primary and secondary scarps, reverse slopes, 

convex foot, surficial drainage modifications) that are clear evidence of a disrupted rock mass. 

 

5.2.3 InSAR analysis 
The quantification of the deformational motion occurring along the slope of interest has been 

performed through an Advanced Differential Interferometric SAR analysis (A-DInSAR). 

Specifically, we used the Persistent Scatterers Interferometry approach [Ferretti et al., 2001], one of 

the most common multi-temporal processing methods. The assessment of surficial deformations is 

based on the information achieved by high-coherent pixels of every acquired SAR image, including 

those images with large baselines [Kampes, 2006]. The fundamental improvement of this procedure 

is that for each high-stability pixel, called Persistent Scatterer (PS) after Ferretti et al. [2000] and 

Ferretti et al. [2001], the atmospheric contribution can be precisely estimated and removed, thus 

reducing both spatial and temporal decorrelation issues [Mazzanti et al., 2021; Moretto et al., 2021]. 

The dataset analysed in the SARPROZ (the SAR processing tool by Perez) software [Perissin et al., 

2011] includes 129 ascending and descending Sentinel-1 imagery, spanning the 2014-2018 time 

interval.  

The processing allowed us to estimate the average LOS velocity and the displacement time 

series for more than 3000 PS over the entire landslide area. Before carrying out the post-processing 

analysis, we filtered the dataset based on a coherence threshold fixed at 0.75 to retain only reliable 

and accurate measurement points. The aim of the post-processing step consisted of the in-depth 

characterization of the DCL system's spatio-temporal evolution. It is necessary to deepen the 

manipulation of the interferometric data since the display of the LOS mean velocity and its 

spatialization alone can offer a preliminary, partial insight.  

A preliminary evaluation of the radar sensor's capability for recording displacements is 

decisive for assessing the ground displacement morphodynamics. Since the displacement recorded 

by the SAR sensor is the unidimensional average velocity along the satellite LOS projection, the 

actual tridimensional movement of the landslide is considerably underestimated or else, in the most 

unfavourable scenario, not detectable should the motion occur orthogonally to the satellite LOS. 

Through the C-factor computation, we can represent the percentage of ground displacement that 

can be recorded along the slope, taking into account both the radar signal characteristics and the 

terrain site-specific morphology [Notti et al., 2014]. 

It is calculated as follows:  

 

C=[N*cos(S)*sin(A‐1.571)]+ [E*(-1* cos(S)*(cos(A-1.571))+(H*sin(S))] 

 

(1) 
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where: N= cos(1.571-α)*cos(3.142-θ); 
             E= cos(1.571-α)*cos(4.712-θ);    H= cos(α) 

 

SAR orbital parameters are represented by the LOS velocity angles for the vertical, North 

and East directions (namely H, N and E), and azimuth (θ) and incidence (α) angles, while S and A 

represent the slope and aspect derived from the DEM. Every parameter is expressed in radians. 

Starting from the combination of the ascending and descending orbital geometries, we resolved the 

real displacement vectors along the horizontal (East-West, Vh) and vertical (Up-Down, Vv) 

directions [Raspini et al., 2012; Tofani et al., 2013; Notti et al., 2014] (Figure 5-4) using the GIS-based 

PS-Toolbox, an A-DInSAR post-processing software developed by NHAZCA S.r.l. 

The vectorial decomposition plugin needs two distinct layers for both geometries and their 

respective orbit parameters (i.e., heading and incidence angles) as input data. The PS are then 

spatially joined based on the geometric distance between neighbours and resampled into synthetic 

points distributed on a regular grid. Considering the ground resolution of Sentinel-1 data, we set 

the cell size equal to 15 m to avoid misrepresenting the effective vector motion and to avoid 

incorporating the contribution of PS too distant from each other. The final multi-look combination 

output consists of two separate layers of synthetic points regularly distributed over the study area, 

representing the derived Vh and Vv components. Moreover, for each synthetic PS, we obtained the 

bidimensional vector Vt (Fig.4), resulting from the combination of the decomposed velocity in the 

up-down and east-west directions according to the following formula:  

Vt= √Vh²+Vv² (2) 

 

Its respective angle τ, was also derived as: 

τ=cos⁻¹ (Vh/Vt) (3) 

 

and it represents the displacement gradient of the investigated phenomenon. Relating τ to the local 

slope as a difference (τ-σ), we extrapolated the local Δ gradient, which indicates the landslide's 

displacement direction with respect to the slope: negative values describe a displacement "out" of 

the slope (bulging), while positive values indicate a movement "into" the slope (subsidence). When 

Δ approximates to 0 (τ = slope), the landslide displacement occurs along the direction parallel to the 

slope (translative movement). The progressive shift from translational to rotational dynamics can be 

evaluated analysing the statistical distribution of the Δ gradient on the different zones [Crippa et al., 

2021]. Furthermore, the differential DCL system kinematics were examined by projecting the vector 

Vt along profiles that intersected the most significant geomorphological elements. 
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Figure 5-4:  Schematic representation of the decomposed radar signal starting from the two LOS velocities (blue arrows) along the 

ascending and descending orbits. The vertical and horizontal components of the movement are represented in yellow and green, 

respectively, while the resultant Vt vector is displayed in orange. 

The PS displacement time series has been utilised to assess the style of activity of the 

landslide and gain insights into the process temporal evolution considering its response to potential 

triggering and preparatory factors (i.e., precipitations and temperature variations).  

For this purpose, time series displacement for the 2014-2018 period were examined using the 

Bayesian Estimator of Abrupt change, Seasonality and Trend (BEAST) analysis package [Zhao et al., 

2019]. Time series and unidimensional data sequences are decomposed into their underlying 

components, such as trend or seasonal variations, and residual or random fluctuations. While 

conventional methods seek the best model to estimate the parameters related to seasonality and 

trends, the Bayesian model averaging algorithm analyses data using multiple competing models, 

assigning each one a probability to be the true estimator and then deriving an averaged model 

representing the best fit [Zhao et al., 2019]. In our analysis, the output consisted of a set of variables 

related to the trend's abrupt changes and their corresponding probabilities of representing authentic 

variations in the temporal displacement pattern.  

Then, the landslide motion retrieved from the vector Vt was analysed alongside the liquid 

precipitation and temperature recorded by the Palisade station [Colorado Climate Center, n.d.] 

located in the homonymous city (Figure 5-1), and evaluated as the nearest and more complete station 

for the comparison between displacement and local hydrologic conditions. 

The comparison of meteo-climatic and displacement datasets was conducted on two different 

timescales for each internal sector of the landslide and eventually to highlight differing 

geomechanical responses to the same predisposing and triggering factors. First, the meteorological 

and PS recorded movements were aggregated on weekly timesteps to assess subtle variations in the 

limited temporal interval covered by the interferometric analysis. Moreover, the climatic control on 

the rock mass was also evaluated extending the investigated period, spanning several decades and 

available for the Grand Junction weather station (Figure 5-1) [Zepner et al., 2020]. We thus 

considered the average rainfall and temperature values over the past 30 years to address the 

influence of the climate's long-period impact and identify potential changing trends. 
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5.3 Results 
The present section describes the results obtained after the visual terrain analysis targeted to 

map the landslide’s features (Section 5.3.1). Outcomes derived from the spatial and temporal PS-

InSAR post-processing are examined in Section 5.3.2.  

 

5.3.1 Geomorphological mapping 
The visual interpretation of optical images and high-resolution DTM was fundamental in 

identifying those morphotypes related to each landslide sector. Figure 5-5 depicts a few examples of 

the mapped features, from a general overview of the entire system (Figure 5-5a) to specific portions 

of the Rubble Zone (Figure 5-5b), West Disturbed Block (Figure 5-5c) and Upper Block fissures and 

trenches (Figure 5-5d). As reported in Fig.6, we defined the actual delimitation of each internal 

sector, modifying the overall extent of the landslide body already mapped by previous authors. One 

of the most significant changes includes the precise delimitation of the Upper Block zone of 

influence, whose western border had so far been underestimated or drawn as an uncertain limit 

[White et al., 2003; Weidner et al., 2020]. Furthermore, the surficial geomorphological evidence of 

the disruption was also corroborated by the satellite SAR measurements, which captured 

movements in an area previously overlooked. This interpretation enabled the expansion of the 

Upper Block area (Figure 5-6), influenced by an ongoing and persistent deformation. Right above 

the landslide crown, two shaded linear features were also recognized from DTM and defined as a 

retrogressive scarp and a fracture. Their positioning reveals the active displacement of this part of 

the slope, where PS are scarce or cannot register any movements and corresponds to the 

retrogressive evolution of the slope instability. 

 
Figure 5-5: Oblique view of the DCL (panel a, image taken from GoogleEarth) and details of its surficial deposit and 

geomorphological features in correspondence with the Rubble Zone (b), West Disturbed Block (c) and Upper Block scarp (d).The 

latter three panels were modified after White et al. [2014]. 
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Figure 5-6: Geomorphological map of the DCL, including the previous limit (blue dotted  line) of the Upper Block. Geodetic 

coordinate system for World (EPSG: 4326). 

5.3.2 InSAR analysis 
The preliminary evaluation of the recordable displacement percentage related to each of the 

DCL system's internal sectors is displayed in Figure 5-7 in the form of C factor mean values. The 

obtained C values differ depending on the acquisition orbital geometry and are lower in ascending 

geometry than in descending one. Considering that the resulting values range on average above 

60%, the surficial deformation could be considered close, even if not entirely, to the total movement 

recordable by the satellite SAR sensor. 

 
Figure 5-7: Maps showing C-factor calculated for the ascending (left panel) and descending (right panel) geometries. Each landslide’s 

sector is coloured based on the averaged C-factor, expressed in percentage, for the respective area. 
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Figure 5-8a and Figure 5-8b demonstrate how incorporating ground motion information 

from PS data assisted in identifying different kinematics associated with each of the internal sectors 

of a landslide system. The analysis revealed that a significant portion of the slope is involved in the 

progressive deformation of the rock mass and that this actively deforming area is broader compared 

to what previous literature reported. 

 
Figure 5-8: Panels a) and d) represent the PS distribution over the DCL extension for the ascending geometry and descending 

geometries. Each one of these two main panels is accompanied by a representative time series (panels b and e) and cross section (c and 

f), the latter one displaying the PS projected along the topographic profile and the landslide body sections of Upper Block, Rubble 

Zone and Main Rotational Zone. 

