ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume X-4/W1-2022
GeoSpatial Conference 2022 — Joint 6th SMPR and 4th GIResearch Conferences, 19-22 February 2023, Tehran, Iran (virtual)

PREDICTION OF DEFORMATION CAUSED BY LANDSLIDES BASED ON GRAPH
CONVOLUTION NETWORKS ALGORITHM AND DINnSAR TECHNIQUE

M. A. Khalili*1, L. Guerriero?, M. Pouralizadeh?, D. Calcaterra®, D. Di Martire®

Federico 11 University of Naples, Department of Earth, Environmental and Resource Sciences, Monte Sant'/Angelo Campus, Naples,

Italy — mohammadamin.khalili@unina.it

2 Federico 11 University of Naples, Department of Earth, Environmental and Resource Sciences, Monte Sant'Angelo Campus,
Naples, Italy - luigi.guerriero2@unina.it

3 Department of Statistics, Mathematics, and Computer Science at Allameh Tabataba'i University, Tehran, Iran -
m.pouralizadeh@gmail.com
4 Federico Il University of Naples, Department of Earth, Environmental and Resource Sciences, Monte Sant'/Angelo Campus,
Naples, Italy - domcalca@unina.it

5 Federico 11 University of Naples, Department of Earth, Environmental and Resource Sciences, Monte Sant'Angelo Campus,

Naples, Italy - diego.dimartire@unina.it

Commission 1V, WG 1V/3

KEY WORDS: Prediction, Landslides, D-InNSAR, Graph Neural Networks, Machine Learning Algorithms, Deep Learning
Algorithms

ABSTRACT:

Around the world, the occurrence of landslides has become one of the greatest threats to human life, property, infrastructure, and
natural environments. Despite extensive research and discussions on the spatiotemporal dependence of landslide displacements, there
is still a lack of understanding concerning the factors that appear to control displacement distribution in landslides because of their
significant variations. This paper implements a Graph Convolutional Network (GCN) to predict displacement following the Moio
della Civitella landslide in southern Italy and identify factors that may affect the distribution of movement following the landslide.
An interferometric technique, known as permanent scatter interferometry (PSI), has been developed based on Synthetic Aperture
Radar (SAR) satellite imagery to derive permanent scatter points that can be used to represent the deformation of landslides. This
study utilized the GCN regression model applied to PSs points and data reflecting geological and geomorphological factors to extract
the interdependency between paired data points, resulting in an adjacency matrix of the interval [0, 0,8). The proposed model
outperforms conventional machine learning and deep learning algorithms such as linear regression (LR), K-nearest neighbors
(KNN), Support vector regression (SVR), Decision tree, lasso, and artificial neural network (ANN). The absolute error between the

actual and predicted deformation is used to evaluate the proposed model, which is less than 2 millimeters for most test set points.

