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Landslides are a serious geologic hazard, posing substantial and increasing risks, and resulting in widespread
disruptions. Correctly assessing the relationship between terrain conditions and landslides is fundamental to
understand these instability-triggering factors, and to implement effective monitoring campaigns. In this work, we
study rainfall-induced landslide events occurred from 2002 and 2020 in the Peri-Adriatic area of the Abruzzo region
(Italy). We propose a zero-inflated Poisson (ZIP) model to estimate spatial landslide susceptibility while accounting
for the presence of excess zeros in the data. Thanks to the probabilistic framework, it is possible not only to estimate
the spatial susceptibility but also to locate the areas that are likely to have under-reported events. Results show that
the most susceptible areas are in the vicinity of river basins and in high coastal areas. The probability of not having
landslides generally increases as the distance from the Adriatic Sea increases.
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1. Introduction

Hydrogeological instability poses a serious threat to communities all over the world. Due to its climatic,
geological, and morphological characteristics, the Italian territory is naturally exposed to landslides and floods,
(Trigila et al., 2021), and the consequences of such events can sometimes be disastrous, not only for the
environment but also for the population and the economy (Schuster & Highland, 2001; Garcia-Delgado et al.,
2022). Therefore, correctly evaluating landslide susceptibility (i.e., the likelihood of landslides occurring in a
given area) is of utmost importance for monitoring and planning purposes.

There are mainly three approaches that can be adopted to estimate the landslide susceptibility, namely
empirical approaches, physically based models, and probabilistic approaches (Mondini et al., 2023). Empirical
approaches rely entirely on the expertise of the investigator, who define rainfall thresholds above which a landslide
is likely to occur. The results are not quantitative and are difficult to reproduce. Physically based models simulate
the hydrological process of rainfall infiltration through the soil but are applicable to areas of limited extent.

The probabilistic approach is based on a statistical model, which can be applied to study populations of
landslides over large spatial domains while accounting for the uncertainty associated with the estimates. Recently,
several authors proposed statistical models to create susceptibility maps, see, e.g., Loche et al. (2022) and
Reichenbach et al. (2018), and Fang et al. (2024) and Lombardo et al. (2020) for spatio-temporal data. Vessia et
al. (2020) proposed a geostatistical approach to draw maps of rainfall thresholds for landslides initiation.

In this paper, we study spatial susceptibility in the Abruzzo region (Italy), which is among those at the highest
landslide risk, according to the landslide hazard zonation from Trigila et al. (2021). Given that the number of
zeros (i.e., units with no landslide records) is larger than expected under a Poisson distribution, the data is said to
be zero-inflated, and the statistical model should account for this fact. Therefore, we propose a zero-inflated
Poisson (ZIP) model (Lambert, 1992). Zero-inflated models are widely used in epidemiological literature (see,
e.g., Agarwal et al., 2002; Fernandes et al., 2009; Osei et al., 2022). Existing zero-inflated models for landslide
applications (Ferrer et al., 2024; Frigerio Porta et al., 2021; Ramos-Scharron et al., 2022) consider mapping units
such as grid cells or administrative boundaries, which do not account for the morphology of the study region. The
proposed approach, instead, uses the slope unit as the mapping unit. Finally, the ZIP model is also useful to
identify those areas that are likely to have under-reported events.

2. Study Area and Data Description

The study area is situated in the Peri-Adriatic basin of the Abruzzo region and comprises the provinces of Teramo,
Pescara and Chieti (see Figure 1a). The area’s extension is about 5782 km?, and the elevation ranges from 0 m to
2793 m. The landscape is dominated by hill areas, with marly-clayey reliefs and low slope values, and foothill
areas, made up of sandstones and mudstones with higher relief energy and slope values. A more detailed
description of the study area can be found in Vessia et al. (2020).
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Figure 1. (a) Map of Italy with Abruzzo region in grey; the study area is defined by the red border. (b) Topographic
elevation map of the study area. (¢) Map showing SU delineation and number of landslide events, with frequencies of
each count in square brackets.

