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Abstract: The southern Apuan Alps (Italy) are prone to rainfall-induced landslides. A first attempt to
calculate rainfall thresholds was made in 2006 using non-statistical and repeatable methods for the
1975–2002 period. This research aims to update, validate, and compare the results of that attempt
through different statistical approaches. Furthermore, a new dataset of rainfall and landslides from
2008 to 2016 was collected and analyzed by reconstructing the rainfall events via an automatic
procedure. To obtain the rainfall thresholds in terms of the duration–intensity relationship, we
applied three different statistical methods for the first time in this area: logistic regression (LR),
quantile regression (QR), and least-squares linear fit (LSQ). The updated rainfall thresholds, obtained
through statistical methods and related to the 1975–2002 dataset, resulted in little difference from the
ones obtained with non-statistical methods and have similar efficiency values among themselves.
The best one is provided by the LR, with a landslide probability of 0.55 (efficiency of 89.8%). The
new rainfall thresholds, calculated by applying the three statistical methods on the dataset from
2008–2016, are similar to the 1975–2002 ones, except for the LR threshold, which exhibits a higher
slope. This result confirms the validity of the thresholds obtained with the old database.

Keywords: rainfall threshold; shallow landslide; logistic regression; quantile regression; least-squares
linear fit; southern Apuan Alps; Italy

1. Introduction

The need to experiment on approaches and methodologies to identify an empirical
relationship between rainfall and landslides lies in the objective difficulty of identifying
and quantifying the numerous factors that contribute to the initiation of landslides. If this is
already difficult at slope scale, it becomes almost impossible at a basin or regional scale. On
the other hand, public bodies that manage forecasting, prevention, and warning plans must
often monitor large areas rather than single slopes. For this reason, the physically based
approaches e.g., [1–5] are not easily applicable and are less common than the black-box
approaches, in which the rainfall parameters (e.g., duration, intensity, cumulated event
rainfall, antecedent rainfall) are used to find the relationships with landsliding, associating
the return time of landslides to that of rainfall.

In general, the activation of landslides includes several preparatory factors (rainfall,
geotechnical, hydrogeological, geological, and morphological features, as well as soil
humidity, land use, etc.). Even the triggering factors may be different, however rainfall is
recognized as the most common factor [6]. For these reasons, it is rare, if not impossible,
to have a lot of data available for analyzing the stability conditions of slopes over a
large area (e.g., using classic deterministic approaches with the factor of safety). Shallow
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landslides have a strong relationship with rainfall, especially if the rainfall is intense [7–9].
Indeed, they usually involve a thin soil cover (less than 2 m thick) on steep slopes [10,11],
without interference from aquifers. On the contrary, large landslides (several meters
thick and covering large areas) are often related to the behaviour of water tables, whose
relationship with rainfall is usually more delayed and uncertain [12]. This is the motivation
for why the target of the empirical approach is superficial landslides, showing an immediate
and stronger relationship with rainfall. Nevertheless, shallow landslides represent very
hazardous phenomena in relation to their speed of activation, impact power, difficulty to
foresee the location, and high velocity [8,13–19].

Since the well-known first attempt by [20], the calculation of critical thresholds for
initiating rainfall-induced landslides became a widely used approach worldwide by using
different methodologies and increasingly sophisticated statistical techniques, as shown
in [6,21–42]. On the other hand, these methodologies can be reasonably suitable for pre-
dicting shallow landslide phenomena due to the general availability of rainfall data, which
today are often characterized by long time series. Indeed, the good performance of these
methodologies is based on the accessibility of rainfall data for many years, associated with
the availability of landslide event information in terms of location and activation time.

However, the applicability of these approaches is, in our opinion, inversely pro-
portional to the extension of the area on which they are applied. Indeed, the more the
geological, morphological, hydrogeological, geotechnical, and land use features of a certain
area change, the more the territory responds to rainfall change. This leads to greater uncer-
tainty in identifying rainfall thresholds that activate superficial landslides. This specific
reason suggests the necessity to apply these methods to homogeneous areas, which usually
implies that the area being studied is small.

In this case, the chosen area is in the southern Apuan Alps (northwestern Tuscany,
Italy). The Apuan Alps are well known not only for their beautiful environment, presence
of well-known marble quarries, and proximity to popular tourist beaches (e.g., Versilia
beach), but also because they are highly prone to shallow landslides and floods [14,43–45].
From this point of view, it is strategic for local authorities to be able to use warning tools
based on weather forecasting and rainfall observation.

2. Settings, Criticisms, and Goals

The southern Apuan Alps are located in northwestern Tuscany (Italy) as seen
in Figure 1. The region has one of the highest rainfall values in Italy, reaching a mean
annual precipitation of about 3000 mm due to regular heavy rainstorms [44,46]. These
peculiarities are mainly linked to the geographical location as well as the morphological and
physiographic characteristics of the Apuan Alps. They are indeed a chain of almost 2000 m
in altitude and are close and parallel to the coastline, thus intercepting the atmospheric
disturbances of Atlantic origin. One of the most well-known downpours hit the southern
portion of Apuan Alps on 19 June 1996, inducing hundreds of shallow landslides, debris tor-
rents, debris flows, and floods, resulting in heavy damage to buildings, infrastructures, and
the overall economy, with this incident resulting in 14 deaths (Figure 2) [14,46]. This area
underwent numerous other damaging events in the past, among which the most important
occurred in 1636, 1774, 1885, and 1902 [44]. In addition to the triggering cause (heavy
rainstorms), there are indeed many other predisposing causes including the spreading
of poorly permeable rocks (particularly schists, phyllites, and metasandstones) which lie
under more permeable rocks (marbles and limestones), the spread of superficial soil cover
(mainly formed by silty sand and sandy silt), the high steepness of slopes (30–45◦) [14],
the proximity of the mountain range to the sea (which favors low run-off times), and the
abandonment of agro-forestry practices [14].
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Figure 2. Shallow landslides activated by the rainstorm of 19 June 1996. The upper left inset shows 

the main village destroyed by the debris torrents, causing 13 deaths (adapted with permission from 

[14]. 2004, Elsevier). 
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(according to the [47] classification), which then flows into the hydrographic network and 

brings large quantities of solid material, including tree trunks, with it. This generates a 

very high destructive power when torrential debris flows interact with the anthropogenic 

environment, which is what occurred in the June 1996 event. 

Figure 1. Location map and main morphological features of the Apuan Alps (white circle: Retignano
raingauge; white triangles: main mountains and relative altitude in m a.s.l.; blue lines: main rivers
and torrents. Being a 3D-perspective, the upper and lower scale are showed, along with the distance
between two towns, as scale references (3D-perspective by Google Maps).
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Figure 2. Shallow landslides activated by the rainstorm of 19 June 1996. The upper left inset shows the
main village destroyed by the debris torrents, causing 13 deaths (adapted with permission from [14].
2004, Elsevier).

The typical mass movement activated in these conditions is a very-to-extremely rapid
shallow landslide, represented by an initial debris slide that evolves into a debris flow
(according to the [47] classification), which then flows into the hydrographic network and
brings large quantities of solid material, including tree trunks, with it. This generates a
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very high destructive power when torrential debris flows interact with the anthropogenic
environment, which is what occurred in the June 1996 event.

Moreover, the main feature of these events is the activation of many shallow landslides
with high density (tens per square kilometers) almost simultaneously. The difficulty of
predicting their location and activation time makes these phenomena very dangerous,
incentivizing the scientific community to identify actions that can define alert systems.
Given the lack of availability of geotechnical and hydrogeological data to define the stability
conditions governing the slopes over large areas, one of the most used approaches is the
quantification of rainfall quantities capable of activating shallow landslides, thus analyzing
the causes rather than the effects [37,45,48–51].

With particular reference to the southern Apuan Alps, Ref. [27] already elaborated
critical threshold curves with non-statistical methodologies analyzing the rainfall and
shallow landslide data from 1975 to 2002 considering the raingauge of Retignano (420 m)
using a non-statistical and repeatable approach, as seen in Figure 1. To update and compare
the outcomes of that work, the rainfall and landslide data collected by [27] from 1975 to
2002 were analyzed using the most recent statistical approaches. Moreover, a new rainfall
dataset was collected from the same raingauge over a period from 2008 to 2016 (relevant
events did not occur during the 2003–2007 period, and then the research was interrupted
in 2016 due to lack of resources), collecting information on shallow landslides activation,
to compare the results with the 1975–2002 dataset. Therefore, the important goal of this
research is the updating of the old manual rainfall thresholds with modern statistical
techniques and their validation using a more recent dataset in the same area.

3. Materials and Methods
3.1. Datasets

Considering one of the aims of this research, namely the updating/comparison of the
critical threshold curves of [27], it was considered fundamental to use the same raingauge
(Retignano, 420 m) as the source of the rainfall data (Figure 1). At that time, the Retignano
raingauge was the only one in the considered zone with a significant time series and
the possibility of analyzing rainfall events lasting less than 24 h, being equipped by a
pluviograph from 1975 until 1996, and only becoming electronic afterwards. On the other
hand, rainstorms with durations of less than 24 h are common in the Apuan area and
sometimes induce landsliding. For example, the June 1996 flood lasted just 12–13 h [14],
but other events lasting only some hours activated landslides causing deaths [44].