1. INTRODUCTION

There are many geological hazards in the world, one of the most
common, including landslides. Frequently, landslides result in
the destruction of the structure and infrastructure of villages and
towns, creating a danger to residents as well as causing
significant property damage(Miele, 2021),(Del Soldato, 2019).
A great deal of attention has been paid to monitoring and
predicting  disasters by industry and  academic
institutions(Bozzano, 2011),(Gao, 2022). The city of Moio della
Civitella (Salerno Province) is among the sites with the greatest
concentration of landslides in the world, which damaged its
urban settlement(Infante, 2019),(Di Martire, 2015). A number
of factors contribute to the difficulty of predicting landslides
and mapping them under settlement cover, including slow
movement, human intervention, and not considering the
interdependence between geological and geomorphological
features when entering as features to Machine Learning and
Deep Learning Algorithms (MLA & DLA)(Di Luzio, 2022). By
analyzing and predicting geological hazards, these severe
effects can be mitigated. This is the most valuable dataset that
can be used to evaluate and predict the progression of future
landslides based on the displacement throughout time(Jiang,
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2021). Urban landslides can be detected and monitored using
satellite remote sensing data, which has overcome many of the
challenges associated with it. In recent years synthetic aperture
radar imaging has been widely applied in this context to provide
multi-temporal representations of maps of deformation rates
which can be used for identifying landslides under settlement
cover(Macchiarulo, 2021),(Costantini, 2017). To accomplish
this, SAR satellite data (X-band imagery acquired in the
COSMO-SkyMed mission) was analyzed by the application of
the Differential Interferometry SAR (DInSAR) technique.
DINSAR has been used to determine targets representing
landslide deformation over an urban settlement in the case
study. Various types of Machine Learning Algorithms (MLA),
such as Logistic Regression, Decision Trees, and Support
Vector Machines (SVMs), have been implemented for precise
and timely landslide prediction(Hong, 2016),(Liu, 2021). Also,
several Deep Learning-based models for predicting landslides,
such as Convolutional Neural Networks (CNNs) and Recurrent
Neural Networks (RNNs), have been implemented to determine
the likelihood of landslides occurring at a given location
(Hajimoradlou, 2019),(Jiang and Chen, 2016). It has been
demonstrated that Graph Neural Networks (GNNs) can be
employed for various applications in this field (Hua, 2021).
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GNNs can learn spatial interdependency for the nodes of a
graph, leading scientists to real predicting landslides. As a
mention to the recent publications which discuss the
implementation of the GNNs in different ways, the following
can be noted in both newly published articles. According to
(Kuang, 2022), one method for identifying the neighbors of a
point is to use K-Nearest Neighbours (KNNs) based upon a set
of coordinates. With the help of this algorithm, it is going to be
possible to detect the actual neighbors of each point as well as a
value that represents how much dependency exists between
each pair of points. As part of another study,(Jiang, 2022)
applied the current feature approach to determine the adjacency
between paired data points in a particular area and implemented
a GCN-GRU for seven sites in the area. A GCN was used in
this study to detect the interdependency between paired points
by correlation distance in the timeframe of SAR data and then
predict landslide displacements for Permanent Scatter points
(PSs) in the future.
2. CASE STUDY

In the southern Italian province of Salerno, the Moio della
Civitella landslides are located in the Cilento, and Alburni
National Parks, which are European and Global Geoparks. It
affects the Crete Nere of the Saraceno Formation, which largely
crops out in the region. The main constituents of this formation

Landslide tipology
I Area affected by diffuse slow deformation/movement
Rotational/Translational slide

are agrellites with carbonate intercalations and siliciclastic
arenites weathered at the outcrop. The geological characteristics
of this area are similar to those of the southern Italian
Apennines, which are highly tectonized (diffuse, pervasive
discontinuities, intense fractures, extremely variable bedding,
etc.). The Quaternary sequences are made up of heterogeneous
debris encased in silty-clayey matrixes(Di Martire, 2015).
Several factors contribute to instability at Moio della Civitella,
including differences in lithology and hydrogeological behavior
of rocks forming a slope. This area is located between 600 and
200 m as.l. and is characterized by a hilly terrain with low
gradient slopes, heavily influenced by erosion and gravitational
forces.

As can be seen from the landslide map, the most significant
slope movements directly impact populated areas, lifelines, and
the main routes of communication in the region. In accordance
with (Cruden, 1993), the general typologies are flows and
rotational and translational slides (Fig.1). As a result of these
slope movements, it was believed that the leading cause of the
slope movements would be the result of ancient phenomena that
affected large portions of the slopes, if not the entire extent of
the slopes. In the same way, landslides that directly affect urban
areas are also negatively impacted by this phenomenon.

Figure 1. Landslide inventory map (a) (Hydro-geomorphological Setting Plan, South Campania River Basin Authority, 2015) and
some examples of damage recorded to infrastructures within the test area (b, ¢).

As a result of the presence of such landslides, the area of Moio
della Civitella has been extensively investigated using
topographic  measurements, inclinometers, and GPS
networks(Matano, 2019).

3. DATA
3.1 SAR data

Recent advances in satellite remote sensing have resulted in
significant progress in identifying and monitoring urban
landslides. A wide range of methods based upon synthetic
aperture radar imagery has been applied in this context,
resulting in multi-temporal deformation rate distribution maps

that help identify landslides under settlement cover and for
retrospective and operational monitoring (Herrera, 2011). An
analysis of the COSMO-SkyMed missions' X-band imagery was
conducted in this study. These satellite products are particularly
suitable for determining the location of landslides in urban areas
because they possess a high spatial resolution and a short
revisiting period.

