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Abstract  

Assessing the effects of climate change on the natural environment poses 
significant challenges for the scientific community and decision-makers, 
particularly in understanding how it influences geo-hydrological hazards such as 
landslides. This Thesis investigates the potential impacts of climate change on 
landslide susceptibility in the Aosta Valley, Italy, and evaluates the associated 
implications for critical infrastructure. The primary objective is to develop spatially 
and temporally landslide susceptibility maps that account for monthly climatic 
variability and to apply these results to support infrastructure resilience assessment. 
Monthly landslide susceptibility maps were produced for a present-day baseline 
period and for a near future scenario. Climatic inputs for the current scenario were 
derived from a twenty-year dataset of daily precipitation and temperature with high 
spatial and temporal resolution. Since the timing of landslide events was available 
from regional inventories, precipitation and temperature values were accurately 
extracted at each landslide location to characterize both antecedent and event 
related conditions. The predictor variables included three dynamic factors, namely 
mean monthly precipitation, mean monthly temperature, and mean seven-day 
precipitation, one semi dynamic factor represented by land cover, and nine static 
factors including slope, soil type, lithology, aspect, profile curvature, plan 
curvature, Normalized Difference Vegetation Index, Stream Power Index, and 
Sediment Transport Index. These variables were assigned to each recorded 
landslide event to construct twelve-month specific datasets. A supervised machine 
learning algorithm was trained and tested separately for each month to generate 
twelve monthly landslide susceptibility maps. The results indicate that during the 
last twenty years, in the analysed study area, the highest proportions of areas 
classified as high and very high susceptibility occur in spring, particularly in April, 
May, and June, which is consistent with the observed seasonal distribution of 
landslide occurrences. To represent the worst-case conditions, the monthly 
susceptibility maps were combined by selecting, for each grid cell, the maximum 
susceptibility value across all months, producing an envelope susceptibility map. 
This envelope map was validated using an independent landslide dataset to evaluate 
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its predictive performance and spatial reliability. Future projections were developed 
by first comparing multiple climate scenarios for the next twenty years. Among the 
available scenarios, Shared Socioeconomic Pathways 5-8.5 (SSP5-8.5) exhibited 
the most critical temperature and precipitation patterns. The trained monthly 
models were then used to asses projected monthly precipitation and temperature 
data for the period 2021 to 2040 under the high emission SSP5-8.5 scenario to 
generate future monthly susceptibility maps and a corresponding future envelope 
map. The results suggest that under this scenario the proportion of areas classified 
as high and very high susceptibility is expected to increase, especially in autumn. 
Finally, power transmission towers within the study area were digitized from aerial 
imagery and overlaid on both current and future envelope susceptibility maps to 
quantify infrastructure exposure and identify network segments at elevated 
landslide risk. For a selected area, the cascading impacts of power outages were 
also evaluated and combined with landslide risk at the tower level, providing an 
integrated assessment of direct and indirect impacts. 

Keywords: Landslide susceptibility, Climate change impacts, Spatio-temporal 
modelling, Critical infrastructure, Risk assessment.
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Chapter 1  

Introduction 

1.1 Framework 

Landslides are a form of mass movement that occurs on both natural and engineered 
slopes. They involve the downward movement of rock, debris, or soil under the 
influence of gravity. This movement can manifest in various forms, such as flowing, 
sliding, toppling, falling, or spreading, and many landslides exhibit a combination 
of these movements either simultaneously or throughout their duration. Present 
across all continents, landslides significantly shape landscapes but also pose 
considerable risks to populations in many regions. 

Rainfall-induced shallow landslides are particularly common and hazardous 
due to their frequent occurrence, causing numerous fatalities and substantial 
economic losses worldwide each year. Concerns about these hazards are escalating 
as the impacts of climate change are expected to exacerbate landslide activity in 
some areas of the world. Global warming leads to increased air moisture content, 
which may, in turn, raise the frequency and intensity of heavy precipitation events. 
Despite high confidence that variations in heavy rainfall affect landslide activity, 
the site-specific responses of local environments remain uncertain, especially when 
coupled with rising temperatures. 

In mountainous areas, temperature changes also play a significant role in the 
occurrence of shallow landslides. Melting ice can destabilize slopes by reducing 
soil shear strength while increasing pore pressure as water infiltrates into the soil. 
This dual effect heightens the likelihood of landslides. 

Moreover, landslide activity is governed not only by hydrometeorological 
triggers but also by a range of controlling factors such as soil shear strength, land 
cover, and slope gradient. The interaction of these parameters is complex and 
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spatially variable, making it difficult to reliably assess slope stability using 
simplified approaches. Therefore, a robust methodological framework is required 
that is capable of integrating multiple influencing factors while capturing their 
combined effect on slope behaviour across different environmental conditions. 

In addition, when the study area is large, a methodology is required that can 
efficiently handle and process large volumes of spatial data. This ensures that 
landslide susceptibility can be reliably assessed across extensive regions without 
loss of consistency or accuracy. 

In this context, a comprehensive framework is proposed to identify potentially 
unstable areas by integrating key conditioning and triggering factors associated 
with landslide occurrence. These maps are essential tools for making informed 
decisions regarding infrastructure management and development. 

1.2 Research goal and questions 

This Doctoral research aims to develop a methodological framework for 
incorporating climate change effects into landslide susceptibility assessment using 
machine learning techniques. The approach integrates monthly-scale climate 
variability to produce dynamic susceptibility maps that better capture evolving 
hazard conditions. The Aosta Valley, which is in northwestern part of Italy, is used 
as a case study to show how the method can be applied in practice. The ultimate 
aim is to provide a method that can be applied to different regions to support risk-
informed decision-making and infrastructure resilience planning. 

To achieve this goal, the research is guided by the following key questions: 

• What climatic, geomorphological, and environmental factors contribute to 
the occurrence of landslides in the study area? 

• Which of these factors are the most critical for explaining spatial and 
temporal patterns of susceptibility? 

• What do present-day, monthly landslide susceptibility maps reveal about 
current conditions? 

• How will landslide susceptibility evolve under future climate scenarios? 
• How is the exposure of linear infrastructure to landslide hazards expected 

to change under future climate scenarios, and, specifically, which sections 
of high-voltage transmission networks are currently exposed and how might 
this exposure evolve? 

1.3 Research methodology 

To address the research questions, the study adopts a machine learning approach 
applied to both present and future climate conditions. The methodological 
framework consists of the following steps: 
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i. Data compilation and predictor variables: A comprehensive dataset is 
built by integrating climatic, geomorphological, and environmental 
information with recorded landslide events. A 20-year daily dataset of 
precipitation and temperature serves as the climatic input. Using a landslide 
inventory containing the exact dates and locations of landslides, data related 
to these aspects are extracted: 

o Dynamic features: mean monthly precipitation, mean monthly 
temperature, mean seven-day precipitation. 

o Semi-static feature: land cover. 
o Static features: slope, soil type, lithology, aspect, profile curvature, 

plan curvature, NDVI, SPI, and STI. 
ii. Data analysis: After preparing the datasets, a thorough analysis is 

conducted to ensure data quality and consistency. Missing values are 
identified and appropriately treated to avoid biases in model training. Then 
the same number of non-landslide events are added to the dataset to have a 
balanced dataset. 

iii. Model training and testing: Twelve month-specific datasets are created, 
each of which was split into 70% training and 30% testing subsets. A 
supervised machine learning algorithm is then trained and evaluated on each 
dataset to generate monthly susceptibility maps. Model performance for 
each month is assessed using ROC–AUC curves. The resulting maps are 
combined into an envelope map by selecting, at each grid cell, the maximum 
susceptibility value across all months, representing the worst-case monthly 
scenario. Finally, the envelope map is validated against an independent set 
of landslide locations to evaluate its predictive performance and spatial 
accuracy. 

iv. Future projections: The trained models are applied to precipitation and 
temperature projections for the near-future period 2021–2040 under the 
high-emission SSP5-8.5 scenario. This produces a new set of monthly 
susceptibility maps and a future envelope map that reflects the potential 
influence of climate change on landslide susceptibility. 

v. Infrastructure exposure analysis:  The susceptibility maps developed in 
this study are used to assess their interaction with critical infrastructure 
networks. As an example, we use high-voltage transmission lines within the 
study area, which are digitized from aerial imagery and spatially overlaid 
on both present and projected susceptibility maps. This enables the 
identification of network segments most exposed to landslide hazards under 
current and future conditions. Finally, the combined effects of cascading 
and landslide risks are evaluated for a selected area within the region. 

This integrative methodology combines climate data, geomorphological and 
environmental predictors, and machine learning techniques to produce spatially and 
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temporally detailed landslide susceptibility assessments. The results directly inform 
the evaluation of climate-related risks to high-voltage transmission infrastructure in 
the Aosta Valley, while also providing a transferable framework that can be applied 
to other study areas and to different types of linear infrastructure, thereby allowing 
its application beyond the specific case study considered. 

This Doctoral Thesis advances the state of the art through several 
methodological and application-oriented contributions: 

- Integration of temperature as a conditioning factor: temperature is 
incorporated as an explicit landslide conditioning factor, allowing the 
models to capture climatic influences beyond precipitation alone. 

- Inclusion of antecedent precipitation: the research incorporates seven-day 
cumulative precipitation as a conditioning factor, enabling the assessment 
of short-term rainfall accumulation effects on landslide occurrence. 

- Event-specific climate information: instead of relying on aggregated or 
generalized climatic statistics, the study uses the exact precipitation and 
temperature values associated with each recorded landslide event for both 
model training and testing. 

- Monthly landslide susceptibility mapping: landslide susceptibility maps are 
generated on a monthly basis rather than as a single static product, providing 
a more temporally resolved representation of susceptibility. 

- Development of an envelope susceptibility map: an envelope map is 
produced to summarize and integrate the susceptibility information across 
multiple temporal scenarios. 

- Model interpretability through SHAP analysis: SHAP (SHapley Additive 
exPlanations) is applied to each machine-learning model to quantify the 
contribution of individual conditioning factors and improve the 
transparency of model predictions. 

- Monthly assessment of factor importance: the study evaluates how the 
relative importance of conditioning factors changes from month to month, 
offering insights into seasonal controls on landslide activity 

- Future landslide susceptibility prediction: the methodology is extended to 
predict landslide susceptibility under future climate conditions, providing a 
framework for assessing potential climate change impacts. 

- Integration of cascading infrastructure failure analysis: the research 
combines landslide susceptibility assessment with the analysis of cascading 
failures of power transmission towers, thereby linking geohazard prediction 
with critical infrastructure vulnerability. 
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1.4 Thesis structure 

This Thesis is divided into seven chapters. Following this introductory chapter, 
Chapter 2 examines the threats posed by climate change on natural hazards from a 
global perspective, with a particular focus on landslide hazard. 

Chapter 3 reviews various methodologies employed in the literature to develop 
landslide susceptibility maps, categorizing them into three broad groups: 
qualitative, semi-quantitative and quantitative methods. 

Chapter 4, the core of this Doctoral work, introduces the area of interest, details 
the methodology used in this research, and explains the parameters considered as 
contributing factors to landslides. 

Chapter 5 presents susceptibility maps for both current and future periods. 

Chapter 6 presents the analysis of infrastructures at risk from potential landslide 
impacts. 

Finally, Chapter 7 provides conclusions and discusses future research 
directions to implement and/or take advantage of the developed model. 





Chapter 2 Natural hazards and climate change 

 

30 
 

Chapter 2  

Natural hazards and climate change 

2.1 Introduction 

The year 2023 represented a significant climatic anomaly, establishing a new record 
for global mean temperatures. During this period, numerous nations faced a series 
of catastrophic phenomena, including lethal wildfires, severe landslides, and 
pervasive flooding (NASA.gov). These events caused extensive socio-economic 
disruption, affecting millions of individuals and resulting in billions of dollars in 
capital losses. Within the current trajectory of the climate crisis, there is a 
measurable trend regarding the heightened intensity and recurrence of extreme 
meteorological events, which frequently transition into large-scale disasters. Recent 
assessments by the Intergovernmental Panel on Climate Change (IPCC) indicate 
that climate-induced disasters are manifesting with greater severity than was 
forecasted in earlier scientific models (IPCC, 2022). Emerging empirical evidence 
further suggests that a specific threshold of additional warming is now unavoidable. 
This implies that disaster risks will continue to amplify even if international 
initiatives to curb greenhouse gas emissions prove effective. In this context, 
understanding how climate change influences the occurrence and spatial 
distribution of natural hazards is essential.  

In this chapter, different climate scenarios are first introduced, followed by an 
explanation of projected changes in precipitation and temperature. Furthermore, the 
impacts of climate change on natural hazards, with particular emphasis on 
landslides, are discussed. 

https://www.nasa.gov/news-release/nasa-analysis-confirms-2023-as-warmest-year-on-record/
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2.2 Climate scenarios 

Scenarios play a central role in climate change research and assessment, as they 
provide a structured way to examine the long-term implications of decisions made 
in the near term. By outlining a range of plausible future pathways, scenarios allow 
researchers to investigate how climate and societal systems might evolve under 
deep uncertainty. 

Equally important, scenarios have historically enabled collaboration across 
diverse research communities by offering a shared framework for analyzing 
mitigation strategies, climate impacts, adaptation measures, and responses of the 
physical Earth system. Well known examples include earlier scenario sets 
developed by the IPCC, such as SA90, IS92, and SRES, as well as the more recent 
Representative Concentration Pathways (RCPs) (Moss et al., 2010; van Vuuren et 
al., 2011). These widely used community scenarios are required to capture multiple 
dimensions, including a range of possible climate trajectories and internally 
consistent socioeconomic pathways. Previous studies have demonstrated that 
socioeconomic conditions are as influential as climatic factors in shaping climate 
impacts, adaptation potential, and mitigation outcomes (IPCC, 2014; Morita et al., 
2000). 

Moss et al. (2010) introduced a so-called parallel process for the development 
of new climate change scenarios within the research community. This approach led 
to the creation of the RCPs, which represent the climate forcing component of 
alternative future trajectories (van Vuuren et al., 2011) and formed the foundation 
for the climate projections evaluated in the IPCC Fifth Assessment Report (IPCC, 
2012; Taylor et al., 2012). Building on two initial proposals by Kriegler et al. (2012) 
and van Vuuren et al. (2012), the structure of the socioeconomic dimension of the 
scenario framework was subsequently defined. Following that, researchers 
introduced updated Shared Socio-economic Pathways (SSPs) narratives (O’Neill et 
al., 2017) together with corresponding quantitative representations of major 
scenario drivers, including population dynamics (KC and Lutz, 2017), economic 
development (Crespo Cuaresma, 2016), and patterns of urbanization (Jiang and 
O’Neill, 2017). These narratives and projections form the core components of the 
SSP framework and have subsequently been applied to construct integrated 
scenarios. Such scenarios extend the SSPs by explicitly accounting for changes in 
energy systems (Figure 2-1) and land use (Figure 2-2), as well as the associated air 
pollutant emissions (Figure 2-3), greenhouse gas emissions (Figure 2-4) and 
atmospheric concentration pathways. 
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Figure 2-1 Global final energy consumption. Final energy refers to the energy supplied to end users for direct 
consumption, such as electricity used in homes or fuel like petrol sold at service stations (Riahi et al. 2017). 

  (a) (b) 

 
(c) 

Figure 2-2 Global land cover changes, (a) Cropland, (b) Pasture, and (c) Forest areas (Riahi et al. 2017). 
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  (a) (b) 

  
(c) (d) 

Figure 2-3 Global air pollution changes, (a) Sulfur, (b) Black carbon, (c) Nitrous oxides, and (d) Volatile 
organic compounds (VOC) emissions (Riahi et al. 2017). 

  
(a) (b) 

  
(c) (d) 

Figure 2-4 Global greenhouse gas emissions for (a) Carbon dioxide, (b) Methane, (c) Nitrous oxide, and (d) 
Fluorinated gases (F-gases) (Riahi et al. 2017). 
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2.2.1 Socio Economic Pathways (SSPs) developments 

The SSPs were developed to outline five clearly distinct pathways of potential 
future socioeconomic developments, assuming no additional policies or measures 
are implemented to limit climate forcing or enhance adaptive capacity. They are 
intended to support climate change research and policy analysis and are structured 
to cover a wide spectrum of challenges related to both mitigation and adaptation. 
Beyond these dimensions, the storylines also incorporate elements that correspond 
closely with scenarios from earlier analyses, reflecting continuity with past 
exercises (van Vuuren and Carter, 2014). The process of developing the SSPs 
involved five main steps: 

• Development of the narratives, establishing the core logic for each SSP 
and addressing aspects of socioeconomic change that are often difficult 
to capture in formal models. 

• Translation of the narratives into model “input tables”, qualitatively 
describing the key characteristics and assumptions of each SSP. 

• Quantitative representation of the fundamental SSP components, 
including demographic and economic drivers, using appropriate 
models. 

• Assessment of changes in energy systems, land use, and emissions of 
greenhouse gases and air pollutants for the SSP baseline scenarios 
through a set of Integrated Assessment Models (IAMs). 

• Application of IAMs to further detail these components for the SSP 
mitigation scenarios. 

2.2.2 SSP narratives 

The SSP narratives (O’Neill et al., 2017) provide a textual portrayal of how societal 
trends might develop in the future. Their primary purpose is to establish an 
internally consistent logic of key causal relationships, including aspects of change 
that are typically difficult to represent in quantitative models. In this way, the 
narratives serve as a valuable complement to model-based projections. By outlining 
major socioeconomic, demographic, technological, lifestyle, policy, institutional, 
and other trends, they offer essential context for a wide range of users to better 
interpret the quantitative SSP projections. 

The narratives have also played a critical role in the modeling process, guiding 
the assumptions and quantifications used for socioeconomic projections as well as 
for SSP energy and land-use transitions. Following the overall scenario framework, 
the narratives cover a spectrum of potential futures in terms of the socioeconomic 
challenges they imply for climate mitigation and adaptation. Two SSPs depict 
futures where both adaptation and mitigation challenges are either low (SSP1) or 
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high (SSP3). Two “asymmetric” SSPs combine high mitigation challenges with low 
adaptation challenges (SSP5) and the reverse (SSP4). Finally, one scenario 
represents a central case with intermediate challenges for both mitigation and 
adaptation (SSP2). A summary of the global narratives is provided in Table 2-1. 

Table 2-1 SSP narratives. 

SSP1 Sustainability – Taking the Green Road (Low challenges to mitigation and adaptation) 

The world gradually moves toward a more sustainable trajectory, focusing on 
inclusive development that respects environmental limits. Global commons are 
managed more effectively over time, investments in education and health speed up 
demographic transitions, and economic priorities shift from pure growth to broader 
human well-being. Strong commitment to development goals helps reduce inequality 
both between and within countries. Consumption patterns favor lower material growth 
and reduced resource and energy intensity. 

SSP2 Middle of the Road (Medium challenges to mitigation and adaptation) 

The world continues along a trajectory where social, economic, and technological 
trends largely follow historical patterns. Progress in development and income growth 
is uneven, with some countries advancing steadily while others lag behind. Both 
global and national institutions work toward sustainable development goals, but 
progress is slow. Environmental systems experience some degradation, though 
modest improvements occur, and the overall intensity of resource and energy use 
gradually declines. Global population growth is moderate, stabilizing in the latter half 
of the century. Income inequality persists or improves only gradually, leaving ongoing 
challenges in reducing vulnerability to societal and environmental changes. 

SSP3 Regional Rivalry – A Rocky Road (High challenges to mitigation and adaptation) 

Rising nationalism, concerns over competitiveness and security, and regional conflicts 
drive countries to concentrate primarily on domestic or regional priorities. Policies 
gradually become more focused on national and regional security. Nations prioritize 
achieving energy and food security within their own borders, often at the expense of 
broader development goals. Investment in education and technological innovation 
declines, economic growth remains slow, consumption is resource-intensive, and 
inequalities persist or worsen. Population growth is low in industrialized nations but 
high in developing countries. Environmental issues receive low international 
attention, resulting in significant degradation in some regions. 

SSP4 Inequality – A Road Divided (Low challenges to mitigation, high challenges to 
adaptation) 

Unequal investments in human capital, along with growing disparities in economic 
opportunities and political influence, drive increasing inequality and social 
stratification within and between countries. Over time, a divide emerges between a 
globally connected society engaged in knowledge- and capital-intensive sectors, and 
a fragmented set of lower-income, less-educated populations working in labor-
intensive, low-tech economies. Social cohesion weakens, and conflicts and unrest 
become more frequent. Technological advancement is concentrated in the high-tech 
sectors, while the global energy system becomes more diverse, combining 
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investments in carbon-intensive fuels like coal and unconventional oil with low-
carbon energy sources. Environmental policies primarily target local concerns in 
middle- and high-income regions. 