The recorded velocity ranges for the ascending geometry is significantly lower compared to the 

descending one. The Rubble Zone is predominantly characterised by negative displacement values, 

ranging between -5 and -7.5 mm/y, and locally measuring velocities up to 10 mm/y at the bottom of 

the Active cliff face of the DCL. The negative values of this cluster undergo an abrupt trend shift in 

correspondence with the Main Rotational scarp, where the velocity values switch to +5 mm/y. The 

same trend is recorded along the Upper Block's body, even if the presence of vegetation partly 

disguises the rock outcrop, thus reducing the PS density with respect to the contiguous areas. 

Moreover, considering the lower values of the C factor in the ascending geometry, the LOS velocity 
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information measured in the descending geometry was preferred to avoid underestimating the 

actual extent of the deforming area. Displacements recorded in the latter orbit cover a greater area 

and are characterised by larger ranges than the ascending one, where peaks of over 25 mm/y are 

observed. Displacement values range on an average of -10/-15 mm/y, principally covering the central 

portion of the Rubble Zone and the top of the Upper Block. Clusters of -15 to -25 mm/y characterise 

the eastern part of the Main Rotational Zone and the Rubble Zone. This heavily deforming core 

gradually fades towards lower displacement values through the Main and East Rotational bodies, 

as well as at the Upper Block's foot.  

The time series of PS, representative of the landslide central sector's displacements and 

visualised (Figure 5-8b and Figure 5-8e), exhibits a trend without clear evidence of sudden 

accelerations or abrupt changes in both geometries. Specifically, in the ascending geometry, during 

the interval covering the second half of 2016, the available images are limited and display significant 

temporal gaps. Conversely, the time series in the descending geometry shows a more evenly 

distributed set of images throughout the entire temporal interval, with no significant interruptions. 

The PS data has been further refined through a meticulous post-processing analysis aimed at 

discriminating, from a spatial point of view, the kinematics of the distinct gravitational processes 

superimposed within the landslide system. The vectorial decomposition outcomes are illustrated in 

Figure 5-9a and Figure 5-9b.  

 

 
Figure 5-9: PS-InSAR velocity decomposition. a) Visualization of the decomposed velocity along the vertical direction (colours 

towards red shades represent subsiding movement); b) Visualization of the decomposed velocity along the horizontal direction 

(colours towards red shades represent movement to the east, light blue to west); c) representation of vector Vt; d) representation of 

the difference between vector Vt and local slope gradient as Δ (expressed in degrees). 
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The Rubble Zone shows a strong vertical component (<-12.5 mm/y) and minor displacement 

rates towards the east direction (recorded movements reach up to -12.5 mm/y for a few synthetic 

points). Similarly, the East and Main Rotational Zones’ deformation is greater along the vertical 

direction than the horizontal one, except for two point clusters located at the opposite eastern and 

western boundary of the latter area, recording velocities exceeding -12 mm/y. The Upper Block is 

the only sector experiencing marked horizontal displacements. From the combination of the 

decomposed multi-geometry datasets, we obtained the bidimensional vector Vt and the related delta 

gradient, expressing the connection between the landslide movement and the local topography 

(Figure 5-9c). We can notice how the Δ distribution changes over the DCL, shifting from negative 

and null (-5° < Δ < 5°) values retrieved in the Upper Block to predominantly positive values through 

the rest of the sectors. Almost the entire DCL body exhibits a strong downward movement, while 

the Upper Block is the only isolated sector displaying movements parallel to the surface topography 

and, in its lower part, with a bulging component (Figure 5-9d). 

The frequency distribution examination led to a more precise assessment of the multimodal 

distribution of the LOS velocity, with respect to that previously estimated through visual analysis. 

Whenever the distribution displays a relevant peak, a distinct PS cluster is identified for that specific 

velocity interval; a marked segmentation of the process kinematics thus corresponds to several 

peaks in the distribution curve. The frequency distribution of the ascending geometry is strongly 

peaked around zero, yet showing a slight asymmetry towards negative velocity values, where a 

second, modest peak is located at -10mm/y (Figure 5-10a). At approximately +-4 mm/y, two other 

inflections are detected, identifying the clustering of the PS around these velocity values. On the 

contrary, the descending frequency distribution shows an unequivocal multimodal curve (Figure 

5-10b), including two peaks at around -4 and -18 mm/y, and a less evident inflection centred at -10 

mm/y. To isolate each contribution of the overlapping kinematics and integrate the information of 

the multi-geometry InSAR analysis, we exploited the displacement rate vector Vt and its correlated 

angular parameters. As different roto-translational dynamics produce peculiar surface geomorphic 

expressions, the relationship between recorded displacement rates and local topography must be 

considered. For this purpose, we evaluated the Δ gradient distribution for the Rubble Zone, Upper 

Block, and Main and East Rotational zones (Figure 5-10c). Since Δ represents the difference between 

the phenomenon movement direction and the local slope inclination, its value is a straightforward 

expression of translative kinematics, whether they include bulging or subsiding components or are 

perfectly parallel to the slope. Figure 5-10c illustrates the four distinct distributions along with the 

averaged DCL curve. From the statistical analysis of Δ we can notice that the frequency curves are 

all centred between 20 and 40° except for the Upper Block, which diverges from the other zones 

exhibiting a peak around zero. 
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Figure 5-10: Results from the spatial post-processing analysis for the differential kinematic characterisation of the DCL are shown in 

this picture. Panels a) and b) display the distribution of the ascending and descending LOS velocity for the whole DCL area. Panel c) 

Δ distribution; panel d) landslide sectors’ classification based on Δ skewness and median parameters (boundaries separating 

translational and rotational zones based on Crippa et al., 2021). 

The diverging trend implies that the Upper Block is the only zone that is represented by a plain 

translational movement due to Δ values approximating zero (and therefore retaining more frequent 

motions along the slope inclination). Surprisingly, along with the Main and East Rotational Zones, 

the Rubble Zone itself displays an evident rotational kinematic component, even if another smaller 

inflection is identified around zero along the left tail. To discriminate the predominant failure 

mechanism among the full spectrum of kinematics, ranging from translational to rotational 

movements, we exploited the median and skewness parameters as a measure of the Δ distributions' 

diversity (Figure 5-10d). Negative values of both median and skewness parameters isolate the Upper 

Block in the translational domain of the chart, while purely rotational phenomena occupy the first 

quadrant of the diagram. Instead, despite falling within the rotational domain, Rubble Zone and 

DCL share high median values (greater than 20°) and asymmetric curves (negative skewness). 

In addition to the statistical analysis of Δ, we examined the displacement bidimensional vector 

Vt for each of the landslide's sectors for better visualising the differential kinematics throughout the 

whole instability extent. The inclination and absolute value of Vt were projected considering four 

30m-wide swath profiles crossing the aforementioned zones (Figure 5-11). 
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The majority of the synthetic PSs projected along the Upper Block's swath profile (Figure 5-11a) 

displays an along-slope movement direction, confirming the predominance of the translative 

component of the displacement.  

 

 

Figure 5-11: Projection of the synthetic PS along four different mean (black continuous lines), minimum and maximum (dotted) 

topographic profiles displayed in Fig.5 and intersecting: a) the Upper Block; b) the Upper Block and West Disturbed Block; c) the 

Main Rotational Zone; and d) the East Rotational Zone. For each synthetic point, its bi-dimensional vector Vt and Δ values are 

respectively displayed by an arrow (whose length is proportional to Vt modulus) and categorised with respect to negative (<-4°), 

positive (>4°) and circa null Δ values (-4°< Δ <4°). 

The profile of Figure 5-11b, starting from the top of the Upper Block and crossing the West 

Disturbed Block, exhibits a bimodal trend of Vt gradients, with a sharp shift localised at around 150 

m distance along the profile. Even if the synthetic points are scarce, we can notice that the upper 

portion still preserves an along-slope (or slightly inward) orientation, typical of the Upper Block 

dynamics. The turning point of the vector orientation is located around half the cross-section, where 

the arrows start dipping in the slope (positive Δ). The last two cross-sections represent the Main 

(Figure 5-11c) and East Rotational Zones (Figure 5-11d), respectively. The two representations show 

that most points share positive delta values, strongly dipping inward in the upper and central part 

of the slope. Instead, at the foot of the two landslides delta values gradually decrease and the Vt 

vector orientation becomes almost parallel to the slope. 

Figure 5-12 shows the results of the temporal characterisation of the landslide system 

deformational pattern.  
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Figure 5-12: Trend change detection results for the four different sectors of the landslide system (panels a-d). For each time series, 

abrupt changes exceeding a 0.9 probability of occurrence threshold are displayed as black circles, while abrupt change counts are 

represented on a weekly (black bars) and monthly basis (colored bars). Daily precipitation and temperature values are shown as 

weekly and monthly aggregate or average, respectively, in panel e) and panel f), along with their respective 30-year trends and 

related anomalies (blue and red bars). 
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Specifically, a-d plots refer to different system sectors and display abrupt changes with a 

probability of occurrence greater than 90% and relative counting (on a weekly and monthly basis) 

for the analyzed time interval (2015-2018). Considerable clustering of such abrupt changes reveals 

that most time series records acceleration trends with similar timings. 

A comparative examination of the plots revealed similar trends for the Main Rotational, East 

Rotational, and Rubble Zones. In particular, all three zones exhibit changes in the displacement rate 

during the December-February interval of 2016, 2017, and 2019 years and, to a lesser extent, also in 

the same period of 2015. In these periods (December-March), the average temperature over 30 years 

fluctuates between +4°C and -2°C. No clear correspondence with the positive temperature anomalies 

observed during 2015, 2017, and 2018 was observed. 

Conversely, the Upper Block displays abrupt changes recorded in the trend at the end of winter 

(February-March) of the same years except for 2019. During these time frames, the average 

temperature over 30 years fluctuates between +2°C and -2°C. In addition to the mentioned 

acceleration stages, other occasional variations within the trend were recorded in correspondence 

with exceptionally rainy months. For instance, during the April-June 2015 and 2016 rainfall 

anomalies, all sectors indicated displacement evidence, especially the Upper Block. Similarly, during 

the June-July 2017 period, significant acceleration is noticed even without monthly precipitation 

anomalies as those recorded in 2015 and 2016. Moreover, the Upper Block displayed abrupt trend 

changes during the October-November period of 2015 and 2018. October 2018 is the month when 

the most intense rainfalls occurred (and, consequently, the one with the highest recorded anomaly), 

followed by May 2015 and May 2016. For each of these periods, the Upper Block exhibits significant 

displacements, less pronounced in the other sectors. 