In relation to the goals of this research, the calculation, updating, and validation of
the rainfall thresholds for the area under study were carried out considering two different
rainfall and landslide datasets:

• the first one is the same used by [27], namely a selection of 167 rainfall events happened
during the 1975–2002 period, divided into 139 rainfall events that did not initiate
shallow landslides (hereafter NSLE: no shallow landslide events) and 28 events that
initiated at least one shallow landslide (hereafter SLE: shallow landslide events).
These events were manually selected based on the response of the pluviographic chart,
considering the start time and the end time of the rainfall for each event. For example,
events with high intensity (20–30 mm/h) and low duration (1–2 h) or low intensity
(2–4 mm/h) and high duration (40–50 h), as well as intermediate cases;

• the second dataset, from 2008 to 2016, was obtained by applying an automatic recon-
struction of the rainfall events using the algorithm developed by [52], obtaining a total
of 567 events. In order to compare this new dataset with that relating to 1975–2002,
the former was further manipulated to exclude all those events of too low intensity
and/or duration to be relevant for deriving the rainfall thresholds. The updated
dataset resulted in 183 rainfall events, of which 152 did not activate shallow landslides
(NSLE) and 31 activated shallow landslides (SLE).
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For each rainfall event (both NSLE and SLE), the following information was collected:
date, starting and ending time, duration (D), cumulated rainfall (E), and rainfall intensity
(I = E/D).

3.2. Rainfall Thresholds

The most used rainfall thresholds in scientific literature, as used in this work, are
based on the rainfall intensity – duration (ID) and the rainfall cumulated – duration (ED)
relationships [6,28,31,37]. To obtain the rainfall ID thresholds using the two exposed
datasets, three different statistical methods implemented in R software (R version 4.3.0
(21 April 2023 ucrt) were used: logistic regression (LR), quantile regression (QR), and least-
squares linear fit (LSQ). Some other methods for threshold computation are found in the
literature based on machine learning techniques, particularly the support vector machine
(SVM) method [53] and methods based on artificial neural networks (ANN) [54,55]. We
decided not to use them either because they are too complex or because a large amount of
data is required to train the model. All three employed statistical methods allow for the
obtaining of threshold curves with a general form of power law [20]:

I = α · D −β (1)

(I: rainfall intensity (mm/h); D: duration (h), which are straight lines in log-log axis;
α: intercept on the ordinate axis corresponding to 1 h; β: threshold curve slope).

LR models (see also [45]) are a particular form of generalized linear models in which
the value of the output continuous variable, given the set of predictors (in this case duration
and intensity), can vary between 0 and 1. It is interpreted as probability p that a rainfall of
duration D and intensity I can trigger a landslide. This is definable by the equation:

p =
1

1 + exp[−(β0 + β1D′ + β2 I′)]
(2)

(I’: Log10 (I) (mm/h); D′: Log10(D) (h); βi with i = 0, 1, 2: parameters of the regression
coefficients).

The determination of the rainfall thresholds with LR requires the use of both types of
rainfall events, attributing a posteriori probability p = 1 to the SLE events and p = 0 to the
NSLE events.

QR and LSQ were used by several authors to determine ID and ED
thresholds [31,34,37,56,57] considering only the SLE events as input data. In the LSQ
method, a linear dependence of type I’ = α + βD’ is assumed and the calculation of α and
β parameters is carried out by minimizing the sum of the square deviations between the
measured I’ and the fit-forecasted value, keeping the detected D’ values fixed. In this way,
it is possible to determine the threshold TLSQ-50 corresponding to the fiftieth Gaussian
percentile of the SLE events. Moreover, the standard deviation (σ) is obtained, and it is
therefore possible to determine the lower percentiles by translating the intercept α using
σ. To obtain several thresholds, we define a probability pe (called exceedance probability
threshold [34]) corresponding to a straight line below which, on average, pe·N events are
found, where N is the number of SLE events. The α value corresponding to the chosen pe
is calculated, translating the TLSQ_50 line according to the procedure described in [56].

Since the LSQ method allows for the calculation of different thresholds with different
α values keeping β unchanged, it properly represents the general trend of the distribution
of events, but, in some cases, does not obtain good thresholds for low pe values. For this
reason, the QR method was used as well. Once pe is chosen, the QR method calculates
the α and the β of the threshold below which, on average, pe·N events are found. QR is
considered a robust technique and a valid alternative to the LSQ especially when outliers
are present. QR also uses only the SLE events as input data, but unlike LR and LSQ
methods, in QR both the α and the β values depend on the pe value. For this reason, the
obtained thresholds exhibit different slopes.
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Since the methods used for determining the thresholds are probabilistic and not
deterministic, it is necessary to carry out a statistical check. This validation allows us to
evaluate the possibility of their concrete use in an alert system and to get a choice criterion
for an optimal threshold.

The validation of the rainfall thresholds was pursued using the approach suggested
by [58], using the number of TP (true positive), TN (true negative), FP (false positive), and
FN (false negative) to calculate the following skill scores:

• POD (probability of detection): TP/(TP + FN) [range 0, 1—optimal value 1];
• POFD (probability of false detection): FP/(FP + TN) [range 0, 1—optimal value 0];
• POFA (probability of false alarm): FP/(TP + FP) [range 0, 1—optimal value 0];
• Ef (efficiency): (TP + TN)/(FP + FN + TP + TN) [range 0, 1—optimal value 1];
• HK ([59] skill score): [TP/(TP + FN)]–[FP/(FP + TN)] or POD-POFD [range −1,

1—optimal value 1].

4. Results
4.1. Processing of the 1975–2002 Dataset

As explained previously, the 1975–2002 dataset includes 167 rainfall events, 28 of
which induced shallow landslides. The main rainstorms in terms of landslides number
occurred in 1984, 1992, 1994, 1996, 1998, and 2000. An analysis of the event distribution in
relation to seasons show that they occurred in autumn 40% of the time [27].

Using the 1975–2002 rainfall and landslide dataset [27], the rainfall thresholds for
the southern Apuan Alps were recalculated using the three fit methods (LR, QR, LSQ) by
means of R software [60]. The values of α and β were obtained using the three methods
along with their 95% confidence intervals, and are reported in Tables 1–3. The processing of
the rainfall and landslide dataset produced the contingency and skill score tables shown in
Tables 4–6 and Figures 3–5. The best results of the three statistical methods and the lower
threshold of [27] are reported in Table 7. The graph shown in Figure 6 allows for a visual
comparison between the best thresholds obtainable with the three aforementioned methods
and the two thresholds plotted by [27].

Table 1. Values of α and β for the 1975–2002 rainfall and landslide dataset obtained with the LR
method for different landslide probability p (C.I.: confidence interval).

p α 95% C.I. for α β 95% C.I. for β

0.01 16.0 [8.63, 26.5] −0.60 [−0.70, −0.46]
0.05 23.0 [14.9, 33.2] −0.60 [−0.70, −0.46]
0.10 27.1 [18.9, 37.3] −0.60 [−0.70, −0.46]
0.15 30.0 [21.6, 40.1] −0.60 [−0.70, −0.46]
0.20 32.4 [24.2, 42.6] −0.60 [−0.70, −0.46]
0.50 44.0 [34.7, 55.1] −0.60 [−0.70, −0.46]

Table 2. Values of α and β for the 1975–2002 rainfall and landslide dataset obtained with the QR
method for different exceeding probability pe (C.I.: confidence interval).

pe α 95% C.I. for α β 95% C.I. for β

0.01 9.56 [2.80, 32.6] −0.33 [−0.75, +0.085]
0.05 28.4 [8.36, 96.7] −0.65 [−1.0, −0.25]
0.10 27.9 [10.2, 76.7] −0.60 [−0.94, −0.27]
0.15 27.6 [14.4, 53.0] −0.58 [−0.80, −0.35]
0.20 29.3 [19.3, 44.2] −0.60 [−0.77, −0.43]
0.50 52.0 [32.8, 82.4] −0.75 [−0.94, −0.56]
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Table 3. Values of α and β for the 1975–2002 rainfall and landslide dataset obtained with the LSQ
method for different exceeding probability pe (C.I.: confidence interval).

pe α 95% C.I. for α β 95% C.I. for β

0.01 17.4 [11.8, 25.6] −0.69 [−0.87, −0.51]
0.05 23.5 [16.0, 34.7] −0.69 [−0.87, −0.51]
0.10 27.7 [18.8, 40.8] −0.69 [−0.87, −0.51]
0.15 30.8 [20.9, 45.4] −0.69 [−0.87, −0.51]
0.20 33.6 [22.8, 49.6] −0.69 [−0.87, −0.51]
0.50 48.9 [33.2, 72.0] −0.69 [−0.87, −0.51]

Table 4. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA, Ef, HK) of the
thresholds obtained by LR method. Threshold showing the maximum efficiency value is highlighted
in red.

Threshold p TP FN FP TN POD POFD POFA Ef HK

TLR-5 0.05 27 1 81 58 0.964 0.583 0.750 0.509 0.382
TLR-10 0.10 26 2 45 94 0.929 0.324 0.634 0.719 0.605
TLR-30 0.30 16 12 19 120 0.571 0.137 0.543 0.814 0.435
TLR-50 0.50 12 16 2 137 0.429 0.014 0.143 0.892 0.414
TLR-55 0.55 12 16 1 138 0.429 0.007 0.077 0.898 0.421
TLR-70 0.70 5 23 1 138 0.179 0.007 0.167 0.856 0.171
TLR-90 0.90 2 26 0 139 0.071 0.000 0.000 0.844 0.071

Table 5. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA, Ef, HK) of the thresh-
olds obtained using QR method. Threshold showing the maximum efficiency value is highlighted in
red (TQR_60 shows the same results but is calculated for a higher probability).

Threshold pe TP FN FP TN POD POFD POFA Ef HK

TQR_01 0.01 26 2 107 32 0.929 0.770 0.805 0.347 0.159
TQR_05 0.05 27 1 57 82 0.964 0.410 0.679 0.653 0.554
TQR_10 0.10 25 3 45 94 0.893 0.324 0.643 0.713 0.569
TQR_15 0.15 25 3 36 103 0.893 0.259 0.590 0.766 0.634
TQR_20 0.20 24 4 33 106 0.857 0.237 0.579 0.778 0.620
TQR_50 0.50 13 14 13 126 0.481 0.094 0.500 0.837 0.388
TQR_55 0.55 12 15 4 136 0.444 0.029 0.250 0.886 0.416
TQR_60 0.60 12 15 4 136 0.444 0.029 0.250 0.886 0.416
TQR_65 0.65 11 17 3 136 0.393 0.022 0.214 0.880 0.371
TQR_90 0.90 2 26 0 139 0.071 0.000 0.000 0.844 0.071

Table 6. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA, Ef, HK) of the thresh-
olds obtained using LSQ method. Threshold showing the maximum efficiency value is highlighted
in red.