SSP5 Fossil-fueled Development – Taking the Highway (High challenges to mitigation, low 
challenges to adaptation) 

In this scenario, strong confidence in competitive markets, innovation, and 
participatory societies drives rapid technological advancement and human capital 
development as a path toward sustainable development. Global markets become 
increasingly interconnected, supported by substantial investments in health, 
education, and institutions to strengthen human and social capital. Simultaneously, 
economic and social development relies heavily on abundant fossil fuel resources and 
widespread adoption of energy- and resource-intensive lifestyles. These factors fuel 
rapid global economic growth, while the world population peaks and declines during 
the 21st century. Local environmental issues, such as air pollution, are effectively 
managed, reflecting a broader confidence in the ability to govern social and ecological 
systems, potentially including geo-engineering interventions if needed. 

Finally, Figure 2-5 illustrates global average temperature increases calculated 
for different scenarios from 2005 to 2100. 

 
Figure 2-5 Global average temperature increases relative to the pre-industrial era (Riahi et al., 2017). 

The numbers following the SSP designations, such as 2.6, 4.5, 6.0, and 8.5, 
represent specific targets for anthropogenic radiative forcing measured in watts per 
square meter (W/m2) by the year 2100. These values correspond to the RCPs, which 
define the magnitude and rate of change in the Earth's energy imbalance. By 
combining a SSP with a specific forcing level, researchers can evaluate the 
mitigation stringency and adaptation challenges required to reach that climate 
outcome (Arnell et al., 2011). 

2.3 Observed and projected changes in climate extremes 

According to the IPCC Special Report on Managing the Risks of Extreme Events 
and Disasters to Advance Climate Change Adaptation (SREX), observational 
evidence indicates that several types of extreme events have changed since the mid-
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20th century. Some of these changes have been attributed to human influences, and 
similar trends are expected to persist in the future. In addition, further changes may 
arise from natural climate variability as global warming intensifies (IPCC, 2012).  

2.3.1 Temperature extremes 

At both global and, to a lesser extent, regional scales, many observed and projected 
changes in extreme events can be attributed to increased radiative forcing and the 
resulting global warming. These processes are linked to a higher moisture-holding 
capacity of the atmosphere, as well as changes in vertical atmospheric stability and 
meridional temperature gradients that influence climate dynamics. Consistent with 
ongoing warming, hot extremes have become more frequent and intense, while cold 
extremes have generally declined in both frequency and severity (Figure 2-6). 
Temperature extremes over land typically increase more rapidly than the global 
mean temperature (Figure 2-6), largely due to the land–sea warming contrast and 
additional regional feedback mechanisms. Projections indicate that the intensity of 
temperature extremes increases in a robust and generally linear manner with global 
mean temperature rise across different regions up to 2100, with only limited 
sensitivity to the chosen emissions scenario (Kharin et al., 2018). 

 
Figure 2-6 Trends in global and land temperature anomalies (1850–2020). This time series compares the annual 
mean temperatures (global and land) against extremes in land temperatures, specifically the annual hottest daily 
maximum (TXx) and coldest daily minimum (TNn) (Dunn et al., 2020). 

Figure 2-7a illustrates the anomalies in daily maximum temperatures modeled 
by Centro Euro-Mediterraneo sui Cambiamenti Climatici – Earth System Model 
(CMCC-ESM2) which is a coupled climate model used to simulate the Earth’s 
climate system (Cherchi et al., 2019; Vichi et al., 2011). The most significant 
increases are visible in the high northern latitudes, particularly across the Arctic 
Ocean, where daytime highs are projected to rise by more than 4°C. While most 
continental landmasses in the mid-latitudes show a moderate warming of 
approximately 1.5°C to 2.5°C, a notable "cold spot" or warming hole is evident in 
the North Atlantic, where temperatures actually show a slight decrease. 
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Figure 2-7b shows the anomalies for daily minimum temperatures, typically 
representing nighttime lows. The spatial pattern is similar to the maximum 
temperatures but displays even higher intensity in the Arctic and sub-Arctic regions, 
with anomalies peaking near 6°C. This indicates that nighttime temperatures are 
rising more rapidly than daytime temperatures in the north, a phenomenon often 
linked to changes in snow cover and atmospheric moisture. Like the first map, the 
North Atlantic remains the only major region resisting the warming trend, while the 
Southern Hemisphere oceans show a more uniform, albeit slower, rate of warming 
compared to the Northern Hemisphere's land-heavy geography. 

 
(a) 

 
(b) 

Figure 2-7 CMIP6 temperature anomalies relative to historical values (1970-2000) from the CMCC-ESM2 
model for 2021-2040: (a) Maximum temperature and (b) Minimum temperature, in °C, under the SSP5-8.5 
scenario (Fick et al., 2017). 

The occurrence of hot temperature extremes, along with the number of 
heatwave days and the duration of heatwave seasons across different regions, also 
shows a strong relationship with increases in global mean temperature. This 
relationship is generally nonlinear, mainly due to threshold effects (Sun et al., 2018; 
Wartenburger et al., 2017).  

Figure 2-8 illustrates the projected changes in the frequency of extreme 
temperature events over global land areas and selected regions. In each box plot, 
the central line represents the median, the box indicates the central 66% uncertainty 
range, and the whiskers extend to the 90% range of the multi-model ensemble. The 



Chapter 2 Natural hazards and climate change 

 

39 
 

dotted line denotes no change in event frequency. These results are based on 
simulations from the Coupled Model Intercomparison Project Phase 6 (CMIP6) 
under different Shared Socioeconomic Pathway scenarios and are adapted from Li 
et al. (2021). For example, for Western and Central Europe, two sets of bars are 
shown: one for 10-year events and another for 50-year events. The charts illustrate 
that 10-year events occur more frequently across all temperature ranges, while 50-
year events are rarer but can reach higher temperature anomalies. 
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Figure 2-8 Projected changes in the frequency of extreme maximum daily temperature events (10-year and 50-
year events) under 1°C-4°C global warming relative to the 1850-1900 baseline. (Li et al., 2021). 
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In overall, at the global scale, and in many regions where observational records 
are sufficient, there is medium confidence that the duration and/or occurrence of 
warm spells and heatwaves has increased since the mid-20th century. 
Anthropogenic influences are likely to have contributed to the warming of both 
daily minimum and maximum temperature extremes worldwide. Climate model 
projections indicate pronounced increases in temperature extremes by the end of 
the 21st century. It is virtually certain that warm days and nights will become more 
frequent and intense, while cold days and nights will continue to decline globally 
throughout the century. These changes are largely associated with shifts in mean 
temperature, although variations in temperature variability are also important in 
some regions. Model results further suggest that the duration, frequency, and 
intensity of heatwaves, defined relative to present-day regional climates, will 
increase across most land areas. In absolute terms, the 20-year return values of 
annual maximum daily temperatures are projected to rise by approximately 1 to 3°C 
by the middle of the 21st century and by about 2 to 5°C by the end of the century, 
depending on region and emissions pathway (IPCC, 2012). In many regions and 
seasons, moderate temperature extremes over land are expected to warm more 
rapidly than the global annual mean temperature. However, projections at 
subcontinental scales remain more uncertain than global estimates, and regional 
responses of temperature extremes may differ substantially from the global mean, 
as global warming does not translate uniformly across all regions and seasons. 

2.3.2 Precipitation extremes 

Figure 2-9 illustrates the projected changes in mean precipitation for the period 
2021-2040 under the SSP5-8.5 scenario as simulated by the CMCC-ESM2 climate 
model. The map shows the spatial distribution of precipitation change relative to 
the reference period (1970-2000), with values generally indicating an 
intensification of the global hydrological cycle. Pronounced increases in 
precipitation are evident along the equatorial regions, particularly over the tropical 
Pacific, parts of the Indian Ocean, and equatorial Africa, reflecting enhanced 
convection and moisture availability under warming conditions. Mid-latitude 
regions exhibit more moderate and spatially heterogeneous changes, while some 
subtropical areas show relatively smaller increases. 
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Figure 2-9 CMIP6 precipitation relative to historical values (1970-2000) from the CMCC-ESM2 model for 
2021-2040 under the SSP5-8.5 scenario (Fick et al., 2017). 

Moreover, changes in annual maximum one-day precipitation (Rx1day) are 
proportional to mean global surface temperature changes, increasing by about 7% 
per 1°C of warming, consistent with the Clausius–Clapeyron relation (Allen and 
Ingram, 2002; Boer, 1993). Equation (2-1) determines the relationship between 
saturation vapor pressure and temperature: 

𝑑 ln 𝑒!
𝑑𝑇 =

𝐿"
𝑅"𝑇#

 (2-1) 

where es is saturation vapor pressure, T temperature (in Kelvin), Lv latent heat of 
vaporization of water, Rv is gas constant for water vapor. Equation (2-1) is observed 
in both historical data (Westra et al., 2013) and future projections (Kharin et al., 
2013) on a global scale. At local and regional scales, however, changes in extreme 
events are strongly influenced by regional forcings and feedback processes. Some 
of these forcings, such as those related to land-use and land-cover changes or 
aerosol emissions, may also exert non-local or spatially heterogeneous effects at the 
global scale. Overall, there is high confidence in changes in extremes driven by 
large-scale thermodynamic processes, including global warming and the associated 
increase in atmospheric moisture, as these mechanisms are well understood. In 
contrast, confidence is considerably lower for changes linked to dynamic processes 
or regional and local forcings, including regional thermodynamic influences, due 
to their complexity and the multiple interacting factors involved. Figure 2-10 shows 
projected increases in the frequency of extreme precipitation events (10-year and 
50-year) across most global land regions under 1°C to 4°C warming relative to the 
1850–1900 baseline. For example, for Western and Central Europe, it can be seen 
that the frequency of 10-year events increases progressively with rising warming 
levels across all temperature thresholds. In contrast, 50-year events, while less 
frequent, exhibit a more pronounced relative increase at higher warming levels, 
indicating a substantial amplification of rare and intense precipitation extremes. 
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Figure 2-10 Projected changes in the frequency of extreme precipitation events (10-year and 50-year events) 
under 1°C–4°C global warming relative to the 1850–1900 baseline. (Li et al., 2021). 
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Results from both global- and regional-scale studies suggest that, during the 
21st century, the frequency of heavy precipitation events and the share of total 
rainfall contributed by such events are likely to increase across large parts of the 
world. These increases are particularly evident in high-latitude regions, the tropics, 
and the northern mid-latitudes during winter. In several regions, heavy precipitation 
is projected to intensify even where total precipitation is expected to decline, 
although confidence in this pattern is medium. Model projections further indicate 
that precipitation events currently associated with a 20-year return period for annual 
maximum 24-hour rainfall may occur much more frequently by the end of the 
century, potentially becoming events with return periods of approximately 5 to 15 
years in many regions. However, in some areas, projected changes in return periods 
remain small or statistically insignificant (IPCC, 2022). 

2.4 Climate-related natural hazards and associated risk  

Anthropogenic climate change has fundamentally reshaped the temporal frequency 
and magnitude of diverse natural hazards. Consequently, a comprehensive 
understanding of these shifts is imperative for the formulation of robust risk 
management frameworks and adaptive policy interventions (IPCC, 2022). Principal 
climate-sensitive hazards encompass a broad spectrum of phenomena, including 
wildfires, hurricanes, tornadoes, and flooding. Within the scope of this section, 
these broader meteorological and climatological hazards are briefly characterized 
to establish the environmental context. However, landslides are accorded a more 
rigorous and detailed analysis in the subsequent subsections. 

Wildfires represent a critical component of socio-ecological dynamics and are 
central to the regulation of energy exchange within terrestrial ecosystems 
(Bousfield et al., 2023; Potter et al., 2020). While they are a natural part of 
ecosystem process, contemporary anthropogenic influences and accelerated 
climatic shifts have precipitated fire events of unprecedented scale and intensity 
across diverse geographic regions, most notably in Australia, the Amazon basin, 
and Canada (Driscoll et al., 2024; Jain et al., 2024; Mataveli et al., 2022). These 
escalating fire regimes present a dual threat to biodiversity conservation objectives 
and the stability of human socio-economic systems. The long-term outlook for 
wildfire activity remains highly concerning within the context of global thermal 
escalation. Projections indicate that the occurrence of extreme wildfire events is 
likely to increase by approximately 30% by the middle of the century, with a 
potential surge of 50% by the year 2100 (UNEP and GRID-Arendal, 2022). 
Furthermore, there is a prevailing scholarly consensus that fire regimes will 
undergo a significant transition, characterized by heightened severity and increased 
recurrence intervals across a variety of global biomes (Sayedi et al., 2024). 
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Figure 2-11 Climate change impacts om wildfire and its consequences (Bolan et al., 2025). 

Hurricanes are defined as high-magnitude tropical cyclones originating over 
warm oceanic basins, categorized by sustained wind velocities exceeding 119 
kilometers per hour. Recent climatological shifts have exacerbated the destructive 
potential of these systems by elevating sea surface temperatures, atmospheric 
moisture capacity, and total ocean heat content (Peterson et al., 2006). These 
anthropogenically induced modifications facilitate the intensification of storm 
surges, increased precipitation rates, and the deceleration of translational storm 
speed, which collectively precipitate catastrophic flooding and the degradation of 
critical coastal infrastructure (Camelo et al., 2020; Kossin, 2018). While empirical 
projections do not suggest a substantial increase in the absolute frequency of 
tropical cyclogenesis, there is significant evidence indicating an upward trajectory 
in storm intensity and associated hydrological output. Consequently, the future risk 
profile for vulnerable coastal regions is expected to deteriorate as these high-
intensity events result in escalating socio-economic damages and increased 
mortality rates (Gutmann et al., 2018). Figure 2-12 shows the impact of hurricane 
on power lines. 
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Figure 2-12 Downed power lines in Holly Beach, Louisiana, caused by Hurricane Laura on 27 August 2020 
(NBC News, 2020). 

Hazardous convective phenomena, including severe windstorms, large hail, 
and tornadoes, represent a major threat to public safety and built environments and 
contribute substantially to the number of weather-related disasters exceeding one 
billion dollars in the United States when adjusted for inflation (NOAA National 
Centers for Environmental Information). Anthropogenic climate change is altering 
the atmospheric processes that influence tornado development by enhancing low-
level heat and moisture, thereby increasing convective available potential energy. 
At the same time, broader warming trends are diminishing pole-to-equator 
temperature contrasts, which may contribute to a reduction in vertical wind shear 
(Gensini and Brooks, 2018). Recent advances in climate modeling across multiple 
spatial scales suggest that tornado strength, particularly during the cool season, may 
become increasingly responsive to human-induced climate forcing, although 
projected changes in overall tornado occurrence remain uncertain (Woods, 2023). 
Figure 2-13 presents tornado impacts on houses. 

https://www.nbcnews.com/slideshow/photos-hurricane-laura-tears-through-louisiana-n1238501
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Figure 2-13 Destroyed Houses in Florida by a tornado in the wake of Hurricane Milton in 2024 (Sobel and 
Emanuel, 2025). 

Projected global warming is expected to amplify the intensity of extreme 
precipitation over large regions, largely due to thermodynamic constraints 
described by the Clausius–Clapeyron relationship. As mentioned earlier, it suggests 
that the atmosphere’s capacity to retain moisture increases by roughly 6–7% per 
degree of temperature rise (Ingram, 2016). Nevertheless, these precipitation 
responses are not spatially uniform, as they are shaped by multiple interacting 
climatic and environmental factors (Tabari et al., 2019). As a result, the relationship 
between extreme rainfall and land surface temperature differs across regions; in 
certain warm environments, inverse scaling has been documented, potentially 
linked to limited surface moisture availability or increased aridity (Roderick et al., 
2019). In moisture-rich regions, enhanced atmospheric moisture transport may 
intensify rainfall extremes, whereas in arid areas, gains in precipitation may be 
counterbalanced by elevated evaporation rates. From an infrastructure perspective, 
flooding inflicts considerable structural damage on roadways, leading to broader 
system-level consequences such as traffic disruptions and reduced network 
performance (Kasmalkar et al., 2020). Transportation networks, which play a vital 
role in sustaining regional and national connectivity, are particularly vulnerable to 
flood-related hazards (Koks et al., 2019). Climate change further amplifies these 
risks by increasing both the occurrence and severity of flood events, thereby 
elevating the exposure of transportation assets (Kimura et al., 2023; Raymond et 
al., 2020). Consequently, strengthening the resilience of urban transport systems to 
flood hazards has emerged as a key priority for cities worldwide (Garcia et al., 
2025; Haraguchi et al., 2022; Shen et al., 2023). Figure 2-14 shows an example of 
flooding consequences in Valencia, spain. 
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Figure 2-14 Consequences of the November 2024 floods in Valencia, Spain (Earth.Org, 2025). 

2.5 Landslides 

Reporting 17% of all natural hazards, landslides are the 7th life-threatening natural 
geo-environmental hazard in the world (Petley, 2012). Landslides are ubiquitous in 
the hills, mountains, and high coasts that constellate the landmasses (Guzzetti et al., 
2012), and in many areas they cause significant human, societal, economic, and 
environmental damage and costs (Rossi et al., 2019; Salvati et al., 2018). Since the 
focus of this study is on landslides, the following sections present an overview of 
landslide classification, triggering factors, the impacts of climate change on 
landslide occurrence, and the effects of landslides on infrastructure systems. 

2.5.1 Landslides classifications 

Landslides are categorized based on both the type of material involved and the 
nature of movement, which reflects the underlying failure process. The widely 
adopted international classification framework proposed by Cruden and Varnes 
(1993) uses a two-part naming convention: the first term identifies the material, 
while the second specifies the movement mechanism (Table 2-2 ). Movement types 
encompass a broad range of failure processes (Figure 2-15), and the concept of 
“landsliding” may also extend to ground subsidence and surface collapse 
phenomena. Comparable physical processes occur in snow and ice avalanches. 
Many landslides exhibit complex, multi-phase behavior in which an initial mode of 
movement evolves into another. These events are therefore described using 
compound terminology. For instance, the term “rockfall–debris flow” refers to an 
initial detachment and fall of rock blocks that subsequently fragment upon impact, 
forming debris that is then transported downslope as a flowing mass. 
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Table 2-2 Landslide types Cruden and Varnes (1993). 

Movement type Material type   

 bedrock Engineering soils  

  Predominantly coarse Predominantly fine 

Falls Rockfall Debris fall Earth fall 

Topples Rock topple Debris topple Earth topple 

Slides    

   Rotational Rock slide Debris slide Earth slide 

   Translational    

Lateral spreads Rock spread Debris spread Earth spread 

Flows Rock flow Debris flow Earth flow 

Complex combination of two or more principal movement types 

 
Figure 2-15 Schematic illustration of the major landslide movement types (Highland and Bobrowsky, 2008). 
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2.5.2 Landslides triggering factors 

This category includes several primary triggering factors that may act 
independently or in combination: (1) hydrological conditions, (2) seismic events, 
(3) volcanic processes, and (4) temperature-related effects. The impact of these 
triggers varies considerably depending on site-specific conditions, including slope 
gradient, landform characteristics, soil properties, geological structure, and the 
presence of human settlements or infrastructure within the affected area. 

2.5.2.1 Hydrological conditions  

Water infiltration leading to slope saturation is one of the dominant drivers of 
landslide initiation. Saturation may result from prolonged or intense rainfall, 
snowmelt, fluctuations in groundwater levels, or changes in surface-water levels 
along coastlines, earth dams, and the margins of lakes, reservoirs, canals, and rivers 
(Miao et al., 2019; Saha and Bera, 2026; Wang et al., 2026). Changes in 
groundwater or surface-water levels raise pore water pressures inside the slope, 
which reduces the effective stress that actually holds the soil together, leading to a 
loss of shear strength. At the same time, the gradual disappearance of matric suction 
in unsaturated soils, along with additional seepage forces, further weakens the slope 
and makes failure more likely. 

Landslide occurrence is strongly linked to flooding, as both processes are 
influenced by precipitation, runoff, and soil moisture conditions. Flood events can 
promote slope failure by eroding stream and river banks or by saturating hillslopes 
through overland flow. Additionally, debris flows and mudflows commonly 
develop within narrow, steep channels and are frequently misidentified as flood 
events; in many cases, both hazards occur concurrently within the same area. 

Landslides can also act as a trigger for flooding when displaced rock and debris 
obstruct waterways, forming temporary natural dams that impound water upstream. 
The subsequent failure of such blockages can generate sudden downstream 
flooding. Furthermore, landslide-derived sediment can increase the volume and 
density of streamflow or obstruct channels, leading to altered flow paths, localized 
erosion, and flood-like conditions. Landslides may also generate tsunamis 
(Dohmen et al., 2025), cause overtopping of reservoirs (Barla and Paronuzzi, 2013), 
and reduce reservoir storage capacity through sediment accumulation. 

Slopes affected by wildfire are particularly susceptible to landslide due to 
vegetation loss, post-fire soil property changes, and enhanced water infiltration 
from rainfall and other sources. On burned terrain, debris flows represent the most 
frequently observed landslide type (Highland and Bobrowsky, 2008).  

