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ABSTRACT 

Landslides are common features of the landscape of the north-central Apennine mountain range and cause 
frequent damage to human facilities and infrastructure. Most of these landslides move periodically with 
moderate velocities and, only after particular rainfall events, some accelerate abruptly. Synthetic aperture 
radar interferometry (InSAR) provides a particularly convenient method for studying deforming slopes. We 
use standard two-pass interferometry, taking advantage of the short revisit time of the Sentinel-1 satellites. 

In this paper we present the results of the InSAR analysis developed on several study areas in central and 
Northern Italian Apennines. 

The aims of the work described within the articles contained in this paper, concern: i)  the potential of the 
standard two-pass interferometric technique for the recognition of active landslides; ii) the exploration of 
the potential related to the displacement time series resulting from a two-pass multiple time-scale InSAR 
analysis; iii) the evaluation of the possibility of making comparisons with climate forcing for cognitive and risk 
assessment purposes. 

Our analysis successfully identified more than 400 InSAR deformation signals (IDS) in the different study areas 
corresponding to active slope movements. The comparison between IDSs and thematic maps allowed us to 
identify the main characteristics of the slopes most prone to landslides. 

The analysis of displacement time series derived from monthly interferometric stacks or single 6-day 
interferograms allowed the establishment of landslide activity thresholds. 

This information, combined with the displacement time series, allowed the relationship between ground 
deformation and climate forcing to be successfully investigated. 

The InSAR data also gave access to the possibility of validating geographical warning systems and comparing 
the activity state of landslides with triggering probability thresholds. 
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1. Introduction 

        1.1. Motivation and focus of the current study 

In the current document, I present the main findings of my dissertation at the University of Bologna. The 
work focuses on the analysis of landslides in the central and Northern Italian Apennines, although, especially 
during my period abroad (at the WSL Institute for Snow and Avalanche Research SLF in Davos - Switzerland), 
I also analysed an area of the Swiss Alps. For demonstration purposes, case studies analysed in Switzerland 
are included in this paper. The technique mainly used belongs to the remote sensing group and is called 
synthetic aperture radar interferometry (hereafter InSAR). InSAR is a well-known interferometry technique 
that offers the possibility of measuring small displacements on the ground surface and has been widely used 
to retrieve spatial and temporal deformations of slopes (e.g., Colesanti et al., 2003; Handwerger et al., 2015; 
Bayer et al., 2018, Dini et al. 2019, Squarzoni et al., 2020). In particular, we tested and used traditional two-
pass InSAR. In addition to the recognition and mapping of deformation signals, it was used to derive spatial 
and temporal measurements of the gravitational slope movements. All SAR data used for the work presented 
within this paper were acquired by the Sentinel-1 satellites pair of the European Space Agency (ESA), and 
their main characteristics will be described below. 

My research project consists of three main works. The study areas are located within the Italian territory, in 
the regions of Emilia-Romagna and Umbria. 

Two different study areas were analysed within the Emilia-Romagna region and represent the works 
described in Chapter 3 and Chapter 5. They are located in the Northern Apennines where, due to the large 
areal extend of mechanically weak rocks, like tectonic and sedimentary melanges (Pini, 1999) and deposits 
of turbitdity currents (Ricci Lucchi, 1986), earthflows (Simoni et al, 2013) and complex landslides (Bertolini et 
al., 2004; Bertolini et al., 2005; Borgatti et al., 2006) are prominent features of the landscape.  

As for the second study area, represented by the Umbria Region in central Italy, the morphology ranges from 
mountains to hills and alluvial plains. The geology is dominated by the presence of sedimentary rocks with 
post-orogenic marine and continental facies, flysch deposits consisting of clayey-schist and clayey-marly 
sediments, well-settled limestone and subordinate volcanic rocks (Cardinali et al., 2002). Landslides are 
widespread and recurrent and landslide deposits cover about 9% of the area. According to the national IFFI 
inventory (Trigila et al., 2010), more than 70% of the mapped landslides are quiescent, while the remaining 
ones are active, mainly based on geomorphological criteria. 

All study areas are embraced by the Mediterranean climate, which is characterized by two wet seasons, one 
in spring and one in autumn, separated by dry summers and winters. For this reason, several landslides in 
the study area can suffer both seasonal acceleration and catastrophic reactivation related to rainfall events 
during the rainy seasons (Berti et al., 2012). Because all study areas also have a moderate density of 
population, infrastructure, towns and small villages, landslides often interfere with human actions.  

InSAR represents a promising technique that helped answer several important questions that developed 
before and during this thesis work. They can be summarized as follows: What useful results and information 
can be derived from a two-pass site-specific InSAR analysis? Which ones from a regional or basin-scale 
analysis? Is there a more suitable geologic and geomorphologic context for landslides? Can an InSAR analysis 
be used to validate and/or refine an early warning system? Do landslides respond to seasonal precipitation 
and individual rain events? What are the main limitations of the technique and what drawbacks should be 
considered  when interpreting InSAR-derived deformation? 

The present work was inspired by the promising results reported by several authors such as Handwerger et 
al. (2015), Bayer et al. (2018), Dini et al., (2019) and Squarzoni et al. (2020). In particular, the fact that it was 
possible to recognize and map deformation signals over different geological and geomorphological contexts 
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and in areas with sparse stable reflectors. In addition, we used the information derived from InSAR to identify 
landslide-prone contexts and investigate the relationship between ground deformation and climate forcings. 

All software packages used for InSAR processing are available in the public domain and are free for scientific 
purposes. The main programme for InSAR processing was GMTSAR (Sandwell et al., 2011) and specially 
developed codes were also used to further improve the results. 

By using conventional InSAR, producing a large number of interferograms and through their selection, we 
were able to derive information on the spatial and temporal distribution of landslide displacements where 
multi-temporal InSAR techniques retrieve only sparse information pertaining to stable scatterers. 

The results reported are the result of intensive collaboration with various co-authors. We have addressed 
technical issues related to uncertainties in the interferometric signal, or statistical analyses to determine the 
features of slopes most prone to host landslides , as well as scientific issues involving models for defining 
geographic warning thresholds and probability thresholds for triggering landslides within study areas.  

        1.2. General guide through the thesis 

The document has been organized into six chapters. The first chapter is the actual introduction. Since the 
mode of my doctoral course requires the submission of three papers to peer-reviewed journals, chapters 
three, four and five can be considered on the one hand as independent works; on the other hand, they should 
be seen in the framework of the overall motivation of this thesis.  

Chapter two is devoted to some general methodological aspects of my work. It contains information that, 
because of the objective of the journals, could not be included in one of the papers, but which might be 
useful to other scientists or students who want to address some aspects related to InSAR processing.  

The third chapter is focused on the study developed in a portion of a basin (60 km2) in the Northern Italian 
Apennines, for a time interval of 4 years (January 2016 to December 2019). During the 4 years of analysis, 
the study area, was subject to the reactivation of four landslides caused by intense precipitation. We used 
an areal InSAR analysis to detect active slope movements during the period of interest and then, we used a 
site-specific analysis to investigate the relationship between precipitation and landslide acceleration events. 
A key goal of the work was to analyse the deformations that preceded the catastrophic failure of 3 landslides 
which underwent a  reactivation at the end of November 2019. The results showed that this technique can 
retrieve spatially quasi-continuous deformation maps even in areas characterized by the absence of good-
quality reflectors (mainly infrastructure and rocky outcrops). It also showed how, through careful analysis 
and selection of interferograms, it is possible to describe the evolution of landslide deformation over time 
and its relationship to climate forcings. 

The fourth chapter discusses in detail an analysis carried out in collaboration with the Functional Center of 
the Civil Protection Department of the Umbria Region. This work presents the results of a regional InSAR 
survey carried out by using standard differential methodologies and Sentinel-1 SAR images. The study area 
is the Umbria region (8456 km2), and our analysis covers the period between October 2019 and January 2021. 
Our goal is to detect and map active slope movements by analysing interferometric stacks. We also used the 
information in the single interferograms to monitor slope deformation over time and thus to characterize 
the activity state of selected landslides. We compared the location of the detected InSAR deformation signals 
with existing geological and geomorphological information, including the landslide inventory map. Finally, 
we investigated the relationship between the temporal evolution of 13 selected landslide signals with rainfall 
and soil moisture parameters. The Civil Protection of the Umbria Region uses these parameters to predict 
the occurrence of landslides (already mapped and/or newly triggered) on its territory and issue warning 
bulletins. To our knowledge, this exercise represents one of the first attempts to use remotely sensed data 
to support the calibration and validation of predictive methodologies used in landslide early warning systems. 
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Our results confirmed that differential InSAR can be used to derive spatially quasi-continuous deformation 
maps even where stable reflectors are scarce or absent. It proves useful for detecting actively moving 
landslides and, through careful selection of interferograms, can be used to qualitatively monitor landslide 
displacements. The selected landslide displacement time series has proven particularly useful for validating 
existing landslide warning thresholds, where historical data are typically sparse and often unreliable.  

Chapter 5 discusses the results of an InSAR survey by using similar methodologies and the same type of data 
as the work presented within Chapter 4. The study area is represented by a large basin in the Emilia-Romagna 
region in the Northern Apennines. The area has an extension of 1136 km2 and the analysis covers the period 
between April 2014 and December 2019. One of our main goals was to identify and map active slope 
movements by analysing interferometric stacks made on different time scales (total, annual, and monthly). 
In addition, we extracted information from single monthly stacks to monitor slope deformation over time 
and thus to characterize the state of activity of mapped landslides. We analysed the relationship between 
the location of the mapped deformation signals on an InSAR basis with a more complete dataset related to 
the geological and morphological features of the study area, but also with information on the dates of 
activation (or reactivation) of the studied landslides. Finally, we compared the temporal evolution of the 
mapped deformation signals with the landslide activation probability thresholds available in the literature 
for our study area. Again, the study confirmed that differential (or two-pass) InSAR can be used to retrieve 
spatially quasi-continuous deformation maps even when stable reflectors are scarce or absent. In addition, 
proved to be a powerful tool to derive time series of mapped landslide displacements, which represent an 
effective dataset for the purpose of making comparisons with climate forcings and, in particular, with 
landslide activation probability thresholds. This comparison allowed us to follow the evolution of active and 
inactive signals during rainy and dry months. 
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        2. Methodological notes 

         2.1. State of the art 

Spaceborne Synthetic Aperture Radar interferometry (InSAR) is a remote sensing technique that can be 
applied to detect  small  displacements of the Earth’s surface. Early applications can be found in Gabriel et al. 
(1989), who measured deformation in an agricultural area, Massonet et al. (1995) applied the technique to 
volcanic deformation and Massonet and Feigl (1995) who used it to assess the displacement field of an 
earthquake to an area deformed by a small earthquake (for a  review of the early examples of successful 
InSAR studies see Massonet and Feigl, 1998). The main advantage of satellite InSAR is the possibility to 
measure deformation events that occurred in the past, within the period of activity of the satellite used, over 
a large area. When it comes to landslide monitoring, some drawbacks exist: if the surface scattering 
characteristics change significantly, the interferometric phase decorrelates, leading to signal loss. In the study 
areas, this occurs frequently during late spring with vegetation growth or during winter in the presence of 
snow. The upper detection limit for displacements measuring requires that no large deformations occur 
between two consequent radar images and the reflection properties of the ground targets are coherent over 
time. Those limitations are related to the fact that interferometry measures displacements in order of 2π 
radians cycle (Massonet and Feigl, 1998; Rosen et al., 2000). 

In last years, InSAR on landslide-prone areas have been increasingly applied (e.g. Colesanti et al., 2003; Hilley 
et al., 2004; Wasowski and Bovenga, 2014; Handwerger et al., 2015; Bayer et al., 2017, 2018; Dini et al., 2019; 
Squarzoni et al., 2020). The development of new processing algorithms (Ferretti et al., 2001; Berardino et al., 
2002; Hooper et al., 2004; Hooper, 2008; Ferretti et al., 2011) enhanced the ability to obtain meaningful 
results even in difficult terrain. 

However, obtaining valid data on fast-moving landslides remains a challenging task. The need to monitor 
landslide-prone areas inspired the attempt to apply conventional two-pass interferometry to several study 
areas within Italy. 

        2.2. Using GMTSAR for InSAR processing 

The InSAR processing scheme used throughout this dissertation is based on  GMTSAR, which is documented 
in more detail in the manual (see also Sandwell et al. 2011) and only some general information is given in this 
paragraph. 

GMTSAR (Generic Mapping Tools SAR) is an open-source-GNU (General Public License) SAR/InSAR processing 
tool capable of processing satellite data. It uses raw SAR images to derive geographical InSAR results.  

The system uses accurate orbital information and a consistent geometric model of topography to achieve 
correct image focus and alignment. GMTSAR is a processing system designed with Generic Mapping Tools 
(GMT), which is an open source collection of tools designed for the manipulation and visualisation of 
geographic datasets (Wessel and Smith, 1998). It also includes programs for filtering and trend removal, 
making it suitable for some aspects of InSAR processing (Sanwell et al. 2011). 

GMTSAR is an established system that is frequently applied to the analysis of satellite images and has been 
used for several applications. It has been successfully employed for the estimation of ground subsidence 
(Rezaei et al, 2019; Ulma et al, 2021; Senturk et al., 2016; Anjasmara et al., 2018), for investigating landslides 
(Aslan et al., 2020; Isya et al., 2019) and for studying earthquakes and other deformations (Suresh et al., 2020; 
Sreejith et al., 2018). 
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        2.3. Workflow: 2-pass InSAR processing and practical examples 

This paragraph presents the main points of interferometric processing, bringing more attention to aspects 
related to the practical functions of the operator, rather than information related to software and processing 
theories, which are available within the work proposed by Sandwell et al. (2011). 

The section describes the main steps of the workflow and presents practical examples for explanatory 
purposes. 

Figure 1 shows an overview of the 18 main InSAR processing steps, which will be described within the 
following text. 

 

Figure 1 - Flow diagram of 2-pass processing beginning with raw SAR and a digital elevation grid and ending with geocoded grids of 
interferometric products. 
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Figure 2 shows the spatial distribution of the example study areas and landslides analysed, which will be 
shown and discussed below. 

 

Figure 2 - Spatial distribution of the study areas and example landslides shown in the following figures within the chapter. 

The formation and analysis of interferograms requires several steps, which will be briefly described below. 

The first step is the downloading of SAR data. The SAR images used for the work described in this document 
are acquired by the Sentinel-1 mission. Sentinel images are C-band SAR images (5.6 cm wavelength) acquired 
with a minimum acquisition interval of six days (12 days for each satellite, with a six-day interval between 
Sentinel-1A and Sentinel-1B images).  

For the present work, we use the interferometric wide swath (IW) acquisition mode and the start product 
class is Single Look Complex (SLC). 

Figure 3a shows an artistic view of the Sentinel-1 satellite during data acquisition and some examples of 
InSAR applications, while figure 3b shows a schematic explanation of acquisition and processing theory: the 
standard 2-pass InSAR uses two SAR images of the same area acquired at different times, if the distance 
between the ground and the satellite changes between the two acquisitions due to surface movement, a 
phase shift occurs. 
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Figure 3 - Artistic view of the Sentinel-1 satellite and examples of land applications: Monitoring of earthquakes, urban areas, land 
subsidence and flooding mapping (https://www.esa.int/Applications/Observing_the_Earth/Copernicus/Sentinel-1/Changing_lands) 

(a), Two SAR images of the same area are acquired at different times. If the surface moves between the two acquisitions a phase 
shift is recorded. An interferogram maps this phase shift spatially (https://www.ga.gov.au/scientific-topics/positioning-

navigation/geodesy/geodetic-techniques/interferometric-synthetic-aperture-radar) (b). 

Figure 4 shows the summary information of the Sentinel-1 constellation in terms of acquired data 
characteristics and achievable results. 

 

Figure 4 - Infographic of the Copernicus Sentinel-1 mission, it summarises the radar imaging constellation and its achievements 
(https://sentinels.copernicus.eu/web/sentinel/missions/sentinel-1). 

Following the data download, the images for a given area, have to be aligned in a common master geometry. 
By our convention, we use a scene in the centre of the analysis time window and all other images were 
recorded on this scene. 

After the alignment of the SLC images, a digital elevation model was projected into radar geometry in order 
to forward model and subtract the topographic phase (e.g. Massonet and Feigl, 1995). 

Once the images are aligned and a digital elevation model was radar-coded, different combinations of scenes 
were used to form the actual interferograms (STEP 4). 

Then, as illustrated in the workflow diagram in figure 1, the analysis generates the amplitude and coherence 
maps. 

Step 6 consists of filtering the interferograms using a combination of Gaussian and Goldstein filter (Goldstein 
and Werner, 1997) with the aim of reducing noise, improving the result and highlighting the deformation 
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signal and, after this step, it is possible to plot the first results, represented by the wrapped interferograms 
(figure 5).  

These filtered interferograms, as shown in figure 5, are characterised by a different content of the InSAR data, 
based on the degree of correlation. At this point, the InSAR operator intervenes to inspect visually the 
interferograms (step 7 in figure 1). The most critical aspect should be to eliminate interferograms that are 
decorrelated due to the low coherence between the SAR images used to generate them and, therefore, 
cannot contain useful displacement information.. It has proven practical to distinguish between good 
intermediate and bad interferograms. Good interferograms (figure 5a) contain clear interferometric phase 
with overall high coherence, although not all displacements reported within it are realistic and reliable. This 
classification into good, medium and bad interferograms is adopted by convention by us during InSAR 
processing, but does not describe the results in absolute terms. Intermediate (Med in figure 5b) quality 
interferograms are interferograms partly decorrelated but may contain useful information or may be 
improved by altering the processing parameters. Bad interferograms (figure 5c) are essentially decorrelated 
and should not contain useful information on large parts of the area of interest. 

 

Figure 5 - Examples of good (a), medium (b) and bad (c) wrapped interferograms. The information at the top of the figure, from left 
to right, represents the date of acquisition of the SAR images that make up the interferogram (master-slave), the quality of the 

result and the temporal baseline; at the bottom right, the value of the spatial (or perpendicular) baseline. 

At the end of the inspection and selection process of the interferograms by the operator, the list of results 
to be used for the next steps of the work will only consist of interferograms like the one in figure 5 a and b. 
Following this first selection, the filtered phase can be unwrapped (Step 8 in figure 1). GMTSAR uses the 
Snaphu 2D unwrapper by Chen and Zebker (2002). We use an iterative unwrapping process: the first one 
without any correction (step 8). 

The interferometric phase still includes at this point both atmospheric disturbances as well as residual DEM 
errors. Assuming that the non-turbulent part of the atmospheric noise is mapped as long wavelength signals 
in the unwrapped interferograms (e.g. ionosphere, large cloud systems or stratified troposphere) (Bekaert et 
al., 2015a; Bekaert et al., 2015b), a low pass filter that includes these signals can be designed (Step 9). The 
filter wavelength should be chosen to be larger than the deformation signal, which is fairly easy for landslides 
which are small wavelength signals compared to atmosphere. During interferogram formation this large scale 
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atmospheric model can be passed to the GMTSAR processing chain (Step 10) which will remove it during the 
second round of interferogram formation. The concept is similar to the forward modelling of the topographic 
phase or deformation modelling (Handwerger et al., 2015). 

The interferograms that were corrected by the atmospheric model are then filtered  (Step 11) and unwrapped 
(Step 12). 

The unwrapped interferograms contain still signals due to residual DEM errors and turbulent atmosphere. 
While the latter cannot be well-modelled, the DEM can be estimated by solving for the relationship between 
phase and perpendicular baseline (Fattahi and Amelung, 2015). The DEM error estimate can then be added 
to the atmospheric model and passed during a third and last interferograms formation (Step 14). After the 
third filtering (Step 15) and unwrapping (Step 16), the interferograms can be reassessed for a final selection 
of good and bad interferograms (Step 17 in figure 1) (figure 6). I n this way some unwrapping problems are 
solved (mainly due to the topographical error). If there was a phase jump before, which had to be resolved 
by the unwrapping process, it is possible that after these steps it is no longer present and, as a result, the 
stacks are of higher quality.  

If we are at basin scale, it is not possible to check for unwrapping errors, but we can use site-specific analyses 
to study defined processes. 

 

Figure 6 - Examples of good (a) and bad (b) unwrapped interferograms. 

Again, the results are characterised by a different quality of the InSAR data, based mainly on the degree of 
correlation. 

Even in the case of unwrapped interferograms we adopt the radian (rad) as the unit of measurement for 
several reasons: i) because we are looking qualitatively and preliminarily at the results and the deformation 
signals, ii) because switching to millimetres (or centimetres) might appear to be an accurate measurement, 
which is often inconsistent with what is seen in the interferometric stacks. The value described within the 
unwrapped interferogram could be much higher (or much lower) than that shown in the stacks for reasons 
discussed later and related to noise reduction during the stacking operation. 
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It is again necessary to inspect all the unwrapped interferograms in order to have a final list of interferograms 
characterised by a good data quality (example in figure 6a). 

Once the final inspection is completed, interferometric stacks can be formed that statistically reduce the 
residual noise due to atmosphere and local decorrelation in the single interferograms, thereby increasing the 
signal to noise ratio (Roering et al., 2005).  

For the formation of interferometer stacks, we use interferograms with different temporal baselines at 6, 12, 
18 days etc. We can operate in this way because the calculation is performed by using the velocity values of 
the interferograms and not the displacement value (an interferogram records a displacement between two 
dates that can therefore be converted into velocity terms). For the creation of a monthly stack, for example, 
we use interferograms that last less than a month and calculate the average velocity (mm/yr) and, this value, 
can be converted to mm/month. If we focus on a single month, in fact, it is also possible to calculate the 
displacement value. 

Stacks can span different time scales, which depend mainly on the goals of the work and the nature of the 
deformation process being investigated. For example, it is possible to create multi-year (figures 7a-d), annual 
(figures 7b-e), seasonal and monthly (figures 7c-f) interferometric stacks. Each of these interferometric stack 
types has advantages and limitations, which will be briefly discussed below. 
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Figure 7 - Interferometric stacks built on different time scales and derived from ascending (a-b-c) and descending (d-e-f) acquisition 
orbits. Figures a and d show multi-year stacks (2015-2016-2017), figures b and e annual stacks (2016), while figures c and f show 

monthly stacks (June 2016). 