Threshold pe TP FN FP TN POD POFD POFA Ef HK

TLSQ_01 0.01 27 1 137 2 0.964 0.986 0.835 0.174 −0.021
TLSQ_05 0.05 27 1 115 24 0.964 0.827 0.810 0.305 0.137
TLSQ_10 0.10 27 1 88 51 0.964 0.633 0.765 0.467 0.331
TLSQ_15 0.15 26 2 67 72 0.929 0.482 0.720 0.587 0.447
TLSQ_20 0.20 24 4 47 92 0.857 0.338 0.662 0.695 0.519
TLSQ_50 0.50 14 14 9 130 0.500 0.065 0.391 0.862 0.435
TLSQ_55 0.55 14 14 4 135 0.500 0.029 0.222 0.892 0.471
TLSQ_60 0.60 11 17 3 136 0.393 0.022 0.214 0.880 0.371
TLSQ_65 0.65 8 20 2 137 0.286 0.014 0.200 0.868 0.271
TLSQ_90 0.90 2 26 0 139 0.071 0.000 0.000 0.844 0.071



Water 2024, 16, 624 8 of 24

Water 2024, 16, x FOR PEER REVIEW  7  of  26 
 

 

0.10  27.7  [18.8, 40.8]  −0.69  [−0.87, −0.51] 

0.15  30.8  [20.9, 45.4]  −0.69  [−0.87, −0.51] 

0.20  33.6  [22.8, 49.6]  −0.69  [−0.87, −0.51] 

0.50  48.9  [33.2, 72.0]  −0.69  [−0.87, −0.51] 

Table 4. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA, Ef, HK) of the 

thresholds obtained by LR method. Threshold showing the maximum efficiency value is highlighted 

in red. 

Threshold  p  TP  FN  FP  TN  POD  POFD  POFA  Ef  HK 

TLR-5  0.05  27  1  81  58  0.964  0.583  0.750  0.509  0.382 

TLR-10  0.10  26  2  45  94  0.929  0.324  0.634  0.719  0.605 

TLR-30  0.30  16  12  19  120  0.571  0.137  0.543  0.814  0.435 

TLR-50  0.50  12  16  2  137  0.429  0.014  0.143  0.892  0.414 

TLR-55  0.55  12  16  1  138  0.429  0.007  0.077  0.898  0.421 

TLR-70  0.70  5  23  1  138  0.179  0.007  0.167  0.856  0.171 

TLR-90  0.90  2  26  0  139  0.071  0.000  0.000  0.844  0.071 

 

Figure 3. Rainfall thresholds obtained using LR method for the 1975–2002 period and corresponding 

to  different  landslide  probability  (5–90%).  Blue  squares:  events  that  did  not  trigger  landslides 

(NSLE); red lozenges: events that triggered landslides (SLE). 

Table 5. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA, Ef, HK) of the 

thresholds obtained using QR method. Threshold showing the maximum efficiency value is high-

lighted in red (TQR_60 shows the same results but is calculated for a higher probability). 

Threshold  pe  TP  FN  FP  TN  POD  POFD  POFA  Ef  HK 

TQR_01  0.01  26  2  107  32  0.929  0.770  0.805  0.347  0.159 

TQR_05  0.05  27  1  57  82  0.964  0.410  0.679  0.653  0.554 

TQR_10  0.10  25  3  45  94  0.893  0.324  0.643  0.713  0.569 

TQR_15  0.15  25  3  36  103  0.893  0.259  0.590  0.766  0.634 

TQR_20  0.20  24  4  33  106  0.857  0.237  0.579  0.778  0.620 

Figure 3. Rainfall thresholds obtained using LR method for the 1975–2002 period and corresponding
to different landslide probability (5–90%). Blue squares: events that did not trigger landslides (NSLE);
red lozenges: events that triggered landslides (SLE).

Water 2024, 16, x FOR PEER REVIEW  8  of  26 
 

 

TQR_50  0.50  13  14  13  126  0.481  0.094  0.500  0.837  0.388 

TQR_55  0.55  12  15  4  136  0.444  0.029  0.250  0.886  0.416 

TQR_60  0.60  12  15  4  136  0.444  0.029  0.250  0.886  0.416 

TQR_65  0.65  11  17  3  136  0.393  0.022  0.214  0.880  0.371 

TQR_90  0.90  2  26  0  139  0.071  0.000  0.000  0.844  0.071 

 

Figure 4. Rainfall thresholds obtained using QR method for the 1975–2002 period and correspond-

ing to different landslide probability (1–50%). Blue squares: events that did not trigger landslides 

(NSLE); red lozenges: events that triggered landslides (SLE). 

Table 6. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA, Ef, HK) of the 

thresholds obtained using LSQ method. Threshold showing the maximum efficiency value is high-

lighted in red. 

Threshold  pe  TP  FN  FP  TN  POD  POFD  POFA  Ef  HK 

TLSQ_01  0.01  27  1  137  2  0.964  0.986  0.835  0.174  −0.021 

TLSQ_05  0.05  27  1  115  24  0.964  0.827  0.810  0.305  0.137 

TLSQ_10  0.10  27  1  88  51  0.964  0.633  0.765  0.467  0.331 

TLSQ_15  0.15  26  2  67  72  0.929  0.482  0.720  0.587  0.447 

TLSQ_20  0.20  24  4  47  92  0.857  0.338  0.662  0.695  0.519 

TLSQ_50  0.50  14  14  9  130  0.500  0.065  0.391  0.862  0.435 

TLSQ_55  0.55  14  14  4  135  0.500  0.029  0.222  0.892  0.471 

TLSQ_60  0.60  11  17  3  136  0.393  0.022  0.214  0.880  0.371 

TLSQ_65  0.65  8  20  2  137  0.286  0.014  0.200  0.868  0.271 

TLSQ_90  0.90  2  26  0  139  0.071  0.000  0.000  0.844  0.071 

Figure 4. Rainfall thresholds obtained using QR method for the 1975–2002 period and corresponding
to different landslide probability (1–50%). Blue squares: events that did not trigger landslides (NSLE);
red lozenges: events that triggered landslides (SLE).
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Figure 5. Rainfall thresholds obtained using the LSQ method for the 1975–2002 period and cor-
responding to different landslide probabilities (1–50%). Blue squares: events that did not trigger
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Table 7. Summary of the contingencies (TP, FN, FP, TN) and skill scores (POD, POFD, POFA, Ef, HK)
of the SLE and NSLE forecasts obtained from the three best thresholds calculated on the 1975–2002
dataset using LR, LSQ, QR statistical techniques and the lower rainfall threshold plotted by [27] (blue
in Figure 6). In this case, both the number of correct forecasts (28 out of 28 for SLE) and the number
of false alarms (FP) are particularly high.

Threshold p, pe TP FN FP TN POD POFD POFA Ef HK

Low T 2006 - 28 0 56 83 1.000 0.513 0.666 0.664 0.606
TLR_55 0.55 12 16 1 138 0.429 0.007 0.077 0.898 0.421
TQR_55 0.55 12 15 4 136 0.444 0.029 0.250 0.886 0.416
TLSQ_55 0.55 14 14 4 135 0.500 0.029 0.222 0.892 0.471

The comparison between the thresholds obtained by [27] using a manual fitting and
those obtained in this study by statistical calculation on the same rainfall and landslide
dataset (1975–2002) was carried out by evaluating the efficiency of the lower threshold
only of [27] (straight blue line in Figure 6). The upper threshold (red line in Figure 6) was
not considered in the comparison due to the scarcity of rainstorms that induced many
landslides (type A events according to [27]). From the position of the lower threshold
and joining the events of type A and type B (rainstorms that induced a few landslides)
events in a single category of landslide events (SLE), the contingency and skill scores table
were calculated (Table 7). Figure 6 shows the comparison between the thresholds of [27]
and those obtained using statistical methodologies. It is evident the very low position of
the low threshold (blue line) of such Author, which, on the other hand, was considered
conservative. Indeed, many NSLE events (blue squares) fall above the threshold. The
implication and the consequence of its low position is highlighted in Table 7, showing the
total accuracy of SLE’s prediction while also showing the fact that it generates a notable
number of false alarms (56 events). This characteristic clearly affects the efficiency (Ef) of
the threshold, which is around 66%.
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Figure 6. Comparison among the upper and lower rainfall thresholds of [27] (red and blue lines,
respectively) and those obtained by the three statistical methods (yellow, green, violet lines) consider-
ing the maximum efficiency related to 1975–2002 period. Blue squares: events that did not trigger
landslides (NSLE); red lozenges: events that triggered landslides (SLE).

The rainfall thresholds obtained through statistical methods, being higher in the
analyzed dataset, determine contingency values very differently from the lower threshold
of [27]. The results (Table 7) show that the three thresholds have very similar efficiency
values, differing from each other by around 0.1%. The best of the three thresholds is that
obtained through the LR method, with a landslide probability of 0.55. It guarantees an
efficiency of 89.8%, with a correct forecast of 150 events out of a total of 167.

4.2. Processing of the 2008–2016 Dataset

Through the application of the algorithm determined in [52], the automatic recon-
struction of the rainfall events was allowed to collect 567 main rainstorms that occurred in
the southern Apuan Alps from 2008 to 2016. The events show the following distribution:
21% occurred in winter (December, January, February); 30% in spring (March, April, May);
22% in summer (June, July, August); and 27% in autumn (September, October, November)
(Figure 7).