Figure 2-16a–d illustrates the 2009 Valgrisenche landslide in the Aosta Valley, 
where an estimated 35,000 m³ of debris was mobilized along the SR25 road. The 
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failure was preceded by prolonged rainfall during the spring season, which 
significantly increased slope saturation and contributed to the progressive 
mobilization of colluvial and morainic deposits on a steep slope (35°–40°). The 
presence of protective structures such as the counterscarp wall and an anchored 
retaining wall influenced the landslide evolution by limiting its downslope 
propagation and partially preventing a deeper failure beneath the road level. 

  
(a) (b) 

  
(c) (d) 

Figure 2-16 Valgrisenche landslide: (a) Overview of the landslide from the opposite side of the valley (May 
2009), (b) View of the failure from the crown zone, and (c) Close-up of the counterscarp wall partially 
overtopped by the moving mass. d Detailed view of the SR25 road section and the anchored retaining structure 
(Barla et al., 2013). 

2.5.2.2 Landslides and seismic activity 

Earthquake-induced landslides are characterized by their abrupt initiation and their 
ability to affect large geographic areas simultaneously. Recent seismic events, 
including the 6 February 2023 Türkiye–Syria earthquake, have triggered over 3,000 
landslides, demonstrating the scale of this hazard (Figure 2-17) (Görüm et al., 2023; 
Kocaman et al., 2025). Seismic activity can significantly modify slope stability and 
subsurface conditions, leaving affected regions vulnerable to prolonged instability. 
Intense ground shaking disrupts rock and soil structures, increasing their 
susceptibility to subsequent failures both during the main seismic event and in later 
rainfall episodes (Tanyaş et al., 2021). 

Seismic ground motion weakens slope materials by reducing their shear 
strength, thereby increasing their susceptibility to failure during subsequent rainfall 
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or later seismic activity. In tectonically active mountainous regions, co-seismic 
landslides contribute substantially to societal and infrastructural losses while also 
reshaping the physical landscape (Tang et al., 2017). Analyses of sequential post-
earthquake landslide inventories indicate that landslide occurrence and erosion 
rates typically rise sharply in the years immediately following a major earthquake 
before gradually returning to background levels (Fan et al., 2019). Because the 
elevated risk of earthquake-related landsliding can persist for extended periods, 
assessing the temporal evolution of post-seismic landslide activity and its 
consequences are essential for improving understanding of triggering processes, 
refining hazard evaluations, and supporting disaster risk reduction strategies 
(Shafique, 2020). Figure 2-17 illustrates a landslide event that was initiated by an 
earthquake. 

 
Figure 2-17 Landslide caused by earthquakes in İdilli, Turkey (Kocaman et al., 2025). 

2.5.2.3 Landslides and volcanic activity 

Explosive volcanic eruptions significantly alter landscapes and ecosystems through 
the widespread deposition of tephra on hillslopes, which buries vegetation, 
degrades soil structure, disrupts habitats, and modifies hydrological processes by 
reducing infiltration and increasing surface runoff (Major and Yamakoshi, 2005; 
Pierson et al., 2013). The subsequent remobilization of these unconsolidated 
materials by runoff and lahars produces some of the highest sediment yields 
observed in fluvial systems, causing rapid channel aggradation, lateral channel 
shifts, and extensive floodplain burial (Korup, 2012). The combined effects of 
added surface loading weakened soil cohesion, and enhanced pore-water pressures 
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substantially increase slope instability, thereby elevating landslide susceptibility 
both immediately following eruptions and over longer post-eruptive periods as 
volcanic deposits continue to be reworked. Figure 2-18 presents an example of a 
landslide caused by volcanic activity at the Mount Meager massif, located 
approximately 150 km north of Vancouver, British Columbia (Parizia et al., 2024). 
This deeply eroded volcanic complex is composed of about 20 km³ of mainly 
andesitic and dacitic rocks, with geological units ranging in age from the Pliocene 
to the Holocene period. 

 
Figure 2-18 The 2010 Mount Meager landslide deposit in British Columbia, Canada (Parizia et al., 2024). 

2.5.2.4 Landslides and temperature 

Research on the influence of temperature on soil mechanical properties began in 
the 1960s, yet this relationship remains insufficiently understood. Early studies 
reported negligible variation in soil strength across a temperature range of 
approximately 10 °C to 60 °C (Mitchell, 1969), a finding later supported by 
experimental work (Saffer et al., 2001). Subsequent research has revealed that soil 
behavior under thermal loading is strongly dependent on stress history and thermo-
hydraulic conditions. Observed responses include thermally enhanced 
consolidation (Laloui, 2001) and increased hydraulic conductivity resulting from 
reduced pore-water viscosity at higher temperatures (Fredlund and Rahardjo, 
1993). In highly porous clays, heating-induced pore fluid loss has been shown to 
trigger structural collapse and significant settlement. Numerous studies have 
reported pronounced volumetric strains during heating and cooling cycles, while 
corresponding changes in shear strength were comparatively minor, leading to 
greater research emphasis on volumetric behavior rather than shear response (He et 
al., 2021; Hueckel et al., 2009; Liu et al., 2018). 
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Freeze–thaw cycling, a widespread natural process, has attracted increasing 
research attention in recent years (Zhang et al., 2020; Zhang et al., 2023b). Seasonal 
frozen soils are characterized by repeated freezing and thawing, during which a 
portion of pore water transitions into ice as temperatures fall below freezing. This 
phase change alters the original three-phase soil system of solids, liquids, and gases 
into a four-phase structure (Qi et al., 2008), resulting in microstructural 
reorganization and corresponding changes in mechanical strength (Zhou et al., 
2018). Triaxial test results on silty soils indicate that cohesion, internal friction 
angle, and elastic modulus decrease markedly following freeze–thaw cycles, with 
the most significant degradation occurring during the initial cycles (Xu et al., 2019). 
The effects of freeze–thaw processes vary among soil types, and in some cases, 
strength reduction may be minimal or absent. Nevertheless, there is broad 
consensus that loess exhibits notable strength deterioration after freeze–thaw 
cycling (Kong et al., 2023), accompanied by microstructural changes such as 
increased porosity and the development and widening of cracks (Ye and Li, 2019). 
Consequently, in mountainous environments characterized by pronounced 
temperature fluctuations, thermal processes represent a non-negligible control on 
soil strength evolution and landslide susceptibility. Figure 2-19 presents the effects 
of snowmelt on slope stability. 

   
(a) (b) (c) 

   
(e) (f) (g) 

Figure 2-19 Snowmelt- and rainfall-driven slope failure processes and subsequent post-failure behavior in the 
Yili Valley, Xinjiang, China (Wang et al., 2025). 
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2.5.2.5 Methodologies for landslide mechanism 

In the previous section, the main landslide triggering factors were discussed in 
detail. Building on this, the present section explains the methodological approaches 
used to investigate landslide mechanisms, which are broadly categorized into 
experimental, numerical, and machine learning methods. 

Experimental approaches have been widely used to investigate landslide 
triggering mechanisms, particularly to understand the interactions between rainfall 
infiltration, slope deformation in unsaturated conditions, and groundwater table rise 
(Sasahara and Sakai, 2014; Luo et al., 2025). These investigations have employed 
field observations, small-scale and centrifuge model tests, as well as large-scale 
rainfall simulator experiments to better reproduce real slope failure conditions 
(Longoni et al., 2025; Take et al., 2004). 

Numerical approaches provide a quantitative framework for evaluating slope 
stability and landslide behavior based on mechanical principles and material 
properties. These methods are widely used to calculate the Factor of Safety (FoS), 
which serves as a key indicator of slope stability under various conditions, or runout 
analysis. Methods such as the Limit Equilibrium Method (LEM), Finite Element 
Method (FEM), Boundary Element Method (BEM), Discrete Element Method 
(DEM), and Finite Difference Method (FDM) are commonly employed to 
accurately simulate the deformation and failure processes of landslides (Brideau et 
al., 2006; Jiang et al., 2022; La Porta et al., 2024; Napoli et al., 2023; Pasqua et al., 
2025). Software platforms including, Rocscience, Geo-Studio, UDEC, and 
FLAC3D enable coupled analyses of seepage and stress–strain fields, thereby 
improving the understanding of landslide evolution. 

Machine learning approaches have emerged as a tool for capturing the 
nonlinear relationships between multiple triggering factors and landslide 
displacement, especially when traditional models struggle with complexity (Han et 
al., 2021). These methods rely on data-driven analysis rather than explicit physical 
equations.  

Each of numerical, experimental, and machine learning approaches present 
distinct strengths and limitations in landslide trigger analysis. Numerical methods 
are powerful in simulating the physical processes governing slope behavior and 
provide detailed insight into deformation and failure mechanisms; however, they 
are often computationally time-consuming and less suitable for large-scale regional 
studies due to model complexity and calibration requirements. Experimental 
methods offer valuable controlled environments to observe landslide processes 
directly, but they are generally constrained by scale limitations and difficulty in 
fully reproducing natural field conditions. In contrast, machine learning approaches 
are well-suited for handling large datasets and spatially extensive problems, making 
them particularly effective for regional-scale landslide prediction; nevertheless, 
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their reliance on data availability and limited physical interpretability remains a key 
challenge. Overall, the three approaches are complementary, with numerical and 
experimental methods emphasizing process understanding, while machine learning 
enhances large-scale predictive capability. 

2.5.3 Climate change impacts on landslides 

Due to their pronounced spatial and temporal variability, landslides can be 
influenced by climate change in multiple ways and across different geographical 
and temporal scales (Crozier 2010; Gariano and Guzzetti 2016). Beyond the direct 
effect of rising temperatures, global warming can alter atmospheric circulation 
patterns that are relevant for the triggering or reactivation of slope failures. For 
instance, the enhanced moisture-holding capacity of a warmer atmosphere is 
expected to intensify extreme precipitation events (Fowler et al. 2021), which may 
directly increase landslide occurrence in settings where a single intense rainfall 
event is sufficient to trigger failure and antecedent hydrological conditions play 
only a minor role (Martinez-Villalobos and Neelin 2023). 

At the same time, higher temperatures can increase evapotranspiration demand, 
potentially reducing soil volumetric water content where moisture availability is 
limited. In fine-grained soils, however, drying may promote cracking, which can 
enhance infiltration during subsequent rainfall events. The combined effects of 
these processes introduce considerable complexity. Unlike other climate-related 
hazards such as urban flooding or hydrological drought, the response of landslides 
to climatic changes may involve competing mechanisms with contrasting impacts 
on frequency and triggering conditions, depending strongly on local characteristics. 
A simplified perspective might suggest an increase in fast-moving failures in 
coarse-grained soils and a reduction in the frequency or intensity of reactivations in 
slow-moving landslides within fine-grained materials. However, for soils with 
intermediate properties, and where opposing processes such as enhanced 
evapotranspiration and crack-induced infiltration interact, such generalizations are 
inadequate without detailed modeling (Gariano and Rianna 2025). 

Furthermore, both predisposing and triggering factors are closely linked to 
intrinsic soil properties, including grain size distribution and state variables such as 
surface water and groundwater regimes, as well as land cover and land use. Even 
under stationary climatic conditions, separating predisposing factors from 
triggering mechanisms and identifying suitable indicators for their relative 
influence is challenging. Under climate change, this complexity increases further, 
as the two phases may be affected differently, and their combined response is often 
highly site-specific. 

Comprehensive research on the influence of climate change on rainfall-induced 
landslides is essential, as emphasized in Action No. 6 of the Kyoto 2020 
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Commitment for Global Promotion of Understanding and Reducing Landslide 
Disaster Risk (Sassa, 2021). This action calls for systematic investigation of climate 
change impacts on rainfall-triggered landslides and for the advancement of 
effective rainfall forecasting systems to enable earlier warnings and evacuations, 
particularly in developing countries. The issue has also been examined in a 
dedicated report by the European Environment Agency (2017). 

Climate projections indicate that mean annual precipitation is likely to increase 
in high-latitude regions and in the equatorial Pacific (Figure 2-9). In mountainous 
and hilly environments within these areas, an increase in the frequency or seasonal 
activity of deep-seated landslides, rockslides, earthflows, and mudflows is 
anticipated (Chiang and Chang, 2011; Jakob and Lambert, 2009). In North 
America, precipitation patterns are expected to diverge spatially, with increases in 
the northern regions and decreases in the southern regions. These contrasting trends 
may produce different responses in landslide activity (Jakob and Lambert, 2009). 
Specifically, a rise in the frequency of shallow landslides and debris flows is 
projected in some areas, while rainfall-triggered deep-seated landslides may 
become less active or exhibit slower displacement rates (Figure 2-20). 

In other regions, such as the southern European Alps, total annual precipitation 
is projected to remain relatively stable, but rainfall is expected to be concentrated 
into fewer days, leading to more intense precipitation events (IPCC, 2014). This 
shift is likely to increase the occurrence of shallow landslides (Saez et al., 2013; 
Stoffel et al., 2014) while potentially reducing the frequency of deep-seated failures 
(Rianna et al., 2014). Changes in the number of rainy days may also alter 
precipitation regimes, thereby modifying the temporal distribution of rainfall-
induced landslides and debris flows. 

For example, Nikolopoulos et al. (2015) identified a marked north–south 
contrast in the seasonal occurrence of debris flows in Trentino–Alto Adige in the 
eastern Italian Alps. In the northern sector, characterized by substantial snowfall 
and comparatively lower rainfall, debris flows mainly occur during summer. In 
contrast, in the southern and wetter areas, most events take place in autumn. Shifts 
in rainfall seasonality may therefore modify this spatial and temporal pattern. 
Additionally, projected increases in air temperature in these regions are expected to 
enhance evapotranspiration, potentially reducing subsurface water content and 
contributing to greater slope stability. 
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Figure 2-20 General areas where variations in the abundance or activity of four landslide types are expected 
under projected climate change (Gariano and Guzzetti, 2016). 

A study by Insana et al. (2025) constructs a modular framework to 
systematically incorporate climate change considerations into the geotechnical 
analysis and design of both new and existing geo-structures. The framework is built 
on a causal chain linking climate change signals, their effects, and resulting impacts, 
enabling engineers to assess performance under evolving climate scenarios (Figure 
2-21). The approach is illustrated through a slope stability example, where in their 
study they present an application to demonstrate how the framework can support 
the evaluation and improvement of geo-structure performance under future climate 
conditions. 
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Figure 2-21 Framework for geotechnical analysis and design adapted to climate change (Insana et al., 2025). 

2.5.4 Landslides impacts on infrastructures 

In Europe, it has been estimated that approximately 1.3 to 3.6 million people reside 
in areas characterized by high landslide hazard. In addition, between 31,000 and 
42,000 km of the road network and roughly 13,000 to 18,500 km of railway lines 
are considered exposed to landslide risk across the continent (Jaedicke et al. 2014). 
An increase in the frequency of rainfall events exceeding continental-scale 
landslide triggering thresholds has been documented across large parts of Europe 
during the period 1991–2018 compared with 1961–1990 (Bezak and Mikoš 2021). 
These trends are consistent with broader climate change impacts on geo-structures, 
particularly the reduced stability of slopes and embankments due to intensified 
hydrological processes such as extreme rainfall and flooding (Insana et al., 2021). 
Furthermore, a growing trend in fatal landslides was identified between 2008 and 
2014, with events widely distributed throughout Europe but more concentrated in 
mountainous regions (Haque et al. 2016). These landslide events pose a significant 
threat to critical infrastructure, including energy transmission networks, highways, 
and bridges (Cernuto et al., 2025; Vitaletti et al., 2026).  

For example, the Vajont landslide occurred on 9 October 1963 in the Dolomites 
of Friuli, Italy, when approximately 270–300 million m³ of rock and debris 
collapsed into a reservoir, generating a wave that overtopped the 261.6 m-high 
double-curvature arch dam constructed within a V-shaped gorge (Figure 2-22). The 
flood wave dropped into the Piave Valley destroying the town of Longarone and 
other villages nearby. More than 2,000 people were killed. The Vajont case is 
widely regarded as a benchmark for understanding deep-seated landslides due to 
the complexity of its geological and geomechanical setting. Investigations 
highlighted that the 1963 failure was the reactivation of a large prehistoric rockslide 
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involving the Mount Toc slope, characterized by a thick basal shear zone composed 
of heterogeneous materials including limestone debris and clay layers. Particular 
emphasis has been placed on the role of reservoir-induced pore pressure variations 
caused by repeated filling and drawdown cycles, which significantly affected slope 
stability by altering the effective stress conditions. This case also underlined the 
necessity of detailed geological, geomorphological, and hydrogeological 
investigations, as well as the use of advanced numerical modelling techniques to 
properly simulate the interaction between rock mass behavior and reservoir 
operations (Barla and Paronuzzi, 2013).  

  
(a) (b) 

Figure 2-22 The Vajont landslide and dam system, with (a) Presenting a panoramic view of the slip surface 
and (b) Showing the double-curved arch dam (Barla and Paronuzzi, 2013). 

Another catastrophic event was recorded on 25 January 2026 in Niscemi, 
Sicily, Italy, where intense rainfall associated with Cyclone Harry triggered a severe 
landslide. The event generated a chasm approximately 4 km in length and up to 25 
m in depth, resulting in the partial collapse of an entire slope sector of the urban 
area. Road infrastructure failed, vehicles were engulfed, and significant portions of 
the built environment were displaced downslope into the adjacent valley. Numerous 
residential buildings were left unstable along the landslide scarp, while additional 
roadway segments and vehicles continued to deteriorate due to ongoing ground 
instability. As a precautionary measure, authorities evacuated more than 1,600 
residents. Several areas within the historic town center were identified as being at 
high risk, including 17th-century churches and other heritage structures potentially 
susceptible to further slope movement. According to geologists and environmental 
experts, the Niscemi landslide represents a recent example of increasing 
geomorphological instability in the Mediterranean region. The event has been 
associated with the combined effects of intensified precipitation linked to climate 
change and long-standing challenges related to land-use planning, building 
practices, and urban expansion in vulnerable areas. Figure 2-23 shows the damages 
on houses and infrastructures due to the landslide in Niscemi. 
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(a) 

 

(b) 
Figure 2-23 An aerial perspective of Niscemi showing(a) A cluster of residential buildings situated directly on 
a precipice, and(b) The ongoing collapse of the hillside, pulling vehicles and asphalt debris down the slope 
(https://www.theguardian.com). 

Figure 2-24 presents a comparison of orthophotos acquired before and after the 
event. The post-event imagery consists of a series of drone-based photographs 
collected by the Municipality of Niscemi on January 18, and February 2, 2026. 

  
(a) (b) 

Figure 2-24 Orthophotos of the study area: Before the event; (b) After the event (acquired on January 18, and 
February 2, 2026).   

https://www.theguardian.com/world/2026/feb/09/anger-despair-sicilian-town-crumbles-landslide-niscemi
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2.6 Summary 

This chapter has examined the multifaceted relationship between climate change 
and natural hazards, with particular emphasis on landslides as a climate-sensitive 
geo-environmental process. It began by outlining the increasing frequency and 
intensity of extreme climatic events under ongoing global warming, framed within 
established scenario architectures such as the SSP–RCP framework. Observed and 
projected changes in temperature and precipitation extremes were reviewed, 
highlighting the thermodynamic and dynamic mechanisms that intensify heatwaves 
and heavy rainfall events. The chapter then characterized major climate-related 
hazards, including wildfires, tropical cyclones, convective storms, and flooding, 
before providing a detailed analysis of landslides, their classifications, triggering 
mechanisms, and evolving risk profiles. This was followed by an explanation of 
hydrological, seismic, volcanic, and temperature-related controls on slope 
instability, along with the complex and regionally heterogeneous influences of 
climate change on landslide occurrence, magnitude, and seasonality. The socio-
economic implications of increasing landslide activity, particularly for 
infrastructure and vulnerable communities, were also discussed. Building on this 
conceptual and process-based understanding, the next chapter focuses on the 
various methodologies used to assess and delineate landslide susceptibility, with 
particular emphasis on machine learning approaches for identifying areas prone to 
failure under different environmental and climatic conditions. 
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Chapter 3  

Landslide susceptibility mapping 

3.1 Introduction 

Landslide susceptibility mapping represents a fundamental step in landslide 
investigation, risk assessment, and prevention. Effective mitigation and 
management strategies require reliable evaluation and susceptibility mapping. Over 
recent decades, numerous methods have been developed for landslide assessment 
and mapping. These methods are generally categorized into qualitative, semi 
quantitative, and quantitative approaches. Qualitative approaches typically include 
geomorphological mapping and heuristic techniques, which rely heavily on expert 
judgment and field interpretation. In contrast, quantitative approaches encompass 
statistical methods, artificial intelligence techniques, probabilistic and deterministic 
models. Semi-quantitative methods combine expert knowledge with limited 
statistical analysis to assign relative weights or rankings to landslide factors. 
Quantitative methods estimate landslide susceptibility based on observed data and 
explicit analytical frameworks, thereby reducing the subjectivity inherent in 
qualitative assessments. Different techniques incorporate varying sets of triggering 
factors and apply diverse procedures for factor weighting, analysis, and 
interpretation. Each method presents specific advantages and limitations, 
depending on the context of application. Therefore, selecting an appropriate 
technique for landslide susceptibility evaluation and mapping is a critical decision. 
Key considerations include the objective of the investigation, the spatial extent of 
the study area, the intended map scale, the nature and quality of available data, the 
types of landslides under consideration.  

