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Such an integration has been achieved by a sequence of actions:

1. Merging of available data to i) check and erase duplicates and,
ii) if needed, correct the location and/or attribute a type of
movement, by means of DTM- and orthophoto-based interpre-
tations. Specifically, to check for duplicates between the various
DBs, buffers of 20 m were created around each landslide: their
intersection, if present, could mean a duplicate of the same pro-
cess, and thus, all the redundant records by a supervised proce-
dure were deleted. The selection was made starting from those
most reliable in terms of precision and checking the quality in
the geolocation of the surveyed landslide phenomena.

2. Reviewing and standardising the classification in terms of type
of movement, since different descriptions for the same typol-
ogy have been adopted in the native DBs.

3. Ensuring a geometrical homogeneity by associating at each
landslide the minimal informative geometry, i.e.,a point (land-
slide initiation point (LIP)), which is located in the topmost
part of the corresponding line (main scarp edge) or polygon
(whole instability or accumulation) lends itself better to sus-
ceptibility analyses for shallow landslides.

The so-defined inventory includes (where available) both land-
slide polygon and LIPs, despite only points having been adopted
to train the susceptibility model. Given the landslide population
and the different landslide types available in the catalogues, shal-
low landslides and earth slide mechanisms have been considered.

Spatial component of the landslide hazard

From the information contained in the landslide catalogues and
their related attributes, the definition of rainfall-induced landslide
hazard was attempted, starting from the definition of the spatial
attribute of landslide hazard (i.e., the landslide susceptibility).

To analyse the relationship between causative factors and land-
slide presence/absence, we relied on a data-driven approach fea-
tured by machine learning (ML) techniques aimed at inferring
the multivariate combination of causative and predisposing fac-
tors over stable and unstable sectors of the investigated area. As
machine learning algorithms strongly rely on quality and amount
of input data, we decided to boost (i.e., modify and make it reliable
for a proper hazard assessment) the landslide database. Specifically,
we developed a methodology to assess the extent of the detach-
ment areas and to maximise the amount of information for each
landslide generating additional “synthetic” LIPs to better catch the
variability of predisposing factors within a given detachment area.
This solution adopts a bounding box enveloping landslide crowns
or create half-circle buffers around point elements indicating non-
mappable landslides. This workflow allows the reconstruction of
detachment areas that were used to sample the synthetic LIPs ran-
domly over areas located at elevation lower than the crown and
thus within the potential landslide source area. Once obtained, the
synthetic LIPs were validated by testing the similarity between the
distribution of their features with that of the original LIPs. (Chi-
squared (CS test) and inverted Kolmogorov-Smirnov D statistic
(KS test). As regards the factors predisposing landslide initiation,
the most important and adopted variables were considered based

on the available products. All the DEMs available in the municipal-
ity of Rome were evaluated to extract morphometric and hydrologi-
cal derived variables. A new and more reliable DTM was defined
starting from the extraction of the numeric 1: 5000 topographic
map of contour lines and quoted points referred to the terrain. The
DTM was generated by means of the ANUDEM algorithm imple-
mented in the TopoToRaster tool by ArcGIS. Lithological and land
use maps available in open access by the Lazio Region (https://
geoportale.regione.lazio.it/) were collected to derive litotechni-
cal and land cover classes at a scale of 1:25,000. Given the scarcity
and inhomogeneity of the available geotechnical data, additional
informative variables about the mechanical parameters of soil
cover and bedrock were not considered.

Then, some of the most important and used predisposing vari-
ables (Reichenbach 2018) were adopted. These variables and param-
eters are found in Table 2.

To include preparatory factors (sensu Julian and Anthony 1996)
in the analysis of landslide susceptibility thematic variable as the
mean annual rainfall (ord_rain) was defined as a proxies of middle-
term “hydraulic stress” and weathering efficiency which, in turn,
can be related to the material strength decrease. The mean annual
rainfall was defined for each rain gauge and then attributed to the
related Thiessen polygon.

In pre-processing stages, correlations between features, or
multicollinearities, were calculated and variables were systemati-
cally removed if a pairwise correlation exceed 75% (Mastrantoni
et al. submitted).

Explanatory variables were sampled in landslide initiation
points (LIPs) and random stable points after pre-processing. Sta-
ble areas were defined as non-landslide areas, which were used to
train the statistical model. The LIPs and stable point datasets were
balanced with a 35-65% ratio of unstable and stable points, respec-
tively, based on the need of maximising predictive ability on posi-
tives but at the same time avoiding an excessive distance between
the actual statistical population (i.e., actual proportion of unstable
and stable areas in the whole territory) and the sampled training
datasets, thus limiting an excessive false positive rate. The datasets
were then split into 80% for training and 20% for validation. The
susceptibility function was trained and tested on 10 K-fold random
partitions of the dataset to estimate the accuracy of the predictive
model and avoid selection bias.