An archive search was carried out for the 567 rainfall events in order to identify the
number of shallow landslides triggered, with a total of 93 being found. Many of them were
triggered during the same rainstorm, such as the 9 failures activated by the 25 October 2011
thunderstorm or the 11 failures triggered during the 5 January 2014 event. Therefore, a
total of 31 rainfall events which induced at least one shallow landslide (SLE) were obtained.

The seasonal distribution of the SLEs in the 2008–2016 period follows what was
already observed in [27] during the 1975–2002 period, with a higher frequency in autumn
(from September to November, 42%). However, a high landslide hazard of 39% was also
recognized in winter (December-January-February). In spring and summer, the number of
SLE decreases to values of 18% and 1%, respectively (Figure 8).
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Figure 8. Distribution of rainfall events inducing shallow landslides (SLE) in the southern Apuan
Alps from 2008 to 2016 in relation to season.

Figure 9 shows all 567 events automatically reconstructed by the algorithm, including
many events characterized by low values of I and D (blue events under the discriminating
green line, obtained according to the method explained in [37]). Using the whole set of 567
rainfall events within the 2008–2016 period, the values of the efficiency of the thresholds are
biased. Computing the thresholds efficiencies, it is noted that the value of approximately
95% for the best one is due to the high number of true negative events (TN). To get
around the problem of the presence of rainfall events with too low of an intensity and
duration, making them insignificant for the calculation of the rainfall thresholds, these
events were removed from the dataset. Only SLEs and NSLEs above the discriminating
line of the equation I = 8.173 × D−0.547 (green line in Figure 9) were considered valid for
the computation of skill scores and contingency tables. This choice discards the events with
an intensity of less than 10 mm/h in 1 h for short duration events and 1 mm/h rainfall in
100 h for long-duration events. In this way, the original data set consisting of 567 events
(relating to the 2008–2016 period) was reduced to 183 events (Figure 10).

As for the first dataset (1975–2002), the three fit methods (LR, QR, LSQ) were ap-
plied even to the 2008–2016 dataset, computing the thresholds using the R software
(Figures 11–13). The values of α and β obtained using the three methods, together with
their 95% confidence intervals, are reported in Tables 8–10.
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Figure 9. ID log-log plot of rainfall events SLEs and NSLEs of the 2008–2016 period reconstructed
using the algorithm [52]. Green line separates events considered significant (above the green line)
from events that instead cause a bias in the results (below the green line) due to an increase of the
number of TN in the contingency tables and, therefore, a considerable increase of the efficiency values
(Ef). Blue squares: events that did not trigger landslides (NSLE); red lozenges: events that triggered
landslides (SLE).
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Figure 10. ID log-log plot of rainfall events SLEs and NSLEs of the 2008–2016 period located above
the discriminating line shown in Figure 9. Blue squares: events that did not trigger landslides (NSLE);
red lozenges: events that triggered landslides (SLE).



Water 2024, 16, 624 13 of 24

Water 2024, 16, x FOR PEER REVIEW  14  of  26 
 

 

Table 10. Values of α and β for the 2008–2016 rainfall and landslide dataset obtained with the LSQ 

method for different exceeding probability pe (C.I.: confidence interval). 

pe  α  95% C.I. for α  β  95% C.I. for β 

0.01  8.17  [3.86, 17.3]  −0.55  [−0.73, −0.36] 

0.05  10.9  [5.14, 23.0]  −0.55  [−0.73, −0.36] 

0.10  12.7  [5.98, 26.8]  −0.55  [−0.73, −0.36] 

0.15  14.0  [6.63, 29.7]  −0.55  [−0.73, −0.36] 

0.20  15.2  [7.20, 32.3]  −0.55  [−0.73, −0.36] 

0.50  21.7  [10.2, 45.9]  −0.55  [−0.73, −0.36] 

Tables 11–13 show the contingency tables and skill scores obtained. The most efficient 

thresholds are reported in Table 14, in which the efficiencies of the thresholds before and 

after the data selection using the discriminating line are compared. The  lines shown  in 

Figure 14 allows the visual comparison of the three thresholds with the best efficiency. 

Table 11. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA Ef, HK) for the 

thresholds obtained by the LR method. The threshold showing the maximum efficiency (Ef = 0.885) 

is highlighted in red. NA: not available. 

Threshold  p  TP  FN  FP  TN  POD  POFD  POFA  Ef  HK 

TLR_5  0.05  29  2  81  71  0.935  0.533  0.736  0.546  0.403 

TLR_10  0.10  27  4  57  95  0.871  0.375  0.679  0.667  0.496 

TLR_30  0.30  18  13  19  133  0.581  0.125  0.514  0.825  0.456 

TLR_50  0.50  13  18  3  149  0.419  0.020  0.188  0.885  0.400 

TLR_70  0.70  7  24  0  152  0.226  0.000  0.000  0.869  0.226 

TLR_90  0.90  0  31  0  152  0.000  0.000  NA  0.831  0.000 

 

Figure 11. Rainfall thresholds obtained by using the LR method for the 2008–2016 period and cor-

responding  to different  landslide probabilities  (5–90%). Blue squares: events  that did not  trigger 

landslides (NSLE); red lozenges: events that triggered landslides (SLE). 

Figure 11. Rainfall thresholds obtained by using the LR method for the 2008–2016 period and
corresponding to different landslide probabilities (5–90%). Blue squares: events that did not trigger
landslides (NSLE); red lozenges: events that triggered landslides (SLE).

Water 2024, 16, x FOR PEER REVIEW  15  of  26 
 

 

Table 12. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA Ef, HK) for the 

thresholds obtained using the QR method. Although the threshold relating to the ninetieth percen-

tile of exceedance probability shows the highest efficiency (Ef = 0.852), the threshold highlighted in 

red was considered better for the higher POD and HK parameters. 

Threshold  pe  TP  FN  FP  TN  POD  POFD  POFA  Ef  HK 

TQR_01  0.01  31  0  130  22  1.000  0.855  0.807  0.290  0.145 

TQR_05  0.05  28  3  128  24  0.903  0.842  0.821  0.284  0.061 

TQR_10  0.10  28  3  69  83  0.903  0.454  0.711  0.607  0.449 

TQR_15  0.15  28  3  69  83  0.903  0.454  0.711  0.607  0.449 

TQR_20  0.20  25  5  38  114  0.833  0.250  0.603  0.764  0.583 

TQR_50  0.50  15  16  13  139  0.484  0.086  0.464  0.842  0.398 

TQR_55  0.55  13  18  12  140  0.419  0.079  0.480  0.836  0.340 

TQR_60  0.60  13  18  11  141  0.419  0.072  0.458  0.842  0.347 

TQR_65  0.65  10  21  10  142  0.323  0.066  0.500  0.831  0.257 

TQR_90  0.90  4  27  0  152  0.129  0.000  0.000  0.852  0.129 

 

Figure 12. Rainfall thresholds obtained using the QR method for the 2008–2016 period and corre-

sponding to different landslide probabilities (1–50%). The TQR_10 and TQR_15 lines are perfectly 

superimposed (only the light blue one is shown). Blue squares: events that did not trigger landslides 

(NSLE); red lozenges: events that triggered landslides (SLE). 
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TLSQ_01  0.01  31  0  152  0  1.000  1.000  0.831  0.169  0.000 
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Figure 12. Rainfall thresholds obtained using the QR method for the 2008–2016 period and corre-
sponding to different landslide probabilities (1–50%). The TQR_10 and TQR_15 lines are perfectly
superimposed (only the light blue one is shown). Blue squares: events that did not trigger landslides
(NSLE); red lozenges: events that triggered landslides (SLE).
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Figure 13. Rainfall thresholds obtained using the LSQ method for the 2008–2016 period and corre-
sponding to different landslide probabilities (1–50%). Blue squares: events that did not triggered
landslides (NSLE); red lozenges: events that triggered landslides (SLE).

Table 8. Values of α and β for the 2008–2016 rainfall and landslide dataset obtained with the LR
method for different landslide probability p (C.I.: confidence interval).

p α 95% C.I. for α β 95% C.I. for β

0.01 17.6 [9.73, 42.1] −0.82 [−1.1, −0.66]
0.05 29.3 [17.2, 63.9] −0.82 [−1.1, −0.66]
0.10 36.9 [21.2, 79.2] −0.82 [−1.1, −0.66]
0.15 42.5 [23.9, 99.7] −0.82 [−1.1, −0.66]
0.20 47.4 [26.5, 119] −0.82 [−1.1, −0.66]
0.50 72.8 [38.8, 193] −0.82 [−1.1, −0.66]

Table 9. Values of α and β for the 2008–2016 rainfall and landslide dataset obtained with the QR
method for different exceeding probability pe (C.I.: confidence interval).

pe α 95% C.I. for α β 95% C.I. for β

0.01 9.31 [1.84, 47.0] −0.55 [−0.93, −0.17]
0.05 7.29 [1.72, 30.9] −0.46 [−0.81, −0.12]
0.10 17.7 [3.40, 91.7] −0.64 [−1.1, −0.23]
0.15 17.7 [3.67, 84.9] −0.64 [−1.1, −0.23]
0.20 11.4 [2.73, 47.1] −0.45 [−0.81, −0.079]
0.50 19.1 [8.37, 43.5] −0.51 [−0.71, −0.31]

Tables 11–13 show the contingency tables and skill scores obtained. The most efficient
thresholds are reported in Table 14, in which the efficiencies of the thresholds before and
after the data selection using the discriminating line are compared. The lines shown in
Figure 14 allows the visual comparison of the three thresholds with the best efficiency.
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Table 10. Values of α and β for the 2008–2016 rainfall and landslide dataset obtained with the LSQ
method for different exceeding probability pe (C.I.: confidence interval).

pe α 95% C.I. for α β 95% C.I. for β

0.01 8.17 [3.86, 17.3] −0.55 [−0.73, −0.36]
0.05 10.9 [5.14, 23.0] −0.55 [−0.73, −0.36]
0.10 12.7 [5.98, 26.8] −0.55 [−0.73, −0.36]
0.15 14.0 [6.63, 29.7] −0.55 [−0.73, −0.36]
0.20 15.2 [7.20, 32.3] −0.55 [−0.73, −0.36]
0.50 21.7 [10.2, 45.9] −0.55 [−0.73, −0.36]

Table 11. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA Ef, HK) for the
thresholds obtained by the LR method. The threshold showing the maximum efficiency (Ef = 0.885)
is highlighted in red. NA: not available.