In this chapter, first, the various methods are examined in detail, with particular 
emphasis on machine learning approaches, including a step-by-step explanation of 
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their application in landslide susceptibility mapping. Subsequently, the 
methodologies used in literature to assess landslide threats to infrastructure are then 
presented. Finally, the existing research gaps are identified and discussed. 

3.2 Landslide susceptibility mapping methods 

A wide range of approaches and techniques have been developed for the assessment 
of landslide susceptibility, including landslide inventory mapping, heuristic terrain 
evaluation, susceptibility zonation, statistical modeling, deterministic analysis, and 
probabilistic methods (Aleotti and Chowdhury, 1999; Corominas et al., 2014; 
Guzzetti et al., 1999; Kanungo et al., 2006; Raghuvanshi et al., 2014a; Raghuvanshi 
et al., 2015). These methods are generally grouped into three broad categories: 
qualitative and quantitative, and semi-quantitative approaches. 

Qualitative approaches comprise inventory and distribution analyses, 
geomorphological mapping, and expert-based or heuristic evaluations that rely on 
the experience and judgment of the analyst (Corominas et al., 2014; Raghuvanshi 
et al., 2014a). Qualitative methods are often regarded as inherently subjective due 
to their dependence on expert interpretation (Casagli et al., 2004; Fall et al., 2006), 

 In contrast, quantitative approaches include statistical techniques, 
deterministic models, probabilistic frameworks, and distribution-free methods 
(Kanungo et al. 2006; Raghuvanshi et al., 2014a). They are generally considered 
more objective compared to qualitative methods because they rely on explicit 
mathematical and statistical procedures (Girma et al., 2015). In recent years, 
quantitative techniques have become increasingly prevalent in landslide 
susceptibility studies, largely due to advances in data availability, computational 
capacity, and modeling methodologies. Artificial intelligence methods are 
introduced here as part of this category and are described in detail in section 3.6, as 
they represent the primary methodological approach adopted in this research. 

Semi-quantitative methods, on the other hand, integrate expert judgment with 
basic statistical techniques to allocate relative importance or scores to landslide 
conditioning factors (Bera et al., 2019; Erener et al., 2016). While they are less 
subjective than purely qualitative approaches, they still rely to some extent on 
expert interpretation. 

3.3 Qualitative methods 

Qualitative methods represent knowledge-based approaches that depend largely on 
expert interpretation, geomorphological analysis, and heuristic reasoning rather 
than on formal statistical or probabilistic frameworks. In these approaches, terrain 
units are assigned to susceptibility classes, typically ranging from low to high, 
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according to the interpreted influence of conditioning factors such as slope gradient, 
lithology, land use, drainage characteristics, and structural discontinuities. 

In contrast to data-driven statistical or machine learning techniques, qualitative 
methods do not require extensive landslide inventories for calibration. Instead, they 
are grounded in the assumption that experienced geomorphologists and engineering 
geologists can assess the likelihood of future slope instability based on landscape 
features and an understanding of geomorphic processes. Consequently, qualitative 
approaches are particularly valuable in regions with limited data availability, in 
newly studied areas, or in contexts of environmental change where historical 
landslide records may not adequately reflect evolving instability patterns (Guzzetti 
et al., 1999; Van Westen et al., 2003) 

3.3.1 Geomorphological mapping method 

In this method, most of the data related to factors responsible for landslides are 
obtained through remote sensing, while data procurement through direct fieldwork 
is rarely employed. Landslide susceptibility mapping is carried out using aerial 
photographs (Guzzetti et al., 1999; Kanungo et al., 2009; Mandaglio et al., 2016; 
Verstappen, 1983) or satellite imagery (Nossin, 1989). These methods are most 
commonly, though not necessarily, associated with the preparation of a landslide 
inventory map. A landslide inventory involves mapping past landslides in an area 
and collecting data on their location, type, and dimensions. In addition, information 
on causative factors, triggering mechanisms, and frequency of occurrence is 
recorded (Girma et al., 2015; Dai et al., 2002; Dai and Lee, 2001). Landslide 
inventory mapping is considered straightforward and is required for most 
susceptibility and hazard zonation techniques (Dai and Lee, 2002), either to 
formulate general predictive rules or to validate models. However, geomorphic 
techniques generally do not explicitly consider the specific factors that initiate or 
trigger landslides. The principal factors used in landslide hazard zonation include 
lithology, geomorphology, land use and land cover, and the presence or absence of 
previous landslides. Figure 3-1 shows a Landslide Susceptibility Map (LSM) using 
geomorphological mapping method.  
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Figure 3-1 LSM for the Ok Tedi mine site (Hearn, 1995). 

3.3.2 Heuristic method 

In this technique, the expert determines the degree and type of hazard for a given 
area using either a direct or an indirect mapping approach. Landslide hazard is 
evaluated based on quasi-static variables , such as slope angle, aspect, soil type, and 
elevation (Dai and Lee 2001; Fall et al. 2006), and the assessment largely depends 
on the judgment and experience of the evaluator (Aleotti and Chowdhury, 1999; 
Carrara et al., 1995; Gorsevski et al., 2003; Guzzetti et al., 1999; Hutchinson, 1995; 
Raghuvanshi et al., 2014a; Van Westen et al., 1997; Varnes and IAEG, 1984). 
Consequently, landslide susceptibility and hazard assessments produced using 
heuristic techniques may vary significantly when conducted by different experts 
(Casagli et al., 2004; Ruff and Czurda, 2008). 

Despite this limitation, these techniques remain popular due to their simplicity 
and practical applicability. They are primarily based on field-acquired data and are 
strongly supported by the evaluator’s judgment and experience (Raghuvanshi et al., 
2014b). Figure 3-2 presents an example of a LSM employing heuristic method. 
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Figure 3-2 LSM and active landslide sites, Dessie, Ethiopia (Ayenewa and Barbieri, 2005). 

3.4 Semi-quantitative methods 

Semi-quantitative methods represent an intermediate class of landslide 
susceptibility assessment techniques, positioned between purely qualitative 
(expert-driven) approaches and fully quantitative statistical. These methods 
incorporate numerical scoring systems, weighting schemes, or statistical indices; 
however, they do not generate explicit probabilistic outputs nor rely entirely on 
rigorous statistical inference (Abija et al., 2019; Bera et al., 2019; Erener et al., 
2016; Feizizadeh and Blaschke, 2012; Feizizadeh et al., 2014; Gorsevski and 
Jankowski, 2010; Milan et al., 2023). 

Semi-quantitative approaches, generally classified as multi-criteria decision 
analysis methods, include the Analytical Hierarchy Process, the Weighted Overlay, 
Fuzzy Logic, Weighted Linear Combination, and the Ordered Weighted Average. 
In the following sections, only the first three methods, which are more widely 
applied in the literature, are described in detail. 

3.4.1 Analytical Hierarchy Process method 

The Analytical Hierarchy Process (AHP) is a multi-criteria decision-making 
approach widely used for landslide susceptibility. It is a systematic method that 
involves problem definition, identification of goals and alternatives, formulation of 
a pairwise comparison matrix, determination of weights, and calculation of overall 
priority values (Pardeshi et al., 2013; Saaty, 2008). Landslides are complex 
processes resulting from the combined influence of multiple causative factors 
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(Chimidi et al., 2017; Raghuvanshi, 2019). The AHP approach can be applied using 
either absolute or relative measurement to evaluate the relationship between 
causative factors and landslide occurrence. In absolute measurement, each 
alternative is compared with an ideal alternative. In contrast, relative measurement 
involves comparing each alternative with other alternatives. The absolute 
measurement approach is normative, as it is conditioned by what is considered the 
best standard. Conversely, the relative measurement approach is descriptive in 
nature, as it depends on the evaluator’s experience and judgment (Saaty and Vargas, 
2006). 

 

 

(a) (b) 
Figure 3-3 AHP methodology used by Aksoy (2023) in Marmara region Türkiye: (a) A number of weighted 
sensitivity maps of criteria, and (b) LSM of the study area. 

3.4.2 Weighted Overlay method 

The Weighted Overlay is a simple approach used for evaluating landslide hazard in 
a given area (Ayele et al., 2014; Bachri and Shresta, 2010; Erener and Duzgun, 
2012; Intarawichian and Dasananda, 2010). This method is based on the assumption 
that conditions responsible for past landslides, if repeated in the future in other 
areas, may again result in landslide occurrence. In the Weighted Overlay method, 
each causative factor layer is reclassified by assigning values to its classes 
according to their relative contribution to landslide occurrence. The preferred scale 
typically ranges from 1 to 9, where 9 represents the highest significance in relation 
to landslide occurrence. All causative factor layers are then integrated within a GIS 
environment using the Weighted Overlay Model (Equation (3-1)). In addition, 
weights are assigned to the causative factors using an ordinal scale ranging from 0 
to 9. The numerical values assigned to the classes of each factor are referred to as 
ratings, whereas the values assigned to the causative factors themselves are termed 
weights (Lee et al., 2005). A higher weight or rating assigned to a factor or its 
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respective class indicates greater significance in contributing to landslide 
occurrence (Ayele et al. 2014). Equation (3-1) determines the spatial unit: 

𝑆 =
∑𝑊$𝑆$%
∑𝑊$

 (3-1) 

where Wi is the weight of ‘ith’ factor map, Sij is the ith spatial class weight of ‘jth’ 
factor map, S	 is the spatial unit value in the output map. Figure 3-4 shows the 
application of Weighted Overlay method on debris slope, rock slope, and landslide 
susceptibility. 

  
(a) (b) 

  
(c) (d) 

Figure 3-4 Weighted overlay method used by Rana et al (2025) for Chamoli district of Uttarakhand (a) Debris 
susceptibility map, (b) Rock susceptibility map, (c) LSM of the study area. (d) Ground crack map of Tangni-
Vishnuprayag road corridor. 

3.4.3 Fuzzy Logic method 

Processes, events, or functions that change continuously cannot always be defined 
in terms of strictly true or false conditions; therefore, such phenomena are expressed 
in a fuzzy manner. Concepts that are vague or imprecise are described as fuzzy. 
Fuzzy Logic is considered a superset of Boolean logic and serves as an extension 
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to address partial truth values that lie between completely false and completely true 
(Chacón et al., 2006). 

In landslide studies, the Fuzzy Logic method is applied to reduce subjectivity 
arising from the selection and evaluation of multiple causative factors (Meten et al. 
2015). This method is based on fuzzy set theory, in which elements are assigned 
membership degrees representing varying levels of confidence within the interval 
[0, 1] (Kanungo et al., 2006). Several fuzzy operators can be used in analysis, 
including ‘fuzzy OR’, ‘fuzzy AND’, ‘fuzzy algebraic product’, ‘fuzzy algebraic 
sum’, and the ‘gamma operator’. Among these, the ‘fuzzy AND’ operator is 
equivalent to the Boolean AND (logical intersection) operation in classical set 
theory (Anbalagan et al., 2015; Razifard et al., 2018) which can be obtained by 
Equation (3-2): 

𝜇&'()$*+,$'* = 𝑀𝐼𝑁(𝜇-, 𝜇. , 𝜇/ … . )	 (3-2) 

where 𝜇&'()$*+,$'*	is the fuzzy membership function, 𝜇- represents the 
membership value of map ‘A’ at specified location, and 𝜇. represents the value of 
map ‘B’ at specified location, likewise 𝜇/  and so on. Similarly, the fuzzy OR 
operator corresponds to the classical Boolean OR (logical union), but it operates 
within a framework of graded membership rather than binary logic. In this context, 
the resulting membership value is determined by selecting the maximum 
membership value among the input sets. Accordingly, the fuzzy OR operator can 
be mathematically expressed as described by Lee (2007) by Equation (3-3): 

𝜇&'()$*+,$'* = 𝑀𝐴𝑋(𝜇-, 𝜇. , 𝜇/ … . ) (3-3) 

Further, the ‘fuzzy algebraic product’ operator can be expressed as Equation 
(3-4) (Bonham-Carter, 1994; Zimmermann, 1996): 

𝜇&'()$*+,$'* =<𝜇𝑖
*

$01

 (3-4) 

where 𝜇𝑖 denotes the fuzzy membership value associated with the ith map, and i = 
1, 2, …, n identifies the set of maps included in the combination process. In a similar 
manner, the fuzzy algebraic sum serves as a complementary operator to the fuzzy 
algebraic product and can be formulated as presented by Lee (2007), Zimmermann 
(1996), and Bonham-Carter (1994) by Equation (3-5): 

𝜇&'()$*+,$'* = 1 −<(1 − 𝜇𝑖
*

$01

) (3-5) 



Chapter 3 Landslide susceptibility mapping 

 

72 
 

where 𝜇𝑖 denotes the fuzzy membership value corresponding to the ith map, and i 
= 1, 2, …, n indicates the total number of maps involved in the combination. Finally, 
the gamma operation is formulated as a function of both the fuzzy algebraic product 
and the fuzzy algebraic sum, integrating their effects through a parameterized 
relationship. This has been defined by Equation (3-6) (Anbalagan et al., 2015; 
Zimmermann, 1996): 

𝜇#$%&'()*'$( = (𝐹𝑢𝑧𝑧𝑦	𝑎𝑙𝑔𝑒𝑏𝑟𝑖𝑐	𝑠𝑢𝑚)+ ∗ (𝐹𝑢𝑧𝑧𝑦	𝑎𝑙𝑔𝑒𝑏𝑟𝑖𝑐	𝑝𝑟𝑜𝑑𝑢𝑐𝑡),-+ (3-6) 

in this formula, λ represents a parameter constrained within the interval (0, 1). The 
fuzzy algebraic sum is computed using Equation (3-5), whereas the fuzzy algebraic 
product is determined according to Equation (3-6). When λ	=1, the fuzzy gamma 
operation becomes equivalent to the fuzzy algebraic sum; conversely, when λ = 0, 
it reduces to the fuzzy algebraic product. Therefore, an appropriate selection of λ 
enables a balanced integration of the decreasing behavior associated with the fuzzy 
algebraic product and the increasing tendency characteristic of the fuzzy algebraic 
sum. In landslide susceptibility assessments, Lee (2007) and Ahmed et al., (2014) 
adopted a range of λ values between 0 and 1, specifically 0.025, 0.05, 0.1, 0.2, 0.3, 
0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 0.95, and 0.975. 

 
Figure 3-5 LSM in Pakistan compiled by employing the Fuzzy Logic approach (Ahmed et al., 2014). 

3.5 Quantitative methods 

Quantitative approaches to landslide susceptibility assessment are data-driven 
techniques that employ statistical analysis, probabilistic frameworks, or machine 
learning algorithms to derive empirical relationships between landslide occurrence 
and relevant conditioning factors. In contrast to qualitative or semi-quantitative 
methods, these techniques seek to generate objective, reproducible, and frequently 
probabilistic estimates of susceptibility grounded in observed data. Such 
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approaches require a comprehensive landslide inventory along with a set of 
explanatory variables, including slope gradient, lithology, curvature, land cover, 
drainage density, and precipitation. Statistical or computational models are 
subsequently calibrated to quantify the association between landslide occurrence or 
non-occurrence and the selected conditioning factors. Given that machine learning 
constitutes the principal methodology adopted in this study, it is examined in greater 
depth following a brief overview of other quantitative approaches. 

3.5.1 Statistical methods 

Statistical techniques represent the most widely applied approaches for landslide 
susceptibility assessment and hazard zonation (Mengistu et al., 2019). Over time, 
certain early techniques have been abandoned, others have undergone modification, 
and new approaches continue to emerge. A detailed examination of the literature 
indicates that statistical methods employed for landslide susceptibility mapping can 
generally be categorized into bivariate and multivariate approaches. These methods 
exhibit considerable variability in terms of the thematic factors considered, the 
spatial scale adopted, the statistical modeling tools applied, and the procedures used 
for performance evaluation and validation. 

Bivariate statistical methods are based on inductive reasoning, assuming that 
relationships observed under past and present conditions can be generalized to 
future scenarios (Dai and Lee, 2001). In landslide studies, these approaches 
evaluate the relationship between each causative factor and historical landslide 
occurrence independently (Chimidi et al., 2017; Lan et al., 2004). The contribution 
of each factor is quantified using a density ratio derived from overlay analysis 
between thematic factor layers and the landslide inventory, comparing landslide 
presence and absence within each factor class. 

Multivariate statistical methods assess landslide susceptibility by analyzing the 
combined and relative contributions of multiple causative factors simultaneously 
(Kanungo et al., 2009; Nandi and Shakoor, 2009). These approaches model 
landslide presence or absence at the pixel level through statistical relationships 
between predictor variables and landslide occurrence. Common techniques include 
logistic regression, multiple regression, and discriminant analysis. 

Although some statistical models may demonstrate superior predictive 
performance under specific conditions, no single method has consistently proven to 
be universally optimal. Indeed, integrating multiple approaches into a composite or 
hybrid model, while utilizing the same thematic datasets and landslide inventory, 
may yield improved predictive capability compared to a single-model framework. 
Moreover, the effectiveness of any statistical approach largely depends on the 
expertise, experience, and technical competence of the practitioner applying it 
(Corominas et al., 2014; Reichenbach et al., 2018). Consequently, selecting an 
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appropriate methodological framework remains a persistent challenge. In addition, 
uncertainties inevitably arise regarding the reliability and credibility of the results 
generated (Guzzetti et al., 2006; Reichenbach et al., 2018). 

A fundamental limitation of statistical approaches is that they do not explicitly 
model the physical mechanisms controlling slope failure. Instead, they rely on the 
assumption that future landslide-prone areas can be inferred from combinations of 
variables that were associated with past events (Safaei et al., 2011). In the following 
section, selected bivariate methods, including Frequency Analysis, Weights of 
Evidence, and Information Value, as well as multivariate approaches such as 
Logistic Regression and Discriminant Analysis, are introduced. 

3.5.1.1 Frequency Analysis method 

Within bivariate statistical approaches, frequency analysis is the most widely 
applied method (Li et al., 2017). This technique evaluates the relationship between 
each class of causative factors and the spatial distribution of historical landslides in 
the study area (Malsawmzuali et al., 2026; Moung-Jin et al., 2014). The frequency 
analysis method computes the ratio of landslides within a given factor class as a 
percentage of total landslides relative to the proportion of the study area occupied 
by that factor class. This frequency ratio is normalized to a value of 1. A frequency 
ratio exceeding 1 indicates a strong association between the factor class and 
landslide occurrence, whereas a ratio below 1 suggests a weaker correlation (Khan 
et al., 2026). Figure 3-6 shows an obtained LSM with this method. Mathematically, 
the frequency ratio (𝐹𝑅𝑑) can be expressed as follows in Equation (3-7): 

𝐹𝑅2 =
𝐿𝑠
𝐴𝑚 (3-7) 

where 𝐹𝑅𝑑	denotes the frequency ratio associated with a specific causative factor 
class, 𝐿𝑠 represents the percentage of landslides occurring within that class, and 𝐴𝑚	
corresponds to the proportion of the study area occupied by the same class, 
expressed as a percentage of the total map area. Subsequently, the Landslide 
Susceptibility Index (LSI) for each pixel is calculated as the cumulative sum of the 
frequency ratio values corresponding to all overlapping factor classes at that 
location, as expressed in Equation (3-8): 

𝐿𝑆𝐼 = E𝐹𝑅2

2

*01

 (3-8) 
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Figure 3-6 LSM of Selayang (Klang Valley), Malaysia, using FR model (Mustapa and Tahar, 2026). 