Figure 7 shows three types of interferometric stacks. Figures 7a, b and c are obtained by processing data 
acquired in ascending orbit, while Figures 6d, e and f from data acquired in descending orbit. The results in 
figures 7a and d represent multi-year interferometric stacks, constructed for the years 2015, 2016 and 2017, 
figures 7b and e show annual stacks for 2017, while figures c and f represent monthly stacks for June 2016. 

A preliminary deduction can be based on observation of the data. By reducing the duration of the time 
interval used for constructing the stack and thus decreasing the number of interferograms used for its 
creation, the noise is less reduced. The deformation process can be constant in time and/or space, while the 
noise is random. By stacking interferograms, the noise decreases, while the deformation becomes more 
evident (Roering et al., 2005). For this reason, the least noisy stacks are those that cover a longer time interval, 
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in this case several years (figures 7a-d), while the stacks with the most noise are the monthly ones (figures 
7c-f). 

However, it is not always possible to use interferometric stacks on a large time scale, for the detection of 
active landslides. We must bear in mind that if a deformation process is active during a week and then comes 
to a complete halt, it will not be visible within a multi-year stack because the short period of deformation 
accounts only for a small amount of the total data in the stack. On the other hand, a multi-year stack can be 
particularly useful for the recognition of very slow deformation processes. The deformation signal, due to its 
low displacement rate, may not be visible within single interferograms, or monthly and annual stacks, but 
may appear very clear within multi-year interferometric stacks. 

It is necessary to be clear about the objective of the work and the processes one wishes to investigate, in 
order to realise the best possible interferometric data. 

        2.4. Identification and mapping of InSAR deformation signals (IDS) 

One of the main goals of the research project was to recognise and map active deformation processes by 
using data derived from InSAR analysis. 

This section describes the methods, criteria and data used in order to map  deformation processes. These 
processes will hereinafter be referred to as InSAR deformation signals (IDS). 

We may premise that IDS recognition and mapping can also be performed using wrapped and unwrapped 
interferograms (figures 5 and 6), but for the works described in this document, inspection and mapping were 
performed by using interferometric stacks. The wrapped interferograms, for example, could reveal the 
presence of some deformation processes that are not clearly visible in interferometric stacks, as the filtering 
and unwrapping processes have not yet been applied to the data. However, the work would require more 
energy and time, which would not justify its use, and the validation process would also be more laborious. 
Whereas a deformation that is clearly visible within an interferometric stack and that is confirmed by its 
geological and geomorphological interpretation can be noted as an IDS with greater certainty. 

As mentioned, the IDS recognition and mapping analysis was done by using the interferometric stack as input 
data. The work reported in Chapter 5 also describes the results of the comparison analysis between stacks 
with different durations, multi-year, annual and monthly, for the recognition and mapping of IDSs. 

The operation is done in a GIS environment, overlaying the InSAR data with orthophotos, hillsides, slope 
maps and other available thematic maps, like landslide inventories or susceptibility maps. Once the anomaly 
is identified, it is validated to discriminate the signal associated with ground deformation from signals related 
to artefacts in the InSAR data, which represent errors. The validation is done either on a geomorphological 
basis, e.g. if a potential IDS crosses a ridge, or crosses a valley floor and/or river, it is very unlikely that it is a 
true deformation, but more plausible that it is an artefact (Handwerger et al., 2015). We can make a further 
comparison if we use more interferometric data, for example if the signal is visible in both acquisition orbits 
(ascending and descending), if it is visible in multiple acquisitions with the same flight geometry (if multiple 
ascending and descending geometries are used), if the signal is visible in stacks of different durations, if it is 
clearly visible in multiple annual stacks or if the IDS is active in multiple monthly stacks. The combination of 
all these criteria during the inspection and mapping of IDSs allows to discriminate signals related to active 
deformation processes from artefact-related noise in the InSAR data. 

Figure 8 shows an example of a mapped IDS and how it appears using SAR data acquired in ascending orbit 
(Figure 8a) and descending orbit (Figure 8b). 
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Figure 8 - Example of mapped InSAR deformation signal. Figure a shows multi-year stack (2015-2016-2017) derived from the 
processing of SAR data acquired in ascending orbit, Figure b shows the results of processing data acquired in descending orbit. 

We map the IDS following its validation. In order to have boundaries as detailed as possible and not to neglect 
any active portion of the investigated process, the mapping is carried out on the basis of both the data 
acquired in an ascending orbit (figure 8a) and a descending orbit (figure 8b). The union between the two 
resulting polygons represents the final extension of the recognised IDS (figure 8c). 

The steps just described represent the methods for recognising and mapping InSAR deformation signals for 
the different works presented in this paper. 

        2.5. Application and extraction of displacement time series derived from InSAR analysis 

Another goal of the work described in this paper is to investigate the possibility of using displacement time 
series (TS) derived from InSAR. The aim is to assess their potential and to test possible different applications. 
TS can be useful to better understand the behaviour of deformation processes over time and to identify the 
main control elements. TSs derived from InSAR can be compared with climate forcings, such as precipitation, 
and can be used to supplement regional warning systems, which often rely on rainfall data.     

Within the following chapters (Chapters 3, 4 and 5), we tested the potential of monthly interferometric stacks 
and single interferograms for the extraction and study of displacement time series. 

This section will briefly describe the methodology adopted for the extraction and representation of 
displacement time series by using the different categories of InSAR results. 

The source data used come from both interferometric stacks and single interferograms. They are available in 
raster format (.tiff or .grd) and, for each pixel, a displacement or velocity value is recorded. 

The automatic extraction operation consists of obtaining the 75th percentile value of the velocity in the 
polygon relative to the IDS studied.  

In case we used the percentile method for the time series: 

The velocity time series represent the 75th percentile of velocity values inside the polygon. This percentile 
value is higher than the average value which may not best describe the behaviour of the process, as large 
parts of the polygon may be stable. At the same time, the maximum value may be excessive and not be 
representative of the deformation occurring on the slope. The testing of different statistical parameters 
revealed that the 75th percentile is a reasonable compromise and representative of the high values within 
the investigated deformation process.  

14



Figure 9 shows some examples of monthly stacks used to construct the displacement time series for the 
analysed landslide and the resulting series. 

 

Figure 9 - Example of monthly interferometric stacks (a-b-c-d) used for the extraction and construction of the displacement time 
series (e) for the studied IDS. The red circles in Figure 8e with the label describe the displacement values along the LOS of the stacks 

shown. 
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Figure 9 shows 4 examples of monthly stacks (figures a, b, c, d) used for the extraction of velocity values for 
the studied IDS, characterised by different activity states. Acceleration and deceleration events are clearly 
visible within the resulting time series (figure 9e). 

In this way, it is possible to have a monthly displacement value for the time interval investigated. The missing 
data correspond to the months for which, due to the low quality of the interferograms, no interferometric 
stack was formed. This occurred mostly in late spring and during summer when vegetation growth causes 
prolonged decorrelation.  

In order to study the weekly evolution of the investigated deformation processes and to test the potential 
related to the maximum resolution of the InSAR data (6 days for the Sentinel-1 satellites), within the work 
described in Chapter 4, we extracted the displacement time series from the 6-day interferograms (examples 
in figure 10). 

 

Figure 10 - Example of 6-day interferograms (a-b-c-d-e) used for the extraction and construction of the displacement (e) time series 
for the studied IDS. The red circles in Figure 9e with the label describe the displacement values along the LOS of the interferograms 

shown. 
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This can be useful when, as in our case, we wanted to compare ground deformation and parameters with a 
sampling frequency (or temporal resolution) that is similar and comparable to that of the InSAR data used 
for our analysis (6 days for Sentinel 1). 

Figure 10 shows an example of 6-day interferograms (figures a, b, c, d, e) used for the construction of the 
displacement time series and the resulting series (figure f). 

Again, the missing data are for the summer season and are related to the rapid growth of vegetation. Here 
again, the missing data were assigned 'no value'. 

The use of 6-day interferograms allows to construct a denser displacement time series, with one data per 
week, for the whole study period. 

        2.6. Definition of IDS activity thresholds on an InSAR basis 

For the work described in Chapters 4 and 5, InSAR data was used to define the activity state of the IDS. This 
was done in order to have a binary information on the activity state of the InSAR deformation signal (IDS): 
active or inactive. 

The identification of the activity threshold was performed by comparing the velocity (or displacement) value 
derived from the monthly interferometric stack (or interferogram) with the visual inspection of the 
corresponding stack (or interferogram). 

The operation was developed by defining an activity threshold. In some cases we recognised the threshold 
for each IDS, while in others we set a threshold of general validity. 

Figure 11 shows the same example as figure 9, on which we have defined the threshold. 
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Figure 11 - Example of monthly interferometric stacks (a-b-c-d) used for the extraction and construction of the displacement (e) 
time series for the studied IDS and corresponding activity state. The red circles in Figure 8e with the label describe the 

displacement values along the LOS of the stacks shown. 
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The threshold (figure 11e), shown with the orange line, separates the active and inactive states of the studied 
IDS. The green dots in figure 11e describe the monthly stacks that show deformation signal and are visible in 
figures 11a, b and d, while the red triangles are associated with monthly stacks that do not show deformation 
signal, such as the one shown in figure 11c. 

In the case shown as an example and described in figure 11, the activity threshold corresponds to a 
displacement value along the LOS of 55 mm/yr. 

All monthly stacks showing a total value greater than 55 mm/yr describe active state conditions, those with 
a lower value, an inactive state. 
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Abstract: Landslides are widespread geological features in Italy’s Northern Apennines, with slow-
moving earthflows among the most common types. They develop in fine-grained rocks and are
subject to periodic rainfall-induced reactivations alternating to phases of dormancy. In this paper, we
use radar interferometry (InSAR) and information about landslide activity to investigate deformation
signals on an areal basis and to assess the dynamics of recently reactivated earthflows. We use
traditional two-pass interferometry by taking advantage of the short revisit time of the Sentinel 1
satellite to characterize 4 years of slope deformations over the 60 km2 study area, where 186 landslides
are mapped. Our results show that most intense and sustained deformation signals are associated
with phenomena on the verge of reactivation, indicating that radar interferometry may have a
potential for early warning purposes. By focusing on three specific earthflow reactivations, we
analyze their dynamics through the years that preceded their failure. Despite inherent uncertainties,
it was possible to retrieve the deformation signal’s temporal evolution, which displayed seasonally
recurring accelerations, peaking during the major precipitation episodes in the area.

Keywords: InSAR; landslides; earthflows; reactivation; rainfall-induced landslides

1. Introduction

Landslides represent one of the most diffuse and problematic natural hazards in
many mountain chains of the world [1]. In many countries, landslides are responsible for
large economic losses, damages to houses and infrastructures and fatalities [1,2]. They are
common morphological features throughout the whole Northern Apennines of Italy.

Here, most slope deformations occur on old landslide bodies that already failed in the
past [3] and continue to exhibit repeated partial or complete reactivations. In many cases,
the reactivation of old deposits causes the regression of the main scarp and the physical
degradation of the material, which moves downwards as an earthflow. In other cases, the
reactivation is more complex and different types of landslides may be present on the same
slope [4]. In this context, accurate landslide mapping and detection are important for a
correct hazard assessment.

Conventional methods used for mapping and monitoring slope instabilities could
benefit from remote sensing systems, which allow rapid and easily updatable acquisitions
of data over wide areas, reducing fieldwork and costs [5–7].

A powerful technique for the displacements monitoring of large areas is the synthetic
aperture radar interferometry (InSAR, DInSAR) that can measure the deformations of the
landslide deposits during the slow-motion stage [8].

Radar interferometry has been successfully used to assess subsidence [9], volcanic
inflation or deflation [10], and the deformation field of earthquakes [11,12]. It was also
applied to detect the deformation caused by landslides [13,14] as well as subsurface exca-
vation and tunneling [15].
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The first application of radar interferometry to a landslide investigation dates back
to the mid-1990s [16]. However, it was only in the following decade that this technique
attracted the attention of the landslide community. Recent advances in radar satellite capa-
bilities (e.g., high spatial resolution and high temporal frequency acquisitions), together
with the development of new robust techniques based on the interferometric analysis of
large datasets of radar images (multi-interferogram approach), such as the permanent
scatterers (PS) [17] or the small baseline technique (SBAS) [18], have increased the potential
of remote sensing for landslide investigations. One of the main limitations of multitempo-
ral techniques is the absence of stable reflectors on most active landslides, making them
difficult to apply in many critical cases. Traditional two-pass InSAR allows the detection of
slow-moving landslides up to several cm per year, following the classifications of Cruden
and Varnes, 1996 [19], and was successfully used to investigate the seasonal kinematics
of earthflows in California [14–20]. However, before 2015 only L-band data delivered
spatially quasi-continuous data in settings like the Northern Apennines. Different InSAR
techniques were used in the past to retrieve spatial and temporal displacement of slow
slope deformations [13,20–22]. The launch of the new Sentinel 1 satellite constellation,
which is characterized by a high acquisition frequency of up to six days, is suited to reduce
decorrelation in the derived interferograms [23,24] and permits obtaining promising results
with higher temporal resolution [25].

This paper investigates the temporal evolution of surface displacements in a mountain-
ous area characterized by widespread landslides using standard two-pass InSAR analysis.
The study area is located in the Northern Apennines of Italy, has an extent of 60 km2, and
during the 4 years of analysis (from January 2016 to December 2019), was subject to the
reactivation of three existing landslides caused by intense rainfall.

We used an areal InSAR analysis to detect active slope movements during the period of
interest. Then we used a local analysis to investigate the relationship between rainfall and
landslides acceleration events. The results show that this technique can retrieve spatially
quasi-continuous deformation maps, even in areas characterized by the absence of good
quality reflectors (mainly buildings and infrastructures). Moreover, through a careful
interferogram analysis and selection, it is possible to characterize the evolution of landslide
displacement through time and its relationship with the rainfall regime.

2. Study Area

The study area has an extension of 60 km2 and is located in the Reno River valley South
of Bologna in Italy’s Northern Apennines. The Northern Apennines is a collisional belt
formed from the convergence of the European and Adriatic plates between the Cretaceous
and Early Miocene [26,27]. In the study area, the most common lithologies are chaotic
clay-shales with block-in-matrix fabric [28,29] and deposits of turbidity currents, also
known as flysch [30]. Flysch consists of a stratified alternation of sandstone, siltstone, and
marlstone beds. In the following, we use the term “coarse-grained flysch” and “pelitic
flysch” to indicate heterogeneous rocks where fine-grained beds are, respectively, less or
more abundant than coarse-grained beds. Landslide types are related to bedrock lithology:
earthflows dominate in the clay-shales [31], while a broader spectrum of landslide types can
be observed in the flysch. However, the most common phenomena consist of translational
or rotational earth- or rockslides in the upper part of the slopes that propagate as earthflow
further down-slope [32–34].

This style of activity is typical for the whole Emilia-Romagna Region. Bertolini and
Pellegrini, 2001 [4] reported more than 32,000 landslide bodies in the regional territory, most
of which can be described as complex landslides, associating roto- transitional slides with
earthflows. According to the authors, typical velocities are millimeters to centimeters per
year during the dormant phase (which may last years to hundreds of years) and increase
up to meters per hour during periodic reactivations. These rapid stages of movement
typically occur after periods of heavy rainfall and can lead to the transition of the moving
mass from slide to flow [35].
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Within the area of interest (Figure 1), the regional inventory reports the presence of
186 landslides that were classified by the local Geological Survey as “active” or “dormant”
based on geomorphic evidence. Approximately 18.8% of them are set within coarse-grained
flysch, 31.2% within pelitic flysch, 38.2% within chaotic clay shales, and only 11.8% within
other sedimentary rocks. Only four landslides underwent paroxysmal reactivation during
the analysis period (2015–2019). All of them are located inside the chaotic clay shales. One
of these landslides (the Marano earthflow) occurred in March 2020 and has already been
studied using radar interferometry [8]. The other three (Braina, Carbona, and Spareda)
occurred in November–December 2019 and are the subject of this study.
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The area has a Mediterranean climate, with total annual precipitation of about 1300–
1400 mm [36]. The temporal precipitation pattern is characterized by intense rainfall in
spring and autumn, separated by dry summers and relatively dry winter months when
precipitation partly occurs as snowfall [37–39].

2.1. The Braina Landslide

The Braina landslide (Figure 2) is located within the municipality of Gaggio Montano,
in the province of Bologna (Italy), between 375 and 596 m a.s.l. It is 1250 m long and between
100 and 400 m wide, with an average slope of 12.6 degrees. The landslide reactivated as
an earthflow [19] inside chaotic clay-shales belonging to the Ligurian domain, known as
Palombini Shale Formation [40].
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Since 1900, the landslide reactivated three times. The first event took place at the
beginning of March 1934 after a prolonged rainfall [41]. Then, the landslide remained dor-
mant for more than 60 years and reactivated a second time on 30 October 1999. According
to the eyewitnesses, the landslide activated as a translational movement and then evolved
into an earthflow. The reactivated area was 780 m long and between 60 and 17 m wide;
the overall extent was about 47,000 m2, and the approximate volume 470,000 m3. The
landslide disrupted the minor hydrographic network, damaged a building, and destroyed
the municipal road. Local authorities carried out extensive works to consolidate the slope,
such as draining trenches, hydrographic network arrangement, bridles, and wooden crib
walls [41]. Despite these efforts, the landslide reactivated again in late 2019, between 15
and 21 November, due to the continuous precipitation in the second half of November. The
reactivated area during this event was 1250 m long and between 100 and 450 m wide. The
overall extent was about 23,000 m2. This event partially damaged the municipal road and
destroyed most of the ditches realized in 1999.

2.2. The Carbona Landslide

The Carbona landslide (Figure 3a,b) is located within the municipality of Vergato
(province of Bologna, Italy). It develops on a slope composed of chaotic clay-shales
belonging to the Palombini Shale Formation [40]. This landslide has been known since
the first half of 1800, and, up to the present day, six activations are reported [41]. The first
one occurred during the spring of 1837. The second one occurred in late 1901 and caused
serious damages to the main road located at the toe of the slope. The third activation
dates 28 September 1937. In this case, the reactivated portion had a length of more than
1000 m and an average width of 500 m. In this case, the landslide caused damages, such
as the displacement of some meters of telegraph and electricity poles. Another activation
occurred during the night between 27 and 28 November 1965, affecting a 900 m long and
150 m wide area. The last historical event took place in the night between 5 and 6 November
1979. On that occasion, the landslide showed signs of movement in the previous months
(May and September, according to the reports). The failed mass had a length of 1500 m
and an average width of 1000 m for an area of 300,000 m2. Rainfall was the cause of the
trigger. The landslide damaged a house (declared uninhabitable), forced local authorities
to evacuate several families and created swellings and cracks for a stretch of about 100 m
along the main road at the toe [41]. The portion that reactivated during the last event
during December 2019 develops from an altitude of 308 to 564 m a.s.l. with an average
slope of 16.5 degrees. During this last reactivation, the landslide moved as earthflow [19]
after the persistent rainfall in mid and late November. Furthermore, In this case, damages
occurred to the municipal road that crosses the slope.
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Figure 3. UAV photograph of the Carbona earthflow taken after reactivation (a). Schematic map and profile of the landslide
deposit (b).

2.3. The Spareda Landslide

The Spareda landslide (Figure 4a,b) is located within the municipality of Vergato
(province of Bologna, Italy). It was last reactivated as a rotational slide [19] between 1 and
6 December 2019 due to the persistent rainfall of November.

The landslide develops between an altitude of 230 and 285 m a.s.l.; it has an average
slope of 15.7 degrees, length of 1300 m and width between 50 and 150 m, with an area
of about 19,000 m2. During this last event, the landslide destroyed the municipal road
that crosses the slope. Furthermore, this landslide is hosted by the chaotic clay-shales of
the Palombini Shales [40]. The regional inventory [41] reports that a previous activation
occurred during mid-March 2011. In this case, the extent of the landslide is difficult to
determine exactly. Both the 2011 and 2019 reactivations were caused by rainfall, but we
cannot exclude that the erosion at the foot of the slope by the Reno River [41] also had a
considerable influence. This second cause may also have contributed to the reactivation
that occurred during December 2019.
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3. Material and Methods
3.1. Synthetic Aperture Radar Interferometry (InSAR): Techniques, Potentials and Limitations

Since the first studies that used radar interferometry to map differential displacements
over agricultural fields [42], synthetic aperture radar (SAR) interferometry, or InSAR, has
become a useful remote sensing technique to study surface deformations [43]. Different
InSAR techniques were used in the past to retrieve spatial and temporal deformation of
slow slope deformations [14,20–22].

Data from numerous spaceborne synthetic aperture radar (SAR) missions with dif-
ferent wavelengths are available to retrieve surface deformation by radar interferometry,
and the basic principles of this differential remote sensing technique are reviewed for
instance, in Rosen et al. 2000 [44], Burgmann et al. 2000 [11], while examples of geological
engineering applications can be found in Colesanti and Wasowski 2006 [13]. The major
limitations for this technique are the following factors:

1. Phase ambiguity: The differential phase of an interferogram is measured as a frac-
tion of the wavelength, and a deformation field is mapped in the range between
−π and π radians. At this point, the phase is generally named wrapped phase, and
in deforming areas, a spatial pattern called interferometric fringes can often be ob-
served [45]. Switching from one end of the spectrum to the other is also commonly
called phase-jump. Resolving this phase-ambiguity to obtain absolute values requires
a process that is called phase unwrapping and can be solved numerically by different
approaches [46,47];

2. Decorrelation: Especially in rural or densely vegetated areas, decorrelation of the
interferogram can happen [48]. It is mainly due to surface changes between two acqui-
sitions (temporal decorrelation), which can result from high deformation rates, rapid
vegetation growth, snow cover or the long period of the interferogram. Decorrelation
may also occur if the distance of the sensors between two acquisitions (known as
perpendicular baseline) is large, which is called baseline decorrelation. If coherence is
low, unwrapping will also be more problematic [49];

3. Phase noise: Even if the interferometric phase is coherent, it could contain unwanted
residual noise due to the differential phase generated by DEM errors, atmospheric
phase delay, and orbital inaccuracies [49–51].