Threshold p TP FN FP TN POD POFD POFA Ef HK

TLR_5 0.05 29 2 81 71 0.935 0.533 0.736 0.546 0.403
TLR_10 0.10 27 4 57 95 0.871 0.375 0.679 0.667 0.496
TLR_30 0.30 18 13 19 133 0.581 0.125 0.514 0.825 0.456
TLR_50 0.50 13 18 3 149 0.419 0.020 0.188 0.885 0.400
TLR_70 0.70 7 24 0 152 0.226 0.000 0.000 0.869 0.226
TLR_90 0.90 0 31 0 152 0.000 0.000 NA 0.831 0.000

Table 12. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA Ef, HK) for the
thresholds obtained using the QR method. Although the threshold relating to the ninetieth percentile
of exceedance probability shows the highest efficiency (Ef = 0.852), the threshold highlighted in red
was considered better for the higher POD and HK parameters.

Threshold pe TP FN FP TN POD POFD POFA Ef HK

TQR_01 0.01 31 0 130 22 1.000 0.855 0.807 0.290 0.145
TQR_05 0.05 28 3 128 24 0.903 0.842 0.821 0.284 0.061
TQR_10 0.10 28 3 69 83 0.903 0.454 0.711 0.607 0.449
TQR_15 0.15 28 3 69 83 0.903 0.454 0.711 0.607 0.449
TQR_20 0.20 25 5 38 114 0.833 0.250 0.603 0.764 0.583
TQR_50 0.50 15 16 13 139 0.484 0.086 0.464 0.842 0.398
TQR_55 0.55 13 18 12 140 0.419 0.079 0.480 0.836 0.340
TQR_60 0.60 13 18 11 141 0.419 0.072 0.458 0.842 0.347
TQR_65 0.65 10 21 10 142 0.323 0.066 0.500 0.831 0.257
TQR_90 0.90 4 27 0 152 0.129 0.000 0.000 0.852 0.129

Table 13. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA, Ef, HK) of the
thresholds obtained using the LSQ method. Maximum efficiency value is reached with the threshold
highlighted in red relating to an exceedance probability of 0.45 (Ef = 0.852).

Threshold pe TP FN FP TN POD POFD POFA Ef HK

TLSQ_01 0.01 31 0 152 0 1.000 1.000 0.831 0.169 0.000
TLSQ_05 0.05 28 3 97 55 0.903 0.638 0.776 0.454 0.265
TLSQ_10 0.10 27 4 75 77 0.871 0.493 0.735 0.568 0.378
TLSQ_15 0.15 27 4 59 93 0.871 0.388 0.686 0.656 0.483
TLSQ_20 0.20 26 5 45 107 0.839 0.296 0.634 0.727 0.543
TLSQ_45 0.45 18 13 14 138 0.581 0.092 0.438 0.852 0.489
TLSQ_50 0.50 16 15 13 139 0.516 0.086 0.448 0.847 0.431
TLSQ_55 0.55 13 18 11 141 0.419 0.072 0.458 0.842 0.347
TLSQ_60 0.60 10 21 9 143 0.323 0.059 0.474 0.836 0.263
TLSQ_65 0.65 9 22 9 143 0.290 0.059 0.500 0.831 0.231
TLSQ_90 0.90 4 27 2 150 0.129 0.013 0.333 0.842 0.116
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Table 14. Summary of contingencies and efficiency values (Ef) of the forecasts of SLEs and NSLEs
using the three best thresholds computed on the 2008–2016 dataset before (A) and after (B) the
reduction of the dataset shown in Figures 8 and 9.

Threshold p, pe TP FN FP TN Ef

A
LR_50 0.50 13 18 3 533 0.963

LSQ_45 0.45 18 13 4 522 0.952
QR_50 0.50 15 16 13 523 0.949

B
LR_50 0.50 13 18 3 149 0.885

LSQ_45 0.45 18 13 4 138 0.852
QR_50 0.50 15 16 13 139 0.842
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dataset of the 2008–2016 period and the rainfall thresholds calculated regarding the 1975–2002 da-

taset obtained using  the LR method. Maximum efficiency value  is  reached with  the curve high-

lighted in red relating to a landslide probability of 0.1 (Ef = 0.858). NA: not available. 

Threshold  p  TP  FN  FP  TN  POD  POFD  POFA  Ef  HK 

TLR_5  0.05  20  11  17  135  0.645  0.112  0.459  0.847  0.533 

TLR_10  0.10  15  16  10  142  0.484  0.066  0.400  0.858  0.418 
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TLR_50  0.50  5  26  0  152  0.161  0.000  0.000  0.858  0.161 

TLR_70  0.70  0  31  0  152  0.000  0.000  NA  0.831  0.000 

Figure 14. Rainfall thresholds with maximum efficiency computed for the 2008–2016 period shown in
Table 14B obtained with the three different statistical methods. In this case there is a strong similarity
between the QR and LSQ thresholds, reminiscent of the 1975–2002 period. Blue squares: events that
did not triggered landslides (NSLE); red lozenges: events that triggered landslides (SLE).

The rainfall thresholds calculated by applying the three statistical methods on the
dataset of 183 events produced results (Table 14B) which, in terms of Ef, are between 0.84
and 0.88, with 162 out of 183 events correctly predicted. This proves to be comparable to
the results of the thresholds obtained by updating the work of [27] and shown in Table 4.

4.3. Combination of 2008–2016 SLE and NSLE Events and the Thresholds Calculated on the
Dataset Related to the 1975–2002 Period

After the calculation of the rainfall threshold curves through the three fit methodolo-
gies (LR, QR, LSQ) on the respective datasets (1975–2002 and 2008–2016 periods), the last
statistical processing carried out in this work aimed to validate the thresholds calculated
regarding the 1975–2002 period by joining them with a different dataset (in this case, the
most recent data of the 2008–2016 period). Using the R software, the 2008–2016 dataset
was combined with the parameters of the threshold curves calculated on the 1975–2002
dataset, obtaining a new series of three graphs (Figures 15–17) and contingency tables
(Tables 15–17).
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Figure 15. Rainfall thresholds obtained using the LR technique. Blue squares: events that did not
trigger landslides (NSLE); red lozenges: events that triggered landslides (SLE).
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Figure 16. Rainfall thresholds obtained using the QR technique. Blue squares: events that did not
trigger landslides (NSLE); red lozenges: events that triggered landslides (SLE).

As in the previous paragraphs, in this new comparison between the obtained rainfall
thresholds, the three best thresholds in terms of efficiency and accuracy in forecasting SLE
and NSLE events were highlighted in Table 18 and in Figure 18.
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Table 15. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA Ef, HK) for the
dataset of the 2008–2016 period and the rainfall thresholds calculated regarding the 1975–2002 dataset
obtained using the LR method. Maximum efficiency value is reached with the curve highlighted in
red relating to a landslide probability of 0.1 (Ef = 0.858). NA: not available.

Threshold p TP FN FP TN POD POFD POFA Ef HK

TLR_5 0.05 20 11 17 135 0.645 0.112 0.459 0.847 0.533
TLR_10 0.10 15 16 10 142 0.484 0.066 0.400 0.858 0.418
TLR_30 0.30 7 24 4 148 0.226 0.026 0.364 0.847 0.199
TLR_50 0.50 5 26 0 152 0.161 0.000 0.000 0.858 0.161
TLR_70 0.70 0 31 0 152 0.000 0.000 NA 0.831 0.000
TLR_90 0.90 0 31 0 152 0.000 0.000 NA 0.831 0.000

Table 16. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA Ef, HK) for the
2008–2016 dataset and the thresholds calculated regarding the data relating to the 1975–2002 period
obtained using the QR method. Maximum efficiency value is reached with the curve highlighted in
red relating to an exceedance probability of 0.5 (Ef = 0.863), which is considered better for the higher
POD and HK parameters.

Threshold pe TP FN FP TN POD POFD POFA Ef HK

TLR_01 0.01 14 17 26 126 0.452 0.171 0.650 0.765 0.281
TLR_05 0.05 19 12 18 134 0.613 0.178 0.486 0.836 0.494
TLR_10 0.10 14 17 10 142 0.452 0.066 0.417 0.852 0.386
TLR_15 0.15 11 20 9 143 0.355 0.059 0.450 0.842 0.296
TLR_20 0.20 12 19 9 143 0.387 0.059 0.429 0.847 0.328
TLR_50 0.50 14 17 8 144 0.452 0.053 0.364 0.863 0.399
TLR_55 0.55 7 24 1 151 0.226 0.007 0.125 0.863 0.219
TLR_60 0.60 7 24 1 151 0.226 0.007 0.125 0.863 0.219
TLR_65 0.65 7 24 0 152 0.226 0.000 0.000 0.869 0.226
TLR_90 0.90 5 26 0 152 0.161 0.000 0.000 0.858 0.161



Water 2024, 16, 624 19 of 24

Table 17. Contingency table (TP, FN, FP, TN) and skill scores (POD, POFD, POFA, Ef, HK) for the
2008–2016 dataset period and the thresholds calculated on the data relating to the 1975–2002 period
obtained using the LSQ method. Maximum efficiency value is reached with the curve highlighted in
red relating to an exceedance probability of 0.30 (Ef = 0.858). NA: not available.

