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Abstract

We have developed a landslide prediction system, based on the integration of geomorphological,
geological and climatic information. The approach to developing the system was to make
forecasts using slowly varying factors (geomorphological parameters) and factors with high
seasonal variability (soil humidification parameters and rainfall quantities). In this sense, the
system involves integration with various real-time data sources such as precipitation forecasting
systems, rain gauges and SRS systems. Our objective is to estimate the landslide risk based on
the parameters provided as input to the system according to the scale 1. Very low, 2. Low, 3.
Medium, 4. High, 5. Very high.

Keywords: Deep Learning, Landslides prediction, geomorphological data, geological data,
climatic data

I. INTRODUCTION

Historically, both natural and man-made disasters have significant impacts on society, the
environment and the economy. The term "disaster" means any situation that has or may have a
serious impact on people, the environment or property, including cultural heritage. Over the past
10 years, some high-impact, low-probability (HILP) events such as landslides and floods, caused
by forces of nature influenced by climate change, have been identified as the highest risk to
society. It should be noted that there is no universally accepted definition of what a low-
probability, high-impact risk is. Within the EU, an "operational" definition of these risks has
been adopted in order to respond to extreme situations characterized by:

the unpredictability or extraordinary nature of a disaster;

the scale of a disaster, including mass casualties, mass deaths and mass displacement;

the prolonged duration of a disaster;

the degree of complexity of a disaster;

the potential risk of seriously disrupting the functioning of the national government,
including the provision of social, environmental, economic and public health services or
disruption of critical infrastructure;

f. geographical area, including the possibility that impacts spread beyond borders;
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g. other factors such as the full activation of the Council's integrated political response
mechanisms to crises.

It is also true that, although significant efforts have been made in developing solutions for
managing the risk of disasters such as landslides and floods, these have so far proven to be
inefficient. Thus, more than 1.5 billion people have been affected by environmental disasters in
recent years, with total economic losses exceeding $1.3 trillion. On the other hand, some of the
deadliest disasters in world history have been anthropogenic hazards (environmental disasters
caused by human activity) involving nature, these were originally caused or amplified by human
instigation resulting in ecological disasters that have changed our world forever.

These risks and associated hazards and vulnerabilities are expected to increase further in the
future, due to ongoing changes in land use and demographics, development in hazardous areas,
and associated climate change. However, unresolved vulnerabilities of this nature increase both
the frequency and magnitude of climate-related disasters and natural hazards resulting in
catastrophic loss of life and disruption of livelihoods that inevitably introduce widespread social,
environmental and economic impacts. stairs. Furthermore, a large number of existing and new
risks are interacting in a rapidly changing world, and new correlations between risks are
dramatically accelerating climate change and its impacts in a vicious cycle pattern. In this
context, the Sendai Framework for Disaster Risk Reduction (DRR) 2015-2030 has identified the
need for drastic means to manage the risks of small- and large-scale, frequent and infrequent,
sudden and slow-onset disasters caused by natural factors or man-made hazards, as well as
related environmental, technological and biological hazards. In particular, in recent years we
have seen the emergence of new risks arising from forces of nature or human-triggered events
causing mass casualties. Although a large percentage of these hazards occur sporadically or even
rarely caused accidentally or intentionally, they have the potential to introduce extreme risks to
the population, agriculture, industrial activities, the healthcare system and society. The highly
heterogeneous nature of these high-impact, low-probability incidents requires continuous
readiness, adequate preparation and planning and the use of advanced technological tools
capable of supporting decision-makers in preparation and Early Warning. However, as these
hazards are unknown in advance, they require a different mode of operation than routine
activities targeting well-known and understood hazards and therefore represent a very complex
challenge. For example, what is commonly and improperly defined as a "water bomb" (the
correct term would be storm), can cause landslides in places where they had never occurred
previously and often also in places where a hydro risk had not been assessed. -high geological. In
other cases, despite knowing the risk of flooding or landslides, there are objective difficulties in
managing an emergency both in terms of communication with a good part of the population and
in terms of evacuating them from the risk areas. Although the threat of landslides and floods,
increasingly emerging with ongoing climate change, has a low probability of occurring, if it does
occur it can clearly and dramatically affect the economy and security of society, bringing
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devastation in terms of human life, property, environment and cultural heritage. The effects of
climate change on the hydrological cycle, already quite evident today (Intergovernmental Panel
on Climate Change, 2022), will presumably continue to manifest themselves in the immediate
future with ever greater frequency and intensity. Analyzing the possible scenarios is a necessary
operation in order to choose the most effective countermeasures to safeguard the environment
and protect living beings. Therefore, a) new combinations of parameters for landslide prediction
and b) an integrated approach that combines the use of geomorphological data with climate data
will be tested.