 

5.4 Discussion 
When approaching landslide systems characterization, it is critical to consider the single 

contribution of every phenomenon composing this aggregation. Even if the disruption caused by 

these mass movements has slow displacement rates, the persistent deformation of the slope and the 

progressive evolution of depletion and accumulation zones need to be considered. By post-

processing the InSAR information, we have shown that we can discriminate the variability of the 

displacement pattern that characterizes the different sectors, highlighting the intrinsic spatial 

heterogeneity and asynchronous response to external stresses (both impulsive and prolonged in 

time).  

In this regard, the opportunity offered by the satellite multi-looking combination granted the 

accurate investigation of each cluster's displacement component along the actual movement 

direction instead of the sensor's line of sight. Few attempts in literature focused on unravelling 

landslides' heterogeneous morphodynamics based on SAR multilooking displacement 

decomposition. However, these methodologies have thus far been exclusively applied for spatial 

analysis, overlooking temporal information and neglecting implications related to the examination 

of preparatory and triggering factors. Crippa et al. [2021] quantified the landslide internal 

heterogeneity for regional-scale classification purposes implying the necessity of embracing a more 

generalized assumption when considering landslide segmentation across extensive areas. 

Conversely, Eriksen et al. [2017] exploited the vectorial decomposition for identifying complex 
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deformations displacement patterns at the local scale yet avoiding proposing a detailed internal 

subdivision of the processes constituting the landslide system. 

5.4.1 DeBeque Landslide System case study 
New insights on the classification of the DCL's different failure mechanisms were derived 

from a remote perspective from both the spatial and temporal points of view. We show how different 

dips of the displacement vector with respect to the slope gradient reflect the shift from translational 

(i.e., the Upper Block) to rotational slides (i.e., Main and East Rotational Zone). The Upper Block is 

the only example of a translational landslide within this system, and for which the Vt vectors 

indicate a marked displacement component parallel to the slope, except for the rock wedge located 

in its upper portion, bounded by trench and fractures. This peculiar behaviour is detectable even 

along the B-B' profile (Figure 5-11b): from an almost parallel (or at least slightly inclined) motion 

along the slope, the deformation direction shifts to dipping inward the slope when reaching the 

West Disturbed Block, for which the displacement has a considerable vertical component (Figure 

5-11b). 

Moreover, our data suggests a different interpretation of the Rubble Zone kinematics with 

respect to the model adopted up to this point [White et al. 2005, Weidner 2020, Weidner et al., 2020]. 

Indeed, the authors indicate a translational movement along a 30 m deep shear zone parallel to the 

slope, while surface displacements exhibit a marked subsiding component, discernible through the 

Vt projection along the cross-sections (C-C’ and D-D’). The Rubble Zone's vectors are strongly 

oriented inside the slope instead of lining up parallel to it (such as for the Upper Block). In these two 

profiles, the vectors of the Rubble Zone maintain an orientation very similar to those located within 

the Main and East Rotational landslide, characterised exclusively by a rotational kinematic 

component, and for which the vectors gradually become less inclined due to the bulging effect 

towards the foot of the landslides. We can infer the peculiar behaviour of the Rubble Zone even from 

the Δ gradient diagram (Figure 5-7d), which share more similar statistical parameter to the whole 

DCL landslide system than to one of the two end-members of the spectrum (i.e., pure translational 

or rotational behaviour). We could interpret this outcome as a suggestion that the Rubble Zone 

kinematic could fall within a "transition domain" with fuzzy thresholds, and thus be represented by 

a mix of roto-translative components. 

Furthermore, we delved into the temporal aspect of the Vt vector by comparing displacement 

time series with meteorological and climatic factors. There seems to be a notable correlation between 

the temperatures during the coldest months (December-March) and the displacements, particularly 

in the Main, East, and Rubble Zones. Conversely, the deformation response in the Upper Block 

aligns more closely with precipitation anomalies. This distinctive system response can be interpreted 

as a consequence of varying deformative evolutionary stages: the Main, East, and Rubble Zones 

exhibit advanced evolution, while the Upper Block is still experiencing ongoing deformation. 

Specifically, rock mass fracturing, more pronounced in advanced evolutionary stages, plays a 

significant role during thermal expansion-contraction cycles that induce both the growth of pre-

existing cracks and the genesis of new ones [Grechi et al., 2021]. Nevertheless, to substantiate this 

hypothesis, a more comprehensive study is essential to gain a detailed understanding of the 

underground dynamics of the system. 

 

5.5 Conclusions 
Assessing the internal segmentation that slow-moving landslide systems experience under 

persistent stress and differential deformation can lead to the identification of potential collapse 
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scenarios of one or more sectors that are part of this system. In addition, understanding the impact 

of conditioning factors on each sector of the main landslide is valuable for evaluating the 

heterogeneous displacement pattern from a temporal perspective. Both assessments represent a 

critical point in the design of mitigation measures when considering the potential asynchronous 

reactivation of different portions of the landslide and, therefore, carefully planning solutions to be 

adapted to individual dynamic and temporal evolution.  

The combination of high-resolution topographic information and satellite data allowed us to 

precisely update and delimit the actual deformational extent of the entire landslide, so far partially 

underestimated. We presented a reproducible method that can be used in combination with in-situ 

measurements or as a self-stand method for the assessment of the heterogeneous spatio-temporal 

displacement pattern of landslide systems. Our findings demonstrate how interferometric data can 

discriminate between the different processes involved in the progressive destabilisation of the DCL, 

characterised by dynamic disruptions with differential movements and seasonal acceleration 

timing. The fundamental conclusions are summarised as follows: 

1. Precise identification of different kinematics characterising the landslide system was 

accomplished through SAR-derived bidimensional displacement components, obtained by 

exploiting the satellite multi-look acquisition mode. In particular, statistical variables 

associated with the 2D vector were analysed to distinguish rotational or translational 

components of the landslide movement solely using surface displacement measures. 

2. The 2D vector time series were decomposed through a Bayesian model and correlated with 

meteo-climatic factors (i.e., precipitation and temperature) to identify changes in the 

deformational trend of each sector. Main acceleration stages were found for the Rubble Zone, 

Main and East Rotational Zones mainly during winter periods, while the Upper Block 

acceleration stages seem more correlated to precipitation anomalies. 

Finally, a more detailed understanding of the spatial and temporal dynamics of landslide systems 

lays the foundation for more accurate multi-hazard scenario studies. 
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6 Multi-Sensor and Multi-Scale Remote Sensing Approach 

for Assessing Slope Instability along Transportation 

Corridors Using Satellites and Uncrewed Aircraft Systems 
 

Extracted from Zocchi et al. Multi-Sensor and Multi-Scale Remote Sensing Approach for Assessing Slope 

Instability along Transportation Corridors Using Satellites and Uncrewed Aircraft Systems. Remote Sensing, 

2023, 15.12: 3016.  

 

Abstract 

Rapid slope instabilities (i.e., rockfalls) involving highway networks in mountainous areas 

pose a threat to facilities, settlements, and life, thus representing a challenge for asset management 

plans. To identify different morphological expressions of degradation processes that lead to rock 

mass destabilisation, we combined satellite and uncrewed aircraft system (UAS)-based products 

over two study sites along the State Highway 133 sector near Paonia Reservoir, Colorado (USA). 

Along with a PS-InSAR analysis covering the 2017–2021 interval, a high-resolution dataset 

composed of optical, thermal, and multispectral imagery was systematically acquired during two 

UAS surveys in September 2021 and June 2022. After a pre-processing step including georeferencing 

and orthorectification, the final products were processed through object-based multispectral 

classification and change detection analysis for highlighting moisture or lithological variations and 

for identifying areas more susceptible to deterioration and detachments at the small and micro-scale. 

The PS-InSAR analysis, on the other hand, provided multi-temporal information at the catchment 

scale and assisted in understanding the large-scale morpho-evolution of the displacements. This 

synergic combination offered a multi-scale perspective of the superimposed imprints of denudation 

and mass-wasting processes occurring on the study site, leading to the detection of evidence and/or 

early precursors of rock collapses, and effectively supporting asset management maintenance 

practices. 

 

Keywords: rock slope instabilities; UAS; InSAR; multi-scale; instabilities; early precursors; erosion 

processes; asset management plan 

6.1 Introduction 
Slope instabilities, especially along transportation corridors in mountainous areas, pose a 

threat to facilities, settlements, and life [Agliardi et al., 2003; Martino et al., 2009]. According to the 

United States Geological Survey (USGS), the destruction caused due to landslides, in general, results 

in 25 to 50 deaths per year and costs an excess of $1 Billion in damages in the United States alone, 

[Landslides 101, USGS]. With the increasing population and demand for advanced infrastructure, it 

is crucial to assess mass wasting hazards and manage the associated risks for maintaining 

transportation corridors safety [Lato et al., 2015; Arpin and Arndt, 2016]. Among the recurrent mass 

movements involving highway networks, rockfalls are among the most hazardous types. Despite 

the often limited volumes of rockfalls, their high energy and velocity, as well as their frequency, 

make them a major cause of mass wasting fatalities [Guzzetti, 2000; Crosta and Agliardi, 2003; 
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Piacentini et al., 2014]. Several geomorphic processes (including thermic cycles, progressive 

weathering of rock materials and water infiltration) control the mechanical properties and the 

degradation state of the rock mass, therefore influencing its overall stability [Crosta and Agliardi, 

2003, Moore and Sanders, 2009; Karir et al., 2022]. Conventional methods of rockfall hazard 

assessment involve rigorous fieldwork where quantitative measurements (e.g., spacing, density and 

orientation of fractures) and qualitative evaluations (e.g., recent detachments and potential sources 

of future failures) are addressed [Arpin and Arndt, 2016]. Although these in-situ point 

measurements can effectively assist the prediction of slope stability with high precision, they are 

time-consuming, have limited spatial extent, and can be expensive. Unprecedented opportunities 

derive from the extensive use of remote sensing methods, which facilitate an efficient, cost-effective 

and safe assessment of the slope pre-failure conditions. Remote sensing-based data come in a wide 

range of platforms (e.g., spaceborne and airborne), spatio-temporal, and radiometric resolutions 