Several multitemporal techniques, such as persistent scatterers interferometry [10,17,52],
small baseline techniques [9–18], or hybrid approaches [53], were developed to address the
problems of decorrelation and estimate different error terms of the phase. More recently,
various authors [8,22,25] have shown that traditional two-pass interferometry can be
successfully used to investigate gravitational slope movements thanks to shorter satellite
revisit intervals and/or improved radar image quality.

3.2. InSAR Dataset and Processing

In this work, synthetic aperture radar images captured by Copernicus Sentinel 1 A-B
satellites were used. These images are acquired in C-Band (5.6 cm radar wavelength). The
acquisition intervals are 12 days before August 2016 and reach 6 days after the launch of
Sentinel 1 B. Interferogram processing was done using GMTSAR [53], and interferograms
were unwrapped with the statistical-cost network-flow algorithm SNAPHU [46]. We
studied the period between January 2015 and December 2019 by analyzing two ascending
and two descending orbits (for a total of four datasets for each landslide). The orbits used
are the following: track 15 and 117 (ascending); Track 168 and 95 (descending). In general,
we obtained better quality results in terms of coherence from tracks 117 and 95, which is
why the results described here are obtained from those datasets. We performed an areal
InSAR analysis over the whole study area to identify landslides showing deformation
signals with a certain temporal continuity. Then, to analyze the extent and time interval of
the deformation in more detail, a site-specific analysis was developed for each landslide.
The topographic phase was calculated and subtracted [11,45] by using a digital surface
model (2 × 2 m2 DSM, provided by the Emilia Romagna Region Services). Large-scale
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atmospheric noise was treated and reduced by selecting a stable reference area as close as
possible to each investigated landslide. All the stable reference areas used in the different
analyses were selected in areas outside the deforming regions, typically w.r.t. anthropic
features (e.g., stable buildings) located near the landslides of interest. In addition, Gaussian
and Goldstein filters [54] were applied to reduce the noises, eliminate phase differences
related to other factors (atmospheric, etc.) and enhance the deformation signals due to
landslide displacements. In periods characterized by high displacement rates, unwrapping
problems continued to occur despite the acquisition frequency of six days. Only in these
cases, we adopted a method proposed by Handwerger et al. 2015 [22], which consists of
using a deformation model to aid the unwrapping problem. Both for the areal and the site-
specific InSAR analyses, approximately 3000 interferograms were processed and inspected
carefully. The inspection is accompanied by a coherence measurement, which is generally
satisfactory given the small size of the temporal baseline. Based on our experience, the
evaluation of the average coherence is only partially helpful, and the visual inspection of the
interferograms is crucial. In fact, interferograms with high coherence values may contain
noticeable residual noise and be discarded, while interferograms with low coherence values
may contain displacement information that includes them in the selected dataset. Only the
interferograms, where residual noise was relatively low and where the phase ambiguity
was correctly solved, were used in the final analyses. The temporal baselines of selected
interferograms have intervals of 6, 12 and 24 days, while the spatial baselines never exceed
200 m.

4. Results
4.1. InSAR Areal Analysis

The areal InSAR analysis was performed over the entire study area (60 km2) and
covered the period from February 2016 to December 2019. Figure 5 reports an interfero-
metric stack acquired in descending viewing geometry that spans the period 2018–2019.
Almost the entire territory shows little or no movement, with displacement rates less than
20 mm/year (green pixels). Extensive decorrelated areas (gray/transparent pixels) are
observed along the steep slopes exposed to the North.

Only four slopes show consistent signs of movement during the period of our analysis
(Figure 5). Three of them (Braina, Carbona and Spareda) correspond to the landslides
that suffered catastrophic failures during November–December 2019; the fourth is repre-
sented by the Marano landslide, which was reactivated during March 2018. The detected
interferometric signals can be interpreted as slow downslope displacements before the
reactivation. In fact, interferograms related to the late 2019 reactivation events are excluded
from the areal stacking (Figure 5). Therefore, the analysis refers to the years prior to the
catastrophic failure.

The analysis of the temporal evolution of deformation signals, which was developed
by observing the monthly areal stacks, reveals that Braina, Carbona and Spareda were
actively deforming during the entire analysis period, preceding their reactivation. The
Marano landslide reactivated catastrophically in March 2018, and the deformation signal
is less evident (i.e., lower average displacement rate). In this case, the deformation takes
place mostly during the first months of 2018 [8], while in the post-failure phase, only
small displacements are observed. According to the regional landslide database, no other
landslides were exhibited high displacement rates in the study area during the observation
period. Therefore, no landslides went undetected.

These results show that the InSAR analysis can provide useful information on the
landslide activity for most of the mountain territory (~85%) despite the scattered and sparse
presence of infrastructures. The only areas without information are the decorrelated slopes
characterized by dense vegetation on steep slopes exposed to the North.
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4.2. InSAR Site-Specific Analysis

A site-specific analysis was carried out to obtain more detailed information about the
kinematics of the three landslides detected by the areal analysis. Besides using different
reference areas, we performed an independent interferogram selection for each case study.
The results described below consist of deformation maps obtained by stacking the selected
interferograms of the whole analysis period (2016–2019). Figure 6 shows the total stacks
obtained for the ascending and descending orbits for the three case studies. The deforma-
tion fields show similar shapes in both orbits, while the direction of the displacement is
inverted for the different orbits. This difference is common in landslides and should be
interpreted as a displacement along the downslope direction.

As expected, in the case of Braina and Carbona, the analysis reveals positive dis-
placement rates (movement away from the satellite) for the ascending orbit and negative
displacement rates for the descending orbit along the east-facing slopes.

In the case of Spareda, the displacement signals are reverted in relation to the orbit and
compatible with the south-west facing slope. The total stacks indicate that the three land-
slide bodies have been subject to some degree of deformation in the four years preceding
the catastrophic failure.

The Braina earthflow (Figure 6a,b) has been subject to pre-failure deformations
mostly affecting the upper part, between approximately 440 m and 550 m a.s.l. This
area shows average values of LOS(Line Of Sight)-displacements ranging from 40 mm/year
to 120 mm/year.
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Similarly, the Carbona earthflow underwent continuous deformations during the
study period. Figure 6c,d shows that the upper portion of the main landslide body
was affected by large displacements with maximum LOS-displacement values of 100–
110 mm/year. The total stack in descending geometry (Figure 6d) gives values of the
displacement rate along the LOS of 30 mm/year in the upper part (about 530 m a.s.l.);
it also reveals that in the period of analysis, the whole upper portion of the main land-
slide body moved remarkably. The last pair of images (Figure 6e,f illustrate the Spareda
landslide, showing the area affected by deformations during the four years preceding
the landslide reactivation. In this case, the landslide is smaller, and the displacement
signal entirely covers the mapped landslide. The movements extend from the toe of the
landslide, locally incised by the Reno River at an altitude of 220 m a.s.l., up to 580 m a.s.l.
The maximum displacement along the LOS exceeds 120 mm/year. The movements also
affect the Municipal Road running along the slope, which was damaged by the landslide
reactivation of November 2019. The descending orbit is almost parallel to the direction
of movement of the Spareda landslide, while the ascending orbit forms an azimuth angle
of 25–30◦. Therefore, the descending dataset solely detects the vertical component of
movement, while the ascending record a combination between vertical and horizontal. The
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observed LOS-deformation signals are compatible with a downslope movement whose
vertical lowering component can only be seen from the descending orbit. The ascending
orbit, instead, records the vertical (range increase) and the horizontal components (range
decrease) with opposite signs indicating that the latter is larger, as demonstrated by the
negative LOS-displacement sign.

In order to investigate the dynamics of deformation through time, short timescale
stacks can be used. We analyzed monthly stacks during the four year investigation period
and discuss some of them below. Figure 7 shows the Carbona landslide’s evolution in
October and November 2019, the two months preceding the reactivation of the landslide,
in ascending geometry.
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Figure 7. Monthly stacks were obtained for the period preceding the reactivation (15–21 November 2019). October (a),
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During October (Figure 7a), the moving area is small and located between 480 m and
510 m a.s.l. The maximum displacement rates along the LOS reach about 250 mm/year,
indicating an ongoing relevant acceleration when compared to typical velocities of dor-
mant/inactive earthflow [31]. In November, the moving area is clearly larger and involves a
large portion of the medium-upper earthflow body, at a short distance from few houses and
a secondary road. LOS-displacement rates exceed locally 300 mm/year. The progressive
acceleration that occurred in October and November 2019 preceded the reactivation of
the earthflow that happened at the beginning of December. The corresponding monthly
stacks capture the highest displacement rates within our analysis period. In the four years
preceding the catastrophic failure, lower speeds were recorded, with minimum values
during the summer and winter seasons and relatively higher values during spring and
autumn. The average of all these speed values leads to the numerical values in Figure 6.

In the case of Spareda, we report three pairs of wrapped and unwrapped interfer-
ograms (Figure 8). The images are obtained by processing SAR data acquired from the
ascending track 117. The temporal baseline of each interferogram is six days. The first pair
(Figure 8a,b) precedes the failure, the second pair (Figure 8c,d) includes the reactivation
date, and the last (Figure 8e,f) follows the failure. Cold colors and negative values indicate
that displacements are towards the satellite, while warm colors and positive values describe
displacements away from the satellite along the LOS.
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Figure 8a shows interferometric fringes that were correctly unwrapped into the range
decrease in Figure 8b. Figure 8c is decorrelated on the landslide body because of the
ongoing failure, and multiple phase jumps are visible (“fast-displacement decorrelation”).
The phase ambiguities are only partially resolved, and it is possible that more than one cycle
got lost, which is why the unwrapped displacements underestimate the true displacements
(Figure 8d). It is worth noting that the range increase (movement away) from the satellite in
the upper part could also be caused by a relevant vertical component due to the rotational
kinematics of sliding. The last pair of images (Figure 8e,f) show again lower displacement
rates with interferometric fringes that were correctly unwrapped. The signal indicates
sustained sliding with displacements in directions away from the satellite in the upper part
of the landslide body (surface lowering) and towards the satellite at the bulging toe.

4.3. InSAR Analysis: Areal vs. Site-Specific (the Example of Spareda)

In this section, we use the Spareda case study to describe the differences observed
between areal and site-specific results. As an example, we considered three months in
spring 2019. Figure 9 shows the comparison between the stacks obtained by the areal
(a,b) and the site-specific InSAR analyses (c,d) for the ascending (a,c) and descending
orbits (b,d).
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Figure 9. Comparison between three-month stacks obtained by the areal InSAR analysis (a,b) and site-specific InSAR
analysis (c,d) for the ascending (a,c) and descending orbits (b,d).

The results indicate that the areal analysis can be used successfully to locate active
landslides (Figure 9a,b), while the site-specific analysis improves the quality of results, both
in terms of the spatial pattern of the signal as well as in terms of absolute velocities. The
fact that the areal datasets contain higher residual noise can be explained by the different
processing parameters. When working on a regional scale, compromises regarding the
reference area but also regarding the interferograms included in the analyses must be made.
It is, for example, possible that the overall coherence of an interferogram is good and will
be included in the areal analysis. However, the same interferogram may be decorrelated
on a specific landslide and would be excluded in the local-scale analysis.

During spring 2019, the areal analysis clearly reveals the deformation signal only in
the descending dataset, but it provides lower quality data in the area outside the landslide;
the displacement values along the LOS are also less accurate with this kind of analysis. The
site-specific analysis is more accurate, showing less noisy results due to a more successful
unwrapping process and of a careful site-specific interferogram selection.

4.4. Time Series vs. Precipitation Values

Site-specific results describe a complex behavior of sustained deformation occurring
on the landslides in the four years preceding their reactivation. In order to describe
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the temporal evolution of the three phenomena, we calculated the mean velocity of the
deformation signal in the landslide for each monthly interferometric stack (i.e., July velocity
is measured in the stack covering the period 1 to 31 July). The extraction polygon used
to obtain the data reported in the time series (Figure 10) corresponds to the extension of
the most intense deformation signal visible in Figure 6. It has an extension of 50,371 m2

for Braina, 28,035 m2 for Carbona and 8846 m2 for Spareda. Figure 10 shows the time
series obtained for the three landslides compared with precipitation data. The precipitation
values are represented with the cumulated equivalent rain of 30 days that includes snow
melting. The calculation is performed on a daily basis by summing the values pertaining
to the preceding 30 days.
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The major acceleration episodes are roughly synchronous for the three landslides and
can be related to the wettest periods (March–April 2018, May and late 2019).

The comparison of the results obtained from the two orbits serves as a brief discussion.
Ideally, in the case of gravitational slope movements, the displacement rate values mea-
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sured by the ascending (looking eastward) and descending (looking westward) geometry
should be opposite in sign when slopes have preferential east or west plunge and moderate
steepness. The module would also be similar, provided the two geometries are symmetrical
with respect to the direction of movement. Typically, however, the displacement signal
is clearer in one of the two geometries. This is true for Braina and Carbona, where the
ascending and descending LOS-displacement rates are, respectively, higher.

The main 30-day cumulative rainfall peaks occurred in March–April 2018, May 2019
and November–December 2019, the latter being the rainfall that triggered the reactivation of
our case studies. Comparison of the first rainfall peak with the time series of displacement
rates (Figure 10) suggests that Braina and Spareda experienced an acceleration during the
precipitation, leading to displacement rate peaking occurring from April to May of the
same year. The values exceed 100 mm/year and have an antithetic sign in the ascending
and descending orbit. In the case of Carbona, a smaller acceleration is captured by the
ascending dataset, but maximum displacement rates are relatively low (about 50 mm/year),
and no corresponding acceleration is measured by the descending data.

Therefore, we do not interpret this information as completely reliable.
After the rainfall peak in May–June 2019, the deformation response has a similar

pattern. In ascending orbit, we observe a clear acceleration in June for the Braina and
Spareda case studies (Figure 10). Again, the response at Carbona is less clear and uncertain.

Using the analysis of individual interferograms as a complementary contribution, it
seems that the peak of rainfall in late 2019 caused an increase in the displacement along the
LOS, for both orbits, from the beginning of November. The descending results (Figure 10a
red line) show a more impulsive response to the rainfall event. The acceleration that
preceded the catastrophic failure in late 2019 is captured by the ascending dataset for all
three cases. It shows an increase in the LOS displacement rate since November, i.e., since
the onset of the rains.

For the Spareda landslide, the results obtained from ascending and descending ac-
quisition are different because of the peculiar orientation of the satellite tracks compared
to the direction of movement. Figure 10 shows phases where the antithesis between the
two orbits is evident and others, such as December 2018, where such antithesis is not
respected. In addition, in March 2018, there is a clear movement recorded in the descend-
ing dataset as a range increase, while in the ascending one, a decreasing LOS-velocity is
observed. Such behavior probably results from the combination of vertical and horizon-
tal movement associated with the prevailing downslope deformation (Figure 10a,b blue
line). In this case, we interpret the data as the result of the relative orientation between
the main direction of movement (i.e., SSW) and the satellite LOS. The observations are
compatible with slope-parallel movement or with roto-translational sliding. This latter
may contribute to additional vertical displacement whose effects are the only measured
in descending geometry and that, instead, contribute to decrease the negative velocity
measured in ascending geometry.

The second rainfall peak, in May 2019, shows a marked relationship with the time-
series of the ascending orbit (Figure 10a). The acceleration starts with the rain and peaks in
June. Later, during the same year, the rains of November caused a progressive acceleration
of the movement until the landslide reactivation caused widespread decorrelation. This
acceleration is more pronounced in the ascending dataset, which, in the case of Spareda,
often appears more reliable compared to the descending.

5. Discussion and Conclusions

Our work is conceived following the reactivation of existing landslides in the North-
ern Apennines of Italy caused by the rains of autumn 2019. We selected three cases of
reactivation and the area that includes them (about 60 km2) to investigate the dynamics
of gravitational slope movements by means of radar interferometry. Our aim is to detect
and investigate active slope movements on an areal basis during the four years preceding
the reactivations (2015–2019). Focused, site-specific analyses were then performed on the
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three landslide cases to improve the quality and temporal resolution of the remotely sensed
displacement information.

The areal mapping of deformation phenomena is performed using traditional two-pass
differential interferometry, which helped to overcome the limitations that more rigorous
multi-temporal approaches typically exhibit over largely vegetated areas where man-made
structures or rock outcrops are sparse [55]. In our study, area good quality reflectors are
rare, and only the large deep-seated landslides with small villages and houses on top can be
assessed in detail via multitemporal InSAR approaches [15]. Traditional interferometry was
used in the past over large areas taking advantage of long-wavelength (L-band) data from
ALOS [14,22,56]. Due to the high acquisition frequency and small spatial baseline, C-band
Sentinel data have also recently proved suitable for obtaining high-quality interferograms
on landslides similar to the ones described in this paper [8,25].

From a technical point of view, our areal analysis results indicate that traditional
InSAR can deliver almost continuous deformation maps of mountainous areas of the
Northern Apennines characterized by a gentle slope (15–35◦) and variable vegetation cover.
Based on our experience, this latter prevents the detection of a coherent interferometric
signal only when represented by dense forest cover. To detect sustained deformation
through time that may correspond to active landslides, we use variable-duration stacked
interferograms. This way, residual noise and artifacts are minimized, and displacement
rates are averaged.

Our areal results show that stacked interferograms are useful to identify slope move-
ments against surrounding stable slopes. During the 4 years of investigation, only 4 out of
the 186 landslides mapped in the study area exhibited clearly recognizable deformation
signals. Three of them correspond to the 2019 reactivations, and the fourth is represented
by a landslide reactivated in March 2018. The analysis did not detect any noticeable and
sustained movement neither on the remaining 182 mapped landslides nor along other
slopes where first-time landslides may develop. Although the small number of moving
landslides does not allow for statistical considerations, these results suggest that landslides
prone to catastrophic reactivation are subject to measurable deformations for months or
years before the actual failure occurs. In our case, failures were triggered by heavy and
intense rainfall events whose occurrence cannot be predicted except in the short-term.
However, detecting deformation signals using areal InSAR analysis may prove useful
to identify active, slow-moving landslides more susceptible to reactivations than similar
dormant cases. In the latter, the deformation could actually be absent or so slow that
traditional InSAR (<3–4 cm per year) cannot detect it.

The areal InSAR analysis can also help to document the spatial evolution of the slope
movements. For this purpose, the analysis must consider shorter interferometric stacks
(seasonal to monthly) or even single interferograms. On a large scale, both exhibit an
increasing presence of artifact or noise-related signals that make interpretation difficult.
Therefore, we performed more focused analyses on the three active landslides reactivated
at the end of 2019. The landslides can be classified as earthflows. They develop along
gentle slopes made of chaotic clay shales and, like many others in our study area, exhibit a
flow-like morphology associated with dominant sliding [31].

Site-specific analysis confirms that the earthflows were subject to noticeable deforma-
tion in the years preceding the reactivation. In the two larger cases (Braina and Carbona),
ongoing deformation was concentrated in the upper part of the earthflow where multiple
headscarps feed the main earthflow body, while in the smaller landslide (Spareda), the
pre-failure deformation affected the whole body. In all cases, pre-failure deformation
progressed with yearly averaged values of 60–90 mm/year and peak monthly values
about twice.

During the reactivation phase, multiple phases jumps appear in the interferograms
of the landslides. Given coherence is otherwise satisfactory, such a type of signal can be
attributed to relatively fast displacements. However, it is difficult to correctly resolve the
wrapped phase (Figure 9) even using the forward modeling of deformation [22–25]. We
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believe that this is essentially due to the uneven deformation occurring on the surface
that is favored by open crevices and fissures along, which high differential displacements
occur. Despite unwrapping problems, during the November 2019 failure, interferograms
show both surfaces lowering in the upper source area and bulging at the toe for the
Spareda landslide (Figure 8). Such deformation pattern is compatible with a sliding
style of movement, including some rotational components. In the two larger earthflows,
instead, the reactivation interested only the upper source area and did not reach the
accumulation zone.

Velocity variations during the pre-failure stage are well documented by the velocity
time series that we measure monthly for each satellite track (Figure 10). Displacement
rates range from virtually null values to more than 100 mm/month. The interpretation of
velocity time series must consider the results derived from both flight geometries and the
effects that the relative orientation between slope orientation and satellite LOS produce on
the same results. We recognize that the quantitative meaning of displacement rates must
be taken with great caution due to inherent uncertainties. However, the time-series show
interesting qualitative trends. Late summer velocity decline is generally observed though
the general trend cannot be described as seasonal but rather dependent on the rainfall
regime. Repeated accelerations are generally observed during the wettest periods with
delayed peaking compared to 30 days cumulated rainfalls. Interestingly, the reactivation of
late 2019 occurred in coincidence with the peak of a rainfall period with no appreciable
delay. Though capable of registering acceleration in the month preceding failure, our InSAR
measures do not show any exceptionality compared to other accelerations, therefore, being
of little use for the prediction of the time of failure. However, our analysis demonstrates that
major precipitation events on a weekly to monthly scale are the main drivers of landslide
accelerations and reactivations in our study area. More particularly, the catastrophic
earthflow reactivations that occurred during the 4 year investigation period were caused
by rainfalls and snow-melting episodes that exceeded 300 mm on a monthly basis. Unlike
other authors, [14] we do not observe a clear trend of seasonal velocity variation, but rather,
a general tendency to attain the lowest yearly velocities during late summer.