Given the spatial concentration of landslide effects in the Monte
Mario area caused by many landslides occurred during the 31 Janu-
ary-2 February 2014 meteorological event, the landslide LIPs train-
ing dataset was split into two different portions, where the first
represents the generic catalogue of instabilities that happened
before and after this intense event and the second “nested” sub-
set composed by the 2014 event inventory. Since previous studies
remark the exceptionality of this rainfall event in the NW sector of
the city (Alessi et al. 2014), the above-mentioned subsets represent
the result of ordinary (on an average basis) and rare rainfall events,
respectively. On the generic landslide database, a single predictive
susceptibility function was trained. To derive the most appropriate
predictive function, we tested several ML models, among which
the extra trees classifier (Guerts et al. 2006) implemented in the
Scikit-learn package (Pedegrosa et al. 2011) outperformed the other
ones in the study area (Mastrantoni et al. submitted). The extra
trees (abbreviation for extremely randomised trees) is an ensemble
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Table2 Summary of the explanatory variables adopted in the analysis

Category Variable Acronym Scale/resolution Source/reference
Lithological and hydrogeo- Lithotechnical units litotec 1:25,000 Lazio Region
logical f
ogicatiactors Distance to boundary of dist_lim_k 10x10m Hydrogeological map of Lazio
permeability contrasts (Map 1:100,000) Region (Capelli et al. 2012)
Distance to main river dist_idro 10x10m ISPRA
(Map 1:100,000)
Primary and derived morpho-  Elevation dtm 5%5m CTR Lazio Region
metric variables (Map 1:5000)
Slope slope 5x5m -
Aspect aspect_8 5%X5m =
Relative relief index rrelief100 5X5m Hesse (2010)
Total, planar and profile cur_tot; 5x5m -
curvature cur_prof;
cur_plan
Flow direction flow_dir 5X5m -
Flow accumulation flow_acc 5x5m -
Topographic position index  tpi 5x5m Jenness (2006)
(neighbourhood 100 m)
Topographic wetness index  twi 5x5m Beven and Kirkby (1979)
Anthropogenic factors Land use cus 10x10m Lazio Region land use map
DGR n.953/2000
Distance to road dist_road 10x10m Open Street Map (OSM)
consortium
Soil consumption soil_cons 10x10m Municipality of Rome

supervised machine learning method that fits many randomised
decision trees on various sub-samples of the dataset and uses aver-
aging to improve the predictive accuracy and control over-fitting. In
extra trees, randomness goes one step further in the way splits are
computed. It does not come from bootstrapping of data but rather
comes from the random splits of all observations.

The extra trees algorithm creates many decision trees, but the
sampling for each tree is random, without replacement. This cre-
ates a dataset for each tree with unique samples. A random subset
of candidate features is used for each tree. The most important and
unique characteristic of the extra trees is the random selection of
a splitting value for a feature. Instead of calculating a locally opti-
mal value using Gini or entropy to split the data, thresholds are
drawn randomly for each candidate feature, and the best of these
randomly generated thresholds is picked as the splitting rule. This
makes the trees diversified and uncorrelated. With this approach,
both bias and variance are handled. The former is reduced by using
the whole original sample instead of a bootstrap replica. The latter
is dwindled by randomly choosing the split point of each node.
Since splits are selected at random for each feature in the extra
trees classifier, it is less computationally expensive than a Random
Forest (Breiman 2001).

Validation of susceptibility product was also performed on
training and test datasets expressing the predictive capability of
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the model by confusion matrixes and resulting receiver operating
characteristic (ROC) curves as well as other metric performance
indicators.

Furthermore, considering the value that the susceptibility pre-
diction assumes in correspondence with the LIPs, detection rate
curves (DRCs) were constructed, which represent the cumulative
percentage of LIPs correctly predicted for increasing susceptibil-
ity values, regarded as the separation threshold between the true
and false positive condition of each LIP. This method allows set-
ting susceptibility thresholds corresponding to predetermined
detection rates, driving the discrete classification of the suscep-
tibility values. In this paper, to avoid coarse “expert” choice on
landslide susceptibility value, fixed thresholds on landslide detec-
tion rate were chosen, adopting percentile values of landslide
detection equal to 50, 75, 95 and 97.5% to divide very low, low,
moderate, high and very high susceptibility classes. Specifically,
two DRCs were built: one using only the LIPs of the 2014 event
(recognised as extraordinary) and the other with the remain-
ing dataset (which mainly includes events triggered by ordinary
rainfall). To attribute temporal recurrence to such scenarios and
transpose them into hazard, approaches of data integration have
been adopted looking for the best definition of the landslide haz-
ard with the available data, shifting from its theoretical definition
to operative practices of use for stakeholders.



Temporal component of the landslide hazard

Once the landslide susceptibility from the generic catalogue of
landslide effects was defined, further steps in the definition of
the landslides hazard have been addressed, facing it through a
multi-stage and multi-level approach, consistent with the quality
and quantity of available data.