[Khorram et al., 2012]. At a large scale, satellite Synthetic Aperture Radar Interferometry (InSAR) 

enables the precise monitoring of ground deformations over tens of square kilometres. InSAR 

analysis thus represents one of the best instruments for creating regional-scale slope instabilities 

inventories [Rosi et al., 2018; Dini et al., 2019] and relative susceptibility maps ([ussain et al., 2021; 

Yuan and Chen, 2022]. However, due to the line-of-sight acquisition mode of the satellite sensors, 

geometric distortions like shadowing effects may limit the capacity of this method to effectively 

investigate vertical slopes. Recent developments in Uncrewed Aircraft Systems (UAS) include their 

capacity of carrying multiple sensors, fly on-demand at specific times, orient the sensor's look angle 

based on the topography characteristics, and the possibility to achieve ultra-high-resolution 

information (1-20cm) for precise morphodynamic characterization of processes and landforms 

[Lucieer et al., 2013]. These practical advantages are optimal for the rockmass stability evaluation, 

and were successfully exploited by previous studies through classification systems such as the Slope 

and Rock Mass Rating [Wang et al., 2022; Ismail et al., 2022a; Filice et al., 2022]; realisation of 

tridimensional models for mapping geomechanical properties [Robiati et al., 2019; Stead et al., 2019; 

Devoto et al., 2020; Ismail et al., 2022b] or for stability analysis, hazard and risk modelling 

[Gantimurova et al., 2021; Konstantinidiset al., 2021; Udin et al., 2019; Wang et al., 2019; Robiati et 

al., 2023]; exploitation of multispectral and hyperspectral sensors for landslide susceptibility 

assessment and detailed analysis of the slope's lithological and moisture conditions [Lin et al., 2016; 

He and Barton, 2019; Frodella et al., 2017]. In particular, the scientific community is dedicating its 

efforts to identifying early precursor signals indicative of instability events or studying the temporal 

morphoevolution of block and debris detachments exploiting topographic models and quantitative 

geomechanical characterization of the rock masses. The progressive creep, deformation and micro-

tremors are clear indicators of the ongoing disruption of the slope stability, therefore standing as the 

primary goal for a comprehensive assessment of rockfall hazard. Most of the previous literature so 

far lies with the application of terrestrial-based technologies, such as Terrestrial Laser Scanner (TLS) 

[Abellán et al., 2010; Royán et al., 2014; Kromer et al., 2015; Farmakis et al., 2020; Núñez-Andrés et 

al., 2023] or Terrestrial InSAR platforms (TInSAR) [Carlà et al., 2019; Romeo et al., 2021] to identify 

pre-failure information. Despite the numerous advantages and exceptional precision of these 

techniques, however, several challenges arise due to the high costs and logistical constraints (linked 

to the positioning of the instrumentation and the lack of data in shaded areas). Also in this case, the 

versatility of UAS sensors and platforms renders them an efficient (yet far from being fully 
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exploited) alternative for evaluating the early precursor of rock destabilisation through topographic 

models [Graber and Santi, 2023]. Several authors [Sarro et al., 2018; Francioni et al., 2020; Gallo et al., 

2019; Žabota et al., 2023] analysed the predominant discontinuities through UAS-based structure 

from motion (SfM) photogrammetry techniques to estimate average block sizes and determine their 

simulated run-out.  A multi-scale approach consisting of the creation of different Digital Surface 

Models of the slope along a road was adopted by Migliazza et al. [2021].  Statistically representative 

geometrical data for the discontinuities of the rock mass were obtained to eventually define the 

possible kinematic mechanisms and volumes of potentially detachable blocks. To determine 

potentially unstable rock volumes and provide the magnitude of future rockfalls, geometrical and 

geomechanical properties of the main sets of discontinuities and joints of the rock mass were 

extracted by Rodriguez et al. [2020] and Caliò et al. [2023], respectively using photogrammetry point 

clouds alone or a combination of thermal images and photogrammetric cliff model. These 

applications, however, are limited to accounting for the discontinuities' properties as the sole factor 

influencing the slope stability, disregarding the progressive alteration and fragmentation driven by 

water infiltration and erosion.  In this framework, our study represents one of the few applications 

of UASs for detecting local to micromorphological signatures of the initial stages of slope disruption. 

Furthermore, we consider the multi-scale imprint of denudation and mass-wasting processes, along 

with their respective preliminary indicators, exploiting a synergic combination of satellite and 

drone-based data can offer an in-depth characterization of landforms and geomorphic agents [Liu 

et al., 2021; Ma et al., 2021; Hu et al., 2022; Liu et al., 2022]. In this study, the morphological features, 

and radiometric differences, associated with significant change detection over the study area are 

investigated. We applied a multi-scale and multi-sensor approach integrating satellite-based InSAR 

analysis with UAS-based data to assess mass wasting processes on two study sites located along 

State Highway 133 near Paonia Reservoir in Colorado, USA.  

 

6.2 Geographical and geological settings 
The Paonia Reservoir area is part of the southern sector of the Piceance Basin, a structural 

and sedimentary basin formed during the late Cretaceous–Paleocene Laramide orogeny. The 

exposed stratigraphic sequence, representing this Cretaceous–Tertiary boundary, mainly consists of 

the white rocks of the Ohio Creek Member and the variegated rocks of the Wasatch Formation 

(Figure 5.1), both deposited in a non-marine environment. The first unit was considered by many 

stratigraphers as a separate formation because of its distinctive white/light-grey colour but was 

eventually reduced in rank to the Ohio Creek Member of the Mesaverde Group by Johnson and May 

[1980], who described it as a deep paleo-weathered kaolinitic zone undistinguishable in age (late 

Cretaceous) from the underlying rocks of the Mesaverde group. The lithological composition varies 

from light-grey or white conglomeratic sandstone with well-rounded chert pebbles in the lower and 

upper part, to interbedded layers of sandstone, siltstone and shale with some thin coal lenses in the 

middle sector [Godwin, 1968; Johnson and May, 1980; Johnson, 1989]. This lithological alternation 

finds expression in slope morphology, where thick and resistant sandstone ridges intermingle with 

more erodible siltstone and shale layers. The white-weathering Ohio Creek member is 

unconformably overlain by lower Cenozoic rocks of the Wasatch Formation. At this location, the 
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Wasatch Formation deposition is characterised by non-kaolinized, mottled maroon medium- to 

coarse-grained conglomeratic sandstones [Godwin, 1968; Johnson and May, 1980; Johnson, 1989]. 

 

Figure 6-1: Location of the study areas along State Highway 133 (upper panel). The oblique view of the slopes of interest and their 

geological setting is reported in the bottom panels, respectively for Paonia 1A (left panels) and Paonia 1B (right panels). The figures 

were realised using ArcGIS Pro 3.0.4 and QGIS 3.22.14. 

The area of interest referred to as Paonia 1A is located along the western side of Paonia 

Reservoir and around 500 m north of Paonia Dam (from MP 24.7 and 25.0 of State Highway 133, 

Figure 1). The slope reaches the highest values of steepness (up to 65°) along the upper part, where 

the bedrock unit of the Mesaverde Group outcrops. In this part, light brown and light tan sandstone 

beds (a few metres thick) are interbedded with thinner grey mudstone and shale layers, 

corresponding to the Barren Member of the Mesaverde Group (Figure 6-1) [Dunrud, 1989]. The 

lowest part of the slope, with a mean steepness value around 35–40°, is mainly composed of an 
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unconsolidated deposit fed by mass wasting due to the mechanical and chemical weathering of the 

bedrock outcropping in the upper part. The resulting scree slope is constituted by small-sized rocks 

(a few cubic centimetres). At the same time, massive boulders are more likely to accumulate along 

the foot of the slope and inside the roadside ditch. 

The second area of interest (hereafter called Paonia 1B) is located two miles north of Paonia 

Reservoir on the west side of SH133 (from MP 29.9 to 30.2), just north of the confluence of West 

Muddy Creek into East Muddy Creek and along the south-eastern slope of the Bull Mountain 

(Figure 1). This sector of SH133 aligns with the foot of a slope characterised by a mean steepness 

value of about 40°, sharply interrupted by a flatter area (less than 10°) located in its middle portion. 

A concave-shaped landslide scar isolates several morphological steps in the northern sector of the 

area, which could be kinematically due to the roto-translational landslide mechanism. 

 

6.3 Materials and Methods 
This section includes two main subsections, for the interferometric synthetic aperture radar 

analysis (InSAR) and the UAS-based acquisition and processing techniques adopted in the present 

work. The first analysis was performed at the catchment scale: the scope was detecting large 

deformation processes and considering their interaction on portions of SH133 wider than those 

included in the actual study areas. Downscaling the investigation, the UAS-based products were 

used to identify signs of slope instabilities at the small and micro-scale. In particular, different 

radiometric sensors (i.e., optical, thermal and multispectral) were combined to highlight 

morphological variations related to erosion or accumulation processes. 

6.3.1 Satellite-Based (InSAR) Analysis 

Advanced differential interferometric synthetic aperture radar (A-DInSAR) is a multi-image 

process that provides high-resolution measurements over large areas [Aswathi et al., 2022]. 

Specifically, the persistent scatterers (PS) technique [Ferretti et al., 2001] is capable of identifying and 

measuring the displacement of millions of ground points, thereby providing a much more detailed 

and comprehensive understanding of ground deformation (and its association with geological 

processes) over time. PSs represent the time-coherent pixels retrieved in the stack of differential 

interferograms, thus corresponding to phase-stable objects in the scene [Funning et al., 2007]. For 

the present study, medium-resolution Sentinel-1 data were used for the 2017–2021 time interval. The 

European Space Agency’s two-satellite constellation has the main advantage of high temporal 

coverage (revisit time of up to 6 days) over the same area. The dataset was analysed in the SARPROZ 

software 2022 (the SAR processing tool by Perez [Perissin et al., 2011] and allowed to estimate both 

the average line-of-sight (LOS) velocity and the displacement time series (TS) for the PS over the two 

study areas. The essential steps of the processing consist of co-registering all of the images to the one 

chosen as the master. Subsequently, two radar parameter maps are generated to estimate the quality 

of the persistent scatterer candidates (PSCs): these maps respectively represent the multi-temporal 

amplitude value for each pixel (reflectivity map) and the coefficient of the amplitude variation 

(amplitude stability index map). The next step relates to the detection and removal of the 

atmospheric phase screen (APS) for estimating each persistent scatterer (PS) and the velocity values 
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along the line-of-sight (LOS) relative to a reference point identified in a stable region [Antonielli et 

al., 2021; Moretto et al., 2021]. At the end of the PSI workflow, PSs having a low temporal coherence 

threshold (<0.5) were discarded. Of the two available orbital geometries, only the results from the 

ascending geometry analysis were reliable enough to be interpreted. Geometric distortions due to 

the off-nadir angle of the descending geometry, in particular shadow effects, heavily affected the 

spatial coverage of the data. 