To conclude, we believe that traditional two-pass interferometry can be useful to
investigate the dynamics of landslides. From a spatial perspective, it provided good
coverage of the territory and proved capable of detecting active slope movements in
the LOS-velocity range of few centimeters to few tens of centimeters per year. From an
evolutionary perspective, it allows capturing the main landslide dynamics on a monthly,
or possibly shorter, scale.
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10 

Abstract: In this work, we use conventional two-pass differential satellite interferometry for the investigation 11 

of active landslides at regional scale in the Umbria Region of Italy. First, we use InSAR for the detection of 12 

active slope movements during the study period (October 2019 to January 2021). Then, we characterize the 13 

displacement rates and their variation through time for selected active slopes, by analysing 6-days 14 

interferograms. The evolutionary trends of the phenomena are compared to the pertaining climate and soil 15 

parameters that are used by the regional landslide early warning system (LEWS) to predict the possibility of 16 

landslide occurrence over the territory. We aim to explore the potential of differential interferometry to detect 17 

and monitor active landslides and, through that, to validate a geographical LEWS: 18 

Through the analysis of stacked interferograms, we identified 256 InSAR deformation signals (IDS) 19 

corresponding to active slope movements. Their distribution is compared to the geological map and the 20 

landslide inventory, illustrating how active landslides are favoured by weak lithologies and pre-existing slope 21 

instability. Also, the relative orientation of the satellite's line of sight with respect to the slope influences the 22 

results indicating a bias in the completeness of remotely sensed data. However, in the context of land 23 

management and civil protection, the results constitute a valuable information dataset for plans managed by 24 

local authorities. 25 

The analysis, at the interferogram scale (6-days), of 13 clearly recognizable IDSs illustrates the dynamics of 26 

the slopes through the variation of the displacement rates. Due to decorrelation, only about half of the 27 

interferograms can be used for this purpose, and interpretation is required. The comparison to the alert 28 

thresholds of the Umbria region show the remarkable relationship between InSAR-derived landslide activity 29 

and the parameters used for landslide prediction (i.e., 24h rainfall and soil moisture conditions). The maximum 30 

24h cumulative rainfall and the soil saturation index prove effective to predict landslide reactivations and 31 

accelerations. We provide uncertainty measures of the landslide prediction through binary classification 32 

metrics. Such results are only preliminary, given the limited number of landslides and timespan of our dataset. 33 

However, it represents one of the few attempts to validate the forecast of a regional LEWS quantitatively. 34 

Keywords: INSAR, LEWS, alert threshold, active landslide, landslide recognition, landslide monitoring 35 
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1. Introduction 36 

Landslides shape mountainous regions where they pose a relevant hazard to people and infrastructures 37 

resulting in hundreds of deaths and billions of dollars in damages every year (Kishore et al., 2018). However, 38 

given the widespread occurrence of relatively small but damaging events (Guzzetti, 2000), the economic 39 

consequences are difficult to estimate and tend to be underestimated. The combination of a rapidly increasing 40 

global population and the intensifying weather extremes associated with recent climate change suggests that 41 

landslide risk will dramatically increase over the next decades (Gariano and Guzzetti, 2016).  42 

Given their complex physics and the diverse nature of triggering mechanisms (e.g., rainfall, earthquakes, frost 43 

cracking), documentation of landslide dynamics through monitoring is critical for hazard evaluation and risk 44 

management. Landslide deformation can be extremely slow (a few millimetres per year) or involve sudden 45 

failure (Hungr et al., 2014), so their hazards include both enduring damage to manmade structures and 46 

catastrophic destructive events. While small landslides make up the vast majority of landslide events in any 47 

given year (Glade and Crozier, 2005), large landslides tend to be responsible for most damage and loss of life 48 

(Froude and Petley, 2018). In most regions of the world, the characterization of their locations and impacts is 49 

still problematic due to the variety of landslide types and morphologies and the difficulty of collating and 50 

updating inventories. It is thus important that we continue to develop tools and techniques to detect and monitor 51 

these gravitational slope processes.  52 

Landslides can be mapped and monitored with field observations, digital elevation models, satellite and 53 

airborne imagery (Mantovani et al., 1996; Guzzetti et al., 2012, Chae et al., 2017). Remote sensing techniques 54 

combine the inherent advantages of their areal perspective with the remarkable precision of the more advanced 55 

radar-based methodologies (Cohen-Waeber et al., 2018). Furthermore, the number of satellite-based sensors 56 

is steadily increasing together with the frequency of acquisitions, making the observations more detailed in 57 

space and time (Mondini et al., 2021).  58 

Interferometric processing of synthetic aperture radar images (InSAR) has proven useful to investigate 59 

gravitational slope movements both for specific landslide studies (Xu et al., 2020; Wasowski and Bovenga, 60 

2014) and for regional analysis (Solari et al., 2020; Zhang et al., 2018). In the latter case, InSAR has been used 61 

not only for the detection of active landslides (Dini et al., 2019; Zhao et al., 2012) but also for deformation 62 

monitoring (Bekaert and Handwerger, 2020; Shi et al., 2020). However, the regional investigation of landslides 63 

through InSAR techniques is still challenging due to several factors. Landslide displacement detection and 64 

monitoring is not possible when snow cover is present while the presence of dense vegetation induces temporal 65 

decorrelation. Atmospheric delay anomalies, topographic artefacts (Liang et al., 2018; Murray et al., 2019) 66 

and decorrelation due to large deformation gradients (Hu et al., 2019, Manconi, 2021) are among the factors 67 

significantly influencing our ability to measure surface displacements. In addition, the satellite orbital 68 

geometry and the side-looking SAR imaging makes some slope orientations less favourable and causes layover 69 

and shadowing over steep mountainous terrain (Wasowski and Bovenga, 2014).  70 
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In the last decades, various interferometric techniques have been proposed to process multi-temporal SAR 71 

acquisitions over large areas. They can be grouped in two main families: standard InSAR methods that include 72 

classic two-pass interferometry and interferometric stacking (Dini et al., 2019; Handwerger et al., 2013; 2015) 73 

and multi-temporal methods that include the so-called Persistent Scatterer Interferometry (PSI) and Small 74 

Baseline Subsets (SBAS) methods (Raspini et al., 2019; Zhang et al., 2020). In general, multi-temporal 75 

methods allow obtaining better accuracy and precision for good quality reflectors (houses, infrastructures, rock 76 

outcrops) but standard InSAR yields a more continuous coverage of the territory also when sparse to medium 77 

vegetation cover is present.  78 

Archived and newly acquired SAR images can be interferometrically processed to extract displacement time 79 

series. Their analysis can be used to determine the sensitivity of landslide motion to external factors such as 80 

seasonal precipitation and seismic shaking (Cohen-Waeber et al., 2018; Handwerger et al., 2015; Albano al., 81 

2018) and may have a significant potential in detecting precursory deformation preceding catastrophic failures 82 

(Dong et al., 2017; Ciuffi et al., 2021; Xie et al., 2020). 83 

This work presents the results of a regional InSAR investigation performed by using standard differential 84 

methodologies and C-band Sentinel 1 SAR images. The Umbria region of central Italy is the study area (8456 85 

km2), and our analysis covers the period between October 2019 and January 2021.  86 

We aim to detect and map active slope movements by analysing stacked interferograms. We also intend to use 87 

the phase information contained in single differential interferograms to monitor the slope deformation through 88 

time. The use of conventional two-pass interferometry is used to achieve a better territorial coverage compared 89 

to multi-temporal techniques and to detect landslide acceleration/decelerations with the highest possible 90 

frequency (6 days).  91 

The work compares the location of detected InSAR deformation signals (IDS) to existing geological and 92 

geomorphological information to gain understanding of their correlation. Interferograms are used to describe 93 

the evolution of selected landslide whose state of activity is compared to rainfall and soil moisture parameters. 94 

The Civil Protection of the Umbria region uses such parameters to forecast landslide occurrence over its 95 

territory and issue alert bulletins. To our knowledge, this work represents one of the first attempts of using 96 

remotely sensed displacement data to support the calibration and validation of predictive methodologies for 97 

landslide early warning systems (LEWS). Encouraging results indicate that InSAR detection of actively 98 

moving landslides can be helpful for territorial surveillance and for the development of predictive tools for 99 

geographical LEWS. 100 

2. The study area and the landslide early warning system 101 

The morphology of the Umbria Region (8456 km2), located in central Italy, spans from alluvial plains to hills 102 

and mountains, with elevations ranging from 50 to 2436 m a.s.l. (Figure 1). The geology is dominated by the 103 

presence of sedimentary rocks with post-orogenic marine and continental facies, flysch deposits consisting of 104 
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clay-schist and clay-marl sediments, well-bedded limestones and subordinate volcanic rocks (Cardinali et al., 105 

2002). Agriculture/arable land covers about 54% of the territory, forest 32% urban areas account for about 5%. 106 

 107 

 108 

Figure 1. Schematic elevation map of Umbria Region and distribution of the landslides mapped by the IFFI inventory. 109 

Landslides are widespread and recurring: all municipalities in Umbria are exposed to some degree of landslide 110 

risk, and landslide deposits cover about 9% (650 km2) of the area. According to the national inventory IFFI 111 

(Trigila et al., 2010), more than 70% of the 12477 mapped landslides are dormant while the remaining are 112 

active, mostly based on geomorphological criteria.  113 

The precipitation regime can be classified as Mediterranean. There are distinct dry and wet seasons, with 114 

Mediterranean-type precipitation regime, higher generally during the autumn-winter period when landslides 115 

and floods are more common. Mean annual precipitation is about 1000 mm; mean annual temperature is 11°C; 116 

snowfalls at altitude below 500 m are sporadic and unusual. 117 

In Italy, each region is in charge of monitoring, and forecast weather phenomena and weather-related natural 118 

risks in real time. The landslide early warning system (LEWS) of the Umbria region aims to predict conditions 119 

of local (first level alert) or widespread (second level alert) landslide occurrence over the territory which is 120 

divided in six alert zones (> 500 km2) for this purpose. Landslide hazard scenarios are updated every 24 hours 121 

and support the decision-making authorities with a first-order regional alert procedure. 122 

Given the uncertainties inherent to landslide prediction (Chae et al., 2017), the daily forecast is based on 123 

simplified, empirical systems. Most methods rely on precipitation parameters, such as return time-based 124 

rainfall thresholds, or intensity-duration landslide triggering thresholds (Guzzetti et al., 2021; Peruccacci et al., 125 

2011). Operational systems based on parameters other than rainfall are rare. The operational simplicity of these 126 
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systems, however, can cause problems to Civil Protection duties. Switching from probabilistic forecasts with 127 

strong uncertainty to a decision-making procedure based on discrete alert levels can generate "wear" following 128 

false alarms or missed alarms.  129 

In this context, the Umbria civil protection authorities implement the regional LEWS. The threshold 130 

methodology relies on measured/forecasted rainfall parameters and a Soil Saturation Index (SSI). Recent 131 

literature increasingly reports the key influence of soil saturation as a parameter of primary importance in 132 

landslide triggering processes (Lazzari et al., 2018; Wiki et Al., 2020; Bezak et Al., 2021). The 24-hour rainfall 133 

parameter has a resolution of 1 km and is obtained through a merging procedure combining radar reflectivity 134 

and rain gauges (Sinclair and Pegram, 2005; Bruno et al., 2021). The calculation of SSI is based on distributed 135 

precipitation measurements and a soil water balance model (Brocca et al, 2010a, Silvestro et al., 2013; 2015) 136 

calibrated against experimental monitoring data (i.e., soil moisture probes network, river discharge, ASCAT 137 

satellite wetness index) as described by Brocca et al., 2010b. Our threshold-based methodology uses SSI to 138 

estimate the water content of the soil at the beginning of the landslide triggering rainfall. The SSI implicitly 139 

takes into account the pattern and space-time distribution over the territory of antecedent precipitation, 140 

simplifying the description of triggering rainfalls. Using information available on landslides inventories, 141 

Ponziani et al. (2012) studied the correlation between SSI and maximum cumulated rainfall values during 142 

landslide events. Results highlighted that the introduction the soil moisture index leads to an improvement in 143 

data dispersion, therefore to a lower uncertainty (i.e., lower false and missed alarms numbers).  144 

Based on the comparison between predicted parameters with the first and second level alert thresholds, the 145 

operational Umbria LEWS issues daily bulletins describing the evolution of weather phenomena and 146 

associated landslide alert levels for a grid of 750 point distributed over the entire regional territory. 147 

 148 

3. Materials and Methods 149 

3.1 InSAR analysis and active landslide mapping 150 

We use a traditional two-pass interferometry approach to process SAR images acquired by Copernicus Sentinel 151 

1 A/B satellites. The Sentinel images are C-band images (5.6 cm radar wavelength) acquired every six days 152 

(interval between Sentinel 1A and Sentinel 1B).  153 

Our analysis spans between October 2019 and January 2021 and considers two descending and two ascending 154 

orbit. We divided the relatively vast Umbria region (8456 km2), in 7 sub-basins that were separately processed. 155 

Geocoding and interferogram processing is performed by means of GMTSAR InSAR package (Sandwell et 156 

al., 2011) while complex interferograms were unwrapped with SNAPHU (Chen et al., 2001). We produced 157 

1120 interferograms with temporal baseline in the range 6 to 24 days. 158 

The topographic phase was calculated and subtracted (e.g. Massonnet and Feigl, 1998; Bürgmann et al., 2000) 159 

by using an external digital elevation model (10 x 10 m up to elevation = 200 a.s.l. and SRTM above). Large 160 

scale atmospheric noises have been reduced by high pass filtering the interferograms and by selecting a stable 161 
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reference area: we typically chose geomorphological features (e.g. ridges) that are not involved in gravitational 162 

movements. Goldstein filters (Goldstein and Werner, 1998) have been applied to reduce residual noises and 163 

enhance the deformation signal. 164 

We identified actively moving landslides by stacking interferograms and then crosschecking our results with 165 

the morphology of the slopes and with recent aerial photographs. Interferogram stacking improves the signal 166 

to noise ratio and highlights features moving at a rate sufficient to observe deformation in a short time span, 167 

yet slow enough to avoid loss in radar coherence. The interpretation of interferometric stacks led to the 168 

identification and mapping of InSAR deformation signals likely caused by landsliding, that we refer to as IDS, 169 

in the following. 170 

In compiling our IDS inventory, we excluded signals extending across rivers or mountain crests, and, whenever 171 

we encountered dubious signals, we inspected single interferograms to check for possible residual topographic 172 

errors. Typically, our deformation signals show a sign inversion of the movements measured by the ascending 173 

and descending orbits, which is consistent with a downslope deformation, especially when the slope gradient 174 

is gentle and the along-slope displacement dominant. Similar approaches were used for areal investigation of 175 

active slope movements by other authors (Handwerger et al., 2015; Ciuffi et al., 2021; Tong and Schmidt, 176 

2016). 177 

3.2 Analysis of InSAR results: spatial distribution of InSAR deformation signals 178 

We compared our IDS inventory to four simple geological and geomorphological control elements: bedrock 179 

lithology, slope gradient, exposure and landslide inventory. The aim is to detect significant correlation with 180 

each control element and, therefore, to improve our understanding of the spatial distribution of the signals over 181 

the territory. In order to do so, we adopted an established approach (Meyer et al., 2014, Regmi et al., 2010) to 182 

evaluate the topographical predictability of landslides. The technique is based on the theory of weights of 183 

evidence (WOE). WOE is a data-driven method (Bonham-Carter, 1994), which is basically the Bayesian 184 

approach in a log-linear form (Spiegelhalter, 1986) and uses prior (unconditional) probability and posterior 185 

(conditional) probability. In order to get more information about the analysis, there are papers available in the 186 

literature that explain the methodology in detail applied in different geological contexts such as Regmi et al., 187 

2010 and Meyer et al., 2014. 188 

The control elements and the classes used for the analysis are reported in Table 1. The classes of bedrock 189 

lithology are obtained by grouping Geological Formations (Pialli et al., 2009) based on their age and expected 190 

geomechanical behaviour. The landslide inventory control element considers the presence of a mapped 191 

landslide in the national inventory and its inferred state of activity (IFFI, Trigila et al., 2010).  192 

The rasters of the 4 control elements were intersected with the deformation signal inventory. For each class j 193 

of the control elements Vi (with j = 1...n), we evaluated the number of cells corresponding to the four possible 194 

combinations (Table 2). The values are used as input data for the computation of the Contrast (C): a statistical 195 
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parameter that expresses the degree of correlation between a given factor (the class of a control element, V i,j) 196 

and the dependent variable (in our case the deformation signals). 197 

Control elements Classes 

Bedrock lithology 1) Quaternary deposits 

2) Carbonatic rocks 

3) Plio-Pleistocene coarse deposits 

4) Plio-Pleistocene fine deposits 

5) Sandstone terrigenous deposits 

6) Predominantly pelitic and/or 

chaotic terrigenous deposits 

Landslide inventory 1) No landslide 

2) Relict landslide 

3) Active landslide 

4) Dormant landslide 

Slope gradient 7 classes of 5° width (2.5° to 37.5°) + 

8th class for higher values 

Aspect 8 classes of 45° width 
Table 1. Control elements and classes used for analysis. 198 

 Control elements (V i,j) 

Present (1) Absent (0) 

Deformation 

signal 

Present (1) Npix1 Npix2 

Absent (0) Npix3 Npix4 
Table 2. Intersections performed between InSAR deformation signals and classes of control elements. 199 

The Contrast is obtained from the difference of the weights W+
i,j e W-

i,j : 200 

Ci,j = W+
i,j - W

-
i,j            [1] 201 

where: 202 

W+
i,j = log {[Npix1/(Npix1+ Npix2)]/[(Npix3/(Npix3+ Npix4)]} 203 

W-
i,j = log {[Npix2/(Npix1+ Npix2)]/[(Npix4/(Npix3+ Npix4)]}       [2] 204 

W+
i,j expresses the probability of finding a given class (Vi,j) in a deformation signal. Conversely, W-

i,j expresses 205 

the degree of anti-correlation of such class with the dependent variable. If the Contrast is positive (C > 0), the 206 

class of the control element is favourable for the development of a deformation signal; if the Contrast is 207 

negative ( C < 0 ), it is unfavourable.  208 

In our case, when the value of Contrast is small, the significance of the correlation is uncertain because the 209 

deformation signals occupy a very small portion of the study area. Similarly, uncertainty can occur because a 210 

certain class of a given control element (e.g., carbonatic rocks of the bedrock lithology) is poorly represented 211 

in the considered territory. It is therefore inevitable that the Contrast is affected by an uncertainty that 212 

complicates its interpretation. 213 

In order to get an estimate of the uncertainty associated to the Contrast, we use a bootstrapping technique 214 

consisting in the generation of N synthetic rasters of random polygons whose size and total area are similar to 215 

the InSAR-detected deformation signals. Each synthetic raster is then cross-referenced with the control 216 
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elements (Table 1) and Contrast is calculated (N values of the Contrast for each class of the control element, 217 

Vi,j). Finally, the standard deviation of the Contrast is calculated for each Vi,j. Such standard deviation 218 

represents the statistical variability of the Contrast that is used to describe the uncertainty associated to the 219 

Contrast calculated for the actual deformation signals. Whenever the Contrast, despite the associated 220 

uncertainty, is greater (or smaller) than zero, the control element is positively (or negatively) correlated to the 221 

presence of deformation signals. If the uncertainty band straddles zero, out data show no significant correlation. 222 

3.3 Analysis of InSAR results: velocity time series of selected deformation signals 223 

The aim of this analysis is to obtain velocity information for selected IDSs. 13 clearly recognizable and 224 

sustained deformation signals were selected, among those mapped in stacked interferograms, based on the 225 

visual inspection of 6-days single interferograms.  226 

The maximum temporal resolution of InSAR-derived measures is 6 days (satellite revisit time), and we use 6-227 

days interferograms to extract the displacement rates of the 13 selected IDSs. Depending on the geometry of 228 

the slope, we use interferograms derived from SAR images acquired in ascending or descending orbit. In order 229 

to compensate for the relative orientation of the slope and the line-of-sight (LOS), we convert LOS 230 

displacement in downslope displacement, by assuming that the movement is parallel to the slope (Hilley et al., 231 

2004). 232 

We use the 75th percentile of the downslope displacement measured by single 6-days interferograms to estimate 233 

the velocity (V75) of the selected deformation signals through time (Figure 2). Highly decorrelated 234 

interferograms were discarded based on visual inspection, and “no value” is assigned to the displacement rate 235 

of the corresponding period. Decorrelation may derive from very different conditions: large ground 236 

displacements (> 1/2 wavelength which corresponds to 2.8 cm approx., in case of C-band Sentinel 1 data), 237 

technical errors (i.e., orbital and DEM inaccuracies), reflective properties change (i.e., plowing of agricultural 238 

fields), and others (Wasowski and Bovenga, 2014). We refer to the resulting time series as InSAR-derived 239 

velocity time series (V75TS). Given that numerical velocity values derived from interferograms can be affected 240 

by uncertainty (i.e., residual noise from topography, atmosphere, and temporal decorrelation), we combine 241 

velocities with the interpretation of the signal. More particularly, we introduce the binary classification of 242 

landslide activity based on a limit value of V75. The value of the limit derives from the visual interpretation of 243 

the interferograms: it distinguishes “active state” (i.e., deformation signal clearly recognizable) and “inactive 244 

state” (i.e., deformation signal weak or absent). Examples will be presented in section 4.3. Based on the 245 

interpretation of the interferograms for each case analysed; the V75 classification limit value varies between 30 246 

mm/yr and 180 mm/yr for all selected cases. The use of different thresholds is required because the relative 247 

orientation of LOS and displacement vectors influences the numerical value of the displacement rate and 248 

because the dynamics of landslides is inherently different.  249 
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250 
Figure 2. 6-days interferograms describing the evolution of an example IDS. The IDS polygon is drawn based on stacked 251 

interferograms. Insets show the frequency distribution of the downslope-projected displacement rate inside the polygon. The 252 
displacement rate is evaluated in each interferogram by using the 75th percentile. Location of the example IDS on the regional 253 

territory shown on the right. 254 

3.5 Comparison between landslide velocities, rainfalls and soil saturation index. 255 

InSAR-derived velocity information (V75) have maximum nominal resolution of 6 days. Such information 256 

include some missing values. In fact, when highly decorrelated, interferograms are discarded and no velocity 257 

information is retrieved. The date of acquisition of the later SAR image, used to generate the 6-day 258 

interferogram, is assigned to available V75 values. 259 

Given rainfall measurement and soil saturation index have higher resolution than V75, we need to downsample 260 

to allow comparison. First, we extracted 24-hours rainfalls and SSI into the nearest grid points to selected IDSs. 261 