DINnSAR data obtained from (Infante et al., 2019) were used in
this study. In detail, COSMO-SkyMed image stacks were
analyzed, 66 descending images for the 2012-2016 time
span(Infante, 2019) (Table 1), proper to implement the GCN for
obtaining the best interval for correlation distance and valid at
implementing machine learning regression algorithms such as
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LR, KNN, SVR, Decision tree, lasso, and ANN for prediction
of landslides deformation in this case study.

June 18, 2016 (SLC)

Mission Acquisition Product NO. Images Pass Polarization
Time
COSMO-SkyMed March 15, 2012, Single look complex 66 Descending \AY

Table 1. Details of the COSMO-SkyMed acquisitions.

3.2 Geological data

Globally, landslides are one of the most common natural
disasters. In this case study, morphological and geological
factors such as elevation (A Digital Elevation Model (DEM) of
the Shuttle Radar Topography Mission (SRTM with 30 m
resolution)), slope, Normalized Difference Vegetation Index
(NDWI) (Ammirati, 2022), Topographic Wetness Index
(TWI)(Novellino, 2021), Stream Power Index (SPI)(Di Napoli,

2021), geology, land use, flow direction(Di Napoli, 2020a),
total, plan, and profile curvature(Di Napoli, 2021), are
considered the leading causes of landslides. The predisposing
factors mentioned above have been classified (Figure 2) and
used to learn and train the GCN models and create relationships
and connections between them and predict landslide
deformation.
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Figure 2. Classification of Features to use for GCN and other machine learning algorithms (X Axes: Number of clustering)

4. METHODOLOGY
4.1 DInSAR

As a result of the DINSAR technique(Gabriel, 1989), ground
motions associated with subsidence, landslides, earthquakes,
and volcanic phenomena have been measured and monitored(Di
Martire, 2014). However, the DINSAR method is subject to
spatial and temporal decorrelations and delays caused by
atmospheric  effects and orbital and  topographic
errors(Colesanti, 2003). Since the early 2000s, several
algorithms have been developed to track ground deformations
with high accuracy and evaluate historical deformation series.
In the long run, this development has allowed us to overcome
some of the inherent limitations of the algorithms (temporal and
spatial decorrelation, atmospheric disturbances, as mentioned
above). As a result of the DINSAR technique, the precision of
the results has improved to about 1-2 mm/year and 5-10
mm/year for rate maps and time series of deformations,
respectively (Tizzani, 2007),(Trasatti, 2008).

4.2 Graph Convolutional Networks (GCNs)

The purpose of this study was to compare different conventional
machine learning and deep learning algorithms with a particular
type of graph neural network (GNN) called graph convolutional
networks (GCN) to find out whether there are any
interdependencies between paired data points when the velocity
can be predicted based on geological characteristics(Zhang,
2019).

Working based on a filtering system passing through the nodes
of a graph, GCNs extract new features on a graph G = (V , E)

that has a NxD feature space y, for every node i, where N is the

number of nodes and D is the number of features; moreover, An
NxN zero-one adjacency matrix is used to represent the
interdependency between each pair of nodes as follows:
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Each element of A is either 1 or 0. The value Aij is 1 if there is
a path fromitoj, and it is O otherwise. The hidden layer of
GCN atatime (1 +1) can be represented as follows:

(141) _ 0)
H =f (H ,A)’ 1)

Where H” = X the input nodes and L is the number of layers.
The forward propagation rule can be represented as follows:

FHY, A)=p(AH W) o

where W © is the trainable weight matrix for the I-th layer
and ¢(.) is an activation function such as the Relu. Finally, the

normalized version of forward propagation equation can be
designed as follows:

1 1
2 2

f(HY, A)=p|D 2AD zH"W | @

where the adjusted version of the adjacency matrix is
1 1

normalized as a positive definite matrix D 2 A D ?, where

A =A+1 . The reason for adding an identity matrix to A is
that all the feature vectors of the target node's neighbors are
summed up except the node itself, so an entity matrix is added
to aggregate information from the target node as well.