 

6.3.2 UAS-Based Acquisition and Processing 
The multi-temporal UAS-based data acquisition aimed to create high-resolution products to 

assess a comprehensive deterioration model of the rock mass, including seasonal moisture condition 

variations, structural changes and lithological characterization. For this purpose, two UAS flight 

campaigns were carried out in September 2021 and June 2022; the flights were operated from traffic 

pullouts along Colorado SH133 (Figure 6-2a) in adherence to Federal Aviation Administration 

(FAA) regulations regarding drone visual-line-of-sight (VLOS), maximum flight altitude relative to 

ground level, and flights over traffic. Moreover, visual observers selected from the field team helped 

UAS pilots ensure air space safety. 

 

Figure 6-2: Examples of drones, instruments and sensors used during the field operations. Panel (a) Bergen Hexacopter flying over 

Paonia 1B site; (b) AeroPoint and Trimble 3 GPS unit placed at Paonia 1A site; (c) Tetracam multispectral camera; (d) Dual optical 

and thermal cameras. 

To accurately georeference drone-derived image products, together with cloth 

photogrammetry targets, we placed ten ground control targets (Figure 5.2b) throughout the planned 

study area. Each AeroPoint already includes built-in GNSS and Wi-Fi systems that allow a level of 

accuracy of down to 3 cm during the imagery georeferencing process. The flights were planned with 

overlaps of 70% along the flight line and 60% at the sides and were manually carried out at the same 

time of the day to cover the study sites under similar lighting conditions each year. A set of multi-
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sensor cameras were flown as payload on three different UASs to capture and analyse 

complementary and interconnected environmental conditions that contribute to the rock instabilities 

of the area. More than ten flights per survey were necessary to acquire nadir and oblique-oriented 

images to represent the near-vertical slopes accurately. The Tetracam multispectral camera (Figure 

5.2c) was flown as payload on the Bergen Hexacopter at each study site. This sensor can capture 

detailed information about the spectral characteristics of the landscape, which can reveal potential 

changes in moisture content and mineral composition. 

The M2EA (Figure 5.2d), equipped with dual optical thermal integrated cameras, was used 

to capture radiometrically calibrated thermal imagery over each site. In Table 5.1, we summarise 

both the drones’ specifications and the type of sensors flown as payload. 

 

Table 6.1: The characteristics of the drones used for the study 

Characteristics DJI Mavic 2 Pro DJI M2EA Bergen Hexacopter 

 

Camera 

Integrated 

20mp  

Integrated dual optical 

(12/48mp) thermal 

(640x480 radiometric 

30hz) 

 

Tetracam Micro-

MCA6 

Maximum take-off 

weight (kg) 

0.907 0,11  4.5 

Flight range (min) 25 25 15 

Flight altitude (m) 45-60  30-60  30-70  

Maximum horizontal 

speed (km/h) 

72 72 30 

N° of images (nadir) 2000 3500 thermal Tetracam: 700  

(6 bands) 

N° of images (oblique) 800 900 thermal Tetracam: 500  

(6 bands) 

 

6.3.2.1 Pre-processing 

Prior to drone flights, the ground control, in the form of cloth photogrammetry targets and 

AeroPoints, were evenly placed throughout the planned study area (Figure 5.2b). The AeroPoints 

continuously logged their position while the cloth photogrammetry targets were surveyed using a 

Trimble 3 GPS unit, with both methods providing coordinates with centimetre-level accuracy. These 

ground control targets, appearing within the field of view of the drone camera, provided geolocation 

information for accurately positioning the drone-based orthoimage products. 
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For the optical imagery collected by the DJI Mavic 2 Pro, the software Agisoft Metashape 

v.1.8.1 was used to align and find tie points between photos, producing image-based dense clouds, 

orthophotos, and DEMs. Ground control position information collected for each target was required 

for this processing to produce accurately geolocated products. 

For the thermal imagery collected by the DJI M2EA, the raw images were processed into per-

pixel true-temperature radiometric images using AethaGlobal’s ThermoConverter software 

v.1.3.14.0. The true-temperature images were then processed into a true-temperature orthophoto 

using the image processing software Pix4Dmapper v.4.7.5. The orthophoto was geo-referenced 

using the ground control present in the orthoimage. 

For the 6-band multispectral imagery collected by the Tetracam Micro-MCA6, raw images were 

processed using Tetracam’s proprietary ‘PixelWrench2′ software v.1.2.4.9 to convert raw images into 

multi-band tiff images. The tiff images were then more precisely aligned using intensity-based 

image registration techniques available within MATLAB. The resulting aligned images were then 

processed using Agisoft Metashape to create a 6-band orthoimage for the study site. Ground control 

target GPS data were used as inputs during Metashape photogrammetry processing to create a 

georeferenced product. 

6.3.2.2 Processing: Classification analysis 

The georeferenced 6-band Tetracam orthoimage was classified into several soil or rock types 

(e.g., sandstone, arkosic sandstone), vegetation (i.e., living or dead), and other classes (e.g., shadows, 

road) using the software Trimble eCognition v.10.3 [Trimble, 2022]. To create this classification, the 

orthoimage was first segmented in eCognition using a multi-resolution segmentation best-fitting 

neighbour algorithm that groups pixels into objects by minimising or optimising the average 

heterogeneity of image objects [Trimble, 2022]. In this process, pixels were grouped into segments 

based on the spatial and spectral characteristics of the pixels and their neighbours, using all six bands 

of the Tetracam orthoimage. Desired mean segment size parameters were input by the user to affect 

the number of segments, the size of segments (which impacts the final classification), and the file 

size of the segmented image. Segmenting the image allowed the user to perform object-based image 

analysis (OBIA), which can be an improvement over pixel-based image classification for 

representing landscapes [Blaschke, 2010]. Pixel-based image classification solely uses the spectral 

information of the image bands in the classification. Grouping these pixels into objects using multi-

resolution segmentation created an object-based classification that was based on both the spectral 

and spatial characteristics of the 6-band orthoimage. After the image was segmented, a supervised 

classification hierarchy was created, containing the distinct mapping classes. Based on observations 

made in the field (ground truth information), and visual observations of the image itself, the 

eCognition user then assigned individual segments as samples to each desired class in their class 

hierarchy. The user might use both ground-truth information and their own visual observations of 

the orthoimage to discern different vegetation types and assign samples to unique vegetation classes 

(e.g., living and dead vegetation classes). After some samples were assigned to each class in the class 

hierarchy, the analyst then used a nearest neighbour classification algorithm [Trimble, 2022] to 

assign each image object (segment) in the image membership to a class based on the spectral 

information of the samples. The classified orthoimage was then exported in a Geotiff format to be 

interpreted in a GIS environment together with other analyses. 
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6.3.2.3 Processing: Change Detection analysis 

Change detection techniques involve the comparison of multi-temporal datasets to assess the 

temporal effects of a specific process and quantify changes due to natural phenomena or 

anthropogenic activities [Hussain et al., 2013]. Significant changes identified between at least two 

images lead to the generation of a change map. Asokan and Anitha [2019] provided a comprehensive 

review of different change detection techniques, addressing issues and challenges of performing 

change detection on remotely acquired images. For this study, the algebra-based change detection 

approach was followed, which consists of the application of mathematical operation on each pixel 

to retrieve the difference image. The DEM generated using the orthoimages from the 2021 and 2022 

data collection, after preprocessing, were coregistered and the algebraic operation of subtraction 

was performed on them in ArcGIS Pro 3.0.1. The 2022 image was subtracted from the 2021 image to 

monitor changes that occurred after the 2021 data collection. The differences that were reflected after 

the change detection task were mostly due to elevation changes between the two acquisitions. While 

the DEM comparison allowed the extraction of information related to changes in elevation, the 

orthoimages acquired from the Mavic 2 Pro were processed to assess any variation in terms of 

radiometric characteristics. The change detection analysis that was implemented on IRIS software 

v.23.0, developed by NHAZCA S.r.l. [Photomonitoring.com], involves the use of the Structure 

Similarity Index Method (SSIM) algorithm [Wang et al., 2004], a function of the brightness, contrast 

and structural component of pixels and determined by constructing a moving window around each 

pixel for both images. The SSIM is defined as follows: 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =  
(2µ𝑥 µ𝑦 +𝐶1 )(2𝜎𝑥𝑦+𝐶2 )

(µ𝑥
2+µ𝑦

2 +𝐶1 )(𝜎𝑥
2+𝜎𝑦

2+𝐶2 )
                                               (1) 

where μx and μy represent the luminance for the two image signals, σ represents the contrast and C 

represents a constant to ensure stability when the denominator is very close to zero. This equality 

index represents the radiometric variation between the image selected as the master (i.e., 2021 

orthoimage) and the one selected as the slave (i.e., 2022 orthoimage) on a scale from 0 to 1 [Cosentino 

et al., 2022]. The closer the index is to 1, the more the two images are similar: an index equal to 1 

means that no changes were identified over the observed time interval [Mazzanti et al., 2022]. 

 

6.4 Results 
This section summarises the results obtained through the PS-InSAR analysis, visual 

interpretation of UAS-based products, and the classification and change detection analyses carried 

out on them. The results were divided into two subsections for Paonia 1A and Paonia 1B, 

respectively. 

6.4.1 Paonia 1A 
Regarding the UAS-based analysis, it has been decided to present the primary outcomes of 

two specific sectors that are representative of the processes observed throughout the entire area of 

interest. These sectors, shown in Figure 5.3, are located along SH133 in the central part of the study 

area. Sector I stretches nearly to the northern boundary of the slope of interest: Figure 4 illustrates 

the same area in different panes, each representing a specific analysis carried out on the site of 

interest. As evident from the orthophoto captured through the DJI Mavic 2 Pro optical sensor (Figure 
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5.4a) in June 2022, the slope appears almost entirely uniform, with sedimentary rocks in a tan shade 

and dotted with patches of vegetation in the central part. However, a linear pattern of slightly lighter 

colour can be observed in the upper part of the slope, corresponding to the exposed rock strata. 

 

Figure 6-3: Location of the two most representative Sectors for Paonia 1A study site, respectively referred to as Sector I and Sector II. 