We collected landslide information from three distinct databases, namely Franeltalia (Calvello & Pecoraro,
2018), ITALICA (ITAlian rainfall-induced Landslldes CAtalogue, Peruccacci et al., 2023), and the database in
Vessia et al. (2020). Only shallow landslides with known geographic location are considered, and the Areal
Landslide Events (ALE) in the Franeltalia database are excluded due to their great geographic uncertainty.
Therefore, this work is based on 329 slope failures that occurred between 2002 and 2020.

As an appropriate terrain mapping unit, we use the slope unit (SU), as defined in Alvioli et al. (2016). This
is a subdivision of the terrain that maximizes homogeneity within the unit and heterogeneity between units
(Lombardo et al., 2020). We use the SU delineation as calculated in Alvioli et al. (2020), where flat areas (such
as those along the riverbeds — see Figure 1b) are already removed. Hence the study area is divided into n=6899
SUs. These are depicted in Figure 1c, where the number of landslides per SU is also reported. It can be noticed
that no slope failures have been recorded for the great majority (>96%) of SUs.

To model landslide susceptibility, we use a set of explanatory variables (covariates) from Loche et al. (2022).
They describe the morphometry of the study area (elevation, slope, aspect, curvature, and topographic wetness
index), its lithological and pedological signal (bulk density, depth to bedrock, weight percentage of clay and silt
particles, distance to stream), and the surface area of the SUs. Mean and standard deviation of these quantities are
used as covariates in the statistical model. They are available at https://geomorphology.irpi.cnr.it/tools/slope-units,
along with the SU delineation.

3. Modeling Approach

Let Y; denote the landslide count (i.e., the outcome variable) registered in the i-th SU, then a Poisson regression
model is specified as follows, fori = 1, ..., n (see, e.g., Gelman et al., 2014):

Yilu; ~ Poi(u) €))

log(u) = 0; + xiB (2)

where ; is the intensity, O; is an offset term corresponding to the natural logarithm of the surface area of the i-th
unit, x; = (xq;, ..., Xg;)' represents a K-dimensional vector of covariates, with associated effects .

The Poisson distribution assumption should be avoided for susceptibility mapping purposes, mainly because
of the presence of excess zeros in the data and the limited ability of the Poisson distribution to account for over-
dispersion. Over-dispersion indicates the situation where the variance is greater than the mean of the distribution.
In the data under study, the mean number of slope failures is 0.05, which is smaller than its variance (0.08).
Moreover, an overdispersion test indicates that a Poisson model would not fit well to the data (y?=8890, p-
value<107). Alternatives such as the Negative Binomial distribution or the Poisson-Log-Normal mixture model
can be considered to account for this issue. However, complete knowledge about the population of landslides in
each area is still required, i.e. the landslide inventory must collect a/l events that occurred in the past. Although
we observe SUs with no events, it does not mean that slope failures did not occur. It only means that it was not
recorded in the inventory (under-reporting).

Therefore, we assume that Y; is a ZIP random variable, namely Y;~ ZIP (u;, p;), whose distribution is given
by a mixture between a Poisson distribution with parameter y; and a Bernoulli distribution with parameter p;, for
i=1,..,n(Agarwal et al., 2002):
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PrEIP (Y|, py) = {Pi + (1 —p) Pro’0lp) Y, =0 ,
(1 =p) Pr9'(Yilp) ¥ >0
where PrPO! (- |u;) denotes the Poisson probability function with mean y;.

The preceding specification allows the ZIP model to account for over-dispersion and to distinguish between
two kinds of zeros, namely structural zeros and sampling zeros (Osei et al., 2022). Structural zeros occur (with
probability p;) in the absence of landslides, while sampling zeros (occurring with probability (1 —
p;) PrfO1(0|u;)) can be interpreted as those events that have not been reported. Note that PrZ/P(Y;|y;, 0) is
simply the Poisson distribution, PrFOT (Y;|u;).