Then, we selected the maximum 24-hours cumulated rainfall (max24rain) and the minimum soil saturation 262 

index (SSI) recorded during the corresponding V75 time window (6 days). In case of rainfall events longer than 263 

24 hours, only the highest value of rainfall cumulated over 24 hours is used together with SSI at the onset of 264 

the rain.  265 

To take into consideration the possibility that the “active state” exhibited by a IDS (cfr. section 3.3) could be 266 

caused by rainfalls occurred before the beginning of the pertaining time window, we check the rainfall pattern 267 

of active IDSs associated to scarce or no rain (< 10 mm/24 h). If a larger rainfall episode is recorded in the 268 

previous time window, we consider such rainfall, and the corresponding preceding SSI, as associated to the 269 

landslide velocity information of the following time window. 270 

Our methodology is designed to allow comparison between InSAR-derived landslide velocities and 271 

meteorological parameters used for territorial landslide early warning. 272 

4. Results 273 

4.1 Regional InSAR Analysis 274 

We recognized active landslides by stacking interferograms (i.e., time-averaged deformation) over the entire 275 

investigation period (October 2019 to May 2020). Stacking enhances the signal-to-noise ratio and highlights 276 

features that are persistent in time and space.  277 
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Figure 3 shows two portions of the analyzed area where deformation signals are mapped based on the 278 

interferometric stacks. These latter show good coverage of the territory with decorrelated areas (i.e., grey areas 279 

in Figure 3) mostly located along steep, heavily vegetated slopes. InSAR deformation signals that we associate 280 

to active landslides are typically patches with relatively high LOS velocity and high standard deviation of LOS 281 

velocity. Furthermore, the comparative analysis of the interferometric stacks derived from the two orbits 282 

reveals that IDSs show very often the sign inversion of the displacement. The inversion is compatible with 283 

displacements whose horizontal component prevail over the vertical, such as sliding along a moderately 284 

inclined slope. We didn’t find signal inversion in any other deformation signal except in landslides. Finally, 285 

we verified our IDSs with local morphology in aerial photographs and shaded relief map.  286 

Overall, we identified 252 active landslides across the mainly hilly and mountainous territory of the Umbria 287 

region (Figure 4). The deformation signals have planform area ranging from 0.01 to 0.5 km2 approx., with an 288 

average of 0.07 km2. The majority of IDSs (166) are recognized in landslide deposits mapped by the Landslide 289 

Inventory (Trigila et al., 2010). In this case, they indicate the active state of the entire landslide or of a part of 290 

it. Otherwise, IDSs are located along slopes where landslide features are not recognized nor mapped, indicating 291 

either first-time impending slope failures or the reactivation of previously undetected landslides.  292 

4.2 Spatial distribution of InSAR deformation signals. 293 

The IDS inventory shows an uneven distribution over the territory. By comparing the spatial distribution of 294 

IDSs with four control elements (Table 1), we obtain an objective measure of their correlation. The results are 295 

expressed by the value of Contrast [1] in Figure 5. Contrast is calculated for each class of the control elements 296 

and the associated uncertainty estimated by means of a bootstrapping technique (section 3.2).  297 

The results are coherent with the basic geological and geomorphological characteristics of the area.  298 

The bedrock lithology has a strong influence on the distribution of active slope movements identified by IDSs. 299 

Pelitic/chaotic terrigenous deposits (class 6 in Figure 5a) is the type of substratum most favourable to their 300 

occurrence. In this case, the value of Contrast is highest, demonstrating the relative abundance of active slope 301 

movements along the slopes made of fine-grained weak rocks. Positive correlations are also found for recent, 302 

Pliocene-Pleistocene, fine deposits (class 4) and Sandstones (class 5). Significant negative correlation is 303 

obtained for classes 1 and 2, corresponding to quaternary deposits (class 1) and carbonate complexes (class 2). 304 

In this case, the values of Contrast capture the good stability conditions of the slopes made of carbonatic rocks 305 

and the low gradients of the slopes made of young sedimentary deposits.  306 
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 307 

Figure 3. Two example areas of the interferometric stack obtained in ascending (1a-b) and descending (2a-b) geometry for the 308 
Umbria region (see location in Figure 4) encompassing the period of analysis (01/10/2019 to 31/05/2020). Stacks are used for 309 

recognition and mapping of InSAR deformation signals. Displacement rates in the range -30 to +30 mm/yr are considered too low to 310 
be detectable by our analysis, therefore shown in green color. 311 

The aspect of the slope (Figure 5b) has a positive correlation mainly for slopes facing East while it is negative 312 

for the remaining classes. The trend of the Contrast values may indicate the conditioning of the geometry of 313 

SAR acquisition that makes displacements more problematic to measure when they occur along North or South 314 

facing slopes. In this cases, along-slope displacements have a smaller component of displacement along the 315 

satellite LOS compared to East and West facing slopes.  316 

By comparing IDSs with the landslide inventory, we get positive correlation (C >> 0) with mapped landslides 317 

(Figure 5c), regardless of their inferred state of activity (active, quiescent, relict). The opposite is found for the 318 

slopes where landslide deposits are absent.  319 

The spatial correlation with slope gradients (Figure 5d), indicates that the signals are more abundant along 320 

moderately steep slopes (7.5° to 17.5°) while the negative correlation becomes progressively stronger for 321 

higher gradients. The result is consistent with what we obtained for the bedrock lithologies since moderately 322 

steep slopes made of fine-grained weak rocks are the most susceptible to landsliding in Umbria. 323 

53



12 
 

 324 

Figure 4. Elevation map of Umbria and spatial distribution of InSAR deformation signals (IDSs) within Umbria region. 325 

 326 

Figure 5. Values of Contrast (C) obtained for the classes of the control elements. Positive values describe the spatial correlation 327 
between the class and IDSs. Error bars indicate the uncertainty associated to the correlation measure, numbers in the histograms 328 

indicate the abundance of InSAR deformation signals (IDS) for each class. 329 
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4.3 Interferogram interpretation and evolution of IDSs through time: some examples 330 

Although stacking interferograms proved very useful to recognize and map meaningful deformation signals, 331 

single interferograms potentially yield information about the evolution of the phenomena through time. Given 332 

they are also prone to include the effects of residual noise (Yunjun et al., 2019) and temporal decorrelation 333 

(Zebker and Villasenor, 1992), visual expert interpretation is required to extract relevant information (Manconi, 334 

2021).  335 

Here, we illustrate three examples of the 13 IDSs that we selected for time series retrieval. The scope is to give 336 

the reader a better idea of the information contained in single interferograms and associated uncertainties. 337 

Example 1: Case Basse 338 

The InSAR deformation signal of Case Basse do not correspond to a mapped landslide (IFFI, National 339 

Inventory of Landslides). The movement involves fine deposits of Plio-Pleistocene age along a gently dipping 340 

slope (9.2°) facing East. Interferometric results, shown in Figure 6, document slow movements peaking 341 

towards the end of the analysis period (December 2020) when our velocity estimates reach values of about 800 342 

mm/yr. The velocity time series (Figure 6) show active state prevailing during the cold season (Figure 6b, c, 343 

e) and weak to absent deformation signal during summer (Figure 6a, d). The activity threshold is placed at 80 344 

mm/yr (see section 3.3). During spring, there is a no-data period due to high decorrelation caused by rapid 345 

vegetation growth and/or by agricultural processing (temporal decorrelation). In all the interferograms, the 346 

highest deformation rates are located in the lower part of the slope (260 to 235 m a.s.l.).  347 

Figure 7 shows the IDS draped over aerial photography and a UAV photo showing the irregular morphology 348 

of the landslide deposit, despite agricultural processing.  349 

Example 2: Coldivecchio 350 

Similarly to the first example, Coldivecchio is not mapped in the National Inventory of Landslide (IFFI). The 351 

slope movement involves Sandstone terrigenous deposits of Miocene age belonging to the Member of Galeata 352 

(Pialli et al., 2009) along a moderately dipping slope (9.3°) facing NW.  353 

Interferograms (Figure 8) document high displacement rates at the end of the analysis period, during decembre 354 

2020. The highest velocity of 560 mm/yr is recorded between December 4th and 10th and the corresponding 355 

interferogram is shown in Figure 8d. Interferograms "a", "b" and "e" are not plotted within the time series and 356 

this, because they record displacement values below our threshold of 80 mm/yr. The velocity time series 357 

(Figure 8) shows multiple stages of slope movement activity, separated by relatively long stages of little or no 358 

movement (inactive state). During the spring-summer period, between April and September 2020, highly 359 

decorrelated interferograms do not allow for a meaningful estimate of the displacement rate at Coldivecchio, 360 

likely due to rapid vegetation growth and agricultural practices. Also, in this case, the NW exposure of the 361 

slope is not favourable to InSAR, especially in descending orbit. 362 

 363 
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 364 

365 
Figure 6. Example interferograms obtained for the Case Basse IDS illustrating different states of activity (a-g). Velocity time series 366 
(i) reports V75 obtained from interferograms. Symbols with labels refer to the example interferograms. Location of the landslide on 367 

the regional territory shown at the bottom left (h). 368 

 369 

Figure 7. UAV (Unmanned Aerial Vehicle) photograph of the "Case Basse" slope. Within the cultivated field in the centre of the 370 
photo, the irregular morphology of the slope and the presence of a surface water network are recognizable. 371 

 372 
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373 
Figure 8. Example interferograms obtained for the Coldivecchio IDS illustrating different evolution states of activity (a-g). Velocity 374 
time series (i) reports V75 obtained from interferograms. Symbols with labels refer to the example interferograms. Location of the 375 

landslide on the regional territory shown at the bottom left (h). 376 

377 
Figure 9. Detail of undulating and cracked road for the case study "Coldivecchio". The deformed road shown is the one recognizable 378 

within Figure BB, within the series of interferograms, located at higher elevations (approximately 608 m a.s.l.). 379 
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During the active state, higher velocities are recorded at lower elevations but deformations involve the whole 380 

IDS. Field surveys identified the landslide-related irregular morphology of the slope (Figure 9) and 381 

demonstrated that the road running in the crown area is also interested by notable deformation (Figure 9b).  382 

Example 3: Montanaldo 383 

The landslide of "Montanaldo" is mapped in the National Inventory of Landslide Phenomena (IFFI). It involves 384 

pelitic and/or chaotic terrigenous deposits belonging to the Olistostromes of the Galeata member (Pialli, 2009), 385 

of Miocene age. The average slope and aspect are 8.5° and 278°, respectively. By comparing the IDS (Figure 386 

10) with the mapped landslide (IFFI landslide), Figure 11 shows how the deformation signal is located in the 387 

lower portion of the mapped landslide, extending beyond its lateral margins and toe.  388 

The Montanaldo IDS shows velocities peaking in the cold season with maximum values at the end of 2020. 389 

Example interferograms (Figure 10) show very variable displacement rates at Montanaldo with peak values of 390 

about 800 mm/yr at the end of 2020 (Figure CCe). The slope movements at Montanaldo are generally sustained 391 

with occasional above-threshold deformations also during spring and summer. In this case, some good quality 392 

interferograms allow for velocity estimates also during the spring-summer period, possibly due to the 393 

favourable W orientation of the slope and/or type of crop and agricultural practices.  394 

The area characterized by more intense deformations, in this case, is the one located at lower elevations, but 395 

evidence of deformations is not lacking even in the upper part of the slope. Figure 11 shows the extent of the 396 

mapped landslide and of the IDS; the UAV photo captures irregular morphology with frequent local counter 397 

slopes. In addition, in this case, agricultural practices erase other morphological evidences of movement such 398 

as small scarps and fractures.  399 

For all three case studies shown within this section, and all the remaining 10 selected IDSs, the field evidence 400 

of deformation is rarely evident given the most common land use is agricultural. However, upon site inspection, 401 

we invariably found features, such as irregular morphology with occasional counter slopes, water ponding and 402 

cracks along roads, which are compatible with ongoing deformations. The InSAR standard analysis produces 403 

good quality interferograms, especially during the cold season. The rapid growth of vegetation and the 404 

cultivation for agricultural purposes of the areas during the spring-summer season, typically deteriorate the 405 

quality of interferograms introducing significant decorrelation.  406 

 407 

 408 
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409 
Figure 10. Example of 6-day interferograms for the Montaldo IDS illustrating different states of activity (a-g). Velocity time series (i) 410 
reports V75 obtained from interferograms. Symbols with labels refer to the example interferograms. Location of the landslide on the 411 

regional territory shown at the bottom left (h). 412 

413 
Figure 11. Schematic map of the slope (left) with aerial photograph showing the perimeters of the mapped landslide and of the IDS. 414 

UAV (Unmanned Aerial Vehicle) photograph for the case study "Montanaldo" (right): although the slope is characterized by 415 
cultivated fields, the irregular morphology of the slope and the presence of reverse slopes is recognizable. 416 

 417 

4.4 Comparison of landslide velocity, 24-hours rainfall and soil moisture index 418 

By visually inspecting interferograms, we gain the perception that major rainfall events cause the velocities of 419 

IDSs to increase. More particularly, multiple IDSs show relatively high velocities following significant rainfall 420 

events that hit the area during the study period (October 2019 to January 2021). In order to verify our qualitative 421 
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observations, we average velocity time series (V75TS) of 13 selected IDSs and compare them to corresponding 422 

averaged values of rainfalls and SSI in Figure 12. The following observations can be done: 423 

 During October 2019, averaged V75 are lower than 200 mm/yr in association to moderate SSI values and 424 

no relevant rainfalls.  425 

 During November 2019, rainfalls cause the increase of SSI and available velocities show some increase 426 

despite decorrelation problems limiting their retrieval.  427 

 In mid-December, heavy rainfalls and high SSI values are associated with averaged V75 of about 300 428 

mm/yr and clearly visible displacements signals in many cases.  429 

 During January and February 2020, very scarce precipitation is associated to a decrease of averaged 430 

velocities.  431 

 At the beginning of March, the SSI is still relatively high and rainfalls cause a clear acceleration of IDSs, 432 

which translates into averaged V75 increasing from 50 to 200 mm/yr approx.  433 

 The spring and summer season record low precipitation values, decreasing SSI and highly decorrelated 434 

interferograms which translate into missing values of averaged velocities in Figure 12a. The effects of the 435 

rains occurred during the first half of June, therefore, cannot be evaluated.  436 

 Finally, the two saturation and rainfall peaks of early and late December 2020 are well correlated with IDS 437 

acceleration in interferograms and averaged V75 reaching peaks of about 500 mm/yr. 438 

In Figure 13, we report climate-dependent parameters together with InSAR-derived velocities for the IDS of 439 

Case Basse, Coldivecchio and Montanaldo that were previously described (see section 4.3). Green circles 440 

correspond to active state of IDS deformation while magenta circles represent inactive state (see section 3.3). 441 

The diameter of green circles is proportional to the downslope velocity (V75) of the IDS. 442 

Active and inactive IDS states show a good degree of separation in the SSI – 24-hours rain space though there 443 

are some exceptions. In particular, some active signals plot in the lower part of the graph where max24rain is 444 

very low. This may happen when, following a reactivation, displacement rates slowly decrease over time 445 

before the mass stops (Cascini et al., 2014; Lacroix et al., 2020; Leroueil et al., 1996). The opposite is rarely 446 

seen and the upper right part of the chart is mainly populated by active states. 447 

Given that SSI and max24rain are available for the same area and period of the InSAR analysis, we can 448 

compare the alert thresholds of the LEWS to all rainfall and soil conditions associated to remotely estimated 449 

state of activity of the selected slopes. Conceptually, such comparison allow evaluating the separation of 450 

climatic conditions that have and have not resulted in landslide activity (Berti et al., 2012), and check the 451 

position of alert thresholds in use for the regional LEWS in such context. Our comparison considers only 13 452 

unstable slopes and a limited timespan; therefore, results intend to provide partial indications together with 453 

exploring the suitability of traditional two-pass interferometry for this purpose. 454 
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 455 

Figure 12. Comparison between averaged values of IDS velocities, V75 (a), 24-hour rainfall (b) and SSI (c).  456 

 457 

Figure 13. Distribution of landslide activity states inferred from interferogram analysis in the SSI-max24rain space for the IDS of 458 
Case Basse, Coldivecchio e Montanaldo. 459 

The chart reported in Figure 14 reports available data for the 13 selected IDSs and the alert thresholds for 460 

comparison. The first level alert threshold is described by the following polynomial equation: 461 

𝑚𝑎𝑥24𝑟𝑎𝑖𝑛 = 69.16 ∙ 𝑆𝑆𝐼2 − 130.3 ∙ 𝑆𝑆𝐼 + 78.21       [1] 462 

In general, the results confirms the good relationship between the InSAR-based landslide activity classification 463 

and the climatic parameters (SSI-max24rain) used in the Umbria LEWS (Figure 14a). The area of the chart 464 

pertaining to low values of soil saturation (SSI < 0.35 approx.) represents the late spring and summer seasons. 465 

Despite being scarcely populated due to frequent highly decorrelated interferograms, the majority of available 466 
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info indicate inactive states. The opposite is observed in the wet area of the chart where rainfalls operate some 467 

discrimination in relation to the velocity of IDSs. 468 

The tools of binary classification metrics can be used to analyse the results of the comparison. Climatic 469 

parameters associated to active IDSs describe a true positive (tp) or a false negative (fn) case when above or 470 

below the SSI-max24rain threshold. In the case of inactive IDSs, they correspond to false positive (fp) cases 471 

when above the threshold and true negative (tn) cases, conversely. In the upper, above-threshold portion of the 472 

chart, the separation between inactive and active states is clear: only 14 interferograms document inactive 473 

states (fp) compared to 90 indicating activity (tp). Below the alert threshold, the data describing active state of 474 

movement (i.e., the interferogram shows high displacement rates despite the climatic condition didn’t exceed 475 

the alert threshold). Here, we find 112 interferograms that document active state (fn) compared to 255 inactive 476 

(tn). As aggregate measures of performance, here we use the accuracy (acc) which considers both positive and 477 

negative true predictions in relation to the total number of cases; the Jouden’s J score or bookmaker 478 

informedness (bm) which uses true positive and true negative rates and the treat score (CSI) which favours 479 

true predictions (Table 3).  480 

The 1st level landslide alert threshold is intended to predict the possibility of landslide occurrence/reactivation 481 

over a given territory. The occurrence of a landslide causes significant surface deformation, likely associated 482 

to visible damages. Our analysis implicitly assumes that landslide accelerations are triggered by climatic 483 

factors (Lacroix et al., 2020; Matsuura et al., 2008) and that increasing displacement rates may precede failure 484 

episodes (Carlà et al., 2017; Squarzoni et al., 2020; Scoppettuolo et al., 2020; Zhu et al., 2021). This way, 485 

interferometric results describing relatively low displacement rates (30 to 1000 mm/yr approx.) can be used as 486 

a proxy of increasing failure probability. In this framework, the choice of the V75 limit value for landslide 487 

activity classification (see section 3.3) is crucial. In order to explore its role, we analyse the scenarios generated 488 

by using an increasing multiplier for the V75 limits. Results are reported in Figure 14, in the SSI-max24rain 489 

space, and in Table 4 in terms of the corresponding binary metrics. The number of active cases reduces in 490 

favour of inactive ones, which translate in a decrease of tp and fn in favour of fp and tn. In terms of threshold 491 

performance, the sensitivity of the model [tp/(tp+fn)] increases while its precision [tp/(tp+fp)] decreases with 492 

aggregate measures describing such complex outcome. When both positive and negative predictions are 493 

considered, the performance increase (acc) or maintain stable (bm) while it decreases if only positive 494 

predictions are considered (CSI), due to drop in precision that is not balanced by the improved negative 495 

prediction (higher tn and lower fn).  496 

The receiving operating characteristics (ROC) method (Swets, 1988) can be used to describe the performance 497 

of the SSI-max24rain threshold. For this purpose, we computed ROC curves and optimal skill scores by 498 

varying the c parameter (intercept) of equation [1] while keeping the other two parameters constant (a = 69.16, 499 

b = -130.3). ROC curves, optimal skill scores (Table 3) and associated intercept values were calculated for 500 

increasing multiplier of the V75 classification limits (0.75 to 2). Results are reported in Figure 15 where it can 501 

be seen that higher multipliers improve accuracy (acc) and diminish the critical success index (CSI) indicating 502 
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that the prediction of true positive cases tends to worsen while true negative predictions improve. DIS and bm 503 

show little variations for the above reason. The single ROC curves are very similar each other as testified by 504 

AUC values (Area under the curve, aggregate measure of performance across all possible thresholds described 505 

by equation [1]) varying between 0.74 and 0.79. Based on our results, the selection of the optimal threshold 506 

(Guzzetti et al., 2020) separating climatic conditions that have and have not resulted in landslide activity is not 507 

straightforward. Different performance metrics can give different indication and any choice has to take into 508 

account the objectives of the threshold. In the following section, we are discussing this topic in more detail. 509 

510 

Figure 14. Comparison between IDS state of activity and 1st level alert threshold (yellow) of the Umbria region. (a) state of activity 511 

derived from interpreted V75 limit value. (b) 1.5x limit value (c) and 2x limit value. 512 

 513 

Skill score formula range  
optimal 

value 

critical success index 

(threat score) 
𝐶𝑆𝐼 =

𝑡𝑝

𝑡𝑝 + 𝑓𝑛 + 𝑓𝑝
 0-1 1 

Jouden's J (bookmaker 

informedness) 
𝑏𝑚 =

𝑡𝑝

𝑡𝑝 + 𝑓𝑛
+

𝑡𝑛

𝑡𝑛 + 𝑓𝑝
− 1 -1-1 1 

accuracy 𝑎𝑐𝑐 =
𝑡𝑝 + 𝑡𝑛

𝑡𝑝 + 𝑡𝑛 + 𝑓𝑝 + 𝑓𝑛
 0-1 1 

distance from the 

upper left corner of the 

ROC space 
𝐷𝐼𝑆 = √(1 −

𝑡𝑝

𝑡𝑝 + 𝑓𝑛
)
2

+ (
𝑓𝑝

𝑓𝑝 + 𝑡𝑛
)
2

 0-1 0 

Table 3. Skill scores based on contingencies used to describe the performance of the 1st level alert threshold (tp, true positives; tn, 514 
true negative; fp, false positives; fn, false negatives). 515 