The analysis of landslide frequency has been addressed by
means of i) a preliminary evaluation of landslide event recur-
rency on the few dated landslides, ii) quantification of large-scale
hazard descriptors (Corominas et al. 2014) and iii) detailed quan-
titative attribution of return periods (RPs) of the rainfall events
that caused landslide triggering basing on a hydrological analysis,
hereafter discussed.

Given the composition of the above-mentioned landslide data-
base with both generic and event-based inventories, the here-
defined resulting landslide susceptibility product can be referred
to as much as common “ordinary” scenarios as to the severe and
non-ordinary conditions experienced in 2014.

Preliminary estimation of landslide recurrence

Temporal hazard was preliminary approached by exploiting the
available dating’s information retrieved in the catalogues. Select-
ing landslides of same type featured by multiple reactivations, a
gross estimation of the RP was attempted, defining the temporal
range between the first and last (re)activation. Because of the
reduced number of dated landslides events and the presence of
replicas, the number of effects that experienced multiple reactiva-
tions was defined in 17 out of the 471 total landslides.

Large-scale quantitative hazard description

Since we face off with large-scale analysis for advisory purposes,
low-resolution hazard descriptors at a regional scale can be
defined according to Corominas et al. (2014) based on indices
defined as landslide density and frequency or landslides/year/
km?. For this purpose, Thiessen polygons were delineated for
rain gauges featured by a decades-wide time series, to spatialise
the area of interest of each weather station (Fig.1). Hence, dated
landslides of the same mechanism were considered to evaluate
temporal recurrence within Thiessen polygon and to relate it to
the spatial landslide density.

Landslide effects with multiple reactivations, i.e., effects were
more than one date of rainfall associated, give us the opportunity
to calculate the period AT between the first and the last rainfall-
induced landslide and the number of reactivations of landslides
(n) within each Thiessen polygon, so the ratio n/AT provides
the minimum landslide temporal frequency. From these results,
a synthetic hazard descriptor (H,) for each Thiessen polygons
was calculated as the ratio of number of landslide activations
over ten years.

Evaluation of RPs of landslide trigger rainfall events

The most advanced insights on landslide hazard were retrieved
from the analysis of the recurrence of the landslide triggering fac-
tors by analysing the intensity and RPs of the main rainfall events
that caused ground instabilities by proper hydrological analysis.

To this aim, a hydrological analysis on rainfall regime was per-
formed by choosing reference pluviometric stations considering
the time span of the historical record and the time sampling of
the rainfall series (daily or hourly data). An overall time period
of 70 years was considered, despite the analysis of rain gauge
stations data revealing a reduced continuity in data logging and
a time coverage often reduced to several years, thus not suffi-
cient to perform rigorous hydrological analysis. For this reason,
only weather stations with a dataset equal to or broader than ten
years were adopted, despite at least 20 years should be considered
in the analysis for reliable results (Serrano 2010). The available
pluviometric stations are reported in Supplementary Materials.

A statistical analysis of maximum rainfall intensity data was
performed on daily and hourly data, to evaluate the return period
of heavy rainfalls for different durations. The hydrological-
statistical analysis of the maximum values requires the cumulative
rainfall at different time intervals to calculate the rainfall prob-
ability curves. Daily and hourly rainfall data were used to calcu-
late cumulative rainfalls over the territory of the municipality of
Rome for time stages of 1, 2, 5, 10, 20, 30, 60, 90,120 and 180 days
and 1, 3, 6,12 and 24-h, respectively. The generalised extreme value
(GEV) distribution (Jenkinson 1955), widely used in extreme event
frequency analysis (Fowler et al. 2003), was adopted, which follows
the following function:

F(x)=exp{—<l+§x?TM>é} )

where y, o and € are referred to as the location, scale and shape
parameters, respectively. These parameters have been defined by
applying the probability-weighted moments (PWM) method (Hosking
et al. 1985) based on the maximum values of the above-mentioned
rainfall time periods available from the dataset. First, the RPs of
each considered variable were obtained by inverting the probability
function. Then, the obtained cumulative rainfall value was fitted by a
power law distribution to build the rainfall probability curves.

For every certified landslide (i.e., with a defined date), the daily
rainfall value recorded at the closest rain gauge was attributed to
infer the range of potential RPs of the intense rainfall causing insta-
bilities and, indirectly, the RPs of the landslide event.

We used the cumulative rainfall values recorded at the relevant
rain gauge in correspondence of the date of landslide occurrence,
and then, we compared these values with both hourly and daily
probability curves. Where the hourly rainfall data or timing of land-
slide occurrence lacks, we referred to the total cumulative daily
rainfall, inferring a posteriori the possible range of admissible RPs
if concentrated rainfalls (within 3 h) or distributed precipitations
(over 24 h) are considered.

Such an inference is needed due to the absence of the time of
occurrence of the landslide events, which makes the precise attri-
bution of RP impractical. Based on the rainfall linked to the dated
landslides with respect to the rainfall probability curves, it was
possible to establish the order of magnitude of the RPs of each
landslide available in the record.