The new embedding node features can be fed into a loss
function to implement the forward propagation and a
backpropagation strategy can be applied to train the weight

matrix W (')using an optimized version of gradient descent. In
this study, GCNs are applied to create a regression model to
predict the velocity based on the geological features consisting
of elevation, slope, general curvature, NDWI, TWI, SPI,
geologic map, land use, flow direction, plan curvature, and
profile curvature.

The interdependency between each pair of points was evaluated
by a zero-one adjacency matrix, and a new hyperparameter was
set to find the best adjacency matrix that improves the accuracy
of model predictions.

First, the interdependency between each paired data point was
computed based on correlation distance which obtains a value in
the interval [0, 2], then a new hyperparameter is defined as the
upper bound of the interval. Therefore, the proposed
hyperparameter was added to the hyperparameter tuning
process, improving the model's accuracy. The following
formula can obtain the correlation distance between a pair of
points:

20 =)y, -7)
Corrd (X, Y)=1-—2 @)

Jo -2 (v, -7)

The closer the correlation distance to zero, the higher
dependency exists between X and Y; therefore, pairs with a
correlation distance less than or equal to ¢ obtain 1 in the
adjacency matrix, representing significant interdependency, and
the rest of the matrix is filled with 0. Hence, the hyperparameter
¢ was the proposed approach in this paper to detect how data
points in a particular area can be affected by each other based
on the value of their features. Furthermore, some of the most
widely used machine learning regression algorithms such as
linear regression (LR) (Maulud and Abdulazeez, 2020), K-
nearest neighbours (KNN) (Sarker, 2021), Support vector
regression (SVR) (Sharifzadeh, 2019), Decision tree (Pekel,
2020), lasso and artificial neural network (ANN) (Lee, 2017)
were implemented on the dataset as the rivals of our proposed
strategy since all of them follow the rule of independence
between training examples (Sarker, 2021). There is a core
assumption of independence between training examples (data
points) in all conventional machine learning algorithms. This
fact helps us detect the existence of interdependency between
paired data points if they have come up with poor evaluation
metrics. Four commonly used evaluation metrics represent the
validity of regression models. R-squared is the ratio of label
variation that can be described by the set of features; therefore,
the closer it is to 1, the more the predictions can be close to the
real values of labels(Miles, 2005). Mean square error (MSE) is
an error metric that provides the mean of squared differences
between predictions, and the real values of labels and root mean
squared error (RMSE) is the second root of MSE(Das, 2004).
Mean absolute error is another evaluation metric defined by the
mean of absolute differences between predictions and real
values of labels(Qi, 2022). In all error metrics, instead of R-
squared, the optimal level of fit occurs when they are close to
zero.

5. RESULTS AND DISCUSSION

In this study, the GCN method was employed to determine the
amount of non-Euclidean interdependency between any pair of
points within the study area. The velocity of landslides,
obtained by spatial and temporal processing from 2012 to 2016,
was used to represent landslide velocity in a regression model.
Taking twelve predisposing factors into account, GCN was
modelled to determine the best correlation distance between
data points, which was deemed the most critical hyperparameter
for the prediction task in the future. It was found that the
interval [0, 0,8) was the most effective range of correlation
distance for creating an adjacency matrix after setting the
hyperparameters since it provided the best evaluation metrics
among other scenarios after setting the hyperparameters. All
MLA, DLA, and GCN models are evaluated based on the
evaluation metrics mentioned above (Table 2). All evaluation
metrics show that the GCN model outperforms other methods.
The results have shown that GCN was by far the best algorithm
based on regression evaluation metrics, representing strong
dependency between data points and conventional machine
learning algorithms performed poorly because of the core
assumption of independency between training examples,
assumed in conventional machine learning and deep learning
algorithms such as linear regression, Lasso, SVR, decision tree,
KNN, and ANN; therefore, they are unable to detect
dependency between data points.
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The interdependency between each pair of points in the dataset,
pointed out as correlation distance in this paper, is not perceived
as the Euclidean distance, and it refers to the similarity between
each pair of points based upon the values of the most important
geological features including elevation, slope, general
curvature, NDWI, TWI, SPI, geologic map, land use, flow

predicted velocity displacements on the test set date to explore
and better understanding how the proposed prediction model
(GCN) worked. As shown in this figure, the GCN with a mean
absolute error of less than 2 mm has been able to correctly
predict the amount and location of deformation in the case of
positive and negative displacements in test set data.

direction, plan curvature, and profile curvature. In other words,
two data points that are far from each other in Euclidean metrics
can have strong dependencies based on the value of their
features. On the other hand, there may exist a poor dependency
between tow data points that is so close to each other in the
area. Therefore, we have come to the conclusion that data points
are not independent of one another based on their feature values
since GCNs outperformed all other conventional machine
learning algorithms that follow the core assumption of
independence between each paired point in the area.