I1. METHODS

Dataset
With this study we used some data relating to landslide events at an international level and

analyzed them using artificial intelligence methods to study the correlation between these events
and some geological and climatic parameters. We started from the study of some parameters
used to landslide prediction is available in international bibliographies and some evaluations
have been made on their total or partial use for an innovative approach that would allow their
interpretation related to meteorological events.

Dimension of dataset without the landslide variable is of 2814 rows of 10 columns. Each row
presents 10 values (same number of columns of course) with values related to following
parameters:

e Topography

e Slope

e Aspect

e Curvature Profile

e Plane of Curvature

e Average rate (occurrence of landslide events)

e Wind

e Humidity Rate

e Solar

e Precipitation (value obtained predictively from meteorological systems or obtained in real
time from pluviometric systems and the much more advanced SRS - Smart Rainfall
System)

Rainfall, solar exposure, slope and wind all affect the occurrence of landslides. All of these
influencing parameters are related to slope aspect [21,22]. Let's analyze what the individual
parameters represent
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Slope. Under normal conditions, rocks and soil, even with sloping slopes, do not
spontaneously tend to collapse or slide downhill because the friction with the underlying
layers opposes the internal cohesion forces. Landslides occur when the angle of repose is
exceeded, which represents the maximum slope beyond which loose materials lose
stability and start moving. However, the slope can be a contributing factor, in conjunction
with other geomorphological characteristics and the presence of water, to facilitate the
triggering of a landslide.

Precipitation/Rainfall. Rainfall is an extrinsic variable widely used in susceptibility
analysis, and its spatial distribution of annual rainfall is commonly considered in
statistical hazard analysis [23, 24]. In study area, landslide was triggered by heavy
rainfall. Therefore, annual rainfall data of eight stations around the study area were used
to prepare rainfall intensity map.

Humidity Rate. Precipitation intensity thresholds are generally calculated assuming that
all events are unaffected by antecedent soil moisture conditions. However, it is expected
that antecedent soil moisture conditions can provide critical support for the correct
definition of trigger conditions. Therefore, we explored the role of antecedent soil
moisture on critical thresholds of precipitation intensity and duration to evaluate the
possibility of modifying or improving traditional approaches.

Slope aspect. It has relation with sunlight exposure, winds, soil moisture content on a
slope, and these factors indirectly cause landslide occurrence [25, 26]..

Slope curvature (profile and plane). It is an important geomorphic index of topographic
feature, defined as the rate of change of slope in certain direction. It adversely affects the
surface erosion by converging and diverging the runoff down the slope [27,28,29].. It has
two utmost values: Positive values indicate the surface is convex in upward direction at
certain location, while negative values specify that surface is concave in upward
direction. Higher the negative value increase, the more the probability of landslide
occurrence; on the contrary, comparatively flat area is less exposed to landslide. Slope
with concave surface will tend to hold more rainfall water; thus, it has more time for
water infiltration into slope and thus increases the probability of landslide occurrence, but
the case is opposite for convex slope [28]. The combination of plan and profile curvature
along with curvature is taken into consideration so that slope morphology and flow can
be better assessed.