Despite the effort to gain quantitative information about the
temporal recurrence of landslides and face off with the definition of
landslide hazard, this method is threatened by the scarcity of dated
landslides and the intermittent recordings of several rain gauges.
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Persistent scatterer interferometry

The landslide hazard quantification in Rome was completed by
evaluating the areas where probability can be considered unitary,
since they are experiencing slope movements to date and should
be prioritised in the risk analyses. Such areas of interest have been
identified using satellite remote sensing technique, and the InSAR
(interferometric synthetic aperture radar) technique (Massonnet
and Feigl 1998; Hanssen 2005). Such analyses provided information
on the distribution of ground movement, giving valuable insights
into assessing the state of activity of the detected land move-
ments and additional information on possible landslide reactiva-
tions of pre-existing landslides. Furthermore, the contribution of
such relevant data can integrate the static landslide susceptibility
assessment, providing dynamic information on landslide activity.
For these purposes, the advanced differential SAR interferometry
(A-DInSAR) approach (Ferretti et al. 2001; Kampes 2006) was
applied to the study area, by the processing of C-band Sentinel-1
(European Space Agency, ESA) SAR images, in ascending and
descending orbital geometries, covering the Rome municipality
area. The acquired images cover a time span of about five years
(from October 2014 to April 2019) and have been processed through
the Persistent Scatterers Interferometry analysis (Ferretti et al.
2000; 2001; Kampes 2006; Crosetto et al. 2016), that is optimal for
detecting deformations in an urban environment, where the density
of permanent scatterers (PS) is generally high.

The resulting PSs have been filtered after by applying a high
temporal coherence threshold (> 0.6). The results are represented
by the velocity of displacement maps (mm/yr) for both ascending
and descending datasets, where the movement velocity is measured
along the satellite line of sight (LOS). These results were post-pro-
cessed by setting specific and reliable thresholds to identify areas
experiencing slope movement and select the “landslide candidates”
in the PSs velocity maps. Such thresholds were fixed on velocity
values of PSs (velocity < — 2.5 or > 2.5 mm/yr) and PS location, con-
sidering only PSs in areas with slope > 5°.

Data integration

In order to perform an accurate and reliable landslide hazard analy-
sis for the city of Rome and shed lights on the most critical sectors
in terms of first-generation landslides and state of activity of exist-
ing ones, approaches of data integration can be used, combining
the results of spatial and temporal hazard, adding on its evidence
of slope movements derived by PSI analysis.

The raw attribution of landslide recurrence in each Thiessen
polygon has been combined with its landslide susceptibility, thus
attributing it to the highest susceptible areas, zoning the terri-
tory by landslide hazard indicators. Specifically, from the above-
described susceptibility analysis, a landslide hazard index (H;) was
defined combining, cell-by-cell, the susceptibility level with the
classes values of the large-scale hazard descriptors (H,) express-
ing the mean landslide temporal recurrence in every Thiessen area.
H; has been thus defined as follows:

H, = Susceptibility /(1 — Hy)
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The results of H; has been after reclassified to rank the hazard in
view of final user requirements. In this paper, a 5-class reclassifica-
tion based on natural breaks was adopted. Then, potential landslide
source areas have been extracted within the high and very high
susceptibility classes defined considering the intensity-based DRC
classification.

Hence, if two intensity scenarios are considered and two DRC-
based classification adopted, it is possible to obtain hazard maps
concerning different intensity levels, delineating potential landslide
source areas reactivable under different ranges of RPs, achieving a
first robust landslide hazard assessment in Rome.

Results

Inventory review and dataset preparation

From the collection and comparison of the available databases, we
noticed a certain degree of fragmentation of information, such as
lack of heterogeneity and consistency, record repetition, and dif-
ferent attributes related to landslide effects. The differences are
evident also about number of elements, publication date (from
1995 to 2018), description of the type of movement (if present),
updating, purposes and scale of observation (from national to
local). Moreover, the data associated with the landslides are not
homogeneous for what concerns temporal information. Certified
(i.e.,dated) landslides are available only in the “Frane Roma” ISPRA
Project. After the data collection, the geometry of the databases also
appears heterogeneous: within the same database, shapefiles can
vary from points or polygons to points-lines—polygonal vectors.
However, many inventories use a single geometry as a comprehen-
sive outline for source transit and deposit areas.

According to all the available sources, the uniformed DB is com-
posed by as many points as the filtered landslides (566), includ-
ing earth slope instabilities (earth slides and shallow, i.e., soil
slip) movements, rockfalls and remaining n.d. effects. Most of the
landslides in the city of Rome occurred in the last decades (Fig. 2),
with slope failures that have almost always been associated with
heavy rainfall between 2008 and 2014 (67 landslides out of the total
occurred during the storm of 31 January 2014; Alessi et al. 2014).