3.5.1.2 Weights of Evidence method 

Another bivariate statistical approach is the Weights of Evidence, which has been 
extensively applied to identify areas susceptible to landslides (Hong et al., 2017; 
Ilia and Tsangaratos, 2015; Süzen and Doyuran, 2004). This method employs a 
quantitative, data-driven probabilistic framework to integrate landslide inventory 
information with conditioning factors. Within the model, the prior probability 
(Priorp), conditional probabilities (Condp), and the corresponding positive and 
negative weights related to landslide occurrence are calculated. The prior 
probability reflects the overall landslide density in the study area and is determined 
as the ratio of the total number of pixels affected by landslides to the total number 
of pixels within the entire study region. Accordingly, the Priorp can be formulated 
as presented in Equation (3-9): 

𝑃𝑟𝑖𝑜𝑟3 = 𝑃{𝑆} =
𝑁4$5(!7$28)
𝑁4$5(,',+7)

 (3-9) 

where 𝑃{𝑆} represents the probability of landslide occurrence (𝑆), NPix(slide) is the 
total number of pixels located within mapped landslides in the study area, and 
NPix(total) corresponds to the total number of pixels in the entire study region. The 
conditional probability (CondP) is defined as the ratio between the number of pixels 
belonging to a specific factor class that fall within landslide areas and the total 
number of pixels of that same factor class across the entire study area (Van Westen, 
2002). This relationship can be expressed as shown in Equation (3-10): 
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𝐶𝑜𝑛𝑑4 = 𝑃 S
𝑆
𝐵U =

𝑃	{𝑆 ∩ 𝐵}
𝑃{	𝐵} =

𝑁4$5	{𝑆 ∩ 𝐵}
𝑁4$5{𝐵}

 (3-10) 

where CondP denotes the conditional probability of landslide occurrence S within a 
specific parameter class 𝐵; NPix{S	 ∩	B} represents the total number of pixels 
belonging to class 𝐵 that are located within mapped landslides; and NPix{B} 
corresponds to the total number of pixels of that same factor class 𝐵 across the 
entire study area. This method subsequently calculates weights for each predictive 
causative factor (B) by evaluating their statistical association with the presence or 
absence of landslides in the study region by Equation (3-11) and Equation (3-12)  
(Bonham-Carter, 1994; Mohammady et al., 2012): 

𝑊$
: = lnW

𝑃 X𝐵$𝑆 Y

X𝐵$𝑆̅ Y
[ (3-11) 

𝑊$
; = lnW

𝑃 \𝐵<
]
𝑆 U

\𝐵<
]
𝑆̅ U

[ (3-12) 

where, P  represents probability 𝐵𝑖	indicates the presence of a potential landslide 
conditioning factor, whereas 𝐵<]  denotes its absence. Similarly, S refers to the 
presence of a landslide, and 𝑆̅ represents the absence of a landslide. The term 
𝑊$

:corresponds to the positive weight, indicating that the predictive factor is 
associated with landslide occurrence. Conversely, 𝑊$

;denotes the negative weight, 
reflecting the absence of the predictive factor in relation to landslide occurrence. 
Figure 3-7 illustrates an LSM, obtained by weight of evidence method. 

 
Figure 3-7 Example of an LSM obtained by applying weight of evidence method for Euboea Island, Greece 
(Ilia and Tsangaratos, 2015). 
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3.5.1.3 Information Value method 

The Information Value (IV) method represents another bivariate statistical 
approach in which the weight assigned to each factor class is derived from the 
density of landslides associated with that class. This technique has been widely 
applied in spatial landslide prediction and hazard zonation studies (Balasubramani 
and Kumaraswamy, 2013; Lin and Tung, 2004; Mengistu et al., 2019; Yalcin, 2008; 
Zêzere et al., 2004). In this method, the calculated information values of different 
causative factor classes are used to delineate areas with varying probabilities of 
landslide occurrence, thereby supporting susceptibility mapping. The IV for each 
class is determined based on the presence or absence of that class within previously 
mapped landslides. To compute the class weights, the landslide inventory map is 
overlaid with each causative factor map, allowing the estimation of landslide 
density within individual subclasses (Mengistu et al., 2019). According to Yin and 
Yan (1990), a positive information value indicates a strong association between a 
specific factor class and landslide occurrence. Van Westen et al. (1997) defined the 
class weight as the natural logarithm of the ratio between the landslide density 
within a given factor class and the overall landslide density across the entire study 
area. For this reason, the IV method is also referred to as the Landslide Index (LI) 
method. 

The IV can be calculated using Equations (3-13) to (3-16), as proposed by Yin 
and Yan (1990): 

𝐶𝑃 =
𝑁4$5	{𝑆 ∩ 𝐵𝑖}
𝑁4$5{𝐵𝑖}

 (3-13) 

𝑃𝑃 =
𝑁4$5	{𝑇𝑆}
𝑁4$5{𝐴}

 (3-14) 

𝑊𝐵𝑖 =
𝐶𝑃
𝑃𝑃 (3-15) 

𝐼𝑉 = log𝑊𝐵𝑖 (3-16) 

where CP and PP denote the conditional probability and prior probability, 
respectively; WBi represents the weight assigned to a specific factor class; and IV 
refers to the IV. Furthermore, NPix{S	∩	Bi} indicates the number of landslide pixels 
within factor class Bi,	NPix{Bi} is the total number of pixels belonging to that factor 
class; NPix{TS} represents the total number of landslide pixels across the entire study 
area; and NPix{A} corresponds to the total number of pixels within the study region. 

Once the IVs are calculated, the corresponding IV weights are assigned to each 
factor class to generate weighted causative factor maps. These maps are 
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subsequently processed within a GIS environment, where the LSI for each pixel is 
computed using a raster calculator (Equation (3-17)). Equation (3-17) is the 
resulting LSI, which serves as the basis for producing the final LSM (Mengistu et 
al., 2019): 

𝐿𝑆𝐼 =E𝐼𝑉𝐵 (3-17) 

where, LSI is the landslide susceptibility index and Σ IVB is the sum total of IVs 
for all causative factors. Figure 3-8 illustrates an LSM obtained by IV method. 

 
Figure 3-8 LSM using IV method in for Goncha Siso Eneses, Ethiopia (Wubalem and Meten, 2020). 

3.5.1.4 Logistic Regression method 

Among the range of multivariate statistical techniques, Logistic Regression (LR) 
remains one of the most extensively applied approaches for spatial modeling of 
landslide susceptibility (Schicker and Moon, 2012; Wu et al., 2015). This technique 
is particularly suitable for modeling dichotomous outcome variables, such as the 
presence or absence of landslides, by incorporating both categorical and continuous 
predictor variables (Goetz et al., 2015; Steger et al., 2016; Xing et al., 2021). Within 
this framework, the probability of landslide occurrence is estimated through logistic 
regression analysis. The statistical relationship between landslide occurrence and 
its controlling factors can be formally expressed by Equation (3-18): 

𝑃 =
1

1 + 𝑒;= (3-18) 
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where P is the estimated probability of a landslide occurrence, ranging from 0 to 1 
on a ‘S shaped’ curve. The term	z identifies a linear combination. The LR utilizes 
fitting of an Equation (3-19) to the data set: 

𝑧 = 𝑏> + 𝑏1𝑥1 + 𝑏#𝑥# +⋯+ 𝑏*𝑥* (3-19) 

where, b0 denotes the model intercept, bi (i = 0, 1, 2, …, n) represent the regression 
coefficients associated with each predictor variable, and xi	 (i = 0, 1, 2, …, n) 
correspond to the independent variables included in the model. LR can be employed 
in cases where predictor variables are continuous, categorical, or a combination of 
both, which constitutes one of its principal advantages. Nevertheless, this method 
does not explicitly quantify the relative contribution of individual classes to 
landslide occurrence. For the implementation of logistic regression, the dependent 
variable must be dichotomous in nature, such as yes or no, 0 or 1, or absence or 
presence (Chen and Wang, 2007; Lee, 2015). 

 
Figure 3-9 LSM employing logistic regression method for Shenzhen, China (Xing et al., 2021). 

3.5.1.5 Discriminant method 

Discriminant analysis is widely applied in landslide susceptibility assessment and 
hazard zonation studies. It represents a multivariate statistical approach in which 
the dependent variable is treated as categorical rather than continuous (Gorsevski 
et al. 2000). This method enables the identification of the maximum separation 
between landslide and non-landslide groups based on the set of causative factors 
(independent variables). Consequently, it provides a foundation for assigning 
relative weights to these conditioning factors (Lee et al., 2008; Pardeshi et al., 
2013). 

Using this approach, slope units can be classified into landslide-affected and 
landslide-free categories. Moreover, the relative importance of each predictor 
variable can be quantified through the Standardized Discriminant Function 
Coefficient, which expresses the contribution of each variable within the 
discriminant function used to predict potential slope instability. Variables 
associated with higher standardized coefficients exhibit stronger relationships with 
the presence or absence of landslides (Guzzetti et al., 2005b; Pardeshi et al., 2013). 
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(a) (b) 

Figure 3-10 Maps for Minas Gerais, Brazil indicating (a) Stable and unstable terrains (b) LSM using 
discriminant method (Eiras et al., 2021). 

3.5.2 Probabilistic approach 

In order to evaluate landslide susceptibility, the degree of relationship between the 
past landslide distribution and the causative factors is converted to a value which is 
based on a probability distribution function. Probabilistic approach helps in 
prediction of spatial and temporal landslide distribution probability in the given 
area (Guzzetti et al., 2005b; Lari et al., 2014). The approach utilizes the comparison 
of spatial landslide distribution with the considered causative factors (explanatory 
variables) in a framework of probabilistic theory (Lari et al., 2014; Straub and 
Schubert, 2008).  

A study by Salciarini et al. (2016) performed a probabilistic analysis of slope 
stability under projected climate conditions using the PG_TRIGRS model. The 
analysis incorporated statistically downscaled rainfall projections derived from 
multiple GCM scenarios and time horizons to evaluate the impact of climate change 
on landslide activity. 

  
(a) (b) 

Figure 3-11 Map of probability of failure (Pof) for: (a) Rainfall intensity I=1.01×10e−6 m/s (current scenario) 
and (b) Rainfall intensity I=1.77×10e−6 m/s (future scenario) (Salciarini et al., 2016). 

Figure 3-12a-d presents another study in which the LSMs derived from the 
factor of safety analysis and the probabilistic approach, evaluated under three 
different coefficients of variation (COVs). 
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(a) (b) 

  
(c) (d) 

Figure 3-12 The LSMs of Maerkang, China: (a) Factor of Safety (FOS), (b) Pf with lower COV, (c) Pf with 
moderate COV, and (d) Pf with higher COV (Ji et al., 2025). 

3.5.3 Deterministic approach 

The deterministic approach to landslide hazard assessment is grounded in 
mechanical principles governing slope stability. These methods encompass 
empirical approaches (Liu and Chen, 2007; Raghuvanshi, 2019), kinematic 
analyses (Karaman et al., 2013 ; ZainAlabideen and Helal, 2016), static infinite 
slope models (Dietrich et al., 1995; Pack et al., 1998), dynamic infinite slope 
models (Simoni et al., 2008), as well as two-dimensional (Sharma et al., 1995) and 
three-dimensional limit equilibrium and numerical modeling techniques (Gitirana 
Jr. et al., 2012; Stead et al., 2006; Tang et al., 2016). 
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Deterministic methods typically consider key controlling factors such as slope 
geometry, discontinuity properties and their orientation relative to the slope, 
groundwater conditions, and surface drainage characteristics (Bednarik and 
Kralovičová, 2024). Additional triggering or contributing factors include rainfall, 
seismic activity, and anthropogenic influences (Dahal et al., 2006; Wang and Niu, 
2009). The combined interaction of these parameters is considered responsible for 
slope instability and landslide occurrence. Figure 3-13 illustrates the susceptibility 
map using deterministic method. 

 
Figure 3-13 LSM calculated by a deterministic approach in Trnava region, Slovakia (Bednarik and Kralovičová, 
2024). 

3.6 Artificial intelligence and its application in 
geotechnical engineering 

Artificial intelligence (AI) is concerned with the development of computational 
systems capable of replicating aspects of human cognitive processes. Its primary 
objective is to design machines that can perceive their surroundings, reason 
logically, learn from experience, and make data-driven decisions based on 
identified patterns (Russell and Norvig, 2010). AI includes Machine Learning 
(ML), computer vision, and robotics. Within ML, several specialized branches 
exist, including deep learning (DL), Bayesian methods, reinforcement learning 
(RL), each targeting distinct dimensions of intelligent behavior (Figure 3-14). 

ML constitutes a core component of intelligent system design, focusing on the 
development of algorithms and statistical models that enable systems to improve 
task performance through exposure to training data. DL, a subset of ML, 
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emphasizes the construction and training of artificial neural networks inspired by 
the structure and operation of the human brain. By employing multiple 
interconnected layers of neurons, DL models can automatically extract hierarchical 
feature representations, allowing the handling of increasingly complex tasks 
through progressive abstraction. 

RL investigates how autonomous agents learn optimal behaviors through 
iterative interaction with an environment. In this framework, agents refine their 
decision-making strategies over time by responding to feedback in the form of 
rewards or penalties.  

Bayesian machine learning methods are widely employed to explicitly account 
for both aleatoric and epistemic uncertainties in modeling and decision-making 
processes. In geotechnical engineering contexts, such uncertainties may arise from 
material variability, spatial heterogeneity, parameter estimation errors, numerical 
model limitations, as well as measurement and data quality issues (Girolami et al., 
2021; Kennedy and O’Hagan, 2001; MacKay, 2003). Figure 3-14 Presents AI 
subfields. 

 
Figure 3-14 Map of AI sub-fields (Sheil et al., 2026). 

The use of AI in geotechnical engineering has expanded significantly in recent 
years. These applications can be broadly categorized into: (i) inverse analysis, such 
as the estimation of geotechnical parameters from field measurements; (ii) 
prediction of material behavior, for example during pile installation; (iii) prediction 
of structural performance, such as tunnel boring machine (TBM) control; (iv) 
enhancement of deterministic modeling approaches, including improvements to 
constitutive models; and (v) landslide susceptibility mapping. While the first four 
categories are briefly introduced for completeness, the primary emphasis of this 
study is on landslide susceptibility mapping, which is discussed in greater detail in 
the following sections. 

ML techniques have been extensively adopted in geotechnical engineering for 
data-driven ground modeling, supporting foundation design and optimizing 



Chapter 3 Landslide susceptibility mapping 

 

84 
 

sampling strategies for site investigation programs (Hu et al., 2021; Yoshida et al., 
2022; Zhao and Wang, 2019). These data-driven ground models are typically 
developed using site investigation data, including Cone Penetration Test (CPT) and 
Dynamic Penetration Test (DPT) measurements. In general, two primary predictive 
tasks are involved: identification of soil stratigraphy and spatial prediction or 
interpolation of geotechnical properties. 

A variety of ML techniques have been applied to the identification of soil 
stratigraphy and the detection of layer boundaries. These approaches include 
Gaussian Process Regression (GPR), which is mathematically equivalent to kriging 
(Li et al., 2016), Bayesian model class selection (Wang et al., 2013), changepoint 
detection methods (Ching et al., 2015; Suryasentana et al., 2023a), Bayesian 
compressive sampling (Wang et al., 2020), and random field modeling approaches 
(Gong et al., 2020). Additional techniques involve lasso-based regression (Shuku 
et al., 2020) and clustering algorithms (Zhao and Wang, 2020). More recently, DL 
methods have also been introduced for this purpose (Zhou et al., 2024). 
Representative examples of soil layer boundary identification using DPT and CPT 
data are illustrated in Figure 3-15. 

 
(a) 

 

(b) 
Figure 3-15 Soil layer boundaries predictions employing (a) DPT data (Suryasentana et al. 2023b), and (b) CPT 
data (Zhou et al. 2024). 

Another important application of AI in geotechnical engineering is predictive 
modelling of soil behaviour. In conventional constitutive modelling, soil response 
is described through mathematical formulations defined by a set of parameters and 
state variables. However, attempts to represent increasingly complex soil 
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behaviours have resulted in highly sophisticated constitutive models with numerous 
material parameters. For instance, the SANISAND model (Dafalias and Manzari, 
2004) incorporates multiple fabric tensors and internal variables. While such 
models are capable of reproducing complex soil responses, they also increase 
calibration difficulty and reduce model interpretability. 

With the growing availability of AI tools during the early 1990s, researchers 
began investigating AI techniques, particularly Artificial Neural Networks (ANNs), 
as alternative approaches for modelling material behaviour (e.g., Ghaboussi et al., 
1991). Early studies by Ellis et al. (1992) and Ghaboussi et al. (1990) introduced 
Neural Network Constitutive Models (NNCMs) for soils. Following these 
pioneering efforts, a significant number of AI-based constitutive models were 
developed (Penumadu and Zhao, 1999). The development of intelligent constitutive 
models later expanded beyond neural networks to include other AI techniques such 
as evolutionary regression. Subsequently, research efforts focused on the numerical 
implementation of these AI-based material models within computational 
frameworks (Hashash et al., 2004; Javadi and Rezania, 2009). 

Despite their promise, the performance of early purely data-driven AI-based 
constitutive models was often inconsistent. These limitations were primarily related 
to poor interpretability and the large datasets required for effective training. 
Moreover, such models frequently demonstrated weak generalisation capabilities, 
with predictive accuracy deteriorating when applied outside the range of the 
training data. 

However, the recent resurgence of AI in geotechnical engineering has renewed 
interest in the development of intelligent constitutive models. In particular, Physics-
Informed Machine Learning (PIML) approaches have emerged as a major research 
direction (Masi et al., 2021; Masi and Stefanou, 2022). These methods integrate 
prior physical knowledge, such as empirical relationships or governing physical 
laws, with machine learning techniques to constrain predictions within physically 
realistic limits (Cuomo et al., 2022). Although such hybrid approaches significantly 
improve model generalisation, they still require large, high-quality datasets to 
achieve predictive performance comparable to traditional constitute models.  

These challenges have encouraged the development of interpretable machine 
learning approaches designed to operate effectively with sparse geotechnical 
datasets (Zhang et al., 2023c). For example, Zhang et al. (2025) introduced a Prior 
information-based Neural network (PiNet) that incorporates three theoretical 
frameworks, namely incremental nonlinearity, hyperelasticity, and elastoplasticity 
(Figure 3-16). The proposed PiNet models were subsequently applied to simulate 
real soil behaviour using a multi-fidelity framework that maximises the use of 
limited high-fidelity data. 
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Figure 3-16 Multi-fidelity modelling framework proposed by Zhang et al. (2023c), integrating a data-driven 
neural network with traditional phenomenological constitutive models. 

Geotechnical design and construction are increasingly incorporating AI to 
address the limitations of traditional methods based on manual calculations, 
empirical correlations, and simplified models. In foundation engineering, ML 
techniques have been used to predict the bearing capacity (Lawal and Kwon, 2023) 
and settlement (Zhang et al., 2022b) of shallow footings. AI methods have also been 
applied to improve pile design, including predictions of driveability (Buckley et al., 
2023), axial resistance (Alexander et al., 2024), lateral resistance (Taherkhani et al., 
2023), settlements and displacements (Ge et al., 2023), and pile group behaviour 
(Khatti et al., 2023). 

Beyond foundation engineering, AI applications in geotechnical construction 
are largely focused on tunnelling, particularly tunnel boring machine (TBM) 
performance prediction, tunnel-induced settlement estimation, geological 
forecasting, and cutterhead design optimization (He et al., 2025). Additional 
applications include tunnel-induced building damage prediction  (Cao et al., 2020; 
Ninić et al., 2024), TBM automation (Mokhtari and Mooney, 2019), tunnel 
condition assessment (Zhu et al., 2020), anomaly detection (Sheil et al., 2021), 
tunnel profile measurement (Xue and Zhang, 2019), resilience assessment (Khetwal 
et al., 2019), structural defect identification (Ding et al., 2019), tunnel face stability 
(Hayashi et al., 2019), rockburst prediction (Liu and Hou, 2019), and intelligent 
building information modelling (Zhao et al., 2019). Figure 3-17 presents real-time 
control of TBM face pressure for three different scenario, scenario (1) (black line) 
is the baseline case with unchanged face support pressure leading to severe damage, 
scenario (2) (green line) increases the face pressure early at step 26 to 180 kPa 
resulting in reduced settlements and moderate damage, and scenario (3) (blue line) 
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applies a delayed pressure increase at step 29, which slightly reduces settlement but 
still leads to severe damage. 

  
(a) (b) 

  
(c) (d) 

Figure 3-17 Real-time control of TBM face pressure to minimize damage to a nearby building: (a) Recorded 
face support pressure data up to time step 25; (b) Three potential pressure adjustment scenarios; (c) Resulting 
settlement trough and building damage categories for scenarios (1) and (2); (d) Resulting settlement trough and 
building damage categories for scenario (3) (Cao et al., 2020). 

AI can also support interdisciplinary applications by enabling advanced 
numerical models to be used in regional-scale planning (Charles et al., 2023). This 
is typically achieved through surrogate models (Previtali et al., 2022; Guardiani et 
al., 2022), which approximate the results of complex simulations at much lower 
computational cost, for example in rockfall risk mitigation (Figure 3-18). 
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Figure 3-18 Flowchart illustrating the use of AI-based surrogate models to combine the accuracy of advanced 
numerical simulations with the computational efficiency required for large-scale planning (Previtali et al., 
2022). 

Moreover, AI has been widely applied in slope stability design, particularly for 
optimising failure mechanisms and estimating factors of safety (Aminpour et al., 
2023; Mahmoodzadeh et al., 2022), predicting failure timing (Zhang et al., 2022a), 
employing InSAR images to identify early deformation signals (Bayaraa et al., 
2023), and ML-assisted stochastic analyses (Zeng et al., 2022). Another recent 
application of ML in landslide studies is the generation of landslide susceptibility 
maps, which will be discussed in detail in the following sections.  

3.7 ML application in LSMs 

A key application of AI in geohazard studies is the production of LSMs, which 
serve as valuable references for planners and policymakers in development 
planning. Landslide susceptibility reflects the probability of landslides occurring 
within a given area. Numerous machine learning-based approaches have also been 
employed in this field (Ado et al., 2026; Chen, 2025; Janizadeh et al., 2023; Lee et 
al., 2025; Ren et al., 2024), highlighting the renewed interest of researchers in 
leveraging ML methods to capture the complex relationships between landslides 
and their conditioning factors. 