As can be seen in Figure 3, the image on the left is related to the
velocity displacements between 2012 and 2016, which is placed
for comparison next to another image that is related to the

Evaluation Index
Model
(MSE) (MAE) (RMSE) R-squared

GCN 0.01 0.10 0.14 0.86
ANN 213 213 1.45 0.71
KNN 5.18 2.85 2.27 0.68
SVR 6.48 3.15 2.53 0.59
Decision tree 7.35 2.89 2.7 0.72
Lasso 6.29 3.19 25 0.61
LR 5.35 2.97 2.31 0.58

Table 2. Evaluation metrics for the proposed approach
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Figure 3. Location and map of displacement by a) DINSAR technique and b) GCN (Unit: CM)

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-X-4-W1-2022-391-2023 | © Author(s) 2023. CC BY 4.0 License. 395



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume X-4/W1-2022
GeoSpatial Conference 2022 — Joint 6th SMPR and 4th GIResearch Conferences, 19-22 February 2023, Tehran, Iran (virtual)

ACKNOWLEDGEMENTS

Detailed and constructive reviews and editorial remarks are
greatly  appreciated. The authors thank Consorzio
interUniversitario per la prevenzione dei Grandi Rischi
(CUGRI) for providing technological support.

REFERENCES

Ammirati, L., Chirico, R., Di Martire, D. & Mondillo, N. 2022.
Application of Multispectral Remote Sensing for Mapping
Flood-Affected Zones in the Brumadinho Mining District
(Minas Gerais, Brasil). Remote Sensing, 14, 1501.

Bozzano, F., Cipriani, |., Mazzanti, P. & Prestininzi, A. 2011.
Displacement patterns of a landslide affected by human
activities: insights from ground-based InSAR monitoring.
Natural hazards, 59, 1377-1396.

Colesanti, C., Ferretti, A., Prati, C. & Rocca, F. 2003.
Monitoring landslides and tectonic motions with the Permanent
Scatterers Technique. Engineering geology, 68, 3-14.
Costantini, M., Ferretti, A., Minati, F., Falco, S., Trillo, F.,
Colombo, D., Novali, F., Malvarosa, F., Mammone, C. &
Vecchioli, F. 2017. Analysis of surface deformations over the
whole Italian territory by interferometric processing of ERS,
Envisat and COSMO-SkyMed radar data. Remote Sensing of
Environment, 202, 250-275.

Cruden, D. M. 1993. Cruden, Dm, Varnes, Dj, 1996, Landslide
Types and Processes, Transportation Research Board, US
National Academy of Sciences, Special Report, 247: 36-75.
Landslides Eng. Pract, 24, 20-47.

Das, K., Jiang, J. & Rao, J. 2004. Mean squared error of
empirical predictor. The Annals of Statistics, 32, 818-840.

Del Soldato, M., Di Martire, D., Bianchini, S., Tomas, R., De
Vita, P., Ramondini, M., Casagli, N. & Calcaterra, D. 2019.
Assessment of landslide-induced damage to structures: the
Agnone landslide case study (southern Italy). Bulletin of
Engineering Geology and the Environment, 78, 2387-2408.

Di Luzio, E., Discenza, M. E., Di Matrtire, D., Putignano, M. L.,
Minnillo, M., Esposito, C. & Mugnozza, G. S. 2022.
Investigation of the Luco dei Marsi DSGSD revealing the first
evidence of a basal shear zone in the central Apennine belt
(Italy). Geomorphology, 408, 108249.