Based on the reviewed catalogue, the dataset of LIPs to be con-
sidered for the susceptibility analysis was defined, accounting for
shallow earth failure mechanisms only, hereafter considered as a
unique ensemble. Test of validation of the synthetic vs original LIPs
was performed through the evaluation of similarity of the slope
angle distribution between synthetic and original LIPs (Fig. 2). CS
and KS tests resulted in scores of 0.666 and 0.923, respectively.

Hence, the final point-based landslide database is represented by
1099 LIPs (289 original and 810 synthetic), excluding the 67 related
to the January 2014 extreme rainfalls.

Spatial component of the landslide hazard

The here conducted analysis allowed us to point out the landslide
susceptibility to earth slide and shallow failures in the municipal
area or Rome. The continuous landslide susceptibility map shown
in Fig. 3 reveals local maxima in the right embankment of the Tiber
River, in the Monte Mario and Monte Ciocci ridges, where the M.
Vaticano and M. Mario sedimentary units crop out. The portion
of Rome west of the Tiber River shows higher susceptibility with
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respect to the eastern one because of the presence of tuffs and pyro- The most important predisposing and preparatory variables
clastic deposits of Sacrofano and La Storta unit from the Sabatini  can be identified in the feature importance permutation graph in
Volcanic District (Sottili et al. 2004). Fig. 4, where slope angle and relative relief (Rreliefioo) are the most
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Fig.4 Feature importance resulting from the extra tree classifiers model

conditioning features, which showed a Pearson correlation coeffi-
cient equal to 0.7, thus acceptable since lower than the threshold of
0.75 recommended by Kuhn and Johnson (2013). Relevant impor-
tance can be attributed to lithology and land use types as well as
to the distances to rivers and permeability limits, which can be
considered a proxy of hydraulic circulation and the presence of
temporary water tables. A marked preparatory role was played by
the predictive variable of the annual rainfall, whose distribution
can be considered a factor capable of controlling soil moisture,
a stressor for slope stability.

The quantification of susceptibility performance revealed on
the test dataset by the confusion matrix and resulting ROC curves
highlighted the very high quality of the function in predicting both
stability and instability (Fig. 5), especially after the definition of the
hyperparameters. An area under curve (AUC) value of 0.96 was
found, with excellent specificity and sensitivity.

Afterwards, the susceptibility map was the reclassified accord-
ing to the DRCs extracted with respect to subsets of landslides
available in the catalogue and referrable to the 2014 event and

ROC Curve - Test Data

1.0 u|
/7
//
[0]
Los ’
©
@ //’
[0]
'..% 0.6 ,/
= 7
£ o4
(0]
el a5 AUC = 0.960
= Precision = 0.886
Recall = 0.906
0.0
00 02 04 06 08 10

False Positive Rate

True Label

the rest of the catalogue. From this point, two different scenarios
were considered adopting the two reclassification criteria that
account for the different susceptibility conditions referrable to
events of different intensity.

Two different detection rate curves were thus extracted from
the dataset, including LIPs of the 2014 event and the other ante-
cedent 2014 (pre-2014 in Fig. 6), to fix susceptibility thresholds
under fixed detection rates. Such thresholds drove the discrete
classification of the susceptibility in five classes. For example,
moderate to very high susceptibility classes moved from sus-
ceptibility equal to 0.27 to values greater than 0.65 if the rare
scenarios are considered (Fig. 6).

The spatialisation of the so-defined susceptibility classes
points out how Monte Mario and Monte Ciocci hills face a limited
increase in landslide susceptibility when moving from the ordi-
nary to the rare scenario that reflected in limited variations of the
areal extension of the high and very high susceptibility classes
(Fig. 7). Larger differences can be found in the right embankment
of the Tiber River, where wide areas fall into the moderate and
high classes given the reduction of the class breaks from 0.65 to
o.27 (Fig.7).

The moderate, high and very high classes in the ordinary
cover a percentage of the area of 3.73%, 0.32% and 0.10%, respec-
tively, which increase up to 10.50%, 1.64% and 0.37% in the rare
scenarios. Adopting the two different classifications, it is possible
to consider two different landslide intensities (intrinsic in the
event-based inventory) and refer the susceptibility analysis to
pluviometric events with increasing RPs.

From the obtained results it is possible to state that limited
differences among the two intensity scenarios can be found. This
similarity relies on the common average size of the landslides
inventoried in the generic and 2014 event catalogues, as well as
on the similarity of landslide triggering pluviometric inputs. For
these reasons, a univocal landslide scenario and a resulting map
can be considered valid for depicting landslide hazard in Rome.

Temporal component of the landslide hazard

With the aim of associating RPs to the different zones of the
territory, a preliminary definition of landslide recurrency was

Confusion Matrix - Test Data

0 1
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Fig.5 ROC curve defined by the confusion matrix on the testing datasets. AUC, Precision and Recall are also reported
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Detection Rate Curves
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The resulting landslide frequency fairly matches the one
obtained by the preliminary analysis on return periods of reac-
tivated (and multi-dated) landslide, whose values range from 2 to
10 years.