Implementing these methods requires several key steps, irrespective of the 
specific algorithm used. First, the necessary data must be collected, cleaned, and 
processed. Next, ML algorithms are applied to model the relationships between 
conditioning factors and landslide occurrence. Finally, after algorithm 
optimization, their predictive performance must be rigorously evaluated. The 
required steps and data for applying machine learning to landslide susceptibility 
mapping are described in the following section. 
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3.7.1 Defining the area of interest 

The first step is to define the study area of interest by establishing its spatial 
boundaries. It is essential to ensure that sufficient data are available within the 
selected area, including records of past landslide occurrences as well as relevant 
landslide conditioning factors, which will be described in subsequent sections. 

3.7.2 Landslide inventory 

The landslide inventory is a fundamental component of landslide susceptibility 
mapping, as its accuracy directly affects the quality of the samples used to train and 
test machine learning models. Typically, a landslide inventory is stored as a dataset 
(e.g., CSV format) containing information such as the location, date, causes, 
magnitude, and potential damage associated with landslide events. These 
inventories can be developed from multiple sources, including historical records, 
satellite imagery, Google Earth interpretation, and aerial photograph analysis. 

3.7.2.1 Field survey 

Field surveys are considered the most accurate approach for generating landslide 
inventories, as they involve detailed investigation of affected areas to identify and 
measure individual slope failures (Bornaetxea et al., 2018; Chen et al., 2014). They 
are also frequently used to complement or validate inventories derived from other 
sources, such as satellite imagery, Google Earth interpretation, and aerial 
photographs. However, field investigations are often time-consuming and labour-
intensive, and some landslides may be physically inaccessible, making surveys 
costly or impractical. 

3.7.2.2 Satellite image 

Advances in satellite technology over recent decades have significantly increased 
the number of satellites and created extensive networks capable of capturing high-
resolution images of the Earth’s surface. Landslide inventories can therefore be 
developed by analysing and comparing satellite images acquired at different times 
(König et al., 2019). This approach effectively addresses the accessibility 
limitations associated with field surveys. However, it can still be relatively 
expensive, and cloud cover may sometimes interfere with the acquisition and 
quality of satellite imagery. 

3.7.2.3 Google earth interpretation 

To reduce the cost and technical barriers associated with satellite imagery, Google 
Earth interpretation has become increasingly popular in recent landslide 
susceptibility studies (Broeckx et al., 2018; Conoscenti et al., 2016), mainly due to 
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its free access and ease of use. However, similar to satellite imagery, its 
effectiveness can be limited by cloud cover, which may reduce image quality and 
hinder accurate interpretation. 

3.7.2.4 Aerial photograph interpretation 

Aerial photograph interpretation is considered one of the most economical and 
versatile remote sensing methods (Li et al., 2013) and has been widely used for 
landslide detection and susceptibility assessment (Chen et al., 2025). With the 
support of drones, this approach can effectively capture landslide information in 
areas with limited accessibility. Moreover, unlike many satellite images, aerial 
photography can provide near real-time observations, making it suitable for certain 
applications. However, its use can be constrained by the time required for data 
collection as well as the need for specialised equipment and trained personnel. 

3.7.3 Landslide conditioning factors 

Identifying appropriate landslide conditioning factors (LCFs) is a fundamental step 
in developing reliable landslide prediction models and remains a major challenge 
in landslide susceptibility assessment (Zhang et al., 2022c). The difficulty largely 
arises from the complex nature of landslide processes. In fact, as many as 596 
variables potentially influencing landslide occurrence have been reported in the 
literature (Reichenbach et al., 2018). Incorporating all of these variables in practical 
engineering applications is unrealistic because it requires considerable time and 
computational effort. Consequently, earlier studies (Janizadeh et al, 2023; Nhu et 
al., 2020; Zhou et al., 2021) have focused on a limited number of representative 
categories that play dominant roles in landslide formation. These commonly 
include topographic, hydrological, geological, land cover, natural, and 
anthropogenic factors, together with their most frequently used sub-indicators. 

Rainfall is widely regarded as the principal triggering factor for landslides, 
especially in mountainous environments (Lee et al., 2014). Because long-term 
precipitation records are generally easy to obtain, mean annual precipitation is 
frequently incorporated into landslide susceptibility modelling (Yang et al., 2026; 
Shi et al.,2026; Zhou et al.,2025). Temperature is another environmental variable 
that may influence landslide activity (Insana et al., 2021). Variations in temperature 
can alter soil moisture conditions by affecting evapotranspiration processes and the 
resulting soil moisture deficit (Dixon and Brook, 2007). Increasing temperatures 
may also enhance atmospheric moisture content and potentially intensify 
precipitation events. In mountainous areas, rising temperatures can contribute to 
permafrost degradation, which reduces ground stability and increases the likelihood 
of slope failure (Barla and Barla, 2001). To the best of the author’s knowledge, 
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temperature has rarely, if ever, been explicitly considered in LSMs, with elevation 
commonly adopted as a proxy due to its accessibility. 

Land-cover conditions also influence landslide development. Vegetation can 
enhance slope stability by extracting water from the soil through root uptake. As a 
result, vegetated slopes are typically drier and exhibit significantly higher matric 
suction compared with bare or fallow slopes, with reported average reductions in 
moisture content of approximately 12.84% (Gonzalez-Ollauri and Mickovski, 
2017). The magnitude of this effect varies depending on vegetation type. For this 
reason, the normalized difference vegetation index (NDVI) is widely adopted as an 
indicator of vegetation cover in landslide studies. In contrast, certain anthropogenic 
land-cover changes may adversely affect slope stability (Promper et al., 2014), 
making land-use classification another relevant variable. 

Hydrological conditions are also critical because variations in soil moisture 
strongly influence slope stability. Several indices are commonly used to represent 
hydrological characteristics, including the aridity index, the topographic wetness 
index, and the moisture index. In addition, the proximity of slopes to river channels 
can significantly affect landslide occurrence due to the combined effects of long-
term erosion and soil weakening caused by water infiltration (Wang et al., 2017). 

Using GIS-based tools, various terrain-related variables can be rapidly derived 
from digital elevation models (DEM). Parameters such as slope, aspect, profile 
curvature, plan curvature, and topographic wetness index (TWI) can be 
automatically generated through built-in spatial analysis functions. In addition, 
proximity-related variables, including distance to rivers and distance to roads, can 
be calculated efficiently using spatial analysis operations such as the near-distance 
function based on the geographic location of the corresponding features. 

At the final stage, all LCFs must be collected and imported into a GIS 
environment. It is essential to ensure that all datasets share a consistent coordinate 
reference system (CRS) to enable accurate spatial analysis. The data are then 
extracted as CSV files for further processing and inspection. 

3.7.4 Data processing 

After extracting pixel-based data and generating the corresponding CSV file, the 
dataset must be further processed. This involves verifying all values and addressing 
any missing data to ensure completeness. Given the typically large size of such 
datasets, the identification and treatment of missing values should be carried out 
using programming tools such as MATLAB or Python to ensure both efficiency 
and accuracy. The number of columns corresponds to the selected LCFs, along with 
an additional column representing landslide occurrence. A value of 1 is assigned to 
pixels at which landslide initiation occurs, whereas a value of 0 is assigned to all 
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other pixels. The number of rows is determined based on the sampling ratio, which 
is discussed in the following section. 

3.7.4.1 Sampling ratio 

The proportion of positive (landslide events) and negative (non-landslide events) 
samples used during model training is another factor that can significantly influence 
modelling performance. In landslide susceptibility studies, researchers frequently 
adopt a balanced sampling strategy in which the number of landslide and non-
landslide samples is equal (0.5:0.5) (Behnia and Blais-Stevens, 2017; Janizadeh et 
al., 2023; Wu et al., 2020). However, the optimal sampling proportion may vary 
depending on the characteristics of the dataset and the type of machine learning 
algorithm employed. Adjusting this ratio appropriately can lead to improvements 
in predictive accuracy. Yang et al. (2023) investigated the influence of sampling 
proportions in machine learning-based landslide susceptibility assessment using a 
Bayesian optimization approach. Their results showed that optimizing the sampling 
ratio, which was 1:1.55 (positive to negative), improved the performance of all 
tested models. The most notable improvements were observed for the random forest 
(RF) and gradient boosting decision tree (GBDT) models, each showing an 
accuracy increase of approximately 1.3%. 

3.7.5 Training to testing ratio 

After data cleaning and preprocessing, the prepared dataset is typically extracted 
and randomly divided into two subsets according to a predefined proportion: a 
training dataset used to build the model and a testing dataset used to evaluate its 
performance. The selection of the training–testing split can substantially affect the 
predictive capability of the resulting model. Therefore, choosing an appropriate 
ratio between these two subsets is important for improving modelling performance. 

Previous studies have investigated the influence of different training–testing 
ratios on landslide susceptibility modelling. For example, Sahin et al. (2018) 
examined the impact of nine different ratios ranging from 0.1:0.9 to 0.9:0.1. Model 
performance was evaluated using several indicators, including root-mean-square 
error (RMSE), overall accuracy (OA), the Kappa coefficient (KC), success rate 
curves, receiver operating characteristic (ROC) curves, and the corresponding area 
under the curve (AUC). Their results indicated that the 0.9:0.1 ratio produced the 
highest RMSE, whereas the 0.7:0.3 split resulted in the lowest error. Similarly, Saha 
et al. (2021) also identified 0.7:0.3 as the optimal ratio for landslide data from the 
East Sikkim Himalayan region in India. 

However, the optimal ratio is not universal and may vary depending on the 
characteristics of the dataset, since different subsets may contain varying amounts 
of information. For instance, Xu et al. (2024) reported that a 0.8:0.2 training–testing 
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ratio resulted in better model performance, showing that the most suitable split can 
differ across studies and datasets. 

3.7.6 Machine learning algorithms 

To capture the complex non-linear relationships between landslide occurrence and 
conditioning factors, a wide range of ML approaches have been increasingly 
applied in landslide susceptibility assessment. In addition to conventional 
algorithms such as logistic regression (LR), support vector machines (SVM), and 
random forest (RF), recent studies have explored hybrid and ensemble strategies 
that combine multiple machine learning techniques to enhance predictive 
performance. 

Furthermore, the rapid growth in data availability has encouraged the adoption 
of more advanced approaches, including deep learning and transfer learning, which 
are gradually gaining attention in this domain. Most of these models fall within the 
category of supervised learning, where model performance strongly depends on the 
quality and reliability of labeled training data (Chang et al., 2020).  

3.7.6.1 Artificial neural network  

Artificial neural networks (ANNs) are among the most widely used machine 
learning techniques and are conceptually inspired by the functioning of the human 
brain and biological nervous systems. An ANN typically consists of three main 
components: an input layer, one or more hidden layers, and an output layer (Figure 
3-19). Each layer is composed of interconnected units, commonly referred to as 
neurons, which contain adjustable parameters that are optimized during the training 
process to map inputs to outputs. Due to their flexible structure and strong 
capability in capturing complex non-linear relationships, ANNs can learn patterns 
directly from data without requiring explicit prior assumptions about the underlying 
problem. This characteristic has contributed to their widespread application in 
landslide susceptibility modelling (Behera et al., 2026; Harmouzi et al., 2019). 
However, a major limitation of ANNs is their reliance on large training datasets, as 
the high number of parameters requires substantial data to achieve reliable 
performance. 
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Figure 3-19 Artificial neural network architecture used for landslide susceptibility modelling (Behera et al., 
2026). 

3.7.6.2 Logistic regression 

Logistic regression (LR) can be considered an extension of linear regression that 
incorporates a nonlinear activation function to constrain model outputs within the 
range of 0 to 1 (Figure 3-20). This transformation enables LR to handle binary 
classification problems, where outcomes are represented by dichotomous variables 
such as 0 and 1 or true and false (Menard, 1995). In the context of landslide 
susceptibility modelling, LR aims to establish the relationship between landslide 
occurrence (presence or absence) and a set of conditioning factors, including 
variables such as slope, elevation, and aspect (Ayalew and Yamagishi, 2005). The 
method typically involves fitting the dependent variable using a logistic function, 
as expressed in Equations (3-20) and (3-21): 

𝑍 = 𝐶> + 𝐶1𝑋1 + 𝐶#𝑋# +⋯+ 𝐶*𝑋* (3-20) 

𝑝 =
1

1 + 𝑒;? (3-21) 

where Z is the logistic regression for landslide probability, C0 is the intercept, and 
C1, C2, C3	…	are coefficients, which measure the contribution of independent factors 
(X1,	X2,	X3), and is the probability of landslide. 
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Figure 3-20 Sigmoid function (Næs et al., 1993) 

3.7.6.3 Support vector machines (SVM)  

Support vector machine (SVM) is a supervised learning algorithm that can be 
applied to both classification and regression tasks and has been used in LSM (El 
Brahimi et al., 2026; Chen et al.,2016). It was originally introduced by Vapnik 
(1995) based on statistical learning theory and the principle of structural risk 
minimization. To address nonlinearity, SVM employs kernel functions, such as 
Gaussian and polynomial kernels, to implicitly project input data into a higher-
dimensional feature space. Within this transformed space, the algorithm determines 
an optimal hyperplane that separates different classes by maximizing the margin 
between them (Abe, 2005). More specifically, the objective of SVM is not merely 
to classify data points, but to identify a decision boundary that maximizes the 
separation between classes (Figure 3-21). Given training data {(𝑥$ , 𝑦$)}$01( , where 
xi is the feature vector of conditioning factors and yi denotes landslide presence or 
absence, the decision function is expressed by Equation (3-22): 

𝑓(𝑥) = 𝑠𝑖𝑔𝑛(E𝛼$𝑦$𝐾(𝑥$ , 𝑥) + 𝑏
(

$01

) (3-22) 

where b is the parameters of the hyper-plane, k is the kernel, and sign denotes the 
sign function. 

!

"
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Figure 3-21 SVM optimal separating (The dots and squares indicate the two types of samples) (Huang and 
Zhao 2018). 

3.7.6.4 Decision trees 

Decision tree (DT) is one of the earliest and most widely used machine learning 
techniques, characterized by a hierarchical structure that represents decision rules 
in a flowchart-like form (Figure 3-22). The model is constructed by recursively 
partitioning the dataset, starting from the root node and selecting, at each step, the 
attribute that provides the highest contribution to classification accuracy (Yeon et 
al., 2010). 

Owing to its simplicity, interpretability, and computational efficiency, as well 
as its flexibility in handling different types of input data, DT has been extensively 
applied in landslide susceptibility modelling over the past years (Thai Pham et al., 
2018; Tsangaratos et al, 2016). 

 

 
Figure 3-22 Basic decision tree architecture 
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3.7.6.5 Ensemble techniques 

Ensemble learning was developed based on the idea that combining multiple 
models can lead to more accurate and robust predictions, similar to how collective 
decision-making can outperform individual judgments in complex problem-solving 
scenarios (Rokach, 2010). An ensemble model consists of several individual ML 
algorithms, often referred to as weak learners. Each learner produces its own 
prediction, and the final output is obtained by combining these predictions 
according to a specific aggregation rule. Ensemble learning methods are typically 
classified into two distinct categories: bootstrap aggregating (bagging) and 
boosting. 

Bagging (bootstrap aggregating) is one of the most widely used approaches. It 
involves generating multiple models, typically DTs, using different bootstrap 
samples drawn from the original dataset. The final prediction is then determined by 
averaging or majority voting across all models. Although originally designed for 
classification tasks, bagging can also be extended to regression problems. 

Random forest (RF) is one of the most well-known bagging-based methods, 
introduced by Breiman (2001) and further developed by Cutler (2005). It offers 
several advantages, including relatively low computational cost, ease of 
hyperparameter tuning, and strong performance in modelling complex nonlinear 
relationships. As a result, RF has been widely applied in landslide susceptibility 
modelling (Feng et al., 2015; Youssef et al., 2015). 

During the training process (Figure 3-23), multiple decision trees are 
constructed as independent estimators using randomly selected subsets of the data. 
In addition, each tree is trained using a random subset of input features at each split. 
The final prediction of the RF model is obtained by aggregating the outputs of all 
trees, typically through majority voting. This combination of data and feature 
randomness introduces diversity among the individual trees, which enhances model 
robustness and reduces sensitivity to noise and outliers. 
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Figure 3-23 Random forest classifier algorithm description (Xu et al., 2026). 

While bagging can be interpreted as a group of independent models working in 
parallel and combining their predictions through voting, boosting follows a 
sequential learning strategy in which models are trained to address the errors made 
by previous ones. In this sense, boosting can be viewed as a cooperative process 
where each learner focuses on improving specific aspects of the overall prediction. 

In general, boosting methods consist of a series of weak learners, typically 
decision trees, which are combined to form a strong predictive model. Several tree-
based boosting algorithms have been developed following this concept, including 
gradient boosting machine (GBM), extreme gradient boosting (XGBoost), light 
gradient boosting machine (LightGBM), and categorical boosting (CatBoost). 
Owing to their strong predictive capabilities, these approaches have attracted 
considerable attention in landslide susceptibility modelling (Kim et al., 2017; 
Sahin, 2022). 

XGBoost is an advanced implementation of the gradient boosting framework 
and has been widely applied in classification, regression, and ranking problems 
(Zhang et al., 2023a). Similar to other boosting methods, XGBoost constructs 
multiple weak learners in a sequential manner, where each new model is trained to 
improve upon the errors of the previous ones. The final prediction is obtained by 
combining the outputs of all learners through a weighted summation (Friedman, 
2001). The estimated probability of the positive class (𝑝̂) for a given input vector 𝑋 
in XGBoost binary classification is expressed as Equation (3-23)(Chen et al., 2015; 
Chen and Guestrin, 2016): 
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𝑝̂ =
1

1 + 𝑒;(@!A:))
 (3-23) 

where 𝑤 denotes the weight vector, 𝑏 represents the bias term, and the superscript 
𝑇 indicates the transpose of the vector. The parameters 𝑤 and 𝑇 are estimated during 
the training process by minimizing a regularized objective function, defined as 
Equation (3-24): 

min
@,)

E𝐿
*

$01

(𝑦$ , 𝑦z) + Ω(𝑓) (3-24) 

where 𝐿 denotes the loss function, 𝑦$ and 𝑦z represent the i-th observed and predicted 
values, respectively, and Ω(𝑓) is the regularization term that penalizes model 
complexity. The regularization term is defined as Equation (3-25): 

Ω(𝑓) = 𝛾𝑇 +
1
2 𝜆E𝑤%#

C

%01

 (3-25) 

where 𝑇 represents the number of leaves in the decision trees, 𝑤% denotes the weight 
associated with the 𝑗-th leaf, and 𝛾 and 𝜆 are regularization parameters controlling 
model complexity. 

The fundamental idea of XGBoost is to iteratively reduce model bias by 
minimizing a predefined objective function, which includes both a loss term and a 
regularization component. This regularization mechanism helps control model 
complexity and prevents overfitting, thereby improving generalization 
performance. In addition, XGBoost incorporates several optimization techniques, 
such as parallel processing and efficient handling of missing data, which contribute 
to its high computational efficiency and predictive accuracy. Figure 3-24 presents 
the XGBoost architecture, specifically showing how multiple Classification and 
Regression Trees (CART) are trained sequentially, which helps to minimize 
residual errors and produce a final weighted output. 
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Figure 3-24 XGBoost classifier algorithm description (Lin et al., 2026). 

3.7.6.6 Deep learning 

With the rapid growth in data generation and availability, deep learning techniques 
have attracted increasing attention in recent years. Among these approaches, 
convolutional neural networks (CNNs) are one of the most widely used 
architectures (Figure 3-25). A typical CNN consists of several layers, including 
input, convolutional, pooling, fully connected, and output layers, which work 
together to automatically extract and learn hierarchical features from data. 

Although CNNs were originally developed for image processing tasks, their 
capability to efficiently handle two-dimensional data structures has enabled their 
application in numerical and spatial analyses. This is particularly relevant in 
landslide susceptibility modelling, where DEMs can be represented as 2D arrays. 
For instance, Wang et al. (2021) developed a hybrid CNN–LSTM model based on 
object-based 2D representations derived from high-resolution DEMs, achieving a 
high predictive performance with an AUC value of 0.972. 

In addition to 2D CNNs, one-dimensional CNN (1D-CNN) architectures have 
also been applied in landslide susceptibility modelling (Azarafza et al., 2021). 
These models have demonstrated superior predictive accuracy compared with 
traditional machine learning methods, such as LR and SVM, particularly when 
sufficient and high-quality training data are available. 
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Figure 3-25 CNN architecture. 