Topographic wetness index. TWI is used to quantify the topographic control on
hydrological process. TWI can measure the degree of accumulation of water at a site.
TWI and landslide have a direct relationship if the value of TWI increases the occurrence
of landslide [30]. TWI was extracted from DEM.
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o Average Frequency ratio. FR is a bivariate geo-statistical method to compute the
probabilistic correlation between independent and dependent variables [31].. For
landslide prediction, it is assumed that the conditioning factors that caused landslide in
past may be responsible for initiation landslide in future [32, 26].. The main advantage of
FR model is that it is very easy to use and obtain the results that are readily intelligible
[33]. FR is based on the correlation of landslides and its conditioning factors. FR is the
ratio of the landslides to the total study area; in addition, it is also the ratio of landslide
and non-landslide area for a given attribute/class of a parameter. Therefore, calculating
FR values, the area ratio with landslide to non-landslide was computed for each class of
each factor for the whole study area, and then, area ratio of each class of each factor to
the whole study area was calculated. Hence, FR value of each class type was obtained by
dividing the ratio of landslide to the ratio of study area [33,32,34].

Models
For binary recognition of probability of landslides we use K-means model. It is a partitional

clustering algorithm in which each cluster is associated with a centroid and each point is
associated with the cluster with the closest centroid. The operation of this algorithm requires that
the parameter k, indicating the number of clusters to be assigned, is specified by us. The
algorithm works following these steps:

* Select k random points as initial centroids.

*  We form the k clusters by assigning all the points to the closest centroid.

*  We recalculate the centroids of each cluster.

* If the centroid has changed we repeat the assignment of all points to the closest centroid.
+ If'the centroid has not changed we have identified the cluster.

Distances can be calculated with any of the measures we have already seen in the previous
chapters. Typically the algorithm converges at the first iterations, but stopping criteria can be
specified based on the number of iterations, or based on a minimum value of the total error or
until the elements of each cluster stabilize (do not pass more from one cluster to another).

The algorithm is sensitive to local minima, as the choice of random starting points could lead to
different results in the various executions of the algorithm. A solution may be to run the
algorithm several times choosing different starting points until a solution that minimizes the error
is obtained, or alternatively other algorithms (such as hierarchical clustering) can be used to
determine the starting points. Furthermore, it is strongly affected by the presence of outliers,
which tend to "move" the centroid of the cluster, increasing the total error. The solution in this
case consists in identifying and eliminating outliers during the data preparation phase.

Table 1: K-Means advantages and disadvantages
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Advantages Disadvantages
e Simple to interpret and explain o It is not as sophisticated as recent
o Flexible and easy to adjust clustering algorithms
o It is efficient and provides good e Does not guarantee to find the optimal
clustering number of clusters
e Requires an assumption about the
number of clusters

II1. Results
To achieve the predictive result we implemented an algorithm whose steps are described and
discussed below:

1.

Normalization of the values of the variables; this facilitates processing and reduces errors
within the clustering model
x —min(x)

X = max (x) —min(x)

Dimension of dataset without the landslide variable:(rows: 2814, columns: 10)
Hierarchical clustering; This an example that represent the form to generate cluster, the
bases will is same for the K-means

Figure 1: Dendrogram of Hierarchical clustering

Dendrograma

Model Creation; Determination of ideal number of clusters, for which three graphical
methods are used by Elbow method. The elbow method is a technique used in clustering
analysis to determine the optimal number of clusters. It involves plotting the within-cluster
sum of squares (WCSS) for different cluster numbers and identifying the “elbow” point
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where WCSS starts to level off. The elbow method is a heuristic used in determining the
number of clusters in a data set. The method consists of plotting the explained variation as a
function of the number of clusters and picking the elbow of the curve as the number of
clusters to use. The same method can be used to choose the number of parameters in other
data-driven models, such as the number of principal components to describe a data set. In
particolare abbiamo utilizzato tre tecniche utilizzate per il metodo ELBOW utilizzando gli
algoritmi 1) JAMBU, 2) Codo, 3) Silhouette.