In-depth information on temporal hazard has been also
derived from the hydrological analysis of daily and hourly
rainfall data, resulting in a series of rainfall probability curves
enclosed in the Supplementary material. Some of these curves
are also reported in Fig. 9. The here-conducted analysis allows
to evaluate the cumulative rainfall for every pluviometric sta-
tion assuming different RPs, updating the analysis carried out by
Alessi et al. (2014) to the end of March 2021 and confirming that
the January 2014 storm is characterised by RPs up to 100 years.

Based on the few landslides featured by a certain date and assum-
ing as critical rainfall the cumulative, daily rainfall fallen until the
landslide date, it is possible to qualitatively evaluate the range of RPs
of the triggering rainfall by comparing the daily and hourly cumula-
tive rainfall obtained from the GEV analysis (Fig. 10).

It is possible to note that in the municipality of Rome, the plu-
viometric events responsible for landslide triggering are featured
by RPs below 2 years for most of the rainfall-induced effects. On
the contrary, RPs for January 2014 and December 2008 rainfall
events that, resulted in RPs always above 10 years.
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In detail, the graphs in Fig. 11 show the results of the rainfall
data processing plotted on the rainfall probability curves. It is
evident that TR < 2 values prevail for rainfall-induced effects that
occurred before January 2014, as well as the large amount of “No
Data” testifies the lack of rainfall record (Fig. 11b). For ordinary
rainfalls, instead, the comparison with rainfall probability curves
obtained by GEV highlighted that more than 60% of dated land-
slides are associated with RPs among 2 and 10 years (Fig. 11b).
The landslide that occurred on 31/01/2014 significantly show the
exceptionality of the event, with more than 25% of the landslides
with RP values between 10 and 50 years and complementary ones
ranging between 50 and 100 years (Fig. 11¢).

This confirms the exceptionality of the 2014 rainfall event,
as stated by Alessi et al. (2014), that, however, reflects in average
sized landslides. Furthermore, they retrieved its uneven areal
distribution and the peak of rainfall in the NW sector of Rome,
which is the most susceptible and where the higher landslide
density and frequency exist (Figs. 1, 3 and 8).

Given the results of preliminary evaluation, hazard descrip-
tors at large scale and detailed hydrological analysis, site-specific
landslide scenarios can be defined, attributing an average land-
slide intensity and associating temporal attributes to the static
susceptibility.
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Persistent scatterer interferometry

The complementary interferometric analysis carried out and the
resulting A-DInSAR velocity maps referred to the period October
2014-April 2019 (Fig. 12) represents the first steps in the dynamic
update of the static landslide susceptibility map.

The detected clusters of PSs affected by displacement allowed us to
identify a total of 19 moving areas featured by slope angle >5° (only 3
clusters are in areas with slope <10°). It is worth noting that the most
significant part of the urban slopes, where the highest slope angles and
susceptibility values were found, such as those of Monte Mario, are gen-
erally covered by vegetation that limits the possibility of retrieving PSs.
Further analysis on these clusters have to be conducted.

A-DInSAR analysis identifies the areas where a slope move-
ment is taking place during the analysed time span (landslide
candidates) and reveals the active deformation phenomena. The
comparison of the results of the PSI analysis with the landslide
susceptibility map highlights the convergence of the landslide
candidates and the area more susceptible to landslides, as well
as potential source areas in the very high susceptibility classes
(Fig.13). The PSI results were also compared with the lithology
outcropping in the study area (scale of 1:5000). Different clusters
of PSs in motion are found in correspondence with tuffaceous
and clayey lithologies or generally in high susceptibility areas
(Table 3).
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Fig. 10 Extraction of range of RPs from the comparison between daily rainfall and results of the GEV analysis derived from daily and hourly

rainfall records

Data integration

Thanks to the integration of spatial susceptibility with temporal attrib-
utes resulting from the definition of hazard descriptors or hydrological
analysis, a first landslide hazard quantification results from the reclas-
sification and hierarchization of susceptibility, according to their inten-
sity scenario and mean recurrency of the triggering input.
Landslide susceptibility results were combined and integrated
with temporal attributes derived from hazard analysis on the sub-
set of dated landslides. Hazard index (H;) map pointed out the
maximum hazard in the ridges of Mt. Mario and Mt. Ciocci, where
the maximum value of hazard was derived, strengthening the
results of spatial hazard analysis. Similar impact can be assessed
in the susceptible slopes falling in the Roma Flaminio, Acqua Ace-
tosa and Roma Nord areas, where relatively higher Hy were found.
The hazard index classification obtained and compared with the
reclassified susceptibility map was reported in Fig. 13.