3.7.7 Multicollinearity 

Multicollinearity occurs when two or more variables are linearly related, indicating 
that they are not statistically independent or orthogonal from one another (Alin, 
2010). Some authors also refer to this relationship as collinearity or describe it as a 
case of ill conditioning (Chattefuee and Hadi, 2006).	 Multicollinearity poses 
challenges when constructing a model that relates the response variable y to the 
explanatory variables X. The multiple linear regression model between y and X is 
given in Equation (3-26): 

𝑦 = 𝑋𝛽 + 𝜀 (3-26) 

Here,	y	represents the	n×1	vector of response values, and	X	denotes the matrix 
of explanatory variables with dimensions	n×(k+1), where the first column is a 
vector of ones to account for the intercept. The vector	β	is of size	(k+1)×1, 
containing the regression coefficients, while	ε	is the	n×1	error vector, assumed to 
have a mean of zero and a variance-covariance matrix equal to	σ2I. If the 
explanatory variables are mean-centered, the model in Equation (3-26) excludes the 
intercept term. As a result, there is no need to include a column of ones in 
the X matrix. In this case, the X matrix has k columns corresponding to the k 
centered predictors, and the coefficient vector β has k rows. The least squares 
estimate of β is then computed as Equation (3-27): 

𝛽 = (𝑋C𝑋);1𝑋C𝑦 (3-27) 

where, in the presence of multicollinearity, the estimated coefficients	b	for	i=1, 
2,…, k	may exhibit incorrect signs, meaning they might differ from the signs of the 
simple correlations between the respective explanatory variables and the response 
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variable. However, it’s also possible for the coefficient signs to appear correct 
despite severe multicollinearity, or to appear incorrect even when multicollinearity 
is minimal (Wold et al., 2001). The most significant consequence of 
multicollinearity is that the standard errors of the coefficients (σ2bi) tend to be large, 
indicating high sampling variability. This, in turn, undermines the reliability of the 
coefficient estimates and reduces their precision.  

The effects of multicollinearity may provide preliminary indications of its 
presence. However, the most commonly applied method for detecting 
multicollinearity involves examining the correlation matrix of the explanatory 
variables. It should be noted that correlation and collinearity are not equivalent; 
therefore, low pairwise correlations do not necessarily imply the absence of 
multicollinearity. Consequently, relying solely on the correlation matrix 𝑅 is 
insufficient. 

The determinant of the correlation matrix, denoted as det	(𝑅) , can also be used 
as a diagnostic measure, but it suffers from similar limitations, as multicollinearity 
may still be present even when the determinant is close to one. Furthermore, neither 
pairwise correlations nor det	(𝑅) provides insight into the number or structure of 
collinear relationships among variables. A more widely used diagnostic is the 
Variance Inflation Factor (VIF), defined in Equation (3-28): 

VIF= 1
1;D"

# for i=1, 2, …, k (3-28) 

where R2 represents the coefficient of multiple determination for regressing xi on 
the remaining explanatory variables. When the X matrix is standardized, the 
diagonal elements of (XT X)-1 correspond to the VIFs. The VIF quantifies how much 
the variance of the estimated coefficient sbi is increased due to multicollinearity, 
compared to what it would be if there were no multicollinearity. A higher VIF 
indicates a greater inflation of variance. A large VIFi suggests that xi is involved in 
some form of linear dependence, though it does not identify which specific 
variables are involved. Commonly, a VIF value greater than 10 is considered 
indicative of problematic multicollinearity (Alin, 2010). 

3.7.8 Hyperparameter 

Most machine learning models are capable of attaining high predictive accuracy 
using their default hyperparameter configurations; however, careful tuning of these 
parameters can further enhance model performance. Manually identifying the 
optimal set of hyperparameters for a given problem is impractical, as it requires an 
exhaustive and potentially infinite process of trial and error. Consequently, 
automated hyperparameter optimization techniques have been developed, and the 
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fundamental principles of the most widely adopted approaches in this domain are 
outlined below. 

3.7.8.1 Grid search 

Grid search is commonly considered the most straightforward and intuitive 
approach for hyperparameter optimization and has been extensively applied in 
landslide susceptibility modelling (Zhang et al., 2022c). This method systematically 
evaluates all possible combinations of predefined hyperparameter values in order 
to identify the optimal configuration. Nevertheless, such an exhaustive exploration 
results in high computational costs, particularly when the number of 
hyperparameters and their potential values increase significantly. 

3.7.8.2 Random search 

To mitigate the high computational demands of exhaustive searches, various 
random search-based algorithms have been developed. Rather than evaluating 
every possible combination of hyperparameters, these methods employ strategies 
such as Simulated Annealing, Genetic Algorithms, Gravitational Search 
Algorithms, and Ant Colony Clustering Algorithms (Zhang et al., 2022c) to explore 
only a subset of combinations, thereby significantly reducing computation time. As 
a result, these approaches have also gained popularity in landslide susceptibility 
modelling (Rong et al., 2020; Sameen et al., 2020). However, a limitation of these 
methods is that they do not guarantee identification of the truly optimal 
hyperparameter combination. 

3.7.9 Validation methods 

Several metrics are available to assess the performance of machine learning models, 
and their applicability depends on the type of task, namely classification or 
regression. 

For regression tasks, where the objective is to predict continuous values, typical 
metrics include root mean square error (RMSE), mean absolute error (MAE), and 
coefficient of determination (R²). These metrics quantify the difference between 
predicted and observed continuous values. 

For classification tasks, commonly used evaluation metrics include accuracy, 
precision, recall, F1-score, ROC-AUC, and logarithmic loss (log-loss). These 
metrics evaluate the model’s ability to correctly assign instances to predefined 
classes and, in some cases, its probabilistic predictions. 

In the context of landslide susceptibility modelling, which is generally treated 
as a binary classification problem (landslide vs. non-landslide), the most commonly 
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employed evaluation metrics are accuracy and ROC-AUC, which are described in 
detail below. 

3.7.9.1 Accuracy 

Accuracy is among the most widely used metrics for evaluating the predictive 
performance of machine learning models, particularly in binary classification tasks 
such as landslide susceptibility modelling with balanced positive and negative 
samples. It is defined in Equation (3-29), with higher values generally indicating 
superior model performance: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁) 
(3-29) 

In this context, 𝑇𝑃 (true positive) refers to correctly predicted landslides, while 
𝑇𝑁 (true negative) denotes correctly predicted non-landslides. Conversely, 𝐹𝑃 
(false positive) represents instances where the predicted class is positive, but the 
actual class is negative, and 𝐹𝑁 (false negative) indicates cases where the predicted 
class is negative while the actual class is positive. 

3.7.9.2 Receiver Operating Characteristic Curve 

When dealing with imbalanced datasets, accuracy often fails to reflect the true 
predictive performance of a machine learning model. For instance, if a dataset 
contains 9,999 positive samples and only 1 negative sample, a model that predicts 
all instances as positive would achieve an accuracy of 99.99%, despite completely 
failing to identify the negative case. To address this limitation, the Receiver 
Operating Characteristic (ROC) curve is employed, plotting the true positive rate 
(C4)

(C4:EF)
 versus false positive rate (E4)

(E4:CF)
 across different threshold values. The area 

under the ROC curve (AUC) quantifies model performance, with higher AUC 
values indicating better predictive capability. Figure 3-26 illustrates a ROC curve. 
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Figure 3-26 ROC curve and AUC results for XGBoost and RF models (Janizadeh et al., 2023). 

3.7.10 Feature importance and Shapley additive explanation 

The occurrence of landslides is governed by a variety of influencing factors, each 
contributing differently to the overall process. As a result, it is essential to examine 
both the relative importance of these factors and the mechanisms through which 
they affect landslide initiation. Such analysis can support more reliable prediction 
and mitigation of landslide hazards. 

At the same time, landslide occurrence represents a highly complex and 
nonlinear phenomenon. Advanced machine learning models, such as ANN, 
XGBoost, and RF, are capable of achieving high predictive performance, but they 
often lack transparency. To address this limitation, the field of explainable artificial 
intelligence (XAI) has emerged, aiming to make the outputs of complex models 
more interpretable (Linardatos et al., 2021). One widely used XAI method is 
Shapley Additive Explanations (SHAP). SHAP enables the interpretation of model 
predictions by quantifying the contribution of each input feature to a given output. 
However, within geotechnical applications, there is still limited understanding of 
how input variables influence the predictions of machine learning models 
(Kannangara et al., 2022). 

SHAP is a Python-based framework developed by Lundberg and Lee (2017) to 
interpret machine learning predictions by assigning a contribution value to each 
feature. The method is based on Shapley values from cooperative game theory 
(Shapley, 1953), which quantify the contribution of individual players to a 
collective outcome. These values satisfy two key properties: additivity, meaning 
that the sum of individual contributions equals the final prediction, and consistency, 
meaning that features with greater influence are assigned higher importance 
(Kannangara et al., 2022). For a given feature i, the Shapley value (ϕi) is computed 
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as the average marginal contribution of that feature across all possible subsets S of 
the feature set N, excluding i, and can be determined as follows: 

𝜑$ =
1
𝑛!E

|𝑆|! (𝑛 − 1 − |𝑆|)! [𝑓(𝑆	 ∪ 	{𝑖}) − 𝑓(𝑆)]
G⊆F\{$}

 (3-30) 

where f represents the original prediction model, S denotes a subset of input 
features, N is the complete set of features, i refers to the feature of interest, and n is 
the total number of features. Within the SHAP framework, the prediction for an 
individual observation x, given by f(x), is approximated using an interpretable linear 
function g, which can be expressed as follows: 

𝑓(𝑥) = 𝑔(𝑥́) = 𝜑> +E 𝜑$
L

$01
𝑥́$ (3-31) 

where x represents the instance being explained, while 𝑥Mdenotes the corresponding 
simplified input. These two are connected through a mapping function, such that 
𝑥 = ℎ5(𝑥M). The term 𝜙> refers to the base value of the model output when no input 
features are present, and M indicates the number of simplified input features. 

3.8 Advantages and limitation of methods 

Different methods for landslide susceptibility analysis present distinct advantages 
and limitations depending on their application, data requirements, and the spatial 
scales at which they can be implemented. 

Geomorphological methods are cost-effective and can be applied over 
relatively short periods. They are suitable for relatively large areas (small-scale 
mapping) and can cover inaccessible regions through multi-temporal satellite image 
interpretations (Guzzetti et al., 1999). However, because these methods are 
generally applied at small scales, the geomorphological details they capture are 
limited, restricting the reliability and applicability of results for specific purposes. 
Similarly, landslide inventories are constrained by subjectivity and by the 
challenges of assessing their reliability, which largely depends on the quality and 
abundance of available data sources (Guzzetti et al., 2005a; Raghuvanshi et al., 
2014a). 

Heuristic evaluation techniques are valued for their simplicity. Experts assign 
weights to causative factors based on relative contributions without relying on 
historical datasets, making them easy to implement. These approaches often 
combine field-acquired data with expert judgment and experience. The main 
drawback is the inherent subjectivity in assigning weights and ratings, which can 
result in significant variability when different experts evaluate the same area 
(Delmonaco et al., 2013). 



Chapter 3 Landslide susceptibility mapping 

 

107 
 

Statistical approaches rely on quantitative relationships between past landslides 
and causative factors, deriving factor weights from landslide inventory data. These 
methods can cover large areas, and the factor ratings are statistically determined 
from historical landslide occurrences. The limitation lies in the need for extensive, 
well-distributed past landslide data; without it, results may be unreliable. 
Additionally, collecting and validating such datasets requires substantial effort, and 
collaboration between geomorphologists and statisticians is often necessary to 
avoid unrealistic outputs. Statistical models can also be sensitive to study area 
extent, complicating comparisons between regions, and their results may be 
difficult for non-specialists, such as planners or policymakers, to interpret (Fall et 
al., 2006). Deterministic and probabilistic approaches are based on physical laws 
governing slope instability. These methods provide detailed quantitative analyses 
but are generally limited to small areas due to the challenges of collecting high-
resolution geotechnical data over large regions. 

AI approaches offer advantages in reliability, cost-effectiveness, and the ability 
to handle uncertainty and complex interactions between variables. ML methods do 
not require statistical assumptions and allow integration of heterogeneous data 
sources such as remote sensing and GIS. They are computationally efficient, permit 
pixel-by-pixel analysis, and can handle incomplete or imperfect data, as well as 
nonlinear interactions between variables. The limitations of this approach include 
the inherent complexity of the processes occurring within hidden layers, which can 
make model interpretation challenging. Additionally, acquiring high-quality and 
comprehensive datasets is often time-consuming and resource-intensive, slowing 
down analysis. Table 3-1 compares the three main approaches in terms of their 
methodological basis, data and computational needs, objectivity, and predictive 
performance. 
Table 3-1 Comparison of qualitative, semi-quantitative, and quantitative methods to build landslide 
susceptibility maps. 

Criterion Qualitative 
methods Semi-quantitative methods Quantitative methods 

Basis of analysis 
Expert knowledge 

and field 
interpretation 

Combination of expert 
judgment and numerical 

weighting 

Statistical, 
mathematical, or 

computational modeling 

Subjectivity High Moderate Low 

Reproducibility Low Moderate High 

Data requirements Low Moderate High 

Computational 
requirements Low Low-moderate Moderate-high 

Ease of 
implementation High High Low 
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Criterion Qualitative 
methods Semi-quantitative methods Quantitative methods 

Ability to handle 
large datasets Limited Moderate High 

Ability to model 
complex 
relationships 

Low Moderate High 

Predictive 
capability Low Moderate High 

Model transparency High High Moderate 

Future climate 
scenario integration Limited Limited High 

Suitability for 
regional-scale 
mapping 

Moderate High High 

 

3.9 Selection criteria 

The selection of an appropriate technique for landslide susceptibility assessment 
and hazard zonation depends on several factors, including the purpose of the study, 
spatial extent, mapping scale, type of landslides, data availability, and the expertise 
and resources of the investigator. Different applications require different 
methodological approaches. For instance, site-specific investigations for 
construction projects demand detailed and quantitative slope stability analyses, 
typically achieved through deterministic methods. These studies are conducted at 
large or detailed scales and rely on high-quality geotechnical and geological data. 

For regional land-use planning and hazard zonation, the choice of method is 
influenced by the size of the study area and available data. Heuristic approaches, 
which depend heavily on expert judgment and field observations, are generally 
suitable for smaller, accessible areas where sufficient field data can be collected. In 
contrast, statistical methods are more appropriate for medium-scale analyses, 
provided that reliable landslide inventory data is available. In some cases, hybrid 
approaches combining multiple techniques are used to improve the robustness of 
the results. 

Mapping scale is closely linked to the study objective and data resolution. 
Large-scale maps are used for detailed site investigations and engineering design, 
while medium-scale maps support regional planning by identifying susceptible 
zones. Small-scale or national-level studies cover extensive areas but provide only 
generalized information, often intended for policy-making rather than detailed 
analysis. 
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Data availability plays a critical role in method selection. Statistical and 
probabilistic techniques require comprehensive and high-quality historical 
landslide inventories, which are often incomplete due to limitations in data 
collection, vegetation cover, or erosion processes. Deterministic methods, on the 
other hand, require detailed geotechnical data and are therefore limited to smaller 
areas where such data can be obtained. Heuristic methods require less inventory 
data but still depend on substantial field-based information. 

ML approaches have emerged as powerful alternatives, particularly for small-
medium scale studies. These methods can efficiently handle large datasets, integrate 
numerous conditioning factors, and model non-linear relationships that are difficult 
to capture using traditional techniques. AI-based models are especially suitable for 
generating dynamic landslide susceptibility maps, allowing continuous updates as 
new data becomes available. This makes them highly effective for regional to 
national-scale assessments, where conventional methods may be limited by data 
complexity, scale, and variability. 

3.10 Landslide susceptibility and infrastructures 

Modern risk management approaches emphasize the explicit integration of 
landslide susceptibility or hazard maps with infrastructure networks, enabling the 
assessment of exposure and vulnerability of assets such as roads, bridges, and 
pipelines. This integration supports more informed planning and design aimed at 
risk mitigation. In general, methodologies that combine infrastructure systems with 
landslide susceptibility can be broadly classified into two categories: probabilistic 
risk modelling and spatial overlay techniques. 

3.10.1 Probabilistic risk modeling 

Probabilistic approaches estimate landslide risk by integrating the likelihood of 
hazard occurrence with the vulnerability of infrastructure elements. In such 
frameworks, landslide occurrence is represented probabilistically, often 
incorporating spatial, temporal, and magnitude components, while infrastructure 
systems (e.g., roads, railways, and pipelines) are characterized using fragility 
functions or vulnerability curves. 

For instance, Liu et al. (2022) proposed a comprehensive probabilistic 
framework to evaluate the risk to regional road networks exposed to landslides by 
explicitly linking landslide hazard with road vulnerability. In this approach, 
landslide hazard is formulated as a conditional probability that captures 
interdependence among spatial, temporal, and magnitude factors, thereby 
overcoming the common assumption of independence. The spatial probability 
component is derived using a CNN trained on historical landslide inventories and 
relevant conditioning factors, resulting in a susceptibility map (Figure 3-27a) that 
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highlights high-probability zones primarily in the central and southeastern parts of 
the study area. The magnitude probability is modeled using a Weibull distribution 
(Figure 3-27b), while the temporal occurrence of landslides is represented through 
a modified Poisson process. 

 
Figure 3-27 Landslide probability, (a) Space probability distribution, (b) Magnitude probability measure and 
classification (Liu et al., 2022) 

Road vulnerability is quantified within a probabilistic framework by integrating 
both the system-level vulnerability of the road network and the fragility of 
infrastructure to landslides. The system vulnerability is assessed using the Traffic 
Consequence Index (TCI), which represents the increase in travel time resulting 
from the failure of specific road segments and is spatially depicted in Figure 3-28a. 
In parallel, the resistance of the road network to landslide impacts is illustrated in 
Figure 3-28b. 

 
Figure 3-28 Road vulnerability, (a) TCI value, (b) Road resistance (Liu et al., 2022). 

Another study by Uzielli et al. (2018) presents a probabilistic framework for 
landslide risk assessment by integrating hazard characterization and infrastructure 
vulnerability within a unified approach. In this framework, landslide hazard is 
defined as the probability of occurrence conditioned on spatial susceptibility and 
triggering factors and is modeled using a Poisson-based temporal process combined 
with a magnitude distribution function. Infrastructure vulnerability is represented 
through fragility relationships, which express the probability of exceeding specific 
damage states as a function of landslide intensity. Figure 3-29 illustrates the 
temporal variation of PL across ten 30-year periods spanning from 1981–2010 to 
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2071–2100 under both RCP 4.5 and RCP 8.5 scenarios. Specifically, model outputs 
and ensemble averages are presented for RCP4.5 (Figure 3-29a), RCP8.5 (Figure 
3-29b), and the combined concentration scenarios (Figure 3-29c). Additionally, 
Figure 3-29d shows the sample coefficient of variation for both scenarios. 

  
(a) (b) 

  
(c) (d) 

Figure 3-29 Second-moment statistical analysis of landslide occurrence probability (PL) (Uzielli et al., 2018). 

Figure 3-30a and b present the quantile regression–based fitting of the modified 
geometric model to samples of occurrence probability corresponding to exceedance 
probabilities of 50% (Q50) and 10% (Q90), for the RCP4.5 and RCP8.5 scenarios, 
respectively. 

  

(a) (b) 



Chapter 3 Landslide susceptibility mapping 

 

112 
 

Figure 3-30 Fitting of modified geometrical models to landslide occurrence probability ensemble data for 
quantiles Q50 and Q90: (a) RCP4.5 and (b) RCP8.5 (Uzielli et al., 2018). 

The study further addresses the spatial variability of flow-like landslide hazards 
by incorporating the modeling of downslope propagation (runout). In this 
framework, reach probability is defined as the likelihood, ranging from 0 (no 
impact) to 1 (certain impact), that a specific location within the spatial domain will 
be affected during the runout process (Figure 3-31). 

 
Figure 3-31 Spatial distribution of reach probability at infrastructure scale (Uzielli et al., 2018). 

3.10.2 Spatial overlay 

This approach involves overlaying a landslide susceptibility map with spatial layers 
of infrastructure to determine which assets are located within high-risk zones. For 
instance, Biswas et al. (2026) produced a landslide susceptibility map using a deep 
learning method and subsequently overlaid road networks onto the map to identify 
areas of vulnerability (Figure 3-32). 
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(a) (b) 

Figure 3-32 Maps of (a) LSM, and (b) Road vulnerability index for Chittagong Hill Tracks, Bangladesh (Biswas 
et al., 2026). 

Also, Zhang et al. (2026), first buffered the area around the road and generated 
the LSM for the buffered area, and then locate the susceptible areas around the 
highway with XGBoost and RF algorithms (Figure 3-33). 

  
(a) (b) 

Figure 3-33 Integration of LSM with the Karakoram Highway, Pakistan, (a) XGBoost, and (b) RF algorithms 
(Zhang et al, 2026). 

Finally, Gnyawali et al. (2023) reclassified the landslide susceptibility map into 
ten classes and similarly categorized critical infrastructure based on intensity on a 
scale from 1 to 10. The two indices were then combined to assess overall risk. 
Figure 3-34 highlights the individual classes exceeding class 5. 
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(a) 

  
(b) (c) 

Figure 3-34 Interaction LSM with infrastructures by merging Critical Infrastructure Spatial Index (CISI) and 
Landslide Intensity Spatial Index (LISI), Nepal (Gnyawali et al., 2023). 