Comparing the results of the three methods we deduced that the main number of the
components could be 5 and therefore we applied the K-Kmeans algorithm for k=5

The summary of the model obtained is as follows:

Number of Clusters: 5

Weighting of sample weights: 384.73983341389896

Numero di etichette: [0 1 2 3 4]

Numero di iterazioni: 9

Number of features viewed during the adjustment: 10

Features seen during the adjustment: ['Topography' 'Slope 2' 'Aspect’ 'Curvature Profile'
Curvature Plane' 'Average' 'Wind' 'Humidity' 'Solar' 'Precipitation']

Average Coefficient Value: 0.4263854160170544

The following table outlines for just 20 samples how they are distributed across the various
clusters (penultimate row on the right of the table) and which combinations are connected to
the occurrence of a landslide or not (last row on the right of the table). In the figure following
the table we can see the result of the clustering represented in 3D with only three
components. Obviously it is possible to carry out the same visualization considering other
combinations of components.

Tabella 2 — How samples are distributed across the various clusters
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Sampke ' Tophography Slope Aspect :::Jorzlaeture Plane profile |average Rate (Wind Humidity Solar precipitation g::::err fLandslide
1191 0.012697 0.009595 0.624997 0.542839 0.546710 0.899355 0.001283 0.996546 0.001913 0.997339 2 0
783 0.259759 0.021648 0.719006 0.550882 0.487668 0.967742 0.133168 0.775016 0.186874 0.742398 2 0
1116 0.012411 0.032210 0.695986 0.542842 0.546718 0.898065 0.001018 0.997169 0.001426 0.997968 2 0
1505 0.452227 0.399148 0.118707 0.584182 0.611237 0.477419 0.550213 0.483606 0.554431 0.229467 4 1
2460 0.226612 0.937966 0479992 0.567740 0.505637 0.865806 0.151738 0.822074 0.175327 0.719015 3 1
2249 0.288143 0462365 0.966681 0519721 0.347108 0.601290 0.425099 0.610284 0.430857 0.328729 4 1
520 0.252058 0.069812 0.961786 0.542654 0.544612 0.960000 0.137837 0.774223 0.189900 0.735962 2 0
2578 0.230060 0.784117 0452453 0.537422 0.477569 0.918710 0.124022 0.822470 0.158841 0.763010 3 1
1956 0.272146 0.097471 0.080438 0.564698 0.624095 0.837419 0.219799 0.743870 0.251287 0.616632 0 1
1771 0.259553 0.534483 0.988247 0.614515 0.971330 0.869677 0.152324 0.818450 0.177379 0.718096 3 1
487 0.267681 0.033253 0.250661 0.543623 0.551925 0.978065 0.124621 0.780169 0.179535 0.754832 0 0
1357 0.740189 0.061098 0.364039 0.542837 0.546718 0.023226 0.979587 0.021745 0.979967 0.009701 1 0
2438 0.898713 0.995042 0.764992 0.537940 0.520476 0.003871 0.996670 0.003907 0.996626 0.001016 1 1
2057 0.261542 0.088459 0.591919 0.561677 0.547022 0.841290 0.217752 0.743530 0.250209 0.619959 2 1
2648 0.192636 0.765177 0.459881 0.535873 0.536864 0.922581 0.123936 0.819752 0.160058 0.762755 3 1
2799 0.218314 0.883962 0436908 0.597333 0.862724 0.881290 0.144165 0.820998 0.171327 0.731463 3 1
250 0.741918 0.030568 0.386347 0.539888 0.538942 0.023226 0.978846 0.022481 0.979271 0.010100 1 0
901 0.027205 0.007023 0.342758 0.542953 0.564803 0.904516 0.000487 0.993828 0.002782 0.997811 0 0
1347 0.737331 0.132389 0.438561 0.542836 0.546708 0.021935 0.980203 0.021179 0.980558 0.009253 1 0