 516 

V75 limit value 

multiplier 
tp fp tn fn 

threat score 

CSI  

Jouden’s J 

bm  

accuracy 

acc  

1 98 14 249 90 0.485 0.468 0.769 

1.5 72 40 286 53 0.4364 0.4533 0.7938 

2 47 65 315 24 0.3456 0.491 0.803 

Table 4. Contingencies (tp, fp, tn, fn) and skill scores (CSI, bm, acc) for increasing V75 limit values used to classify active and 517 
inactive IDSs.  518 
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 519 

Figure 15. Optimal skill scores as a function of the multiplier of the V75 classification limit (a) and associated intercepts of the 1st 520 
level alert threshold (b). 521 

The evolution of IDS deformation can be visualized by representing the state of activity and V75 values for all 522 

selected IDSs through time (Figure 16). Here, we positioned the main 1st level (yellow) and 2nd level (orange) 523 

alerts occurred during the period of investigation. Both levels of alert are part of the same regional LEWS and 524 

describe a predictive scenario associated to an increasing number of landslides affecting the territory. Figure 525 

16 allows appreciating when non-active landslides reactivate and when active landslides increase their 526 

displacement rate (or the opposite). From our point of view, the evolutionary trend of the unstable slopes is 527 

more important than the absolute value of the displacement rate. This latter varies depending on a variety of 528 

factors (e.g., type of movement and involved material, style of activity). Furthermore, it is estimated by 529 

differential interferometry that is one-dimensional by its own nature and gives results that are influenced by 530 

the relative orientation of the movement and the LOS.  531 

During the first yellow alert event of November 2019, the scarcity of interferometric information due to 532 

widespread decorrelation (see section 3.1) partially hampers the comparison. However, three out of four 533 

available IDS are active. In the following, the number of reactivations/accelerations detected through InSAR 534 

during or shortly after the most severe yellow alerts and orange alerts declared by the Functional Centre can 535 

be considered as a useful experimental evidence validating the 2 alert thresholds used in the Umbria LEWS. 536 

 537 

Figure 16. Overall distribution over time of active (filled circles) and non active (empty circles) IDS compared to 1st and 2nd level 538 
landslide alerts (yellow and orange, respectively) issued by the Umbria region during the study period. 539 

 540 
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5. Discussion and Conclusions 541 

By using the conventional two-pass differential InSAR technique on the territory of the Umbria region, we 542 

detected 252 active landslides during the period between October 2019 and January 2021. 543 

Our results show that interferometric stacking represents the most suitable tool for landslide detection and 544 

mapping in rural areas. As previously reported by other authors (Handwerger et al., 2015; Dini et al., 2019), it 545 

increases the signal-to-noise ratio and highlights features that are persistent in time and space. In the mountain 546 

territory of our study area (2480 km2), dominated by low-gradient slopes, it produces quasi-continuous 547 

displacement maps which allow the detection of sustained slow movements over the territory. C-band 548 

interferometry, however, may result in poorer coverage of the territory where the terrain is steeper and/or 549 

heavily vegetated. We mostly used short temporal baseline IFs (6 to 24 days) to take full advantage of the short 550 

revisit time of the Sentinel 1 satellites. The use of short IFs substantially reduce decorrelation and help to get 551 

information not only for stable scatterers (i.e., buildings, unvegetated soil and rock outcrops) but also along 552 

moderately vegetated and cultivated slopes, that are most represented in the Umbria region. Short IFs also raise 553 

the range of measurable displacement rates in the order of tens to hundreds mm/yr which far exceed the 554 

velocities typically measured by multi-temporal InSAR (Solari et al., 2020). We cannot verify the 555 

completeness of our IDS inventory, given there is no comparable ground data, and it is possible that some 556 

slope movements went undetected. Similarly, we cannot exclude that a careful ground investigations may 557 

reveal that some IDS correspond to ground displacements not associated to landsliding. Unfavourable 558 

conditions are represented by movements of small extension (< 0.2 km2 approx.), particularly steep slopes, 559 

slopes facing north or south and areas covered by dense vegetation. 560 

By analysing our InSAR deformation signals (IDS) we find that they are numerically scarce when compared 561 

to mapped landslides (about 2%). Also, a significant number (86/252) is positioned along slopes where no 562 

landslide is mapped, indicating the potential of InSAR to identify slope deformations which may correspond 563 

to undetected landslides or incipient slope failures, thus complementing geomorphological observation for the 564 

compilation of landslide inventories. East and West slope exposures favour the detection of IDSs, due to the 565 

geometry of satellite observation. The majority of our IDSs are positioned along slopes made of fine-grained 566 

weak lithologies where slope gradients range between 7 and 17°, reflecting the landslide susceptibility of the 567 

territory. Field surveys confirmed that all the IDS identified are associated to ongoing slope movements. 568 

Agricultural practices often hide the evidence of deformation, but irregular morphologies including counter 569 

slopes, cracks and damages to the surrounding roads and local water ponding all confirm the remotely sensed 570 

information.  571 

The analysis of stacked interferograms to detect and map active slope movements proved well suited for 572 

territorial management purposes. It shows good price – quality ratio, performs well in defining the geometry 573 

of landslides even in absence of PS, looks like an efficient way to update existing landslide inventories, and to 574 

obtain a valuable database, given the costs of field-based monitoring networks. However, unlike multi-575 

temporal InSAR, the accuracy of displacement rates revealed by stacked interferograms is not comparable to 576 
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ground-based monitoring and the results should be given a qualitative meaning. Only the comparison with 577 

proper measurements can determine the level of accuracy which may vary depending on a number of factors 578 

(ground reflectivity, DEM precision, slope geometry, ...). 579 

The visual inspection of single differential interferograms allow appreciating variable IDS displacement rates 580 

that can be used to monitor the state of activity of unstable slopes. We analyzed 6-days IFs, pertaining to 13 581 

selected cases, to extract information about the temporal evolution of ongoing slope deformation. Not all IFs 582 

can be used due to decorrelation, and interpretation is required for appropriate selection. This need has obvious 583 

consequences on the possibility to apply automatic procedures but research efforts are starting to address 584 

similar problems (Fu et al., 2022). However, results are encouraging and selected IFs capture the main seasonal 585 

variation and the response to major rainfall episodes. The numerical description is entrusted to the 75th 586 

percentile of the downlope-projected InSAR-derived velocity within the IDS (V75). Given we use C-band (5.6 587 

cm wavelength) SAR images and 6-days IFs, we theoretically expect to measure displacements rates in the 588 

range 15 to 1500 mm/yr. Our V75 vary between 30 mm/yr and 1000 mm/yr approximately. Signals below the 589 

lower limit cannot be clearly distinguished from stable slopes on 6-days IFs, therefore they are of no practical 590 

use.  591 

We compared our results to the landslide early warning system (LEWS) operational in the Umbria region. The 592 

system relies upon 1st and 2nd level alert thresholds based on climatic parameters and describing the increasing 593 

possibility of having landslide phenomena in a given area of alert. In the case of geographical LEWS, the lack 594 

of accurate and reasonably complete information on where and when landslides occur limits greatly the ability 595 

to verify the forecasts quantitatively (Guzzetti et al., 2020). Remotely sensed data can help to address such 596 

issue (Mondini et al., 2021) and our comparison of two-pass differential interferometry results and alert 597 

thresholds aims to explore such possibility.  598 

Our data indicate that the 1st level operational threshold of the Umbria geographical LEWS is capable of 599 

identifying the climatic conditions associated to landslide activity detected through InSAR. We do not expect 600 

that the comparison exhibit a perfect match because: i) the threshold aims at areal landslide prediction and ii) 601 

binary classification of active and non-active landslides through InSAR implies certain simplifications (see 602 

section 4). However, conventional binary classification metrics yield accuracy values (acc) of 0.77÷0.8 and 603 

Youden’s indexes (bm) of 0.46÷0.49 (Table 4) that indicate the goodness of the threshold predictive 604 

performance. 605 

The results indicate that conventional two-pass differential interferometry can provide useful information for 606 

geographical LEWS validation. They can effectively contribute to quantify the uncertainties associated to 607 

threshold models used for geographical LEWS that, otherwise, are rarely defined (Brunetti et al., 2010).  608 

In the case of the Umbria region, the encouraging results obtained with a limited InSAR dataset indicate that, 609 

by increasing the number of InSAR deformation signals and the extension of the analysis period, the analysis 610 

is capable to detect and monitor the evolution of active gravitational slope movements over the regional 611 

territory.  612 
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Finally, thanks to the short revisit time of Sentinel 1 satellites, that we hope will soon be restored to its full 6-613 

days potential, it is possible to imagine a joint use of differential interferogram analysis and geographical 614 

LEWS where cross-comparison may improve predictive capabilities.  615 
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8 

Abstract: 9 

Interferometric stacking is a useful technique to detect active slope deformation also over vast mountainous 10 

area. Compared to the analysis of single interferograms, the stacking approach improves the signal to noise 11 

ratio and deformation signals become clearer. In this work, we used stacked interferograms to detect active 12 

slow-moving landslides during the years 2015 to 2019 over a 1200 km2 portion of the Northern Apennines of 13 

Italy. C-band Sentinel 1 SAR images were used to create short temporal baseline (6 to 24 days) interferograms 14 

which limit decorrelation and maximize the range of measurable displacement rates. Then we operated a 15 

further selection of interferograms based on coherence and visual inspection, before stacking over multiple 16 

time scales (1 month to years). The products of the analysis are ground displacement maps where the presence 17 

of residual noise is inversely proportional to the duration of the stack and the deformation signal is clearly 18 

recognized. Results show that only a small fraction of the mapped landslide deposits are experiencing 19 

deformation that can be detected by differential interferometry. In particular, we identified 118 InSAR 20 

deformation signals corresponding to ongoing gravitational slope deformations over the 9916 landslides 21 

mapped in the area. Active movements are mostly located on landslides that have undergone catastrophic 22 

reactivation in relatively recent times. Annual interferometric stacks proved better suited to detect active slope 23 

movements, while less than 15% of our deformation signals can be only be detected by inspecting monthly 24 

stacks. Active slow-moving landslides show variable displacement rates in monthly stacks. Periods of 25 

dormancy alternate to accelerations that may lead to actual catastrophic failures or, more often, determine finite 26 

periods of sustained slow movement before the displacement rates drop below the detection limit. We 27 

compared the evolutionary trends of the phenomena to the probability of landslide occurrence over the territory. 28 
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Results show that, at increasing landslide occurrence probabilities, an increasing fraction of actively deforming 29 

landslides can be detected by InSAR.  30 

Keywords: InSAR, landslide recognition, landslide monitoring, rainfall threshold.   31 
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1. Introduction 32 

Landslides are common morphological features throughout the whole Northern Apennines chain. Following 33 

the classification of Cruden and Varnes (1996), most of the landslides mapped within the study area can be 34 

described as complex landslides, which combine roto-transitional landslides with earth flows (Simoni et al., 35 

2013). Velocities can vary from millimeters to centimeters per year during the dormant phase (which can last 36 

from years to hundreds of years) to meters per hour during the failure (e.g., Bertello et al., 2018). Catastrophic 37 

failures typically occur after periods of high rainfall (Martelloni et al., 2012). 38 

While antecedent rainfall appeared not important for landslide triggering itself (Berti et al., 2012), the 39 

relationship between displacement rate and rainfall seems to be affected by longer periods of preceding rainfall 40 

(Borgatti et al., 2006; Ronchetti et al., 2007). Moreover, surface deformation varies often for different areas of 41 

the landslide (Berti and Simoni, 2012) and the hydrological, hydrogeological conditions on a slope can be 42 

complex (Cervi et al., 2012). Anisotropy in primary conductivity, but also the presence and the formation of 43 

fissures and macropores on a landslide are difficult to assess on a slope scale, but may significantly influence 44 

infiltration, water flux, drainage and hence the build-up of pore pressure in the landslide body (Berti and 45 

Simoni, 2012). Therefore, a simple relationship between deformation and rainfall might not be apparent and 46 

the detection of this relationship requires displacement and rainfall measurements with high temporal 47 

acquisition frequency. 48 

Most slope deformations occur on old landslide materials that failed in the past (Bertolini et al., 2004). In many 49 

cases, the reactivation of old deposits causes the regression of the main scarp and the physical degradation of 50 

the material which may move downwards as an earthflow. In other cases, the reactivation is more complex 51 

and different types of landslides can occur (Bertolini and Pellegrini, 2001). Monitoring landslide movements 52 

helps us better understand how the landslide mass propagates in space, how their motion evolves in time, and 53 

how external forcings, such as rainwater, control their behavior (Handwerger et al., 2019). 54 

Conventional methods used for mapping and monitoring slope instabilities could benefit from remote sensing 55 

systems, which allow rapid and easily updatable acquisitions of data over wide areas, reducing fieldwork and 56 

costs (Ciuffi et al., 2021). A powerful technique for monitoring the displacements of large areas is the synthetic 57 

aperture radar interferometry (InSAR) that provides the possibility to measure the deformations of the landslide 58 
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deposits during the slow-motion stage (i.e., before the rapid acceleration). InSAR was applied in a landslide-59 

prone area in the mid-1990s (Fruneau et al., 1996), but only in the 2000s it became a well-known technique 60 

for landslide monitoring. 61 

InSAR techniques can be grouped in two main families: (i) standard InSAR methods that include classic two-62 

pass interferometry and interferometric stacking (Dini et al., 2019; Handwerger et al., 2013; 2015) and (ii) 63 

multi-temporal methods that include the so-called Persistent Scatterer Interferometry (PSI) and Small Baseline 64 

Subsets (SBAS) methods (Raspini et al., 2019; Zhang et al., 2020). In general, multi-temporal methods allow 65 

obtaining better accuracy and precision for good quality reflectors (houses, infrastructures, rock outcrops) but 66 

standard InSAR yields a more continuous coverage of the territory also when sparse to medium vegetation 67 

cover is present. Archived and newly acquired SAR images can be interferometrically processed to extract 68 

displacement time series. These data can be used to determine the sensitivity of landslide motion to external 69 

factors such as seasonal precipitation and seismic shaking (Cohen-Waeber et al., 2018; Handwerger et al., 70 

2015; Albano al., 2018) and may have a significant potential in detecting precursory deformation preceding 71 

catastrophic failures (Dong et al., 2018; Ciuffi et al., 2021). 72 

This paper presents the results of a regional InSAR analysis performed by standard two-pass interferometry 73 

and C-band Sentinel 1 SAR images. The study area is represented by a 1200 km2 portion of the Northern 74 

Apennines of Italy, and the analysis covers a period between April 2014 and December 2019. The main goal 75 

is to detect active slope movements and to investigate their evolution through time. In order to obtain a 76 

satisfactory territorial coverage also in rural areas, we use interferometric stacking. Different time scales 77 

(multi-year, annual, and monthly) are considered to gauge their effect on the detection of InSAR deformation 78 

signals (IDS). We use visual interpretation together with geological judgement to detect and map InSAR 79 

deformation signals that are likely expression of gravitational slope movements. Their spatial distribution is 80 

compared to local morphology, geology of the substratum, landslide inventory and historical information. 81 

We investigate the state of activity of the detected landslides in relation to rainfall parameters used to predict 82 

landslide occurrence on a territorial basis. 83 

2. Study Area 84 
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The study area is located in the central sector of the Northern Apennines of Italy (Fig. 1), to the west of the 85 

city of Bologna (Emilia-Romagna region). Whitin the study area, a total of 9916 landslide deposits have been 86 

mapped by the local Geological Survey (R.E.R., 2022). Most of these landslides may periodically experience 87 

catastrophic failures (or reactivations) when displacement rates can climb up to m/day. Otherwise, they 88 

typically move at a rate of few centimeters to few tens of centimeters per year.  89 

Chaotic clay-shales with block in matrix fabric (Pini, 1999; Vannucchi et al., 2003) and flysch deposits (Ricci 90 

Lucchi, 1986) are the most common lithologies in the study area (Fig. 1). Where clay shales outcrop, earthflows 91 

with distinct source, transport and deposition zones are the dominant type of slope failure (Simoni et al., 2013). 92 

Where the relief is made of pelitic flysch, a broader spectrum of landslide types can be observed, but often the 93 

failures have characteristics of translational or rotational earth- or rockslides in the upper portions of the 94 

landslide and may propagate as earthflow further down-slope (Borgatti et al., 2006; Corsini et al., 2006; Berti 95 

et al., 2017). Bertolini et al. (2004) conducted radiocarbon dating on tree logs, stumps and deposits of peat 96 

bogs that were buried inside landslide deposits of the Northern Apennines during catastrophic failures. They 97 

found ages ranging from the transition between Pleistocene and Holocene (ca. 13.759 years B.P.) and Medieval 98 

times (ca. 500 years B.P.), demonstrating the long-life cycle of these large landslides, subject to periodic 99 

reactivations and long periods of dormancy.  100 

The Northern Apennines have a Mediterranean climate and total annual precipitation reaches on average 1300 101 

to 1400 mm (Berti et al., 2012). The temporal pattern is characterized by intense rainfall in spring and autumn, 102 

separated by dry summers and winter months with moderate precipitation that in part occurs as snowfall 103 

(Tomozeiu et al., 2000; Pavan et al., 2008).  104 

3. Materials and Methods 105 

3.1 InSAR analysis and detection of slope deformation signals 106 

Space-borne synthetic aperture radar interferometry (InSAR) is a remote sensing technique which exploits the 107 

phase difference between two radar images that were acquired over a given track of the earth surface by a 108 

satellite. Part of the phase difference is caused by the deformation of the targets inside a pixel with respect to 109 

the sensor (Massonnet and Feigl, 1998; Rosen et al., 2000; Bürgmann et al., 2000). The technique has been 110 

78



widely used in different fields of geoscience to assess deformation processes. It provides a straightforward 111 

way to measure deformation events that occurred in the past, which is why it has been successfully applied to 112 

landsliding (Bianchini et al., 2013; Handwerger et al., 2013; Raspini et al., 2019, other citations).  113 

 114 

Figure 1 – Hillshade map of the study area and its location in the Italian peninsula (upper left inset). The bedrock lithologies 115 

correspond to: 0: Stone rocks, 1: Stone/Pelitic alternation with S/P>3, 2: Stone/pelitic alternation with 0.3<S/P<3, 3: Lapid/pelitic 116 

alternation with S/P<0.3, 4: Weakly cemented sands, 5: Consolidated clays, 6: Marls, 7: Olistostromic clays, 8: Tectonised clays and 117 

argillites, 9: Palombini clays. 118 

InSAR, however, presents three major limitations which are related to each other. 119 

1. Phase ambiguity: The differential phase of an interferogram is measured as a fraction of the 120 

wavelength, and a deformation field is mapped in the range between -π and π radians. At this point, 121 
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the phase is generally named wrapped phase, and in deforming areas, a spatial pattern called 122 

interferometric fringes can often be observed (e.g., Rosen et al., 2000). Switching from one end of the 123 

spectrum to the other is also commonly called phase-jump. Resolving this phase-ambiguity to obtain 124 

absolute values requires a process that is called phase unwrapping and can be solved numerically by 125 

different approaches (Chen et al., 2001; Hooper et al., 2007). 126 

2. Decorrelation: Especially in rural or densely vegetated areas, decorrelation of the interferogram can 127 

happen (Zebker et al., 1992). It is mainly due to surface changes between two acquisitions (temporal 128 

decorrelation), which can result from high deformation rates, rapid vegetation growth, but also snow 129 

cover. Temporal decorrelation is more likely to occur in interferograms that span long periods. 130 

Decorrelation may also occur if the distance of the sensors between two acquisitions (known as 131 

perpendicular baseline) is large, which is called baseline decorrelation. If coherence is low, 132 

unwrapping will also be more problematic (Tarayre et al., 1996). 133 

3. Phase noise: Even if the interferometric phase is coherent, it could contain unwanted residual noise 134 

due to the differential phase generated by DEM errors, atmospheric phase delay, and orbital 135 

inaccuracies (Tarayre et al., 1996; Zebker et al. 1997; Fattahi and Amelung, 2015, Xiao et al., 2022). 136 

Several multi-temporal techniques, such as persistent scatterers interferometry (Hooper et al., 2004; Ferretti et 137 

al., 2001; Ferretti et al., 2011), small baseline techniques (Schmidt et al., 2003; Berardino et al., 2002), or 138 

mixed approaches (Hooper et al., 2008), were developed to address the problems of decorrelation and estimate 139 

different error terms of the phase. More recently, various authors (Squarzoni et al., 2020; Handwerger et al., 140 

2015, 2019; Ciuffi et al., 2021) have shown that traditional two-pass interferometry can be successfully used 141 

to investigate gravitational slope movements thanks to shorter satellite revisit intervals and/or improved radar 142 

image quality. 143 

In this work, we use standard two-pass interferometry to process SAR images acquired by Sentinel-1 A/B 144 

satellites. The Sentinel images are in C-band (5.6 cm radar wavelength), and they were acquired every twelve 145 

days between October 2014 and August 2016. Acquisition frequency increased to six days after the launch of 146 

Sentinel 1B Our analysis spans between April 2015 and December 2019 and considers one descending and 147 

one ascending orbit (Figure 1). 148 
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Interferogram processing was carried out by using GMTSAR software (Sandwell et al., 2011) while the 149 

interferograms were unwrapped with SNAPHU (Chen et al., 2001). We calculated and subtracted the 150 

topographic phase (e.g., Massonnet and Feigl, 1998; Bürgmann et al., 2000) by using an external digital 151 

elevation model (10 x 10 m cell size) and reduced large-scale atmospheric effects by filtering each 152 

interferogram with a high-pass filter. As stable references, we chose geomorphological features that are not 153 

affected by deformation processes, such as ridges.  154 

Stacking interferograms improves the signal-to-noise ratio and highlights the deformation features of processes 155 

that move fast enough to observe deformation in a short period of time, but slow enough to avoid unresolvable 156 

phase jumps or decorrelation. In order to evaluate the efficiency of interferometric stacks for the mapping of 157 

active landslides for different timespans, we use three types of interferometric stacks: multi-years (covering 158 

the entire analysis period), annual and monthly. The temporal baselines of the interferograms included in the 159 

interferometric stacks vary from a minimum of 6 days to a maximum of 30 days.  160 