Threshold pe TP FN FP TN POD POFD POFA Ef HK

TLR_01 0.01 30 1 92 60 0.968 0.605 0.754 0.492 0.362
TLR_05 0.05 26 5 51 101 0.839 0.336 0.662 0.694 0.503
TLR_10 0.10 25 6 31 121 0.806 0.204 0.554 0.798 0.603
TLR_15 0.15 23 8 24 128 0.742 0.158 0.511 0.825 0.584
TLR_20 0.20 20 11 22 130 0.645 0.145 0.524 0.820 0.500
TLR_30 0.30 14 17 9 143 0.452 0.059 0.391 0.858 0.392
TLR_50 0.50 9 22 4 148 0.290 0.026 0.308 0.858 0.264
TLR_55 0.55 8 23 2 150 0.258 0.013 0.200 0.863 0.245
TLR_60 0.60 7 24 0 152 0.226 0.000 0.000 0.869 0.226
TLR_65 0.65 6 25 0 152 0.194 0.000 0.000 0.863 0.194
TLR_90 0.90 0 31 0 152 0.000 0.000 NA 0.831 0.000

Table 18. Summary of the contingencies and the skill scores of the forecasts of the SLEs and NSLEs
using the three best thresholds computed with the threshold parameters of the 1975–2002 dataset
combined with the 2008–2016 dataset.

Threshold p, pe TP FN FP TN POD POFD POFA Ef HK

TLR_10 0.10 15 16 10 142 0.484 0.066 0.400 0.858 0.418
TQR_50 0.50 14 17 8 144 0.452 0.053 0.364 0.863 0.399
TLSQ_30 0.30 14 17 9 143 0.452 0.059 0.391 0.858 0.392
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Blue squares: events that did not triggered landslides (NSLE); red lozenges: events that triggered
landslides (SLE).
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The validation results made by combining the rainfall thresholds of the 1975–2002
period with the dataset of 183 rainfall events relating to the 2008–2016 period highlighted
in Table 18 and Figure 18 are comparable to the results obtained previously for the rainfall
thresholds calculated on their respective input data shown in Tables 7 and 14B. The thresh-
olds of the 1975–2002 period applied on the NSLE and SLE events of the 2008–2016 have Ef
values between 0.85 and 0.86, with a maximum of 158 correctly predicted events, and a QR
threshold at the fiftieth percentile of exceedance probability.

5. Discussion

In order to obtain the rainfall thresholds for shallow landslide occurrence in an area
prone to landslides (like the southern Apuan Alps), in this study we used three different
statistical procedures (LR, QR, LSQ). We compared the results and then further compared
them with old threshold curves obtained by [27] using non-statistical and repeatable
approaches. Two different datasets were analyzed: a first rainfall event dataset concerning
the 1975–2002 period (the same used by [27]) and one concerning the 2008–2016 period.
In both datasets, the rainfall events were classified into two categories: events inducing
shallow landslides (SLE) and events not inducing shallow landslides (NSLE). LSQ and QR
techniques allowed us the ability to assess the ID rainfall thresholds for several exceeding
rainfall probabilities, and we specifically show the results for exceeding probabilities of
1%, 5%, 10%, 15%, 20%, and 50%). The ID thresholds for the range of landslide occurrence
probability from 5% to 90% were individuated using the LR method on the same datasets,
and we specifically show the landslide probability results of 5%, 10%, 30%, 70%, 90%).

The results obtained using both analyzed datasets highlight the validity of the three
statistical techniques used to define the thresholds. We recognized some small differences
between the three statistical methods applied, both within the two different datasets
(1975–2002 and 2008–2016) and between the two datasets themselves. The most significant
difference has to do with the LR method. The rainfall thresholds show different slopes
for the 1975–2002 dataset (β = −0.60) and 2008–2016 dataset (β = −0.82). This difference
could be attributed to the different techniques applied to reconstruct the rainfall events.
The hypothesis that climatic conditions may have changed can be ruled out by the fact
that there does not appear to be a significant difference between the thresholds obtained
with the other two methods. However, it is interesting to explore this issue [61,62] since
climatic conditions are changing, including rainfall and extreme events [63], and constant
verification and updating of thresholds will be necessary.

The comparison between old rainfall thresholds of [27], obtained using empirical
techniques, and new ones, obtained by LR, QR, and LSQ statistical approaches using the
same dataset, highlight how the latter are always included between the upper and lower
thresholds of [27], but the differences seem to not be particularly relevant.

Regardless of the methodology used, when elaborating rainfall thresholds inducing
shallow landslides in a given area, some aspects are essential. The first one is the exact
knowledge of the characteristics of the rainfall event (start and end time, duration, and
cumulated rainfall). This depends on the availability of a dense monitoring network that
can cover the study area and is equipped with efficient automatic instruments that are able
to record the rainfall data continuously. If this is not possible (e.g., raingauge far from the
area, imperfect functioning of the instruments, etc.), the results are probably affected by
errors. A second fundamental aspect is the information about the effects of the rainfall,
obviously in terms of landslides activated. For recent events, specific field surveys could be
carried out, however for past events this information is often lacking and may be obtained
by indirect sources such as archive research. On the other hand, for statistical analysis it
is important to cover large periods of time with many events in order to obtain stronger
and more reliable relationships to separate NSLEs and SLEs based on the characteristics of
the rainfall. Archive research may not be efficient. For example, we can obtain vague or
inaccurate information on landslide time or location, or even find no evidence of landslides
despite the fact that they did occur (simply because they did not provide any news, having
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not interfered with human activity or infrastructures). The lack of accuracy of rainfall
datasets and landslides is the main limitation for this type of study.

However, there is another important constraint, namely the characteristics of the area,
from different points of view: geological, geomorphological, land use, climate, and so on.
Shallow landslides can be triggered in many landscapes, but in different ways depending
on the conditions mentioned. Therefore, the choice of a homogeneous area such as the
southern Apuan Alps is fundamental for having a reliable database.

6. Conclusions

Many methods for the rainfall thresholds individuation are used worldwide to deter-
mine the rainfall characteristics (in terms of duration, intensity, cumulated rainfall, and
other similar parameters) which can initiate shallow landslides. Nevertheless, the great
experience and numerous attempts of the many researchers who have dedicated them-
selves to this type of research cannot avoid the fact that different approaches can produce
results that are not always comparable. Furthermore, the reliability of the databases used
significantly affects the results obtained. Despite these limitations, we think that these
methodologies can offer a valid support, obtainable with reasonable costs and time, which
can help authorities to manage alert systems in shallow landslide-prone areas, especially in
small and homogeneous environments. Indeed, it is crucial to underline again that choos-
ing a small and homogeneous area allows us to obtain thresholds high enough not to issue
a state of alert, even in the case of a not-particularly-intense meteorological phenomena.
In this way, it is possible to avoid having a high number of false alarms, as sometimes
happens in the case of thresholds calculated on a larger scale (regional or even national).

Specifically, the southern Apuan Alps include these characteristics: a small homo-
geneous area and high susceptibility to heavy rainstorms inducing shallow landslides.
These conditions are optimal for the application of the rainfall threshold’s methods in their
best conditions, namely achieving a limited number of false and missed alarms. In this
research, three statistical approaches (logistic regression (LR), quantile regression (QR), and
least-squares linear fit (LSQ)), were applied for the first time in the study area to obtain the
rainfall thresholds able to initiate shallow landslides, also comparing them with a previous
attempt made by [27] using a non-statistical technique. These approaches were applied to
two different datasets, including rainfall data and landslide occurrence information, related
to the periods of 1975–2002 and 2008–2016, respectively. The best thresholds obtained for
each dataset in terms of efficiency are TLR_55 (Ef = 0.898), TQR_55 (0.886), TLSQ_55 (0.892)
for the 1975–2002 dataset and TLR_50 (0.885), TQR_50 (0.842), TLSQ_45 (0.852) for the
2008–2016 dataset, considering the predictive capacity of the thresholds obtained using
different methodologies to be acceptable. The comparison between the rainfall thresholds
computed by a simple manual fitting and the new statistical ones basing the same dataset
do not show significant differences, making it possible to test the thresholds obtained for
the management of alerts.

The following step Is necessarily a testing period of the obtained rainfall thresholds
to verify their effectiveness and applicability, and then adjust them accordingly, before a
final use of the authorities responsible for risk management in a densely populated area.
Naturally, the concrete use of these thresholds by civil protection requires close coordination
with the public bodies that issue weather forecasts, which should be able to provide reliable
data in time for their processing.

Finally, we have been informed that a municipal administration of the study area is
acquiring data on rainfall thresholds to start an experimental phase. We believe that this
could be a flattering result for scientific research on this topic.



Water 2024, 16, 624 22 of 24

Author Contributions: Conceptualization, R.G. and M.B.; methodology, R.G., M.B. and A.Z.; software,
R.G., M.B. and A.Z.; validation, R.G. and M.B.; formal analysis, R.G., M.B. and A.Z.; investigation,
R.G., M.B. and A.Z.; resources, R.G. and M.B.; data curation, R.G. and M.B.; writing—original draft
preparation, R.G., M.B. and A.Z.; writing—review and editing, R.G. and M.B.; visualization, R.G.
and M.B.; supervision, R.G. and M.B. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The rainfall data are available at the website of the Regional Hydro-
logical Service of Tuscany (https://www.sir.toscana.it/ (accessed on 24 May 2018). The landslide
information is collected by newspapers, cited scientific papers, local authorities, etc. Requests to
access the dataset should be addressed to the corresponding author.

Acknowledgments: The author are grateful to the reviewers, whose suggestions and comments
significantly improved this manuscript.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Montgomery, D.R.; Dietrich, W.E. A physically based model for the topographic control of shallow landsliding. Water Resour. Res.