8. We builds a cross-tabulation table that can show the frequency with which certain groups of
data appear.

Tabella 3 — Data Frequency of landslides parameter

Cluster 0 1 2 3 4 all
Landslide NO 0 299 601 507 0 0 1407
Landslide YES 1 160 169 210 656 212 1407
459 770 717 656 212 2814

9. Previous table allows us to make a prediction by association using the created clusters. To
carry out landslide prediction tests we can set a combination of values for the parameters
considered and use these values to compare them with those obtained in the training phase

Topography = 0.988481

Slope = 0.092862

Aspect = 0.842233

Curvature Profile = 0.547631

Plane of Curvature = 0.582371

Average rate (occurrence of landslide events) =0.027976
Wind = 0.964126

Humidity Rate = 0.025139

Solar = 0.974434

Precipitation/Rainfall = 0.012548

This combination leads to a "very low" risk of a landslide event. By varying the parameter
values, various risk profiles can be obtained.
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10. By carrying out 130 manual tests and 400 with automatic choice of parameters within the
MinMax range of each parameter, we obtained an accuracy of recognition of conditions that
lead to a landslide of 94.7% and recognition of conditions that do not lead to a landslide of
94%. ,9%.

PCA — Principal Component Analysis
Principal component analysis (PCA) is a statistical technique for dimension reduction. In

practice, it is used when within a dataset there are many variables correlated with each other and
one would like to reduce their number by losing the least amount of information possible.

The principal component analysis (PCA) has the objective of maximizing the variance,
calculating the weight to be attributed to each starting variable in order to concentrate them in
one or more new variables (called principal components) which will be a linear combination of
the starting variables. Maximization of the explained variance, i.e. finding the best combination
among all the possible linear combinations of the original variables, i.e. the one that reproduces
the greatest portion of variability in the matrix; Orthogonality requirement, i.e. absence of
correlation between the components.

How PCA Constructs the Principal Components
As there are as many principal components as there are variables in the data, principal

components are constructed in such a manner that the first principal component accounts for the
largest possible variance in the data set. For example, let’s assume that the scatter plot of our
data set is as shown below, can we guess the first principal component ? Yes, it’s approximately
the line that matches the purple marks because it goes through the origin and it’s the line in
which the projection of the points is the most spread out. Or mathematically speaking, it’s the
line that maximizes the variance (the average of the squared distances from the projected points
to the origin).

The second principal component is calculated in the same way, with the condition that it is
uncorrelated with (i.e., perpendicular to) the first principal component and that it accounts for the
next highest variance.

This continues until a total of p principal components have been calculated, equal to the original
number of variables.

Now that we understand what we mean by principal components, let’s go back to eigenvectors
and eigenvalues. What you first need to know about them is that they always come in pairs, so
that every eigenvector has an eigenvalue. And their number is equal to the number of dimensions
of the data. For example, for a 3-dimensional data set, there are 3 variables, therefore there are 3
eigenvectors with 3 corresponding eigenvalues. Without further ado, it is eigenvectors and
eigenvalues who are behind all the magic explained above, because the eigenvectors of the
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Covariance matrix are actually the directions of the axes where there is the most variance (most
information) and that we call Principal Components. And eigenvalues are simply the coefficients
attached to eigenvectors, which give the amount of variance carried in each Principal
Component.

By ranking your eigenvectors in order of their eigenvalues, highest to lowest, you get the
principal components in order of significance.