Di Martire, D., Iglesias, R., Monells, D., Centolanza, G., Sica,
S., Ramondini, M., Pagano, L., Mallorqui, J. J. & Calcaterra, D.
2014. Comparison between differential SAR interferometry and
ground measurements data in the displacement monitoring of
the earth-dam of Conza della Campania (Italy). Remote sensing
of environment, 148, 58-69.

Di Martire, D., Ramondini, M. & Calcaterra, D. 2015.
Integrated monitoring network for the hazard assessment of
slow-moving landslides at Moio della Civitella (ltaly).
Rendiconti Online Societa Geologica Italiana, 35, 109-112.

Di Napoli, M., Carotenuto, F., Cevasco, A., Confuorto, P., Di
Martire, D., Firpo, M., Pepe, G., Raso, E. & Calcaterra, D.
2020a. Machine learning ensemble modelling as a tool to
improve landslide susceptibility mapping reliability. Landslides,
17, 1897-1914.

Di Napoli, M., Di Martire, D., Bausilio, G., Calcaterra, D.,
Confuorto, P., Firpo, M., Pepe, G. & Cevasco, A. 2021.
Rainfall-induced shallow landslide detachment, transit and
runout susceptibility mapping by integrating machine learning
techniques and GIS-based approaches. Water, 13, 488.

Gabriel, D., Kingsley, M., Hunter, J. & Gottwald, T. 1989.
Reinstatement of Xanthomonas citri (ex Hasse) and X. phaseoli
(ex Smith) to species and reclassification of all X. campestris
pv. citri strains. International Journal of Systematic and
Evolutionary Microbiology, 39, 14-22.

Gao, Y., Chen, X., Tu, R., Chen, G, Luo, T. & Xue, D. 2022.
Prediction of Landslide Displacement Based on the Combined
Vmd-Stacked Lstm-Tar Model. Remote Sensing, 14, 1164.
Hajimoradlou, A., Roberti, G. & Poole, D. 2019. Predicting
landslides using locally aligned convolutional neural networks.
arXiv preprint arXiv:1911.04651.

Herrera, G., Notti, D., Garcia-Davalillo, J. C., Mora, O.,
Cooksley, G., Sanchez, M., Arnaud, A. & Crosetto, M. 2011.
Analysis with C-and X-band satellite SAR data of the Portalet
landslide area. Landslides, 8, 195-206.

Hong, H., Pourghasemi, H. R. & Pourtaghi, Z. S. 2016.
Landslide susceptibility assessment in Lianhua County (China):
a comparison between a random forest data mining technique
and bivariate and multivariate  statistical models.
Geomorphology, 259, 105-118.

Hua, Y., Wang, X., Li, Y., Xu, P. & Xia, W. 2021. Dynamic
development of landslide susceptibility based on slope unit and
deep neural networks. Landslides, 18, 281-302.

Infante, D., Di Martire, D., Confuorto, P., Tessitore, S., Tomas,
R., Calcaterra, D. & Ramondini, M. 2019. Assessment of
building behavior in slow-moving landslide-affected areas
through DInSAR data and structural analysis. Engineering
Structures, 199, 109638.

Jiang, P. & Chen, J. 2016. Displacement prediction of landslide
based on generalized regression neural networks with K-fold
cross-validation. Neurocomputing, 198, 40-47.

Jiang, Y., Luo, H., Xu, Q., Lu, Z, Liao, L., Li, H. & Hao, L.
2022. A Graph Convolutional Incorporating GRU Network for
Landslide Displacement Forecasting Based on Spatiotemporal
Analysis of GNSS Observations. Remote Sensing, 14, 1016.
Jiang, Y., Xu, Q., Lu, Z., Luo, H., Liao, L. & Dong, X. 2021.
Modelling and predicting landslide displacements and
uncertainties by multiple machine-learning  algorithms:
Application to Baishuihe landslide in Three Gorges Reservoir,
China. Geomatics, Natural Hazards and Risk, 12, 741-762.
Kuang, P., Li, R., Huang, Y., Wu, J., Luo, X. & Zhou, F. 2022.
Landslide Displacement Prediction via Attentive Graph Neural
Network. Remote Sensing, 14, 1919.