Discussions
Multivariate statistical analysis, including machine learning models,
can identify landslide patterns by analysing various input data, such
as an ancillary landslide database. However, data quality is often
inadequate due to incomplete, heterogeneous and erroneous data,
leading to biased susceptibility maps (Steger et al. 2017). Spatial
heterogeneity in DBs has proved to cause bias in landslide suscep-
tibility maps (Loche et al. 2022). Open-source landslide inventories
may have erroneous geometries and positional errors, resulting in
sparse and unreliable data (Steger et al. 2016).To improve reliabil-
ity, low-accuracy datasets must be integrated adequately in terms
of quality and quantity (Mastrantoni et al. 2022; Titti et al. 2021).
The study involved a GIS- and ML-based combined approach to
collect, check, cross-validate and integrate open-source landslide
inventories into a single database. However, the number of LIPs was
too low to train reliable ML models, so we developed a methodol-
ogy to derive synthetic LIPs. This helped to improve the overall

RPs of Landslides by GEV
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a) b)

14 28
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Fig. 11 Pie chart showing the percentage of landslides with different RPs considering the entire database (a), before the 2014 event (b) and

during January 2014 (c) meteorological event
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consistency of the original database and allowed for more accurate
ML model training.

Spatial hazard was resolved by means of ML approaches, pro-
viding the first advanced landslide susceptibility zoning useful
at a statutory level. From the continuous landslide susceptibility
map, a discrete reclassification was performed by means of DRCs
to encompass the different intensity and account for different
intensity scenarios. Results pointed out how similar is the areal
extension of the two classifications within high and very high
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susceptibility classes. These outcomes rely on the most common
type of landslides in Rome, which are mainly shallow (soil slips and
translational slides) and comparable in volumes (from some cubic
metres to several tens of cubic metres). On these assumptions, we
can consider the obtained hazard maps as landslide scenarios of
a specific intensity and a certain pluviometric event (i.e., a certain
number of landslides simultaneously triggered during a rainfall
event) rather than a uniform hazard analysis. Landslide scenarios
associated to ordinary and rarer pluviometric input were evaluated,
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Fig. 13 Susceptibility (left) and hazard index map (right) resulting from the hazard analysis in the municipality of Rome
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Table 3 List of the areas of Interest resulting by combination of sus-
ceptibility analysis and persistent scatterer interferometry

Area of interest PS (mm/year)  Susceptibility
class
Via Simone Simoni 3-5 5
Via Fedro 3-5 5
Viale Platone 5-10 5
Passeggiata del Gianicolo 3-5 5
Via Misurina 5-10 4
Via F. Scaduto-Villa Veschi 5-10 5
Via Trionfale-Via Igea 3-5 2

assuming the temporal information either from preliminary evalu-
ation on landslide reactivation recurrency or from large scale haz-
ard analysis or detailed hydrological analysis. These data help us
to integrate the spatial hazard, by attributing to the different areas
of the municipality of Rome average RPs and hazard descriptors.
Given the low number of dated landslides, more detailed analysis
on landslide triggering conditions was not approached.

In this study, we constrained order of magnitudes for ordinary

landslide frequency, as the estimations are based only on the RPs
of the recurrent landslides in which multiple dates are available.
To overcome such limitations and provide RP and critical rainfall
intensity ranges for the few dated landslides, the antecedent rainfall

registered before the event was compared with the standard rainfall
probability curves obtained for every pluviometric station. Despite
the scarcity of data, landslide frequency in Thiessen polygons and
comparison between dated landslides and rainfall probability
curves provided similar results.

Despite the effort to gain quantitative information about the
temporal recurrence of landslides and face off with the definition
of landslide hazard, this method is intrinsic limited by the scar-
city of dated landslides and the intermittent recordings by some of
the rain gauges. The lack of detailed information from DBs mainly
affects the temporal hazard and minorly the spatial hazard.

Afterwards, potential landslide source areas were extracted from
high susceptibility pixels, associating temporal attributes and rank-
ing the hazard zones (Fig. 14).

For landslide risk management purposes and prevention of
landslide risk in a highly urbanised area like Rome (Italy), the
definition of spatial and temporal hazards and their variations
over time can be crucial; however, detailed multi-annual landslide
inventories are a necessary and essential fact (Zieher et al. 2016;
Fang et al. 2022).

The here-released product can be hence integrated either in case
of availability of updated landslide inventories (e.g., insertion of
new events and/or refinement of thematic maps), or additional and/
or higher-resolution ancillary data become available. This updating
process can be followed by adopting defined protocols, aimed at
testing the validity of susceptibility models or training new ones.
In this sense, cloud-based solutions, tools or routines can be of
help to both geoscientists and administrators (e.g., Titti et al. 2022).

By the proposed approach, we provide a way to distinguish dif-
ferent landslide hazard scenarios in Rome based on the fragmented
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and incomplete data. The reclassification of susceptibility by DRCs
also pointed out as landslides in Rome are featured by common
intensity (i.e., basically given by landslide size). Furthermore, the
spatial susceptibility was joined with the outcomes of the hydro-
logical analysis, which allow linking such scenarios to RPs of
5-10 years for an ordinary rainfall and of 20-50 years for rarer
events (like the 2014 event).