The interpretation of interferometric stacks led to the identification and mapping of InSAR deformation signals 161 

that are caused by active landslides. Other authors have used similar approaches to recognize active 162 

deformation processes on a regional scale (Handwerger et al., 2015; Tong and Schmidt, 2016; Ciuffi et al., 163 

2021). Our interpretation is mostly based on the local morphology described by the Digital Elevation Model 164 

(shaded relief map, slope map) and visible in aerial photographs. All IDSs are located along slopes where 165 

landslide morphology is clearly recognizable or, at least, where slope movements are coherent with the 166 

geomorphological context. An InSAR deformation signal was such when: 1) the signal does not cross a valley 167 

floor or a ridge; 2) the signal is clearly visible within the multi-year stack (in at least one orbit); 3) the signal 168 

is detectable within one (or more) annual stacks in at least one of the two orbits; 4) the signal is detectable 169 

within several monthly stacks (in at least one of the two orbits). These InSAR Deformation Signals will 170 

hereafter be referred to as IDS.  171 

The IDSs that we associate with active slope movements are typically patches exhibiting relatively high LOS 172 

velocities and high standard deviation of LOS velocity. In addition, comparative analysis of the interferometric 173 

stacks derived from the two orbits reveals that IDSs very often show inversion of the sign of the LOS 174 

displacement. For instance, if a slope faces towards west, the deformation signal is registered as range decrease 175 
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in the ascending viewing geometry, while the descending orbit measures a range increase. The inversion is 176 

compatible with displacements whose horizontal component prevails over the vertical one, such as sliding 177 

down a moderately inclined slope. Figure 2 shows a conceptual slope in which a typical IDS is shown together 178 

with InSAR signals that cannot be interpreted as slope deformations, likely topographic artifacts (Massonet 179 

and Feigl, 1998) or the effect of changes occurred at the surface (Liu and Mason, 2017). 180 

 181 

Figure 2 – Conceptual representation of a slope where an InSAR deformation signal (red polygon) is identified together with other 182 

signals likely attributable artifacts and/or noise of the interferometric data. 183 

We classified the slope deformation signals depending on the interferometric stacks which led to their detection. 184 

The category "multi-years, annual and monthly" includes IDSs detected in multi-years, annual and one or more 185 

monthly stacks. The category "annual and monthly" includes signals recognized as active in at least one annual 186 

and one monthly stacks which are not visible in multi-year stack. Finally, the category 'monthly' includes IDSs 187 

with deformation signals visible only in one (or more) monthly stacks, but go undetected in annual and multi-188 

year stacks. The choice of the above categories derives from the fact that all signals which recognized in multi-189 

year stacks are visible also in one or more annual stacks. The same applies to annual signals which can be 190 

always recognized in one or more monthly stacks. 191 

 192 

 193 
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3.2 Spatial distribution of slope deformation signals 194 

The spatial distribution of IDSs was compared with the geological and geomorphological features of the 195 

territory in order to verify the mutual spatial relationship. In the following, such features are named control 196 

elements and include bedrock lithology, land use, slope gradient, slope exposure, quaternary deposit and time 197 

from last known landslide reactivation. The latter is based on the information reported by the regional inventory 198 

and historical archive of landslides that is regularly updated by the authority (R.E.R., 2022).  199 

For this analysis we adopted a well-established technique (Meyer et al., 2014, Regmi et al., 2010) based on the 200 

theory of evidence weights (WOE) (Bonham-Carter, 1994). The WOE is a data-driven method (Bonham-201 

Carter, 1994), which is basically the Bayesian approach in log-linear form (Spiegelhalter, 1986). The WOE 202 

uses the concept of prior (unconditional) and posterior (conditional) probability for assessing the relation 203 

between a target factor (in our case the IDSs) and several control elements spatially distributed in the area.  204 

The control elements and the classes used for the analysis are reported in Table 1. Aspect and slope are derived 205 

from the 10 m cell-size Digital Elevation Model. The classes of bedrock lithology are obtained by grouping 206 

the geological formations (Panini et al., 2002) based on their age and expected geomechanical behavior. The 207 

Quaternary deposits include active landslides, dormant landslides and slope deposits. Active landslides are 208 

landslides that, at the time of the survey, showed evidence of movements on a geomorphological basis. Active 209 

landslides also include landslide deposits that at the time of the survey did not show definite signs of movement, 210 

but which nevertheless denoted recent activity signaled by evident clues (lesions to artefacts, absent or scarce 211 

vegetation, remobilized soil). Dormant landslides are gravitational deposits with no evidence of current or 212 

recent movements. They generally show a regular profile, a vegetation cover with a degree of development 213 

similar to that of the surrounding areas, and absence of recent damage to artefacts such as buildings or roads. 214 

Dormant landslides can be reactivated, since the preparatory and triggering causes that led to the failure are 215 

still present. Slope deposits are defined as deposits resulting from slope processes whose genetic attribution 216 

there remains a degree of uncertainty due to the lack of convincing evidence. Genesis may be gravitational, by 217 

surface runoff or by solifluction. Information on the timing and location of catastrophic failures of landslides 218 

(R.E.R., 2022) were used to derive the ‘time from last reactivation’ control element.  219 

 220 
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Control elements Classes 

Aspect 8 classes of 45° width 

Slope gradient 5 classes of 5° width (0° to 25°)  

+ 6th class for higher values 

Quaternary deposit 1) No data 

2) Slope deposits 

3) Active landslides 

4) Dormant landslides 

Time from last 

known landslide 

Reactivation 

0) No historical reactivation reported 

1) Last reactivation: 1 to 30 years 

2) Last reactivation: 31 to 60 years 

3) Last reactivation: 61 to 90 years 

4) Last reactivation: 91 to 120 years 

5) Last reactivation: over 121 years 

6) No data 

Land use 0) Urbanized areas 

1) Mining areas, quarries, landfills, artifact soils 

2) Artificial green areas, parks 

3) Agricultural land: arable land 

4) Agricultural land: vineyards and orchards 

5) Agricultural land: permanent meadows 

6) Heterogeneous agricultural soils 

7) Wooded areas 

8) Shrub and/or herbaceous areas 

9) Area with sparse or absent vegetation 

10) Water environment: rivers, lakes 

Bedrock lithology 0) Stone rocks 

1) Stone/Pelitic alternation with S/P>3 

2) Stone/Pelitic alternation with 0.3<S/P<3 

3) Stone/Pelitic alternation with S/P<0.3 

4) Weakly cemented sands 

5) Consolidated clays 

6) Marls 

7) Olistostromic clays 

8) Tectonized clays and argillites 

9) Palombini clays 

Table 1 - Control elements and classes used for the analysis. 221 

The control element rasters were cross-referenced with the IDS inventory. For each class j of the control 222 

elements Vi (with j = 1...n), we evaluated the number of cells corresponding to the four possible combinations 223 

of the confusion matrix (Table 2). The data are used as basic information for the determination Contrast (C). 224 

C is a statistical parameter that expresses the degree of correlation between a given factor (the class of a control 225 

element, V i,j) and the dependent variable (in our case the IDSs). 226 

The Contrast is obtained from the difference of the weights W+ i,j e W- i,j: 227 

C i,j = W+
 i, j + W-

 i,j                                                                                                                                                                                                                                                            [1] 228 

 where: 229 

 W+
 i,j = log {[N pix1 / (N pix1+ N pix2)] / [N pix3 / (N pix3+ N pix4)]} 230 
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 W-
 i,j = log {[N pix2 / (N pix1+ N pix2)] / [N pix4 / (N pix3+ N pix4)]}                                                            [2] 231 

W+ i,j expresses the probability of finding a specific class (V i,j) in an IDS. In the other hand, W- i,j expresses 232 

the degree of anticorrelation of that class with the dependent variable. If the value of C is positive (C > 0), the 233 

class of the control element is favorable to the development of an IDS; if, on the other hand, the value of C is 234 

negative (C < 0), it is unfavorable. When C is small, there is no statistical correlation between IDSs and the 235 

considered factor-class. 236 

 Control element (V i,j) 

Present (1) Absent (0) 

IDS Present (1) N pix1 N pix2 

IDS Absent (0) N pix3 N pix4 

Table 2 - Intersections between InSAR deformation signals and classes of control elements. 237 

Uncertainty has to be considered when interpreting C values. In general, we can say that the uncertainty 238 

increases when a certain factor-class occupies a small portion of the area. With the aim of estimating the 239 

uncertainty associated with C, we used a bootstrapping technique. This approach involves the generation of N 240 

synthetic rasters of random polygons whose size and total area are comparable to those of IDSs. Each synthetic 241 

raster is then intersected with control elements (Table 1) and the C values (N contrast values for each class of 242 

control element, V i,j) are computed. The mean value and standard deviation of C is then calculated for each V 243 

i,j. We adopt the standard deviation to describe the statistical variability and evaluate the uncertainty associated 244 

with C, calculated for mapped IDS. When C, considering the associated uncertainty, is greater (or less) than 245 

zero, the control element is positively (or negatively) correlated with the presence of IDS.  246 

3.3 Velocity time series of IDS 247 

To derive velocity information of all mapped IDSs we use monthly interferometric stacks. In general, when a 248 

landslide moves along the downslope direction and the horizontal component is larger than the vertical, the 249 

radar signal will show a range increase in one viewing geometry and, range decrease in the other. Theoretically, 250 

if the vertical component is relevant, the range may increase in both geometries, due to the lowering of the 251 

ground surface. This is rarely observed along the relatively gentle slopes of our study area. To limit complexity, 252 

we use the viewing geometry registering a range increase to extract the IDS velocities.  253 
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The LOS displacement rate of an IDS, in each monthly interferometric stack, is described by the pixel values 254 

in the IDS polygon. Their number is several hundred and their distribution typically shows a positive skewness, 255 

particularly when the signal is active (Figure 3). We use the 75th percentile of the LOS velocity values (V75) as 256 

a descriptor of the landslide velocity because we are interested in the high values of the distribution describing 257 

the most active portions of the landslide. In fact, it can happen that only portions of the mapped signal move 258 

and that the rest are still, slower or affected by residual noise. When the decorrelation compromises our ability 259 

to recognize the signal, we assign ‘no value’ to V75. 260 

 261 

Figure 3 - Frequency histograms of LOS velocities from monthly stacks for IDS #6 (see Figure 13). In April 2018 (left) and February 262 

2019 (right) the distributions and their V75 values indicate that the landslide is actively moving. In January 2019 (middle), the 263 

landslide is dormant.  264 

3.4 Comparison between IDS velocities and rainfalls 265 

The comparison between InSAR-derived displacement rates and rainfall parameters necessarily requires some 266 

adjustments. We face problems that pertain to the low temporal of InSAR data, to the spatial variability of 267 

rainfalls and to the objective definition of rainfall event. Therefore, we use an approach based on the binary 268 

classification of both deformation signal velocities and rainfalls.  269 

The binary classification of landslide activity is based on a limit value of V75. Such value is derived from the 270 

visual interpretation of monthly interferometric stacks: it distinguishes the 'active state' (i.e. a clearly 271 

recognisable deformation signal) from the 'inactive state' (i.e. a weak or absent deformation signal). 272 

Figure 4 shows a conceptual slope in which an IDS was recognized and illustrates how we classify its state of 273 

activity. Based on the interpretation of interferometric monthly stacks for each IDS, the V75 limit value is set 274 
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at 55 mm/yr for all mapped IDSs. Given displacement velocity information obtained from stacked 275 

interferograms includes missing values, the binary time series of activity is not complete. 276 

Figure 4 on the right shows the distribution of the velocity values of stable areas outside the IDSs and IDSs 277 

during inactive states. They also show the distribution of IDS velocities during active states. This difference 278 

in the distributions shows how the IDSs have a distinct 'footprint' with respect to the study area and justifies 279 

the identification of the activity threshold. 280 

 281 

Figure 4 – Conceptual representation illustrating the binary classification of the IDS activity. The two sketches illustrate an active 282 

deformation stage (left) and a dormant stage (center). The graph on the right illustrate ideal distributions of LOS velocities derived 283 

from a monthly interferometric stack during the different stages. 284 

Although there is general agreement on the importance of precipitations as landslide triggering factor (Guzzetti 285 

et al., 2020), the evaluation of the triggering rainfalls over a large territory can be very complicated, also given 286 

the possible role of antecedent rainfalls. For our analysis, we rely on the aggregated rainfall data that are used 287 

by the Emilia Romagna Region Civil Protection for their landslide early warning system. They are based on 288 

the measurements taken by tens of rain gauges within the so-called Alert Zones (Figure 5). In our case, the 289 

Alert Zones are two: area C1 covers the upper part of the area up to the main divide, area C2 covers the lower 290 

part and extends to the plain.  291 

Since rainfall measurements are available at much higher resolution than InSAR-derived landslide activity 292 

information, it is necessary to downsample the data to allow comparison. To this purpose we used the rainfall 293 

thresholds defined by Berti et al. (2012) to predict the occurrence of landslides in the Emilia-Romagna region. 294 

The authors took advantage of the historical landslide archive, which includes more than 4000 events whose 295 
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date of occurrence is known, to investigate the relationship between landslides and rainfall parameters. They 296 

showed that landslide probability increased with higher rainfall duration and intensity, and proposed rainfall 297 

thresholds associated to increasing probability of landslide occurrence over a reference territorial unit (Alert 298 

Zone). Hence, thresholds are lines of equal landslide probability in the rainfall duration-intensity chart. 299 

Probability values refer to the entire Alert Zone, such as C1 and C2 (Figure 5).  300 

 301 

Figure 5 – Shaded relief map of the study area and spatial distribution of InSAR deformation signals (IDS). The map reports also the 302 

two Alert Zones for which aggregate rainfall values were used. 303 

Based on these thresholds, we classified solar months depending on the rainfalls occurred. Each month, we 304 

check for the exceedance of the rainfall threshold associated to a given landslide probability. The months 305 
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during which the threshold was exceeded by one or more rainfall events are classified as ‘wet’. Otherwise, 306 

they are classified as ‘dry’. The wet/dry month classification is done separately for the two areas for increasing 307 

probabilities of landslide occurrence. We selected this method (see section 3.4) rather than taking into 308 

consideration monthly rainfalls or other precipitation parameters because landslide triggering is related to 309 

intense rainfall episodes rather than total rainfalls (Squarzoni et al., 2020).  310 

4. Results 311 

4.1 Regional and multiple temporal scales InSAR analysis 312 

We identified and mapped active landslides by stacking interferograms on different time scales. As explained 313 

in section 3.1, regardless of the stack duration, we use only 6 to 24 days interferograms to minimize 314 

decorrelation. Therefore, we do not expect to measure displacement rates in different ranges, depending on the 315 

stack duration. Rather, we expect to characterize the style of activity of our landslides by distinguishing, for 316 

example, sustained slope movements from shorter impulsive deformation that may occasionally involve 317 

landslide deposits.  318 

In total, through our InSAR analysis, we detected 118 active slope movements in the predominantly hilly and 319 

mountainous terrain of the study area (Figure 5). The deformation signals have a plan area ranging from about 320 

0.006 to 0.661 km2, with an average of 0.81 km2.  321 

Figure 6 shows the LOS velocity distribution for the study area and the 118 mapped IDSs. The velocity values 322 

shown are extracted from annual stacks, which represent the data on which most of the recognition and 323 

mapping process was carried out. The IDS distributions show notably higher velocities when compared to 324 

those pertaining to the whole study area, which appear normal and centered on null values. Also, deformation 325 

signals typically show positive skewness confirming their peculiarity and different footprint.  326 

Many IDSs (67) are recognized in landslide deposits mapped by the landslide inventory (Trigila et al., 2010). 327 

They show that part of the mapped landslide deposit or the whole of it are experiencing measurable surface 328 

displacement. We classified the relative position of the IDS and the landslide. Figure 7 shows the frequencies 329 

of the five categories that we used.  330 

89



 331 

Figure 6 - Comparison of velocity distribution for the study area and the 118 mapped IDSs. Velocity values are extracted from annual 332 

stacks and are for the years 2017 and 2018. 333 

The majority of IDSs indicate that only a portion of the landslide (about 90%) is actively deforming. Only in 334 

ten cases, we observe surface displacements across the whole mapped deposit. Active movements tend to 335 

localize in the medium and upper part of the landslide while, further downslope, the accumulation area is more 336 

often dormant. Such result is consistent with the observation that the source area is typically the most active 337 

part of the landslide and that most landslide reactivations begin with failures involving the upper/lateral scarp 338 

of the landslide and propagate downslope (Bertolini et al., 2004; Simoni et al., 2013). 339 

 340 

Figure 7 - Location of slope deformation signals in relation to the landslides mapped by the inventory (R.E.R., 2022). 341 
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Figure 8 shows two sample portions of the study area, whose location is reported in Fig. 5, where deformation 342 

signals are mapped and appear differently depending on the stack duration: multi-year (a-d), annual (2018) (b-343 

e) and monthly (December 2019) (c-f). 344 

All interferometric stacks show a continuous coverage of the territory with residual noise (i.e., the random blue 345 

and red "spots") that is more abundant in monthly stacks and is almost absent in the annual and multi-year 346 

stacks. Signals interpreted as the effect of residual noise are preferentially located along steep, vegetated slopes 347 

and were observed throughout the entire study area. 348 

 349 

Figure 8. Stacked interferograms of two sample areas and different duration: entire analysis period (a, d), the year 2018 (b-e) and 350 

December 2019 (c-f). The location and extent of the sample areas are reported in Figure 6. 351 

Figure 9 illustrates the result showing that about 40% of the IDSs can be detected in interferometric stacks of 352 

all durations. Nearly 50% of the IDSs are clearly detectable only in the annual and monthly stacks, while only 353 

10% of the signals are visible only in the monthly stacks. This result clearly indicates that the vast majority of 354 

slope deformation signals (i.e., 90%) are clearly detectable in the annual stacks while a smaller fraction (i.e., 355 
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10%) requires the analysis of monthly stacks for detection. Of course, visually inspecting and interpreting 356 

monthly stacks is much more time-consuming than annual stacks. Furthermore, monthly stacks contain some 357 

decorrelation due to residual noise that may complicate the interpretation and often disappears in annual stacks. 358 

On the other end of the spectrum, multi-year stacks do not offer any advantage over annual, based on our 359 

results. Annual stacks proved the most suitable for the detection of slope movements and offer the best signal-360 

to-noise ratio, although some occasional and short duration phenomena can be detected only in monthly stacks. 361 

These results cannot be generalized because of the diverse types of landslides, rates of movement and style of 362 

activity that can be found in other geological context (Cruden and Varnes, 1996). 363 

 364 

Figure 9 - Frequency of detected IDSs in stacked interferograms of different duration.  365 

4.2 Spatial distribution of InSAR deformation signals 366 

By comparing the distribution of IDSs over the territory with six control elements (Table 1), we obtain an 367 

objective measure of their mutual spatial correlation. The values of the Contrast index, which is a measure of 368 

such correlation, are shown in Figure 10 together with associated uncertainties (see Section 3.2). Results are 369 

consistent with the geological and geomorphological characteristics and strongly indicate that the distribution 370 

of IDS within the study area is not random.  371 

Slope aspect (Figure 10a) has a positive correlation for predominantly East and Southeast-facing slopes, while 372 

it is negative for slopes facing North, South and Southwest. For the remaining orientations, the value of the 373 

index is too low to give any meaningful indication. Overall, the correlation with the slope aspect appears to be 374 

conditioned by the orientation of the satellite's line of sight (LOS), which is oriented E-NE in the ascending 375 
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orbit and W-NW in the descending orbit. In fact, North and South-facing slopes, whose movements are hardly 376 

visible in both orbits because approximately orthogonal to the LOS, show strong negative correlation. However, 377 

when interpreting the results, it must be considered that slopes have preferential orientation towards E and W 378 

in the study area (Figure 5). 379 

Spatial correlation with slope gradients (Figure 10b) indicates that signals are most abundant along moderately 380 

steep slopes (7.5° to 17.5°), while the negative correlation becomes progressively stronger for higher gradients. 381 

The result is a logical consequence of weak fine-grained rocks producing gentle relief and being the most 382 

susceptible to landslides, in the Emilia Romagna region (Bertolini et al., 2002). They include pelitic flysch, 383 

clay shales and argillites. Our analysis, demonstrate that the bedrock lithology has a strong influence also on 384 

the distribution of active slope movements identified by IDSs. In fact, all the landslide-susceptible lithologies 385 

(classes 2, 7, 8 and 9) are associate to significant positive values of the Contrast index while all the remaining 386 

lithologies have negative correlation with active slope deformations (Figure 10d). 387 

Comparing IDS with quaternary slope deposits, we found that mapped landslide deposits, both active and 388 

quiescent, show a significant positive correlation (Figure 10c). On the contrary, the correlation of generic slope 389 

deposits (i.e., genesis uncertain/not recognizable) is not significant. The 35 IDS located along slopes where no 390 

deposit is mapped indicate either pre-failure deformation of incipient landslides or undetected active landslides. 391 

This information has an obvious relevance for land-use planning and civil protection purposes. 392 

The time interval since the last episode of recorded landslide reactivation can be determined thanks to the 393 

landslide archive of the Emilia-Romagna region (R.E.R., 2022). Such information is crucial to make any 394 

reasoning about event frequency and understand the cyclic behavior of landslides. The degree of spatial 395 

correlation of IDSs and recent landslides (Figure 10e), shows significant positive C values, up to 60 years. It 396 

should be noted, however, that the completeness of the archive decreases for older episodes and that there is 397 

no information regarding about 2/3 of our signals. 398 

Finally, comparing IDS with land use (Figure 10f), significant positive correlations (C>>0) is found for classes 399 