Lee, K.-Y., Kim, K.-H., Kang, J.-J., Choi, S.-J., Im, Y.-S., Lee,
Y.-D. & Lim, Y.-S. 2017. Comparison and analysis of linear
regression & artificial neural network. International Journal of
Applied Engineering Research, 12, 9820-9825.

Liu, R., Peng, J.,, Leng, Y., Lee, S., Panahi, M., Chen, W. &
Zhao, X. 2021. Hybrids of support vector regression with Grey
Wolf optimizer and firefly algorithm for spatial prediction of
landslide susceptibility. Remote Sensing, 13, 4966.

Macchiarulo, V., Milillo, P., Dejong, M. J., Gonzalez Marti, J.,
Séanchez, J. & Giardina, G. 2021. Integrated INSAR monitoring
and structural assessment of tunnelling-induced building
deformations. Structural Control and Health Monitoring, 28,
e2781.

Matano, F. 2019. Analysis and classification of natural and
human-induced ground deformations at regional scale
(Campania, Italy) detected by satellite synthetic-aperture radar
interferometry archive datasets. Remote Sensing, 11, 2822.
Maulud, D. & Abdulazeez, A. M. 2020. A review on linear
regression comprehensive in machine learning. Journal of
Applied Science and Technology Trends, 1, 140-147.

Miele, P., Di Napoli, M., Guerriero, L., Ramondini, M., Sellers,
C., Annibali Corona, M. & Di Martire, D. 2021. Landslide
Awareness System (LAwS) to Increase the Resilience and
Safety of Transport Infrastructure: The Case Study of Pan-
American Highway (Cuenca—Ecuador). Remote Sensing, 13,
1564.

Miles, J. 2005. R-squared, adjusted R-squared. Encyclopedia of
statistics in behavioral science.

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-X-4-W1-2022-391-2023 | © Author(s) 2023. CC BY 4.0 License. 396



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume X-4/W1-2022
GeoSpatial Conference 2022 — Joint 6th SMPR and 4th GIResearch Conferences, 19-22 February 2023, Tehran, Iran (virtual)

Novellino, A., Cesarano, M., Cappelletti, P., Di Matrtire, D., Di
Napoli, M., Ramondini, M., Sowter, A. & Calcaterra, D. 2021.
Slow-moving landslide risk assessment combining Machine
Learning and InSAR techniques. Catena, 203, 105317.

Pekel, E. 2020. Estimation of soil moisture using decision tree
regression. Theoretical and Applied Climatology, 139, 1111-
1119.

Qi, J,, Yang, C.-H. H., Chen, P.-Y. & Hsieh, M.-H. 2022.
Theoretical Error Performance Analysis for Variational
Quantum Circuit Based Functional Regression. arXiv preprint
arXiv:2206.04804.

Sarker, I. H. 2021. Machine Learning: Algorithms, Real-World
Applications And Research Directions. Sn Computer Science, 2,
1-21.

Sharifzadeh, M., Sikinioti-Lock, A. & Shah, N. 2019. Machine-
learning methods for integrated renewable power generation: A
comparative study of artificial neural networks, support vector
regression, and Gaussian Process Regression. Renewable and
Sustainable Energy Reviews, 108, 513-538.

Tizzani, P., Berardino, P., Casu, F., Euillades, P., Manzo, M.,
Ricciardi, G., Zeni, G. & Lanari, R. 2007. Surface deformation
of Long Valley caldera and Mono Basin, California,
investigated with the SBAS-InSAR approach. Remote Sensing
of Environment, 108, 277-289.

Trasatti, E., Casu, F., Giunchi, C., Pepe, S., Solaro, G,
Tagliaventi, S., Berardino, P., Manzo, M., Pepe, A. & Ricciardi,
G. 2008. The 2004-2006 uplift episode at Campi Flegrei
caldera (Italy): Constraints from SBAS-DInSAR ENVISAT
data and Bayesian source inference. Geophysical Research
Letters, 35.

Zhang, S., Tong, H., Xu, J. & Maciejewski, R. 2019. Graph
convolutional networks: a  comprehensive  review.
Computational Social Networks, 6, 1-23.

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-X-4-W1-2022-391-2023 | © Author(s) 2023. CC BY 4.0 License.

397