1994, 30, 1153–1171. [CrossRef]
2. Iverson, R.M. Landslide triggering by rain infiltration. Water Resour. Res. 2000, 36, 1897–1910. [CrossRef]
3. Bartelletti, C.; D’Amato Avanzi, G.; Galanti, Y.; Giannecchini, R.; Mazzali, A. Assessing shallow landslide susceptibility by using

the SHALSTAB model in Eastern Liguria (Italy). Rend. Online Soc. Geol. It. 2015, 35, 17–20. [CrossRef]
4. Park, H.-J.; Jang, J.-Y.; Lee, J.-H. Physically based susceptibility assessment of rainfall-induced shallow landslides using a fuzzy

point estimate method. Remote Sens. 2017, 9, 487. [CrossRef]
5. Van den Bout, B.; Lombardo, L.; Chiyang, M.; van Westen, C.; Jetten, V. Physically-based catchment-scale prediction of slope

failure volume and geometry. Eng. Geol. 2021, 284, 105942. [CrossRef]
6. Guzzetti, F.; Peruccacci, S.; Rossi, M.; Stark, C.P. Rainfall thresholds for the initiation of landslides in central and southern Europe.

Meteorog Atmos. Phys. 2007, 98, 239–267. [CrossRef]
7. Wilson, R.C. Rainstorms, pore pressure, and debris flows: A theoretical framework. In Landslides in a Semi-Arid Environment;

Sadler, P., Morton, D.M., Eds.; Inland Geological Society: Riverside, CA, USA, 1989; Volume 2, pp. 101–117.
8. Wieczorek, G.F. Landslide triggering mechanisms. In Landslides, Investigation and Mitigation; Turner, A.K., Schuster, R.L., Eds.;

Special Report Transportation Research Board, National Academy of Sciences: Washington, DC, USA, 1996; Volume 247,
pp. 76–90.

9. Crosta, G.B.; Frattini, P. Distributed modelling of shallow landslides triggered by intense rainfall. Nat. Hazards Earth Syst. Sci.
2003, 3, 81–93. [CrossRef]

10. Turner, K.T. Colluvium and talus. In Landslides, Investigation and Mitigation; Turner, A.K., Schuster, R.L., Eds.; Special Report
Transportation Research Board, National Academy of Sciences: Washington, DC, USA, 1996; Volume 247, pp. 525–554.

11. Hungr, O.; Evans, S.G.; Bovis, M.; Hutchinson, J.N. Review of the classification of landslides of the flow type. Environ. Eng. Geosci.
2001, 7, 221–238. [CrossRef]

12. Hutchinson, J.N. General report: Morphological and geotechnical parameters of landslides in relation to geology and hydrogeol-
ogy. In Proceedings Fifth International Symposium on Landslides; Bonnard, C., Ed.; Balkema: Rotterdam, The Netherlands, 1988;
pp. 3–35.

13. Jibson, R.W. Debris flows in Southern Puerto Rico. Geological Soc. Amer 1989, 236, 29–55. [CrossRef]
14. D’Amato Avanzi, G.; Giannecchini, R.; Puccinelli, A. The influence of the geological and geomorphological settings on shallow

landslides. An example in a temperate climate environment: The June 19, 1996 event in the northwestern Tuscany (Italy). Eng.
Geol. 2004, 73, 215–228. [CrossRef]

15. D’Amato Avanzi, G.; Galanti, Y.; Giannecchini, R.; Mazzali, A.; Saulle, G. Remarks on the 25 October 2011 rainstorm in Eastern
Liguria and Northwestern Tuscany (Italy) and the related landslides. Rend. Online Soc. Geol. It. 2013, 24, 76–78.

16. D’Amato Avanzi, G.; Galanti, Y.; Giannecchini, R.; Bartelletti, C. Shallow landslides triggered by the 25 October 2011 extreme
rainfall in Eastern Liguria (Italy). In Engineering Geology for Society and Territory; Lollino, G., Giordan, D., Crosta, G.B., Corominas,
J., Eds.; Springer International Publishing: Cham, Switzerland, 2015; Volume 2, pp. 515–519. [CrossRef]

17. Cascini, L. Applicability of landslide susceptibility and hazard zoning at different scales. Eng. Geol. 2008, 102, 164–177. [CrossRef]
18. Cevasco, A.; Pepe, G.; D’Amato Avanzi, G.; Giannecchini, R. Preliminary analysis of the November 10, 2014 rainstorm and related

landslides in the lower Lavagna Valley (Eastern Liguria). Ital. J. Eng. Geol. Environ. 2017, 5–15. [CrossRef]
19. García-Delgado, H.; Petley, D.N.; Bermúdez, M.A.; Sepúlveda, S.A. Fatal landslides in Colombia (from historical times to 2020)

and their socio-economic impacts. Landslides 2022, 19, 1689–1716. [CrossRef]
20. Caine, N. The rainfall intensity-duration control of shallow landslides and debris flows. Geogr. Ann. Ser. A Phys. Geogr. 1980,

62, 23–27. [CrossRef]

https://www.sir.toscana.it/
https://doi.org/10.1029/93WR02979
https://doi.org/10.1029/2000WR900090
https://doi.org/10.3301/ROL.2015.53
https://doi.org/10.3390/rs9050487
https://doi.org/10.1016/j.enggeo.2020.105942
https://doi.org/10.1007/s00703-007-0262-7
https://doi.org/10.5194/nhess-3-81-2003
https://doi.org/10.2113/gseegeosci.7.3.221
https://doi.org/10.1130/SPE236-p29
https://doi.org/10.1016/j.enggeo.2004.01.005
https://doi.org/10.1007/978-3-319-09057-3_85
https://doi.org/10.1016/j.enggeo.2008.03.016
https://doi.org/10.4408/IJEGE.2017-01.S-01
https://doi.org/10.1007/s10346-022-01870-2
https://doi.org/10.2307/520449


Water 2024, 16, 624 23 of 24

21. Chen, C.-L. Rainfall intensity–duration–frequency formulas. J. Hydraul. Eng. 1983, 109, 1603–1621. [CrossRef]
22. Cannon, S.H.; Ellen, S.D. Rainfall that resulted in abundant debris flows activity during the storm. In Landslides, Floods, and Marine

Effects of the Storm of January 3–5, 1982, in the S. Francisco Bay Region, California; Ellen, S.D., Wieczorek, G.F., Eds.; United States
Geological Survey Professional Paper; U.S. Government Printing Office: Washington, DC, USA, 1988; Volume 1434, pp. 27–33.

23. Larsen, M.C.; Simon, A. A rainfall intensity–duration threshold for landslides in a humid–tropical environment, Puerto Rico.
Geogr. Ann. 1993, 75A, 13–23. [CrossRef]

24. Glade, T.; Crozier, M.; Smith, P. Applying probability determination to refine landslide-triggering rainfall thresholds using an
empirical “Antecedent daily rainfall model”. Pure Appl. Geophys. 2000, 157, 1059–1079. [CrossRef]

25. Jakob, M.; Weatherly, H. A hydroclimatic threshold for landslide initiation on the North Shore Mountains of Vancouver, British
Columbia. Geomorphology 2003, 54, 137–156. [CrossRef]

26. Aleotti, P. A warning system for rainfall-induced shallow failures. Eng. Geol. 2004, 73, 247–265. [CrossRef]
27. Giannecchini, R. Relationship between rainfall and shallow landslides in the southern Apuan Alps (Italy). Nat. Hazards Earth Syst.

Sci. 2006, 6, 357–364. [CrossRef]
28. Guzzetti, F.; Peruccacci, S.; Rossi, M.; Stark, C.P. The rainfall intensity-duration control of shallow landslides and debris flows: An

update. Landslides 2008, 5, 3–17. [CrossRef]
29. Cannon, S.H.; Gartner, J.E.; Wilson, R.C.; Bowers, J.C.; Laber, J.L. Storm rainfall conditions for floods and debris flows from

recently burned areas in southwestern Colorado and southern California. Geomorphology 2008, 96, 250–269. [CrossRef]
30. Dahal, R.K.; Hasegawa, S. Representative rainfall thresholds for landslides in the Nepal Himalaya. Geomorphology 2008, 100,

429–443. [CrossRef]
31. Saito, H.; Nakayama, D.; Matsuyama, H. Relationship between the initiation of a shallow landslide and rainfall intensity–duration

thresholds in Japan. Geomorphology 2010, 118, 167–175. [CrossRef]
32. Kao, S.-C.; Ganguly, A.R. Intensity, duration, and frequency of precipitation extremes under 21st-century warming scenarios.