3 and 7, defined by arable land and wooded areas, respectively. The result is important in that indicates that 400 

our standard InSAR analysis is capable of a territorial coverage good enough to investigate vegetated areas, at 401 

least in our study area, where slopes are gentle. Significant negative correlations are found for classes 2 402 
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(artificial green areas and parks), class 4 (vineyards and orchards) and class 10 (water environment). For the 403 

remaining classes, the correlation is non-significant. 404 

 405 

Figure 10 – Contrast index (C) values obtained for the control elements (Table 1). Positive values indicate the existence of a spatial 406 

correlation between the specific class of the control element and IDSs. Error bars describe the uncertainty associated to the 407 

correlation measure, numbers in the histograms indicate the number of IDS belonging to each class. 408 

4.3 Comparison of IDS state of activity and rainfall forcing 409 

The intensity of the interferometric signal describes the state of activity of the slope movement and shows 410 

either no deformations (Figure 11a, g) or ground displacement with variable degrees of activity (Figures 11b, 411 

c, d, e, f, h).  412 

The results of the comparison between our InSAR results and rainfall forcing can be visually inspected in 413 

Figures 12 and 13. The graphs illustrate the behavior of IDS through time, for the two areas C1 and C2, in 414 

comparison with the distribution of wet/dry months which, in this case, are classified based on the rainfall 415 

threshold associated to a landslide probability of 60% (see Section 3.4). The two figures show how many IDSs 416 
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are in active state during a given month and allow to appreciate the evolution of all 118 slope deformation 417 

signals through time as revealed by monthly stacked interferograms. Although appreciable, the relationship 418 

between the exceedance of the rainfall threshold (blue bands) and the deformation signal 419 

reactivation/acceleration is far from mechanistic. For example, May 2017 is classified as a dry month but many 420 

active IDS (65/118) are identified in both C1 and C2 areas. The opposite is found in November of the same 421 

year when few active IDS (6/118) are observed despite the wet month classification. Different factors may 422 

explain these findings. First, one should consider that landslide rainfall thresholds describe the probability of 423 

having at least one landslide over a large mountain territory (about 2600 km2 on average) where thousands of 424 

landslide deposits are recognized along the slopes. The presence of many inactive landslides during a rainy 425 

month can therefore be seen as perfectly normal. Second, our monthly temporal resolution could cause the loss 426 

of some rainfall-acceleration matches (i.e., a rainfall event occurring late in the month may lead to an 427 

acceleration that is revealed only in next-month interferograms). Once a landslide is accelerated due to 428 

abundant rainfalls, its motion can persist for some time before it gets back to inactive (Leroueil et al., 1996) 429 

and this may explain many active signals in dry months. Third, our InSAR analysis may miss failure episodes 430 

associated to displacement rates too high to be measured (i.e., > 120 mm/yr approx.) or occurring during spring 431 

months when the rapid growth of the vegetation typically causes decorrelation.  432 

In order to explore the correlation of our slope deformation signals with rainfall, we analyze the scenarios 433 

generated by using a range of landslide probabilities. In general, higher landslide probabilities are associated 434 

to higher rainfall thresholds in the duration-intensity space which operate the selection of more ‘extreme’ 435 

rainfall events. The binary classification tools are used to measure objectively the results of the comparison 436 

(Figure 14a). Each wet month, active deformation signals are counted as ‘true positive’ cases (tp) and inactive 437 

signals as ‘false positive’ (fp). Each dry month, active deformation signals are counted as ‘false negative’ (fn) 438 

and inactive ones as ‘true negative’ cases (tn). Here, we are not evaluating the goodness of the forecasting 439 

model (i.e., rainfall threshold) but rather trying to verify whether more deformation signals activate or 440 

accelerate following intense rainfall events. Therefore, we use two common binary statistics indexes which 441 

measure the rate of IDSs showing an activity status compatible with the climatic conditions of the 442 

corresponding month. The positive predictive value, or precision (ppv) measures the rate of active deformation 443 
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signals during wet months. The accuracy (acc) measures the overall rate of ‘true positive’ and ‘true negative’ 444 

cases.  445 

- ppv: (tp)/(tp+fp)                                                                                                                                               [3] 446 

- acc: (tp+tn)/(tp+tn+fp+fn)                                                                                                                                                [4] 447 

Indexes are calculated for Alert Zone landslide probabilities in the range 10 to 90% and results are reported in 448 

Figure 14b. It shows that both ppv and acc increase with the severity of climatic conditions (i.e., higher 449 

landslide probability). In other words, the precision index (ppv) describes the percentage of active IDSs during 450 

wet months classified based on a given rainfall threshold. By using all the rainfall thresholds associated to the 451 

range of landslide probabilities, we describe the variation of incidence of actively deforming slope movements. 452 

Similar results are obtained for the accuracy index (acc). 453 

454 

Figure 11. Examples of monthly interferometric stacks for two example deformation signals. The sequence a-d shows the March to 455 

June 2017 period and sequence e-h shows April to July 2017 (red and black rectangles in Figure 13, respectively). 456 

96



 457 

Figure 12 – Summary chart representing the state of activity and displacement rates (V75) of all slope deformation signals (IDS) 458 

detected over area C1. Blue bands identify ‘wet’ month during which the rainfall threshold for landslide occurrence (60%) was 459 

exceeded. Red and black rectangles identify the stacked interferograms of Figure 11, blue rectangles identify landslide catastrophic 460 

reactivations documented in the regional landslide archive (R.E.R., 2022).  461 
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 462 

Figure 13 – Summary chart representing the state of activity and displacement rates (V75) of all slope deformation signals (IDS) 463 

detected over area C2. Blue bands identify ‘wet’ month during which the rainfall threshold for landslide occurrence (60%) was 464 

exceeded. Blue rectangles identify landslide catastrophic reactivations documented in the regional landslide archive (R.E.R., 2022). 465 

 466 
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 467 

Figure 14. a) Conceptual representation of the binary classification used to compare the state of activity of IDSs to the rainfall 468 

conditions described by the exceeding, or not, of the rainfall threshold. b) Rate of active deformation signals during ‘wet’ months 469 

(ppv) and overall rate of IDS activity coherent with rainfall conditions (pnv) for increasing landslide probabilities predicted by 470 

rainfall thresholds for the Alert Zone. 471 

Conclusive remarks 472 

We used standard 2-pass interferometry to investigate slope deformations in a 1200 km2 portion of the Northern 473 

Apennines of Italy where landsliding is widespread. Our investigation runs from April 2015 to December 2019 474 

and makes use of short duration (6-24 gg) C-band interferograms to detect active slope movements and monitor 475 

their evolution.  476 

Results show that stacking interferograms allows to increase the signal-to-noise ratio and derive quasi-477 

continuous deformation maps (Handwerger et al., 2015; Dini et al., 2019, Ciuffi et al., 2020). In our study area, 478 

these results are favored by the gentle morphology where steep slopes (>30°) are relatively rare. 479 

Based on visual inspection and interpretation of stacked interferograms, we detected 118 active slope 480 

deformation signals (IDS) that are most likely associated to landslides. The majority of them is better 481 

recognized in annual interferometric stacks which show very little residual noise and allow clear detection of 482 

slow sustained movements. 13% of our IDS can be detected only in monthly stacks, most likely because their 483 

activity is discontinuous in time. Taking longer duration multi-year interferometric stacks into consideration 484 

has proved ineffective as it does not allow to identify further phenomena. When compared to the number of 485 

landslides mapped by the regional inventory, our active slope deformation signals account for only 1.2% 486 
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indicating that a large number of landslide deposits did not experience detectable displacement rates (>30 487 

mm/year approx.) during the study period. 488 

Our inventory of active slope movements may be incomplete because of some deformations could go 489 

undetected due to their small extension (< 0.2 km2 approx.), fast pace (>120 mm/yr approx.) or location along 490 

steep, unfavorably oriented slopes. On the other hand, the slope movements detected by our interferogram 491 

stacking analysis, show remarkable correlation with the geological and geomorphological parameters usually 492 

associated to landsliding, indicating that their distribution on the territory is actually linked to the action of 493 

slope gravitational phenomena. Most of the IDSs are located along slopes consisting of weak, fine-grained 494 

lithologies with slope gradients between 5 and 15°, reflecting the landslide susceptibility of the study area 495 

(Simoni et al., 2013). Positive spatial correlation is found with landslide deposits mapped in the regional 496 

inventory and, among them, phenomena that experienced catastrophic failures in the last decades have higher 497 

chances of being subject to active deformation.  498 

The use of interferometric stacks for the detection and mapping of active deformation signals shows its 499 

usefulness as a tool for landslide hazard recognition. It allows to identify the active portions of landslides even 500 

in areas where stable reflectors are scarce or absent. By using short duration interferograms, it pushes the upper 501 

limit of the measurable displacement rates to over 100 mm/yr, which exceed the rates measurable by multi-502 

temporal InSAR techniques (Raspini et al., 2019). Although the accuracy of our displacement measurements 503 

is not comparable to these latter (Cohen-Waeber, 2018), nor to ground-based monitoring, interferogram 504 

stacking appears a viable method to detect active slope movements in rural mountain areas where good quality 505 

scatterers are scarce or absent.  506 

We pushed our analysis further by analyzing a large number of stacked interferograms pertaining to short 507 

monthly intervals and found satisfactory results in capturing the variable degree of activity (i.e., displacement 508 

rate) exhibited by our slope deformation signals over time. Not all monthly stacks can be used for this purpose: 509 

about 30% of the total are discarded due to decorrelation which is more common in the spring months when 510 

the vegetation grows rapidly (Squarzoni et al., 2020) or in the winter months when some snow cover is present 511 

(Manconi, 2021). The resulting displacement rate time series were compared to rainfall forcing making use of 512 

the rainfall thresholds associated to territorial landslide probabilities (Berti et al., 2012). In general, we observe 513 
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a good correspondence between rainfalls and IDS activation. Considering increasing landslide probabilities 514 

(i.e., heavier rainfalls), the percentage of actively moving landslides increases. During dry months, a relevant 515 

fraction (about 15%) of our slow-moving landslides still exhibit appreciable deformation indicating that, its 516 

motion can persist for some time. 517 

Our work contributes to expand the possible applications of standard InSAR in the broad field of landslide risk 518 

management. Standard InSAR acquired significance in such context thanks to the decrease of the revisit times 519 

of the satellites (Torres et al., 2012), which determines a substantial decrease of decorrelation. Longer 520 

wavelength sensors (Filippazzo and Dinand, 2017) might further contribute in the near future to increase the 521 

performance of satellite radar interferometry in rural areas. Interferogram stacking appears as an efficient tool 522 

to update existing landslide inventories and/or create inventories of active slope movements. Our analysis 523 

indicate that it can also be used as an instrument of territorial surveillance and monitoring over large mountain 524 

areas.  525 
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        6. Discussion and General conclusions 

The general results of the thesis can be grouped in two main categories, one of which deals with technical 
issues related to the application of radar interferometry for the detection and monitoring of landslides. The 
second category includes geological and geomorphological issues that were investigated by the different 
InSAR datasets and that enhance our knowledge of landslide dynamics.  

My research aimed to test the potential of different InSAR results, in terms of single interferograms and 
interferometric stacks of different time scales (monthly, yearly, multi-year), for the recognition and mapping 
of deformation signals (IDS), as well as for the extraction of displacement time series. 

From a technical point of view and as demonstrated within the document, it can be stated that the areal-
scale InSAR analysis can successfully identify the boundaries of active deformation processes during the study 
period, while the site-specific analysis improves the results in terms of spatial pattern and absolute velocity 
value.  

From a theoretical point of view, the technique is able to measure displacements of up to 2.8 cm/6 days 
along the LOS, when using Sentnel-1 images. This value represents a complete cycle between -π and +π and 
corresponds to half of the Sentinel-1 satellites' acquisition wavelength value (5.6 cm). However, in the works 
presented in this document, we were able to derive velocities up to 2.1 cm/6 days and, this value, represents 
our upper limit of investigable velocity. We have defined a lower limit value of 30 mm/year, below which we 
are unable to discriminate an active process, while deformations above 2.1 cm/6 days cause phase jumps of 
more than one cycle, generating decorrelation that we are unable to solve (fast-displacement decorrelation). 

The highest velocities along the LOS that have been detected correspond to 2.1 cm/6 days, while the lowest 
velocities correspond to 30 mm/yr. For the detection of deformation processes with displacement rates 
below 30 mm/yr, it is possible to increase the temporal baseline, but this would cause an increase in 
decorrelation, or it would be necessary to apply multi-temporal InSAR techniques (Ferretti et al., 2001). For 
processes with high displacement rates, however, InSAR techniques are not a valid tool. 

With the work described in Chapter 3, it is possible to appreciate how, by setting the InSAR reference area 
close to the deforming region, the accuracy of the deformation signals improved. This is probably due to the 
similar atmospheric conditions of the stable reference area and the moving landslide. In this work (Chapter 
3), InSAR analysis was applied to three processes that suffered catastrophic failure, with the aim to 
investigate the deformations prior to failure. We successfully derived information on the deformation 
patterns in the periods prior to the catastrophic failures with maximum measured velocities along the LOS of 
160 mm/month. In addition, stable reflectors within the study area (especially on slopes affected by active 
deformation) are absent or very scarce, and standard 2-pass InSAR is the only way to identify active processes 
and detect movement before failure. 

The analysis was successfully conducted on several study areas and allowed us to detect signals related to 
active deformation processes. Interferometric stacks with longer durations, such as multi-year and annual, 
which are obtained by overlapping interferograms with lengths varying between 6 and 60 days, are the ones 
that allow the detection of the greatest number of IDSs. In fact, as discussed in Chapter 5, the IDSs detectable 
only in the monthly stacks, constructed with interferograms with a maximum temporal baseline of 30 days, 
are few (13%), while a significant fraction (87%) appears more clearly in the annuals. 

Useful information on active processes is recorded in the annual stacks, even for IDSs that move very slowly 
and are invisible in the monthly stacks. Multi-year interferometric stacks can hide processes that are not 
characterised by temporal continuity, while monthly stacks, on the other hand, present a lot of noise and 
their inspection requires more time, which, for our study goals, does not justify their use. They can be 
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particularly useful in the case of landslide phenomena that have a less continuous style of activity over time 
and are characterised by rapid accelerations of relatively short duration. 

Within the study areas, mainly defined by agricultural land, wooded areas, shrub and herbaceous areas, the 
results presented show that it is possible to obtain quasi-continuous deformation maps of the ground, even 
in cases where the LOS show relatively high displacement rates. A key role is played by the quality of the raw 
data, characterised by small spatial and temporal baseline values (6 days for Sentinel-1), which allowed us to 
perform stacking processing. Our results demonstrate that the interferometric stack is the most suitable tool 
for landslide detection and mapping. 

The operator's expert interpretation is crucial and geological and geomorphological knowledge of the study 
area is required when inspecting the InSAR data. For the validation of an IDS, as many evaluation criteria as 
possible must be satisfied, e.g. the deformation signal shows a clear velocity inversion when using data sets 
acquired with different flight geometries (ascending and descending), it is recognisable within different 
datasets acquired with the same flight geometry, the deformation is present within different monthly stacks 
or it is clearly recognisable within annual or multi-year stacks, and finally, it is necessary that the deformation 
signal has geological and geomorphological significance. For example, if a signal crosses a ridge or valley, it is 
much more possible that it is due to an artefact in the InSAR data, rather than a deformation process. This 
inspection and interpretation step is absolutely essential to discriminate the interferometric signal associated 
with active deformation processes from those associated with artefacts and errors in the InSAR data. 

The paper presented different methodologies and different data used for the extraction of the displacement 
time series derived from InSAR. The results show that traditional two-pass interferometry can provide useful 
information for investigating the temporal evolution of active deformation processes. Depending on the 
goals of the work, we can choose between different categories of InSAR results. The extraction of 
displacement time series from monthly interferometric stacks provides datasets with one value per month. 
This dataset can be useful when we want to make comparisons with data with a similar temporal resolution, 
or when we want to study the behaviour of active processes on a monthly and seasonal scale. The 
construction of displacement time series by using 6-day interferograms, on the other hand, allows for denser 
density displacement series. They are useful when we want to investigate the behaviour of a landslide, for 
example, linked to a single rainfall event, or when, as shown in Chapter 4, we want to analyse relationships 
with climatic parameters characterised by high temporal resolution. 

From a technical point of view, using single 6-day interferograms is more laborious. A greater amount of time 
may be required for data validation and interpretation, which is why this approach has been adopted for only 
a few IDSs in this paper. The extraction of displacement time series from monthly interferometric stacks is a 
simpler process and probably more suitable for the analysis of a large number of deformation processes. 
From a practical point of view, after validation of the interferometric stacks, it is possible to extract time 
series for all IDSs of interest. 

The possibility of being able to compare displacement time series and deformation maps derived from InSAR 
(represented by single interferograms, or interferometric stacks) defines interesting opportunities. This, as 
shown, allows the definition of activity thresholds for the studied landslides. Deriving binary “active/inactive” 
information on the analysed processes allows the construction of useful datasets that find applications in risk 
mitigation and warning system validation contexts. However, the expert analysis of the operator during the 
threshold definition, is a crucial step in the work. 

Regarding the comparison of displacement time series derived from 6-day interferometry, climate 
parameters and geographic alert thresholds, described in the work in Chapter 4, the results showed that 
traditional two-pass interferometry can provide useful information for the validation of geographic alert 
systems. As mentioned, the promising results of the work indicate that by increasing the duration of the 
analysis period, by using the proposed approach, it is possible to detect and monitor the evolution of active 
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gravitational slope movements over the regional territory. Moreover, thanks to the short revisit time of the 
Sentinel-1 satellites, it is possible to think about the implementation of near real-time warning systems in 
which climate parameters are compared weekly with the results of the 6-day interferogram analysis. 

From a geological point of view, IDSs are commonly placed on landslide deposits and, when they are outside, 
they are placed on slopes that appear potentially unstable based on simple morphological observation. These 
signs could correspond to deformation processes not recognised by the inventory or neo-activation 
landslides. A difference between the results described in the work in Chapter 4 and Chapter 5 is the 
percentage of IDSs located on slopes without mapped landslides. For the work carried out on the Umbria 
region (chapter 4), this percentage is much higher (35%), compared to the analysis carried out for the work 
described in chapter 5, which concerns a large basin in the Emilia-Romagna region (only 3%). This difference, 
rather than from a different efficiency of the mapping operation, from a geological and geomorphological 
point of view, can be explained by the way that the landslides characterising the area analysed in Emilia-
Romagna present more visible geomorphological evidence. Landslides are often represented by large earth 
flows, characterised by typical morphologies and more marked boundaries, as well as larger extensions, 
unlike the landslides found in the Umbria region. The latter, in fact, are often represented by translational 
landslides of smaller extension and, therefore, present less visible evidence if they do not involve 
infrastructures or human buildings.  

The deposits on which the IDS are located have similar features. They are defined by low slope gradients 
resulting from the weak mechanical characteristics of the lithologies typically involved (e.g. fine-grained 
sedimentary rocks). Slopes with these characteristics often host slow-moving landslides, which are the 
categories of landslides that can be studied with InSAR. 

A further result of geological interest derived from the analysis and discussed in Chapter 5, is the information 
describing the processes activated in the last 30 years as the most active and detectable by the InSAR analysis. 
As mentioned, this result can be explained by the idea that recently activated processes have not yet reached 
their equilibrium condition and are more prone to show catastrophic activations and/or small deformations 
over time. From the perspective of risk assessment, this information can be particularly useful, as it identifies 
phenomena that are more prone to deformation. This information also underlines the importance of having 
a deformation inventory that is as reliable and accurate as possible. 

A reassuring result of the work described in this paper is the percentage of active landslides in relation to 
mapped landslides. Although the time intervals analysed span, in all cases, dry periods and periods 
characterised by precipitation events, this value is always very low. For the study area related to the work in 
chapter 3, only 4 landslides out of 182 (2.2%) were active during the study period (4 years); about 2% in the 
Umbria region (chapter 4) and only 1.2% in the wide basin of Emilia-Romagna (chapter 5). It is possible that, 
due to the limitations of the technique, particularly fast phenomena (such as rock falls or debris flows) were 
not detected, although they did occur. The same may be true for extremely slow processes, such that they 
cannot be measured with InSAR. 

Anyway, it is possible to state that the slopes characterised by slow and continuous deformation, or which 
suffer catastrophic failure, are few in number compared to the landslides mapped. This may be related to a 
different climatic regime that characterised the time intervals studied, to the stabilisation of many previously 
unstable slopes, or to the extremely low displacement velocity that can characterise processes such as the 
great earth flows of the Northern Apennines. 

InSAR-derived displacement time series allow the analysis of relationships between ground deformations 
and climate forcings. 

In a case study (Chapter 3) we observed a decrease in velocity is observed in late summer, although the 
general trend cannot be described as seasonal, but rather dependent on the rainfall regime. Repeated 

111



accelerations are generally observed during the wettest periods with a delayed peak compared to the 30-
day cumulative rainfall, although the reactivation in late 2019 occurred at the peak of a rainy period without 
any appreciable delay. As mentioned, our analysis shows that major precipitation events on a weekly or 
monthly scale are the main drivers of accelerations and reactivations in the study area. Rather than seasonal 
variation, in this work we observed a general tendency for the lowest annual velocities to occur during the 
late summer.  

By comparing the displacement time series extracted from the monthly stacks with the landslide activation 
probability thresholds (Chapter 5), also based on climatic parameters, we show that there is generally a good 
correspondence between the rainfall event and the activation of IDSs. The percentage of active IDSs in rainy 
months increases as the probability of activation increases, while the percentage of active landslides in dry 
months is moderate and remains fairly constant as the probability thresholds change. 

In conclusion, it can be said that InSAR is a useful technique that has contributed to integrating our knowledge 
of slow landslides in the Northern Apennines and beyond. However, care must be taken during InSAR 
processing and interpretation of the results. In particular, when setting the different parameters for 
unwrapping and selecting the interferograms, in order to obtain reliable data sets. 

Traditional two-pass interferometry is useful for studying landslide dynamics. From a spatial point of view, it 
provided good land coverage and proved capable of detecting active slope movements from a few 
centimetres to a few tens of centimetres per year.  

The results obtained by the Sentinel-1 satellites, which has been acquiring images at a temporal frequency 
of less than 12 days (6 days if both satellites are in operation) since the end of 2014, have been promising 
and suggest that InSAR will increasingly become a powerful tool for landslide monitoring. 
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