The figure was realised using QGIS 3.22.14. 

On the contrary, the per-pixel temperature visualisation of the thermal image returns 

improved discrimination of the slope, enabling the identification of distinct patterns and textures 

distinguished by varying temperature values (Figure 5.4b). The slope region near SH133 shows the 

highest temperature values, with an average of around 50 °C. This area becomes more homogenous 

heading north, while the southern and central portions of the sector exhibit a more granular texture 

and colder temperatures, which drop by up to 32–33 °C. Particularly in the central part, the slope 

continuity is interrupted by clusters of lighter colours that match the vegetation already identified 

in the orthophoto. The summit section of the slope, which has a finer texture, displays uniformly 

distributed temperatures with an average of 45 °C. A distinct central band separates the two regions, 

which features a linear pattern with alternating areas of cooler temperatures (around 38 °C) and 

warmer temperatures (around 55 °C), characterised by a coarse texture.  

Figure 4c represents the outcome of the DEM-based change detection between the two data 

collections in September 2021 and June 2022. The elevation difference is represented with a red-to-

blue colour scale, where shades of red represent positive values (≥0.15 m) while shades of blue 

represent negative values ≤ 0.15 m). Areas showing negligible or no changes were left uncoloured 

for better interpretability of results. Except for the portion along the roadside, showing an evident 

decrease, a rise in elevation values between the two years is registered throughout the slope. The 

values indicating an elevation increase of around 30–40 cm appear to form fan-like shapes, which 

align along the lower section of the slope and are separated from each other by areas exhibiting 

minimal variation in height. 



 

82 

 

 

Figure 6-4: The results obtained for Sector I of the Paonia 1A study area are presented in 5 panels, corresponding to: (a) orthophoto 

acquired in 2022; (b) per-pixel temperature thermal image; (c) DEM-based change detection; (d) optical-imagery-based change 

detection; and (e) classes resulting from the classification analysis. The figures were realised using QGIS 3.22.14. 

For the change detection analysis performed between the orthophotos, choosing a four-pixel 

window size emphasised even slight radiometric variations. A major part of the scene depicted in 

Figure 4d has an SSI value close to one, indicating that the 2021 and 2022 images look very similar 

in terms of radiometric characteristics. The most notable changes are concentrated in the basal and 

central regions of the slope, where a decrease in SSI (around 0.5) values corresponds with changes 

in debris accumulation (especially along the roadside) and vegetation presence, the latter of which 

has a significant impact on the analysis. The final panel of Figure 5.4 displays the results of the 

multispectral image classification. In Sector I, the classification analysis has identified five distinct 

classes, two of which correspond to the vegetation present in the scene (distinguished as living or 

dead), while the other three relate to the sedimentological properties of the rocks. These three classes 

correspond to samples of sandstone and mudstone (with lower or higher organic matter content) 

that were recognized during the field operations and used as training data. However, the most 

representative classes in this area are only sandstone, mudstone, and living vegetation, whereas 

small scattered patches of dead vegetation and organic-rich debris constitute a minimum part of the 
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scene. The debris accumulation, mainly composed of mudstone, develops along the foot of the slope 

and on the sandstone bedding plane, whose heads (in beige) are well recognizable in the summit 

portion. 

The same comparative criterion adopted for Sector I is also applied to the results for Sector 

II, reported in the subsequent panels of Figure 5.5 to facilitate the visual interpretation of the data. 

 

Figure 6-5: The results obtained for Sector II of the Paonia 1A study area are presented in 6 panels, corresponding to: (a) orthophoto 

acquired in 2022; (b) per-pixel temperature thermal image; (c) DEM-based change detection; (d,e) optical-imagery-based change 

detection at various scales and (f) classes resulting from the multispectral classification analysis. The figures were realised using 

QGIS 3.22.14.  

In this case, as well, the sandstone banks that appear in the optical image (Figure 5.5a) in a 

slightly lighter shade of beige than the rest of the outcrop emerge clearly in the thermal visualisation 
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(Figure 5.5b), being marked by lower temperature values (around 40 °C) than the sediments (more 

than 50 °C). The classification analysis validates this finding by clearly differentiating the beige, 

linear pattern of the sandstone from the more diffused brown of the mudstone, enabling the 

recognition of the sandstone stratification throughout the entire extent of the scene (Figure 5.5f). 

Below these banks, there is a distinct area with sporadic bushes and vegetated spots that can be 

easily identified through both optical image and object-based classification (Figure 5.5a,f). These 

areas correspond to the living vegetation class. 

The results of thermal and change detection also confirm the presence of these areas, where 

the thermal image highlights cooler and potentially more moist zones with temperatures below 40 

°C (Figure 5.5b), while the change detection analysis (Figure 5.5d) yields an SSI value of 0.5, 

indicating significant changes over the two years. It is worth noting that the variations detected in 

the change detection analysis do not exhibit a chaotic structure like the one shown in Figure 4d, but 

rather present a linear pattern that converges towards the base of the slope. Moreover, subtle 

changes in the fractures constituting a semicircular road crack, located right below the convergent 

linear pattern, were highlighted by the analysis. 

Similarly to Sector I, the DEM-based change detection for Sector II reveals a significant 

material accretion near the road edge. Besides the uniform accumulation of debris in this region (15–

30 cm), large blocks, which are predominantly sandstone blocks (Figure 5.5f), can be also found near 

the road pitch. 

For the Paonia 1A site of interest, the results of the PS-InSAR analysis show a few sparse 

measurement points, which are not representative of significant deformations affecting the slope. 

 

6.4.2 Paonia 1B 

The PS analysis allowed us to investigate the deformations occurring on the slope of interest 

at Paonia 1B, considering its morphoevolution on a larger scale. The measurement points, derived 

from 250-km-wide imagery (i.e., interferometric wide swath, IW), cover the slopes that develop 

along the hydrographic right and left banks of East Muddy Creek. Average velocities ranging from 

−4 to −10 mm/y were recorded in the southernmost part of the slope of interest, forming a small 

deformation cluster moving away from the sensor and thus indicating a downslope movement 

(Figure 5.6a). On the opposite slope, apart from a stable PS cluster located along the foothill, a clear 

movement with displacement rates of over 4 mm/year is measured towards the east direction 

(Figure 5.6b). The analysis provided important clues to the recent displacement rates of a landslide 

phenomenon already well identified in the historical maps of the area [Godwin, 1968; Stover, 1986], 

but whose state of activity was investigated only by Lowry et al., [2020]. This landslide is part of the 

broader ”East Muddy Creek Landslide Complex”, which consists of three distinct phenomena 

located on the western flank of the Ragged Mountains and that was mapped through the visual 

interpretation of the one-metre LiDAR-based DEM produced within the framework of the 3D 

Elevation Program (3DEP) [U.S. Geological Survey] and the PS-InSAR results. 
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Figure 6-6: PS-InSAR results for Paonia 1B site. In the upper panel (a) the catchment scale ground deformations are shown. The 

massive landslide phenomenon retrieved by the PS-InSAR analysis displays displacement rates of up to 10 mm/year. At a smaller 

scale (panel (b)), a well distinct cluster with 3–10 mm/year displacement rates is visible on the opposite bank. The figures were 

realised using QGIS 3.22.14 

Similarly to Paonia 1A, distinctive sectors of Paonia 1B (Figure 5.7) were chosen to 

represent landforms and processes occurring on the slope. Sector I covers the left flank of the 

concave-shaped landslide scar which interrupts the continuity of the strata. A massive sandstone 

bank, lighter in colour, bounds a flat area where greyish and brownish debris accumulates (Figure 

5.8a). A more detailed differentiation of the slope features is captured by thermal (Figure 5.8b) and 

multispectral sensors (Figure 5.8c). 
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Figure 6-7: Location of the three most representative Sectors for Paonia 1B study site, respectively referred to as Sector I, II and III. 

The figure was realised using QGIS 3.22.14. 

 
Figure 6-8: The results obtained for Sector I of the Paonia 1B study area are presented in 5 panels, corresponding to: (a) orthophoto 

acquired in 2022; (b) per-pixel temperature thermal image; (c) classes resulting from the classification analysis; (d,e) optical-imagery-

based change detection at various scales. The figures were realised using QGIS 3.22.14. 

The overhanging sandstone bank is still well distinguished from the surroundings in terms 

of lower temperature, appearing as a continuous red/purple band and dividing the vegetated top of 
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the slope from the warmer soil and debris area (temperature up to 50 °C). Just below the sandstone 

outcrop, the multispectral classification identifies shotcrete covering the slope, contrasted by 

sandstone’s higher temperature values and the unconsolidated material’s lower values. Scattered 

features, corresponding to low-growing vegetation (dead and living) and trees, allineate along the 

eastern section of the slope, while the mudstone class is found in its central area. The radiometric 

change detection highlights significant changes (SSIM < 0.5, Figure 5.8d), mostly in correspondence 

with the vegetated spots but, where the mudstone class outcrops, a linear pattern with similar low 

values of SSIM is also identified, developing along the steepest part of the central area. Figure 8e 

focuses on the aforementioned linear pattern, clearly visible between the vegetation. 

Sector II is located slightly to the south and includes a portion of a stepped slope, where 

vertical sandstone strata alternate with erodible layers, forming gentler morphologies. Few reliable 

persistent scatterers, in the upper part of the slope and specifically on the less steep portions (Figure 

5.9a), recorded an average velocity of up to 10 mm per year in the LOS direction (i.e., downslope). 

The thermal visualisation of the scene shows quite similar temperature values ranging between 42 

and 50 °C (Figure 5.9b). The only exceptions are represented by the lower temperatures of the 

vertical slope faces and three warmer spots (more than 55 °C) along the roadside. The two yellow 

spots located in the northern part of the scene present a fan-shaped morphology, with the apex in 

the vicinity of the vertical road cut, whereas the third one is more distributed. In the last panel of 

Figure 5.9, the DEM-based change detection outcomes are shown. 

 

Figure 6-9: The results obtained for Sector II of the Paonia 1B study area are presented in 3 panels, corresponding to: (a) orthophoto 

acquired in 2022 and PS-InSAR analysis; (b) per-pixel temperature thermal image; (c) DEM-based change detection. 

A diffuse increase of about 30 cm in height matches the fan-shaped spot in the northern part, 

with very limited incrementations of more than 50 cm along its boundaries. A sharp change in 

elevation values can be also noticed in the central part of the scene, where two adjacent areas show 
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differential movements in opposite directions (blue and red areas in Figure 5.9c): in both cases, the 

elevation change reaches 50 cm. 