In the hazard map so defined, it is possible to locate on map and
extract potential source areas for first-time landslides according to
their spatial probability, that increase in intensity (i.e., area) the lower
is their associated hazard. On these source areas, an additional clas-
sification can be performed to differentiate with hazard attributes the
proneness to landslides of specific areas of interest (Fig.14).

The extraction of potential source areas can be done by an
arbitrary choice or supervised procedures from high to very high
susceptibility classes, or, precautionarily, considering a high rate of
landslide detection (e.g., assuming as potential source areas also
lower susceptibility values). Alternatively, potential source areas
for shallow or translational sliding can be identified over portions
of the slope not yet failed and extracted by fixing a defined per-
centile in the distribution of susceptibility values within class 5
(maximum susceptibility). For a complete overview of the hazard
condition in the urban area of Rome, first time occurrence hazard
map must be overlayed with location of existing landslides, where
the hazard in unitary and landslide reactivations must be expected
(Fig. 14). In these hazardous areas, the static landslide susceptibil-
ity was linked to the PSI analysis: such an integration allowed to
locate and update, in a dynamic way, zones of ground deformations
potentially related to landslides. This analysis consists in a second-
order check on the current state of activity that allowed to quantify
the rate of activity within potential landslide source areas. Thus,
the multitemporal analysis allowed to convert the static product
into dynamic thematic layers, able to steer the risk managers and
infrastructure stakeholders towards the most hazardous sectors in
the urban area and size the intensity of the gravitational processes
(Esposito et al. 2021). According to the location, distribution and
displacement characteristics of the observed PSs, some interesting
evidence of slope movements were collected, at least where the PSs
coverage allowed it (not in vegetated slopes). Data deriving from
the European Ground Motion Service (EGMS) platform by Coper-
nicus will also allow a dynamic update on an annual time scale of
the state of activity to rank the most critical situations (i.e., slopes
with actual ongoing deformations) among the landslide-prone
areas, as suggested for Sinkholes in Esposito et al. 2021. Further-
more, advances in PSI analysis can availing of COSMO Sky-Med
(ASI) images that ensure higher resolution and spatial coverage to
catch in detail landslide process. For these purposes, approaches
that integrate different constellations can be adopted by data fusion
algorithms or by adopting advanced photo-monitoring approaches
(Caporossi et al. 2018).

Conclusions

This paper presents the results of a study aimed at defining the
landslide hazard in the municipal territory of Rome, with the dual
objective of: i) providing a first “integrated” product useful for the
prediction—at least in terms of spatial hazard—of first-generation
landslides, through the systematisation of all the knowledge avail-
able for the area and ii) identifying methods which, starting from

an available database that is not optimal in terms of quality and
quantity, would allow to obtain reliable results for implementation
on an operational level, e.g., land management by policy making
institutions.

As for the first objective, this study made it possible to high-
light and quantify the potentially critical conditions for landslides
affecting the Roman area. This geohazard factor, although consid-
ered in the official planning documents, has always been strongly
underestimated with respect to the actual risk conditions: in this
sense, only 27 already existing landslides are officially “certified” as
situations of potential risk.

At the same time, the work carried out allowed us to develop a
methodological approach capable of exploiting the available data.
The review of the DB and inventory boosting made it possible
to optimise the input information, while the application of ML
techniques and the comparison between the results allowed us
to select high-performance susceptibility functions. The integra-
tion of historical-statistical analyses on the few dated landslides
and on the recurrence of triggering factors has also made it pos-
sible to define the temporal hazard, at least in terms of aver-
age frequency of occurrence. The result of the above-mentioned
workflow is an integrated map which identifies areas of concern,
classified based on the combination of spatial hazard with high
reliability and expressed in quantitative terms, and an expected
temporal frequency with lower reliability and measured in terms
of “qualitative—quantitative” estimates. The here-defined compo-
nents of the landslide hazard fulfil the requirements of advisory
purposes, thus providing non-binding strategic advice to the
management of the territory to address further (and focused)
detailed studies in areas where the River Basin Authority could
place impeding or prescriptive constraints, based on the severity
of the instability. As a matter of fact, the results of this study have
already been presented to and shared with local decision-makers
and the River Basin Authority of the Central Apennines, start-
ing dedicated interlocutions aimed at its operative transposition.
Furthermore, in the frame of an ongoing research contract with
the municipal Civil Protection this research represents the basis
for the identification of sub-areas of high susceptibility where
to evaluate rainfall thresholds for landslide initiation useful for
Civil Protection duties (Segoni et al. 2018). The reported products
point out the state of activity and the framework of landslide
proneness for shallow and earth slide failure mechanisms, rep-
resenting the operative products supporting decision-makers in
the management of criticalities in the territory for an aware setup
of monitoring solutions and/or prioritization of investments for
prevention and mitigation.
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