J. Geophys. Res. 2011, 116, 1–14. [CrossRef]
33. Yu, G.; Zhang, M.; Cong, K.; Pei, L. Critical rainfall thresholds for debris flows in Sanyanyu, Zhouqu County, Gansu Province,

China. Quart. J. of Eng. Geol. and Hydrog. 2015, 48, 224–233. [CrossRef]
34. Peruccacci, S.; Brunetti, M.T.; Luciani, S.; Vennari, C.; Guzzetti, F. Lithological and seasonal control on rainfall thresholds for the

possible initiation of landslides in central Italy. Geomorphology 2012, 139–140, 79–90. [CrossRef]
35. Tien Bui, D.; Pradhan, B.; Lofman, O.; Revhaug, I.; Dick, Ø.B. Regional prediction of landslide hazard using probability analysis

of intense rainfall in the Hoa Binh province, Vietnam. Nat. Hazards 2013, 66, 707–730. [CrossRef]
36. Rossi, M.; Luciani, S.; Valigi, D.; Kirschbaum, D.; Brunetti, M.T.; Peruccacci, S.; Guzzetti, F. Statistical approaches for the

definition of landslide rainfall thresholds and their uncertainty using rain gauge and satellite data. Geomorphology 2017,
285, 16–27. [CrossRef]

37. Galanti, Y.; Barsanti, M.; Cevasco, A.; D’Amato Avanzi, G.; Giannecchini, R. Comparison of statistical methods and multi-time
validation for the determination of the shallow landslide rainfall thresholds. Landslides 2018, 15, 937–952. [CrossRef]

38. Mirus, B.B.; Morphew, M.D.; Smith, J.B. Developing hydro-meteorological thresholds for shallow landslide initiation and early
warning, China. Water 2018, 10, 1274. [CrossRef]

39. Valenzuela, P.; Domínguez-Cuesta, M.J.; García, M.A.M.; Jiménez-Sánchez, M. Rainfall thresholds for the triggering of landslides
considering previous soil moisture conditions (Asturias, NW Spain). Landslides 2018, 15, 273–282. [CrossRef]

40. Gariano, S.L.; Melillo, M.; Peruccacci, S. How much does the rainfall temporal resolution affect rainfall thresholds for landslide
triggering? Nat. Hazards 2020, 100, 655–670. [CrossRef]

41. Georganta, C.; Feloni, E.; Nastos, P.; Baltas, E. Critical rainfall thresholds as a tool for urban flood identification in Attica Region,
Greece. Atmosphere 2022, 13, 698. [CrossRef]

42. Zhang, S.; Pecoraro, G.; Jiang, Q.; Calvello, M. Definition of rainfall thresholds for landslides using unbalanced datasets: Two case
studies in Shaanxi Province, China. Water 2023, 15, 1058. [CrossRef]

43. D’Amato Avanzi, G.; Galanti, Y.; Giannecchini, R.; Lo Presti, D.; Puccinelli, A. Estimation of soil properties of shallow landslide
source areas by dynamic penetration tests: First outcomes from Northern Tuscany (Italy). Bull. Eng. Geol. Environ. 2013, 72,
609–624. [CrossRef]

44. Giannecchini, R.; D’Amato Avanzi, G. Historical research as a tool in estimating the flood/landslide hazard in a typical small
alpine-like area: The example of the Versilia River basin (Apuan Alps, Italy). J. Phys. Chem. Earth 2012, 49, 32–43. [CrossRef]

45. Giannecchini, R.; Galanti, Y.; D’Amato Avanzi, G.; Barsanti, M. Probabilistic rainfall thresholds for triggering debris flows in a
human-modified landscape. Geomorphology 2016, 257, 94–107. [CrossRef]

46. Rapetti, C.; Rapetti, F. L’evento pluviometrico eccezionale del 19 giugno 1996 in Alta Versilia (Toscana) nel quadro delle
precipitazioni delle Alpi Apuane. Atti Soc. Tosc. Sci. Nat. Mem. Serie A 1996, 103, 143–159. (In Italian)

47. Cruden, D.M.; Varnes, D.J. Landslide types and processes. In Landslides, Investigation and Mitigation; Turner, A.K., Schuster, R.L.,
Eds.; Special Report Transportation Research Board, National Academy of Sciences: Washington, DC, USA, 1996; Volume 247,
pp. 36–75.

48. Chleborad, A.F.; Baum, R.L.; Godt, J.W.; Powers, P.S. A prototype system for forecasting landslides in the Seattle, Washington,
area. Rev. Eng. Geol. 2008, 20, 103–120. [CrossRef]

https://doi.org/10.1061/(ASCE)0733-9429(1983)109:12(1603)
https://doi.org/10.1080/04353676.1993.11880379
https://doi.org/10.1007/s000240050017
https://doi.org/10.1016/S0169-555X(02)00339-2
https://doi.org/10.1016/j.enggeo.2004.01.007
https://doi.org/10.5194/nhess-6-357-2006
https://doi.org/10.1007/s10346-007-0112-1
https://doi.org/10.1016/j.geomorph.2007.03.019
https://doi.org/10.1016/j.geomorph.2008.01.014
https://doi.org/10.1016/j.geomorph.2009.12.016
https://doi.org/10.1029/2010JD015529
https://doi.org/10.1144/qjegh2014-078
https://doi.org/10.1016/j.geomorph.2011.10.005
https://doi.org/10.1007/s11069-012-0510-0
https://doi.org/10.1016/j.geomorph.2017.02.001
https://doi.org/10.1007/s10346-017-0919-3
https://doi.org/10.3390/w10091274
https://doi.org/10.1007/s10346-017-0878-8
https://doi.org/10.1007/s11069-019-03830-x
https://doi.org/10.3390/atmos13050698
https://doi.org/10.3390/w15061058
https://doi.org/10.1007/s10064-013-0535-y
https://doi.org/10.1016/j.pce.2011.12.005
https://doi.org/10.1016/j.geomorph.2015.12.012
https://doi.org/10.1130/2008.4020(06)


Water 2024, 16, 624 24 of 24

49. Baum, R.L.; Godt, J.W. Early warning of rainfall-induced shallow landslides and debris flows in the USA. Landslides 2010, 7,
259–272. [CrossRef]

50. Calvello, M.; d’Orsi, R.N.; Piciullo, L.; Paes, N.; Magalhaes, M.; Lacerda, W.A. The Rio de Janeiro early warning system for
rainfall-induced landslides: Analysis of performance for the years 2010–2013. Int. J. Disaster Risk Reduct. 2015, 12, 3–15. [CrossRef]

51. Won, Y.L.; Seon, K.P.; Hyo, H.S. The optimal rainfall thresholds and probabilistic rainfall conditions for a landslide early warning
system for Chuncheon, Republic of Korea. Landslides 2021, 18, 1721–1739. [CrossRef]

52. Melillo, M.; Brunetti, M.T.; Peruccacci, S.; Gariano, S.L.; Guzzetti, F. An algorithm for the objective reconstruction of rainfall
events responsible for landslides. Landslides 2015, 12, 311–320. [CrossRef]

53. Zhang, L.; Shi, B.; Zhu, H.; Yu, X.B.; Han, H.; Fan, X. PSO-SVM-based deep displacement prediction of Majiagou landslide
considering the deformation hysteresis effect. Landslides 2021, 18, 179–193. [CrossRef]

54. Distefano, P.; Peres, D.J.; Scandura, P.; Cancelliere, A. Brief communication: Introducing rainfall thresholds for landslide triggering
based on artificial neural networks. Nat. Hazards Earth Syst. Sci. 2022, 22, 1151–1157. [CrossRef]

55. Chiang, J.-L.; Kuo, C.-M.; Fazeldehkordi, L. Using deep learning to formulate the landslide rainfall threshold of the potential
large-scale landslide. Water 2022, 14, 3320. [CrossRef]

56. Brunetti, M.T.; Peruccacci, S.; Rossi, M.; Luciani, S.; Valigi, D.; Guzzetti, F. Rainfall thresholds for the possible occurrence of
landslides in Italy. Nat. Hazards Earth Syst. Sci. 2010, 10, 447–458. [CrossRef]

57. Chen, H.; Wang, J. Regression analyses for the minimum intensity–duration conditions of continuous rainfall for mudflows
triggering in Yan’an, northern Shaanxi (China). Bull. Eng. Geol. Environ. 2014, 73, 917–928. [CrossRef]

58. Gariano, S.L.; Brunetti, M.T.; Iovine, G.; Melillo, M.; Peruccacci, S.; Terranova, O.; Vennari, C.; Guzzetti, F. Calibration and
validation of rainfall thresholds for shallow landslide forecasting in Sicily, southern Italy. Geomorphology 2015, 228, 653–665.
[CrossRef]

59. Hanssen, A.W.; Kuipers, W.J.A. On the Relationship between the Frequency of Rain and Various Meteorological Parameters; Koninklijk
Nederlands Meteorologisch Institut: De Bilt, The Netherlands, 1965.

60. R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria,
2016; Available online: https://www.R-project.org (accessed on 21 May 2023).

61. Gariano, S.L.; Guzzetti, F. Landslides in a changing climate. Earth Sci. Rev. 2016, 162, 227–252. [CrossRef]
62. Yeh, H.-F.; Tsai, Y.-J. Effect of variations in long-duration rainfall intensity on unsaturated slope stability. Water 2018, 10, 479.

[CrossRef]
63. IPCC. Climate Change 2021: The Physical Science Basis; Contribution of Working Group I to the Sixth Assessment Report of the

Intergovernmental Panel on Climate Change, 2021; Masson-Delmotte, V., Zhai, P., Pirani, A., Connors, S.L., Péan, C., Berger, S.,
Caud, N., Chen, Y., Goldfarb, L., Gomis, M.I., et al., Eds.; Cambridge University Press: Cambridge, UK; New York, NY, USA,
2021; 2391p. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1007/s10346-009-0177-0
https://doi.org/10.1016/j.ijdrr.2014.10.005
https://doi.org/10.1007/s10346-020-01603-3
https://doi.org/10.1007/s10346-014-0471-3
https://doi.org/10.1007/s10346-020-01426-2
https://doi.org/10.5194/nhess-22-1151-2022
https://doi.org/10.3390/w14203320
https://doi.org/10.5194/nhess-10-447-2010
https://doi.org/10.1007/s10064-013-0567-3
https://doi.org/10.1016/j.geomorph.2014.10.019
https://www.R-project.org
https://doi.org/10.1016/j.earscirev.2016.08.011
https://doi.org/10.3390/w10040479
https://doi.org/10.1017/9781009157896

	Introduction 
	Settings, Criticisms, and Goals 
	Materials and Methods 
	Datasets 
	Rainfall Thresholds 

	Results 
	Processing of the 1975–2002 Dataset 
	Processing of the 2008–2016 Dataset 
	Combination of 2008–2016 SLE and NSLE Events and the Thresholds Calculated on the Dataset Related to the 1975–2002 Period 

	Discussion 
	Conclusions 
	References