The third and last sector analysed for the Paonia 1B area was chosen to represent the analysis 

carried out on a vertical surface like a road cut. In the orthophoto (upper panel of Figure 5.10) the 

surface predominantly appears in two shades of greyish beige. The darker shade is predominant on 

a small portion on the left and in the upper part of the cut, while the lighter shade of beige is along 

the base and at the edges of the image. This slight colour difference is, on the contrary, well 

perceivable in the multispectral classification (Figure 5.10, lower panel), and respectively 

corresponds to the Sandstone (blue) and Weathered Sandstone (yellow) classes. 

 

 
Figure 6-10: Sector III: multispectral image classification of the road cut. The figures were realized using QGIS 3.22.14. 

 

A definite purple layer is interpreted as an area of active seep that stretches right under the 

vegetation covering the top of the surface and can also be found in the central part of the outcrop, 

along with minor shadowed areas. Inactive seep areas, corresponding to the orange vertically 

elongated features in the orthophoto, perfectly match the orange category of the classification 

analysis. 

 

6.5 Discussions 
This study aims to examine the ability of different sensors to identify evidence and early 

precursors of slope instabilities. Two drone flight campaigns carried out one year apart, along with 

satellite-based interferometric analysis, served this purpose by highlighting processes of intense and 

persistent denudation of the slopes of interest in the study areas. 

In the Paonia 1A area, signs of erosion phenomena mainly related to surface and 

concentrated runoff dynamics are clearly visible in both sectors. In the central parts, the presence of 

vegetation indicates an accumulation or stagnation of water and, specifically for Sector I, it is located 

just downstream from what appears to be a slight concavity in the stratification, well recognizable 

from the thermal image (Figure 5.4b). Sediment accumulation processes occur in these concentrated 
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runoff rills and lead to the formation of diffuse (Figure 5.5c) or fan-shaped (Figure 5.4c) debris 

accretion, defined by an increase in height values in the change detection analysis. Due to this 

considerable sediment production, the maintenance activities, such as the accumulated debris 

removal, are particularly noticeable, as shown by the blue band in Figure 5.4c and Figure 5.5c, 

indicating a decrease in elevation between 2021 and 2022. However, a minor part of this decrease is 

to be addressed to the vegetation changes between September 2021 (when the foot of the slope was 

covered by both living and dead vegetation) and June 2022. While in Sector I, the denudation 

processes seem to affect only the slope, in Sector II, we observe a more mature scenario of water 

erosion and infiltration that has led to the road surface’s initial disruption. The micro-scale 

geomorphic features, both anthropic and natural, were pointed out by the change detection 

performed with IRIS software v. 23.0 (Figure 5.5d). Rills and gullies, formed after the precipitation 

event occurred on 19th September (Weatherwx.com), identify the area most prone to degradation. 

Moreover, a wide convex road crack is the morphological evidence of this severe and persistent 

erosion that would possibly cause the partial failure of the highway. In this case in particular, but 

also for Sector I, the multispectral analysis is proof of how the slope is influenced by differential 

moisture conditions, which stand out immediately thanks to the presence of vegetation. 

For the Paonia 1B area of interest, the results of the InSAR analysis (Figure 5.6) provided 

substantial information to study displacements occurring at the catchment scale and contribute to 

understanding the large-scale morpho-evolution of this area. Displacement values recorded by the 

PS confirm those from Lowry et al. [2020], delineating a complex scenario where the evolution of 

the Central East Muddy Creek Landslide Complex is highly interconnected to the opposite slope’s 

instability asset and fluvial incision. The Central Landslide, due to its differential displacement 

pattern and annual velocity rates, still represents a critical condition for the risk assessment of 

SH133. Its activity style, characterised by discontinuous reactivation phases [Lowry et al., 2020], 

defines a major threat to Colorado State Highway 133 (already damaged in 1986–1987). However, 

investigating this phenomenon, including its interaction with fluvial incision rate and mass-wasting 

processes on the opposite slope, would have required a proper modelization and was therefore not 

extensively carried out since it goes beyond the specific purpose of this work. On the other hand, 

the point measurements forming a cluster on the Paonia 1B slope of interest led to the identification 

of localised instabilities (Figure 5.9a). The movement can be correlated with unconsolidated 

materials sliding along the slope and then aligning in debris fans (clearly visible in the thermal 

product, Figure 5.9b) right below the PS cluster. This consistent waste deposit supply resulted in the 

complete occlusion of a drainage ditch (increase in height, Figure 5.9c), eventually cleaned during 

maintenance work (decrease in height, Figure 5.9c). As for the other study site, a clear example of 

the effects of intense denudation affecting specific portions of the hillslope is represented in the 

panels of Figure 5.8. Here, concentrated erosion processes drove the disruption of the shotcrete 

applied for stabilising the prominent banks. The shotcrete is abruptly interrupted in the southern 

part of the sandstone banks (Figure 5.8c), where a dense linear pattern of rills engraves the more 

erodible mudstone layers (Figure 5.8d,e). The Sector III example was provided to demonstrate the 

capacity of the sensors to identify not only the ongoing mass-wasting processes but also to point out 

early indicators of future instabilities. In this case, the multi-spectral information was essential to 

mark seeping areas where block detachment or collapses may easily occur (Figure 5.10). 
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The advantages of combining several sensors that could provide complementary 

information made it possible for an extensive investigation of different processes from a multi-scale 

perspective. Different landforms overlaying the slopes make it difficult to discern the corresponding 

process imprint and, therefore, to give a comprehensive representation of the territory’s complexity 

(Schmidt and Andrew, 2005). Each of the applied sensors, with its specific spatial resolution, 

facilitated this task, enabling the extraction of one or more landform signatures and the relative 

forming process. Table 5.2 summarises the scale of processes and related landforms detected 

through our multi-sensor approach. At the sub-catchment scale, the satellite-based InSAR analysis 

was the only medium-resolution technique that could measure the deformations with an accuracy 

comparable to the other methods. Gradually downscaling the investigation at the decametric and 

metric scales, thermal imagery and DEM-based analysis provided the most suitable results for 

delineating debris fans, blocks detached from the massive sandstone layers and areas subjected to 

concentrated runoff features. Eventually, micro-morphotypes were investigated by exploiting 

optical image-based change detection and multispectral classification. The micro-scale topographic 

landforms (i.e., road cracks and centimetre-scale rills) and subtle moisture variations (i.e., seep areas) 

respectively depicted by those methods can be correlated to early instability indicators. The regional-

scale satellite-based products were effective in identifying possible areas of instability, while further 

downscaled investigations of those areas with drone-based high-resolution products provided 

significantly better outputs for the decision-making and mitigation processes of asset management 

plans. This multiscale approach was successful in identifying both the evidence and the early 

precursors of rock mass instability impacted by intense deterioration processes. 

 

Table 6.2: Comparison between sensors, type of products and respective type of processes or landforms investigated at different 

scales. 

Sensor Type of Product  Scale Type of Process or 

Landform 

Satellite Radar  

(C band) 

PS-InSAR analysis Catchment or sub-

catchment scale 

Large landslides and 

deformations 

Mavic 2 Pro integrated 20 mp DEM-based change 

detection 

Hillslope scale Sediment accumulation 

and erosional processes 

M2EA thermal Thermal imagery  Hillslope scale Humid zone and rock 

differentiation 

Mavic 2 Pro integrated 20 mp Optical imagery Sub-hillslope scale Small-scale topographic 

features 

Mavic 2 Pro integrated 20 mp Optical imagery-based 

change detection 

Micro-topography scale Rills and road crack 

formation or opening 

Tetracam Micro-MCA6 Multispectral analysis Sub-hillslope scale Small-scale rock and soil 

differentiation 

Micro-topography scale Seep area identification 
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Although the combination of the aforementioned remote sensing techniques provided 

crucial insights into the slope deformation processes, some limitations in their applicability to our 

case study need to be considered. Despite the great advantage of free and open data, Sentinel C-

band sensors are significantly affected by vegetation coverage, causing decorrelation issues that 

could reduce the quality of the interferometric measurements and limit the accuracy and reliability 

of PS-InSAR for slope monitoring. Further improvements could be accomplished by employing 

sensors with longer wavelength characteristics (i.e., L-band sensors), better suited for monitoring 

slope movements in dense vegetation contexts due to their large penetration depths into canopies 

[El Hajj et al., 2019]. On the other hand, even if UAS-based data can be successfully employed for 

detecting and monitoring subtle or localised deformations, they are often impacted by weather and 

environmental conditions and can experience data processing challenges. Even slight illumination 

conditions can affect the reliability of thermic acquisition and optical analysis such as radiometric 

change detection, which in some cases faced shadowing issues. Therefore, well-planned UAS 

surveys are necessary (but not always easy to accomplish) for obtaining reliable results. 

Within the framework of assessing rockfall hazards along transportation corridors, it is 

crucial to ensure the safety and functionality of these vital infrastructure networks. Debris and block 

detachments pose significant risks to motorists, leading to accidents, road closures, and costly 

maintenance operations. Transportation agencies are therefore tasked with identifying and 

prioritising the most dangerous slopes that require immediate attention and allocation of resources. 