In other words, ZIP models have two components to model landslide occurrence. The first component
models landslide intensity, so log(u;) is a linear function of covariates x; as shown in Eq. (2). The second
component is dichotomous and models the probability of absence of landslides in unit i, p; (thus 1 — p; is the
probability of presence of landslides). More specifically:

logit(p.) = log (77—) = 0, +ziy @
L
where the covariates z; = (zy;, ..., z;;)’ could be either (a subset of) the x;’s or a different set of variables. In this
work, x; contains all the covariates outlined in Section 2, while z; contains information on landslide-triggering
factors, namely elevation (which is a proxy for total annual precipitation) and slope.

We adopt the Bayesian paradigm to make inference on all the parameters of the proposed model. In
summary, if ¥ = (¥;, ..., Y;,)’, Bayesian inference aims to summarize the posterior distribution, Pr(8|Y), of the
vector of model parameters, 8, given the data, Y. Following Bayes' theorem, the posterior distribution is
proportional to the /ikelihood function, Pr(Y|0), times the prior distribution, Pr(0). Markov chain Monte Carlo
(MCMC) constitutes a versatile tool for sampling from Pr(8|Y). The posterior mean of the parameter vector,
E(8|Y), is usually considered as a Bayesian point estimate for 8. For a thorough discussion on Bayesian inference,
see, for instance, Gelman et al. (2014).

In the proposed model, & = (B’, ¥')’, and prior distributions on B, ¥ are chosen to be independent but
informative, following the procedure described in Agarwal et al. (2002). Results are based on 20,000 samples
from the posterior distribution that were saved after a burn-in period of 10,000 samples. Convergence of model’s
chains is monitored visually through trace plot inspection and using usual statistics (Gelman et al., 2014).

3)

4. Results

For the i-th SU, the susceptibility is estimated as the probability of having at least one landslide, that is S; =
PreP(Y; > 0|u;, p;) = (1 — p;)(1 — e™#i). This quantity can be computed at each iteration of the MCMC
sampler, and Figure 2a shows its posterior mean (the uncertainty can also be quantified and will be shown in an
extended version of this paper). The map highlights that high coastline areas are generally the most susceptible.
Additionally, SUs very close to river basins also show high susceptibility.

As seen in Section 3, the ZIP model classifies two categories of zeros. Figure 2b maps the posterior mean of
p;, that is the probability of having a structural zero in the i-th SU. We say that p; is a marginal probability because
the observed landslide count is not considered. This quantity seems higher in the inland territories than coastal
areas.

5. Discussion and Conclusions

In this paper, a ZIP model is proposed to estimate spatial susceptibility maps. This model should be preferred over
a standard Poisson regression approach if the data is over-dispersed and zero-inflated. The proposed method is
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Figure 2. Maps showing posterior means of (a) the susceptibility, S;, and (b) the probability that a zero is structural, p;.
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applied to a database collecting the population of landslides for n=6899 SUs of the Abruzzo region. The spatial
susceptibility map suggests that elevated SUs near the coast and river basins are highly susceptible.

The ZIP model can be seen as a generalization of the Poisson regression model, as it is possible to estimate
not only the susceptibility of each SU, but also the marginal probability of absence of landslides (i.e., of having a
structural zero). Figure 2b, however, does not consider the observed landslide count in the SUs. Hence, it would
be more informative to estimate the conditional probability of presence of landslides given no landslides were
observed for some SUs. The higher it is, the more likely it is that the SU is under-reporting (Fernandes et al.,
2009; Osei et al., 2022). These conditional probabilities might be used to locate those areas where monitoring
efforts should be intensified. This aspect will be addressed in an extended version of this work, which will also
introduce spatial random effects to account for latent environmental factors affecting landslide presence and
susceptibility (Fernandes et al., 2009).
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