By utilizing the three main components, we achieved

Figure 2— First 3 main component fron PCA Analysis
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In the new transformatio, using only the aggregate data of the main components and replicating
the process analyzed previously, we obtain a schematization of the risk on three factors, low,
medium high and a correct identification of the factors that predict a landslide equal to 90.43%
and a identification of factors that do not predict a landslide equal to 91.55%. Therefore, the
elimination of components with low informative value has allowed us to maintain good accuracy
in predicting whether a landslide will occur or not, albeit with the loss of some points of
accuracy

IV. DISCUSSION
Intervention strategies for landslide prediction. can derive from the use of two distinct
approaches: top-down and bottom-up. The top-down approach uses the results of climate
projections as input to the different impact models for assessments on the area of interest [36].
However, on the basis of this procedure, the uncertainties inherent in climate models inevitably
affect the assessments of the consequences, leading as a precaution to adopt planning strategies
that are often too conservative. Furthermore, the continuous evolution of climate projections
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requires continuous updating of the analyses. On the contrary, the starting point of the bottom-up
approach, commonly known as decision scaling, is the assessment of the local vulnerabilities of
the system. Climate projections are then used to evaluate their influence on specific local factors
and estimate the effectiveness of the chosen strategies. In this regard, the bottom-up approach
involves three main phases:

a. identification of the indicators (and corresponding threshold values) that can best
describe the system response, in our case automatically calculable;

b. construction of a vulnerability domain through a sensitivity analysis of the system to
climate variations;

c. estimate of the changes in the indicators identified as a function of climate projections.

This approach allows for easier identification of suitable solutions, while simultaneously
reducing the likelihood of adopting overly precautionary measures. The assessment of the
impacts of climate change on geo-hydrological risk undoubtedly represents one of the most
serious problems to be addressed. In particular, the estimation of the possible consequences on
the stability conditions of landslide areas is of crucial importance in order to guide the choice of
the most suitable long-term planning strategies. For the case in question, it was decided to use an
integrated analysis tool based on both geomorphological data and data linked to precipitation and
therefore to the soil humidity rate. The PCA analysis showed that some components appear
predominant compared to all the parameters analyzed to determine landslide phenomena. The
analyzes estimate a potential reduction in landslide activity by virtue of the seasonality of the
precipitation regime and the substantial increase in temperature that regulates atmospheric
evaporative demand. The reduction depends on the time horizon and the socio-economic
scenario considered.

The solution, based on the available data, is able to provide a value that identifies the conditions
that can trigger a landslide event in terms of differentiated risk conditions: 1. Very low, 2. Low,
3. Medium, 4. High, 5. Very high. Compared to current models which are mostly based on
geological and morphological analyzes which can only explain some of the conditions that
predispose to landslides, the study aims to also integrate other conditions such as climatic ones
and in particular the humidity on the ground induced by rainfall and their intensity. This
parameter allows both an a posteriori evaluation, i.e. after the rains have already occurred, and an
a priori evaluation, i.e. dependent on the weather forecasting systems. Therefore, the integration
of the predictive system with a meteorological system allows you to exploit the rainfall data and
those of SRS systems (SMART RAINFALL SYSTEM) in real time and predict the probability
of a landslide occurring in a given area. In particular, the SRS system (patented by Artys S.r.1.)
calculates rainfall maps in real time by analyzing the attenuation of satellite television signals
provided by a set of peripheral microwave sensors (35).
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V. CONCLUSION

The landslide prediction system is based on the integration of geomorphological, geological and
climatic information. Since the latter are predictable with forecasting systems, the approach to
developing the system was to make forecasts using slowly varying factors (geomorphological
parameters) and factors with high seasonal variability (soil humidification parameters and
rainfall quantities which affect such factors). In this sense, the system involves integration with
various real-time data sources such as precipitation forecasting systems, rain gauges and SRS
systems. The latter allow, with a limited number of systems, to define rain intensity maps in real
time over large areas. With rain gauges, on the other hand, a very large network of devices would
be necessary with the associated maintenance problems that often affect the development but
above all the use of a monitoring system in operational contexts. At present the system provides
integration with a single source of precipitation data. For a better performance of the system, a
broader integration should be envisaged which also involves weather forecasting systems. This
may be the subject of future work.
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