However, with extensive highway networks spanning vast areas, it becomes crucial for 

transportation agencies to adopt an effective yet rapid approach to evaluate and rank the hazardous 

slopes. The traditional field-based methods, while reliable, can be time-consuming, labour-intensive, 

and often limited in scope. In the current trend of implementing identification and rating systems 

for slopes affected by instability along infrastructures, previous studies [Sarro et al., 2018; Francioni 

et al., 2020; Rodriguez et al., 2020; Gallo et al., 2021; Migliazza et al., 2022; Žabota et al., 2023; Caliò 

et al., 2023; Graber and Santi, 2023] have predominantly focused on characterising local-scale 

discontinuities within rock masses. The recognition and characterization of families of 

discontinuities, extensively studied in the literature, are necessary to understand the potential 

kinematics of block or debris detachment. However, it is fundamental to recognize that these factors 

alone are not the sole contributors predisposing a slope to collapse. Fluctuations in the temperature 

and water content, as well as the differential erosion affecting the sandstone and siltstone 

alternation, influence the weathering of rock slopes [Draebing, 2021; Birien and Gauthier, 2023]. In 

this context, our study addresses the pressing need for an improved and replicable methodology 

that takes advantage of remote sensing data to facilitate the rapid quantification of those factors 

influencing rock mass stability. The approach employed in our study demonstrates that combining 

various remote sensing techniques enhances the identification of geomorphic processes and their 

impacts at different spatial scales. These outcomes provide valuable and practical insights that can 

be considered by transportation agencies when ranking slopes and assessing rockfall hazards 

through rockfall hazard rating systems (RHRS) [Santi et al., 2009]. The rationale of this engineering 

procedure is to classify high-risk slopes along transportation corridors, assigning a score based on 

several criteria, including factors such as ditch effectiveness, differential erosion rates and water 

presence. The traditional field-based RHRS encounters limitations due to time-consuming on-field 
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measurements and potential underestimation of these factors, often addressed qualitatively. These 

limitations arise from restricted view angles, challenges in accessing certain sections of near-vertical 

or highly inclined slope surfaces, and the difficulty of investigating parameters at different scales 

while achieving a comprehensive understanding of the interconnected degradational processes 

[Oommen et al., 2017]. With its multiscale, remotely sensed perspective, our study highlights the 

significance of providing a methodical and repeatable procedure to be implemented in the current 

rating systems for monitoring the sites and updating the assigned rating considering the spatio-

temporal morphoevolution of the slope conditions. Furthermore, it takes into account the spatial 

variability and influence of pre-failure factors by employing different sensors and processing 

analyses. 

6.6 Conclusions 
Due to the mountainous topography of Colorado, much of the State Highway network has 

been developed through cut slopes. Along with predisposing factors such as the lithological asset 

and the road cuts, denudation processes play a fundamental role in destabilising the unconsolidated 

material and the deterioration of the exposed rocks. The investigation approach adopted in the 

present work succeeded in efficiently detecting the instabilities affecting the two slopes of interest 

along the Colorado SH133. In particular, the key findings of our work can be summarised as follows: 

1. The combination of different platforms (satellite or UAS) and sensors, along with their 

respective products at varying spatial resolutions, was essential to identify several 

superimposed processes. Each informative level (i.e., multispectral and SAR analysis, thermal 

and optical products, terrain models), enabled distinguishing the specific geomorphic 

expression of the different degradation processes. In doing so, we shed light on the landform’s 

multi-scale characteristics, thus interpreting their potential to differentially disrupt the slope 

stability. Moreover, the examples of retrogressive erosion and rill initiation retrieved in both 

study areas represent early predictors of future rock failures or road collapses. 

2. The fourth dimension (i.e., time), explored through the use of multi-temporal data collections, 

provides a significant amplification of the potential of a single remote sensing survey. Change 

detection and interferometric analyses allowed the quantitative assessment of the dynamics of 

morphological features (e.g., road crack propagation, areas more susceptible to depletion or 

sediment accumulation) and a preliminary forecast of their morphoevolution. 

3. Unusual processing solutions, such as optical-based change detection, can lead to new 

opportunities for micro-morphotype detection and characterization. This technique could 

serve as a primary step for a more quantitative assessment of the slope erosion rates and 

geostructural stability. 

4. Remote sensing data can provide a detailed model of the slope’s mechanics and conditions at 

a specific time. This information is particularly beneficial for monitoring highway networks 

and transportation corridors, supporting asset management practices from a predictive 

maintenance perspective. 
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7  Conclusions  
 

The primary aim of this study was to investigate the application of remotely sensed data, 

specifically satellite interferometry information, for updating landslide inventories from a 

morphographic and morphodynamic point of view, and subsequently providing a clear direction 

on identifying high-priority areas warranting in-depth investigations. At every scale, from regional 

to local mapping, the support of artificial intelligence facilitated the effective management of a vast 

amount of data that can be challenging to handle through traditional inventory methods. Utilising 

machine learning algorithms tailored to the specific needs and goals of each presented work, we 

achieved an objective recognition of spatial and temporal displacement patterns that is challenging 

to attain with methods dependent on the operator's judgement, which undoubtedly introduces a 

bias related to his own experience and sensitivity during the analysis. 

At the regional scale, the implemented procedure effectively aggregates interferometric data 

by combining geospatial criteria with velocity measurements of data points, accounting for the 

spatial dependence of the single measuring point with respect to its surroundings. Therefore, 

resulting PS clusters, aggregated according to a robust statistical criterion, accurately represent the 

real extension of areas experiencing active deformation, outperforming aggregation based on fixed-

distance buffers. Moreover, incorporating topological constraints (i.e., Slope Units) in the clustering 

process, favoured the correct discrimination of moving points pertaining to a specific process from 

those related to adjacent ones. By doing so, we avoid incorporating measuring points extending 

beyond physical boundaries, such as watershed limits or valleys, where aggregation would not be 

appropriate. Integrating this clustering process in a semi-automatic selection workflow proved its 

high efficacy for quickly identifying and classifying landslides that required a careful evaluation of 

their morphographic boundaries. 

At the local scale, I achieved precise delineation of the actual deformation area of the 

phenomenon, including sections of the landslide where substantial displacement rates were 

observed, some of which had previously been excluded or remained uncertain during field 

operations. Additionally, for phenomena with complex kinematics or heterogeneous deformational 

behaviour, it became crucial to identify specific sectors within the landslide extension that required 

monitoring or prioritised mitigation measures. In Chapter 3 case study, the innovative utilisation of 

InSAR post-processing, involving a two-dimensional displacement decomposition, enabled the 

accurate delimitation of the various kinematics constituting the landslide system and the detection 

of the intervals of anomalous time trends in the displacement series. The Bayesian model applied to 

time series derived the probability of occurrence of abrupt changes based on the analysis of 

hundreds of displacement measurements, thus strengthening the correlation analysis between 

accelerations in disruption rates and external triggers (i.e., precipitation). The resulting temporal 

deformation pattern of each different landslide sector did not reveal differing timings under the 

same preparatory and triggering factors in the specific case study. Nonetheless, it can be applied as 

a valuable tool in similar cases for assessing how the slope process responds to external forcings.  

For those cases where the interferometric technique is not feasible to investigate slope 

instability, one must rely on supplementary tools capable of providing displacement measures. In 
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the case study presented in Chapter 4, several UAS-based surveys were performed on the rock 

slopes susceptible to rockfalls after a large-scale InSAR screening of the slope processes affecting the 

sector of interest of the highway. The multispectral and optical images captured by the UAS were 

analysed using Object-Based Image Analysis (OBIA) and Change Detection techniques, and 

numerous early indicators of instability, particularly those linked to embryonic erosion, were 

identified. These erosional phenomena had damaged several areas, affecting at the same time the 

road infrastructure and the operating mitigation measures. Furthermore, the very-high ground 

resolution provided by the sensors mounted on the drones played a crucial role in identifying micro-

scale landforms at a sub-centimetre level, from fractures along the road to rills on the slopes, which 

would have otherwise remained undetectable through satellite imagery. While InSAR data 

undeniably proved valuable in recognizing movements related to debris sliding along the slope (and 

potentially impacting the road in the future) or to large-scale phenomena that impacted the 

infrastructure in the last decades, it is the multispectral and optical information that emerges as the 

primary tool for identifying the areas of the slope most susceptible to disruption. 

The three presented works can be considered a progressive, analytical workflow to be 

adopted when updating a landslide inventory. Supported by artificial intelligence models, we first 

identified at a regional scale those slope processes warranting detailed investigations. Then, 

depending on the specific landslide typology, a tailored local-scale assessment to characterise the 

morphoevolution of the landslide is pursued. For slow kinematic landslides, satellite interferometry 

provides valuable insights into both the spatial deformational patterns and, crucially, the 

morphodynamic response in relation to external factors like precipitation and temperature, acting 

as preparatory or triggering elements. For fast kinematic slope movements (such as rockfalls), or in 

cases where the interferometric technique is inadequate for a thorough investigation (i.e., 

unfavourable slope orientation, geometric distortions), it becomes essential to combine the use of 

different platforms and sensors to properly investigate the gravitational instability. In such cases, 

optical and multispectral sensors carried by UAS can better perform the slope characterization to 

identify micro-scale landforms and detect precursors of slope instability, allowing for preventive 

measures instead of mitigation alone. The application of established AI models, well-documented 

in the literature, can be seamlessly incorporated into this multi-scale workflow, offering support to 

authorities responsible for updating local, regional, or even national-scale landslide inventories. 

 

7.1 Limitations and future perspectives 
 

The traditional machine learning techniques described in Section 2.2.2.2 are well established 

in the literature for identification and classification tasks. Despite the significant contribution that 

these techniques have and continue to have in handling vast amounts of data, there are still several 

limitations in terms of automation of slope process recognition. Most of the models rely on user 

experience for the thresholds, parameters and input datasets selection, often selecting these factors 

after a trial-and-error process. Furthermore, the exponential availability of spatial and temporal 

high-resolution data, heavily hamper the performance of ML algorithms for feature extraction tasks. 

For instance, the EGMS project (European Ground Motion Service) providing open-source advanced 
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interferometric data at the European-scale spatial coverage, offers unprecedented opportunities for 

governments, research institutions, universities and societies to exploit such a massive and 

continuously updated database. Managing a database of such magnitude, especially for large-scale 

studies, will be one of the biggest challenges of the coming years. Future research endeavours will 

be dedicated to implementing increasingly automatic methods to derive morphography, 

morphodynamic and morphoevolution of the entire spectrum of ground deformation processes (e.g., 

landslides, subsidence, volcanoes). These techniques will serve inventorying purposes, but, more 

importantly, they will enable continuous monitoring and regular updates of these phenomena. 

Although it is currently largely employed for object detection in optical and multispectral satellite 

images, Deep Learning applications will be directed towards the identification of deformational 

patterns both at the spatial level through the classification of PS clusters and at the temporal one, 

possibly predicting upcoming failures from the interferometric time series. The foremost 

disadvantage related to the use of Deep Learning on interferometric datasets remains the almost 

absence of training datasets that can contribute to adequate training of the models.  It is likely that 

in the next few years, we'll witness the emergence of labelled interferometric data repositories, which 

will be increasingly exploited to train and improve the recognition performance of these models. At 

the same time, it will become compulsory to enforce the automatic incorporation of such open-

source data into civil protection frameworks and long-term monitoring strategies to act for 

forecasting, prevention and emergency stages. Across the different phases of risk management (i.e., 

pre and post-crisis), the InSAR information can serve as an effective operational tool, even if the 

monitoring and especially prevision of upcoming failures will represent a critical challenge in the 

forthcoming decade.  
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