3.11 Research gaps and limitations 

Despite numerous efforts in landslide susceptibility mapping and the assessment of 
vulnerable infrastructure, several gaps and limitations persist in existing studies. 

A first set of limitations relates to the methodological treatment of landslide 
susceptibility modelling. Some studies apply regression-based approaches to 
landslide occurrence, even though it is inherently a classification problem, making 
regression unsuitable in this context. In addition, multicollinearity among landslide 
conditioning factors is often overlooked, which can introduce bias into model 
outcomes. The handling of input variables also presents issues: categorical factors 
such as soil type, land cover, and lithology are sometimes assigned arbitrary 
numerical values, potentially misleading algorithms that are designed to treat them 
as categorical. Conversely, continuous variables are occasionally discretized into 
arbitrary classes, which may oversimplify underlying relationships and reduce 
model accuracy. 

A second major limitation concerns the representation of triggering factors, 
particularly precipitation. Although rainfall is widely recognized as a primary 
driver of landslides, it is frequently neglected in susceptibility analyses. When 
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included, most studies rely on average annual accumulated precipitation, which 
fails to capture short-term extreme events that are often responsible for landslide 
initiation. For instance, intense rainfall over a period of several days may trigger a 
landslide, while the corresponding annual total may remain relatively low, leading 
to underestimation of hazard. Notably, no study to date has incorporated actual 
precipitation data immediately preceding landslide events. 

Closely related to this is the insufficient consideration of temperature effects. 
Temperature is largely ignored in existing studies, and in some cases, elevation is 
used as a proxy. While this assumption may be acceptable in static analyses, it 
becomes inadequate in the context of climate change, where temperature varies 
dynamically over time and cannot be reliably represented by elevation alone. 

Another set of limitations involves model interpretability and validation 
practices. Only a limited number of studies employ SHAP (Shapley Additive 
Explanations) analysis to quantify the contribution of individual conditioning 
factors to landslide probability. Furthermore, model evaluation is typically 
restricted to standard metrics such as ROC and AUC using testing datasets, without 
incorporating post-event landslide occurrences to assess model robustness under 
real-world conditions. 

In terms of risk assessment, the integration of infrastructure with LSM remains 
overly simplistic. Most studies rely on spatial overlay techniques, which do not 
account for cascading effects that may arise from infrastructure failure, thereby 
underestimating the broader consequences of landslide events. 

To address these limitations, this study proposes a novel framework for 
generating landslide susceptibility maps for the 2003–2022 period, while 
incorporating climate change projections for 2021–2040. The methodology 
produces LSMs on a monthly basis, enabling the capture of temporal variations in 
accumulated precipitation and average temperature. In addition, the study evaluates 
the risk to power towers and explicitly considers cascading effects associated with 
electricity failure, providing a more comprehensive assessment of landslide-related 
risks. 

3.12 Summary 

This chapter presents a comprehensive review of the techniques used to identify 
landslide-susceptible areas. In general, these methods can be classified into three 
main categories: qualitative, semi-quantitative, and quantitative approaches. AI and 
ML methods, which fall under the quantitative category, are discussed in greater 
detail due to their increasing application and effectiveness. Figure 3-35 illustrates 
different LSM techniques. 
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The implementation of machine learning approaches begins with data 
collection and the selection of appropriate landslide conditioning factors, which 
represent the most critical and time-intensive stage of the process. The collected 
data must then be preprocessed to ensure consistency, including harmonizing 
coordinate reference systems (CRS) and addressing missing values. Following this, 
the dataset is divided into training and testing subsets, and various algorithms are 
applied. Since no single algorithm can be universally considered superior, model 
selection depends on the specific characteristics of the study area and dataset. 
Hyperparameter optimization is subsequently performed to identify the most 
suitable model configuration. Finally, model performance is evaluated using 
appropriate validation techniques. 

Each methodological group presents distinct advantages and limitations. 
Geomorphological methods are cost-effective and suitable for large-scale 
applications, including inaccessible areas; however, they lack detailed 
representation and may produce less reliable results. Heuristic approaches are 
simple and easy to implement without requiring historical data, but they are highly 
subjective and dependent on expert judgment. Statistical methods allow for 
quantitative analysis over large areas and derive factor importance from historical 
data, yet they require extensive and well-distributed landslide inventories and may 
be difficult to interpret for non-specialists. Deterministic approaches provide 
physically based and detailed analyses, although their application is generally 
limited to smaller areas due to data requirements. In contrast, AI and ML methods 
are powerful in handling complex, nonlinear relationships, integrating diverse 
datasets, and managing incomplete data; however, they often suffer from limited 
interpretability, high data requirements, and restricted applicability in certain 
contexts such as runout analysis. 

The chapter further outlines the criteria for selecting appropriate methods based 
on data availability, study scale, and research objectives. It also reviews approaches 
for integrating landslide susceptibility with infrastructure systems to identify 
vulnerable assets. Finally, key gaps and limitations in existing literature are 
discussed, providing the foundation for the methodological developments proposed 
in this study. 
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Figure 3-35 Landslide susceptibility techniques. 
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Chapter 4  

Machine learning based 
methodological framework 

4.1 Introduction 

This chapter presents the methodological framework adopted in this Thesis to 
develop monthly landslide susceptibility maps under both current and future 
climate conditions. The approach integrates climatic, topographic, and 
environmental variables within a data-driven framework to capture the temporal 
variability of landslide occurrence. The analysis focuses on the Aosta Valley, 
located in Northwestern Italy, selected to demonstrate the practical applicability of 
the proposed approach and to enable comparison between present and projected 
conditions. 

Landslide susceptibility is modelled using a machine learning approach based 
on the Extreme Gradient Boosting (XGBoost) algorithm. This method was selected 
for its strong predictive capability and, based on comparative tests with other 
algorithms, its superior performance in this study. Future projections of landslide 
susceptibility describe its evolution under changing climatic conditions, obtained 
by forcing the model with climate variables derived from climate projections. 
Among the scenarios discussed in this Chapter, the SSP5-8.5 pathway is adopted to 
assess the potential impact of high-emission conditions on landslide susceptibility. 

The chapter begins with an introduction to the study area and its main 
characteristics, including the landslide inventory that serves as the primary data 
source. It then describes the machine learning method applied, which was trained 
and tested on the landslide dataset to generate the susceptibility maps. The 
methodological steps presented in this chapter follow the same sequence introduced 
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in the previous chapter (section 3.7), where the required data and procedures for 
applying machine learning in landslide susceptibility mapping were described step 
by step. The methodology described in this chapter builds upon approaches 
previously published in Pourfatollah et al. (2025a, 2025b) and Barla (2024). 

4.2 Description of the study area: Aosta Valley (Italy) 

The Aosta Valley, situated in the northwestern Italian Alps, is the country’s smallest 
autonomous region, covering an area of 3,262 km². It borders Switzerland to the 
north and France to the west. The territory is entirely Alpine, characterized by 
rugged mountain landscapes and traversed by the east-west course of the Dora 
Baltea River, which originates at Monte Bianco. Monte Bianco, also known as 
Mont Blanc, is Italy’s highest peak, rising to 4,810 m on the border with France. 
Other notable summits along the northern frontier include Monte Cervino (the 
Matterhorn, 4,478 m) and Monte Rosa (4,634 m). The region’s elevation varies 
from 305 m to the highest Alpine peaks, with nearly 80% of its surface lying above 
1,500 m a.s.l.. Figure 4-1 provides an overview of the Aosta Valley and its elevation 
distribution. 

 
Figure 4-1 The Aosta Valley region. 

In the Aosta Valley, the rainfall regime is characterized by two seasonal peaks, 
one in spring and another in autumn. The spatial distribution of precipitation is 
highly variable and influenced by factors such as elevation, the orientation of lateral 
valleys, and the slope and exposure of the mountain sides. Two distinct climatic 
conditions can be observed in the region. In the mountainous and peripheral areas, 
temperature ranges are wider and precipitation is abundant, often occurring as 
snow, with annual averages between 1000 and 1100 millimetres. In contrast, the 
Dora Baltea valley is marked by a milder climate, with occasional dry winds and 
limited rainfall, with yearly averages below 600 millimetres (Ratto et al., 2003). 
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Due to its complex mountainous topography, the Aosta Valley is particularly 
prone to slope instability. Landslide events in the region are primarily induced by 
intense rainfall, rapid snowmelt, and freeze–thaw cycles, which increase pore water 
pressures and reduce the effective stress in slope materials, thereby diminishing 
shear strength and promoting slope failure.  

In many alpine regions, including this area, rock slides and landslides are often 
associated with permafrost thawing (Barla and Barla, 2001; Deline et al., 2015; 
Gruber and Haeberli, 2007; Huggel, 2009). Figure 4-2 shows an example of a 
glacier retreat in the Aosta Valley. 

 
Figure 4-2 Arguerey Meridionale Glacier (Aosta Valley): comparison between two photographs taken from 
the same vantage point illustrates the marked glacier retreat (Chiarle et al., 2015). 

Landslide occurrence is largely influenced by conditioning factors, which 
reflect the intrinsic characteristics of the terrain and predispose slopes to instability. 
These factors are described in detail in section 4.4. 

4.3 Landslide inventory 

Landslide inventory is the collection of the landslides that occurred in Aosta Valley, 
which was obtained from Inventario dei Fenomeni Franosi in Italia (IFFI). This 
inventory was compiled using a combination of field surveys, satellite imagery, and 
aerial photographs, and was organized in an Excel database. The inventory contains 
3627 points from different categories of hazards (landslides, rockfalls, floods, 
potential instabilities, floods, hydrological alerts, generic events, debris flows and 
hydraulic phenomena) that occurred from 1981 onwards (Figure 4-3a). However, 
many of the records did not include the exact date of occurrence and reported only 
the year. Since this study requires precise event dates to extract the corresponding 
meteorological conditions preceding each landslide, these records were excluded 
from the analysis. In addition, although the inventory initially contained several 
types of slope movements, including debris flows, creep, and block slides, these 
events were removed because their kinematic mechanisms and controlling factors 
differ from those of the landslide types considered in this study. Consequently, only 
events classified as flaws, translational, rotational, or complex landslides were 
retained for the analysis (according to Cruden and Varnes, 1993). Following these 
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filtering, a total of 369 landslide events occurring between 2003 and 2022 were 
selected (Figure 4-3b).  

  

(a) (b) 

Figure 4-3 Recorded (a) Natural hazard events since 1981 by type, and (b) Number of selected landslide 
events occurred in Aosta Valley from 2003 to 2022. 

The methodology requires the inclusion of negative samples, representing non-
landslide events. Therefore, in addition to landslide occurrences (assigned a 
probability of 1), non-landslide points were included to represent locations with a 
probability of 0. This allows the algorithm to distinguish between susceptible and 
stable areas. Several studies have examined the selection of non-landslide points 
and their influence on model performance (Chang et al., 2023; Gu et al., 2023; 
Khabiri et al., 2023). For example, Nocentini et al. (2023) showed that selecting 
non-landslide points from different locations and times, particularly when dynamic 
variables are considered, improves model predictive performance. 

To generate the non-landslide points, areas located at least 500 m away from 
any recorded landslide were considered as safe zones (Janizadeh et al, 2023). 
Within these safe zones, 369 points, equal to the number of landslide points, were 
randomly selected, and the corresponding LCF values were extracted to form a 
balanced dataset of landslide and non-landslide points. 

For dynamic parameters, non-landslide points were assigned values that vary 
by month. This temporal variation allows the model to learn the differences in 
environmental conditions across months and improves its ability to differentiate 
between susceptible and non-susceptible areas. Figure 4-4 shows the selected 
landslide and non-landslide points in the region. 
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Figure 4-4 Landslide events occurred from 2003 to 2022 in the Aosta Valley and non-landslide points. 

It is worth mentioning that a polygon-based landslide inventory was also 
available for the study area, which could potentially provide a more realistic 
representation of the spatial extent of landslide events. However, most of the 
polygon dataset did not include precise dates of occurrence. Since methodology in 
this Doctoral Thesis requires exact event timing to extract corresponding 
precipitation and temperature values prior to each landslide, the polygon inventory 
could not be used. Therefore, the analysis was conducted using the point-based 
inventory, which contains reliably dated landslide events. 

It should also be noted that, although the objective of this study is to generate 
monthly landslide susceptibility maps, the same landslide inventory is used to train 
all monthly models. This is because when the inventory is disaggregated by month, 
some months contain only a limited number of recorded landslide events. For 
example, January and February contain approximately ten landslide occurrences 
each, which are insufficient for robust machine-learning model training and may 
lead to unstable or unreliable predictions. This methodology ensures a consistent 
training dataset while allowing the influence of seasonal climatic variability on 
landslide susceptibility to be assessed. Therefore, although the landslide inventory 
is multi-temporal and the predictions are generated on a monthly basis, the 
comparison remains meaningful because the monthly maps primarily reflect 
temporal changes in the triggering climatic conditions rather than changes in the 
underlying landslide inventory. 
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4.4 Landslide conditioning factors 

Based on the environmental characteristics of the study area and the existing 
scientific literature, 13 landslide conditioning factors were selected. These include: 
(i) topographic factors such as slope, aspect, plan curvature, profile curvature, 
sediment transport index (STI), and stream power index (SPI); (ii) geological and 
soil-related factors such as lithology and soil type; (iii) climatic factors including 
average monthly precipitation, seven-day precipitation, and average monthly 
temperature; and (iv) environmental factors such as land cover and the normalized 
difference vegetation index (NDVI). Some of these factors vary over time and are 
therefore considered dynamic, such as the climatic variables. Land cover is treated 
as semi-dynamic, since in this work a single land cover map for 2018 was used to 
represent the period 2003–2022, while an updated map for 2024 was adopted to 
represent the period 2021–2040. All the remaining conditioning factors are 
assumed to be constant over time and are treated as static. Table 4-1 illustrates the 
LCFs classification. 

Table 4-1 Landslide conditioning factors (LCFs) classification. 

Number LCFs Controlling factor type Temporal 
classification 

1 Aspect Topographic Static 
2 Slope Topographic Static 
3 SPI Topographic Static 
4 Plan curvature Topographic Static 
5 Profile curvature Topographic Static 
6 STI Topographic Static 
7 Lithology Geological Static 
8 Soil type Geological Static 
9 NDVI Environmental Static 
10 Land cover Environmental Semi-static 
11 Monthly accumulated precipitation Climatic Dynamic 
12 Seven-day accumulated precipitation Climatic Dynamic 
13 Mean monthly temperature Climatic Dynamic 

 

These LCFs were selected as they play a key role in the calculation of the factor 
of safety Equation (4-1), in the rock mass failure criterion Equation (4-2), in the 
Universal Soil Loss Equation (4-3), and in average flow velocity Equation (4-4). 
These equations are presented only as representative examples among the many 
formulations used in slope stability analysis, illustrating the range of potential 
controlling factors that may influence slope behavior and stability. 

𝐹 =
�𝑐

M

𝛾𝑧� + (1 − 𝑟N) 𝑐𝑜𝑠
# 𝜃 𝑡𝑎𝑛𝜑M

𝑠𝑖𝑛 𝜃 𝑐𝑜𝑠 𝜃  
(4-1) 

(Skempton and Delory, 1957) 
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(Hoek and Brown, 1980) 

𝐴 = 𝑅 ∙ 𝐾 ∙ 𝐿𝑆 ∙ 𝐶 ∙ 𝑃 
(4-3) 

(Wischmeier and Smith, 1960) 

𝑉 =
𝑅# OQ ∙ 𝑆R

1
#Q

𝑛  
(4-4) 

(Manning, 1891) 

In Equation (4-1), 𝐹 is the factor of safety, 𝑐M is the effective cohesion, 𝛾 is the 
bulk unit weight of the soil, 𝑧 is the depth of the potential failure surface, 𝑟N is the 
pore-water pressure ratio, 𝜃 is the slope angle, and 𝜑Mis the effective angle of 
internal friction. In Equation (4-2), 𝜎1M is the major effective principal stress at 
failure, 𝜎OM  is the minor effective principal stress at failure, 𝐶 is the uniaxial 
compressive strength of the intact rock, 𝑚 is the Hoek–Brown material constant, 
and 𝑠 is the Hoek–Brown constant describing rock mass quality. In Equation (4-2), 
𝜎1M and  𝜎OM  are the major and minor effective principal stress at failure, 𝜎&$ is the 
uniaxial compressive strength of the intact rock, 𝑚b is the reduced value of the 
material constant mi and 𝑠 and a are the Hoek–Brown constants for the rock mass. 
In Equation (4-3), 𝐴 is the computed average annual soil loss, 𝑅 is the rainfall–
runoff erosivity factor, 𝐾 is the soil erodibility factor, 𝐿𝑆 is the slope length 
steepness factor, 𝐶 is the cover-management factor, and 𝑃 is the support-practice 
factor. In Equation (4-44-4), 𝑉 is the mean flow velocity, 𝑅 is the hydraulic radius, 
𝑆R is the energy slope (hydraulic gradient), and 𝑛 is Manning’s roughness 
coefficient. 

Geotechnical and geomechanical parameters include 𝑐M, 𝛾, 𝜑M in Equation (4-
1), 𝜎1M and 𝜎OM  in Equation (4-2), and 𝐾 in Equation (4-3). These parameters describe 
the material properties of the soil or rock and can be represented by LCFs such as 
soil type and lithology. 

Topographic or geometric parameters include 𝑧, 𝑠𝑖𝑛 𝜃 and 𝑐𝑜𝑠 𝜃 in Equation 
(4-1), 𝐿𝑆 in Equation ((4-34-3), and 𝑅 , 𝑆R and 𝑛 in Equation (4-4). These 
parameters describe slope geometry and landscape features and can be represented 
by LCFs such as slope, aspect, plan curvature, profile curvature, SPI, and STI. 

Hydrological and climate-related parameters include 𝑟N in Equation (4-1) and 
𝑅 in Equation (4-3). These parameters describe the effects of precipitation and 
temperature on slope stability and can be represented by LCFs such as average 
monthly precipitation, seven-day precipitation, and average monthly temperature, 
which indirectly affect groundwater conditions. 

Vegetation and land cover parameters are included in 𝑐M in Equation(4-1), 𝑃 
and 𝐶 in Equation (4-3) These parameters describe the internal stresses and 
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reinforcement of the slope mass and can be represented by LCFs such as land cover 
and NDVI. 

Overall, the LCFs considered in this study can be grouped into three main 
categories based on their temporal variability: static factors, which remain constant 
over time; semi-static factors, for which one map represents the period 2003–2022 
and another map represents future conditions (2021–2040); and dynamic factors, 
which change on a monthly basis for both the current and future periods. 

By overlaying the landslide inventory with LCFs that have categorical classes 
(aspect, land cover, lithology, and soil type), the corresponding class values at the 
locations of observed landslides were extracted. This enabled the assessment of 
landslide occurrence frequency within each class. This analysis was performed 
exclusively for categorical variables and not for continuous LCFs with numerical 
values. 

4.4.1 Static LCFs 

4.4.1.1 Aspect 

Aspect or dip direction of the slope identifies where the slope faces. Slope aspect 
can be divided into 9 groups: Flat, North, Northeastern, East, Southeast, South, 
Southwestern, West and Northwest. Aspect can be a parameter influencing 
landslide occurrence, as it controls several contributing factors such as the 
orientation of lineaments, rainfall distribution, wind exposure, and the degree of 
solar radiation received by the slope (Yalcin and Bulut, 2007). 

In some studies, the East–South-facing slopes are more prone to landslides 
because they might be affected more by intense wetting and drying cycles 
(Bednarik et al., 2010; Piacentini et al., 2012; Regmi et al., 2010). The aspect map 
was derived from the Digital Elevation Model (DEM), calculated from Equation 
(4-5) (Wilson and Gallant, 2000): 

𝐴𝑠𝑝𝑒𝑐𝑡 = �
𝑑𝑧

𝑑𝑦�
−𝑑𝑧

𝑑𝑥�
� (4-5) 

where dz/dy and dz/dx are the partial derivatives of elevation with respect to the y 
and x coordinates, respectively. Figure 4-5 shows the aspect map of Aosta Valley 
with a spatial resolution of 10 × 10 m per pixel. 
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Figure 4-5 Aspect map of Aosta Valley. 

Figure 4-6 illustrates the proportion of each aspect class in the region. It can be 
seen that all of the classes have approximately the same percentage, except for Flat 
(-1), which means the surface doesn’t face any direction, whose share is negligible. 

 
Figure 4-6 Distribution of each slope aspect group in Aosta Valley. 

Figure 4-7 illustrates the number of landslides that occurred in each aspect 
class. It can be seen that the south-oriented slopes have more landslides in the 
region. Although there is no strong evidence explaining the higher occurrence of 
landslides on south-facing slopes, it may be attributed to the fact that east–south-
facing slopes are more susceptible to intense wetting and drying cycles (Bednarik 
et al., 2010; Piacentini et al., 2012). 
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Figure 4-7 Landslide shares in each aspect class. 

4.4.1.2 Lithology 

The lithological map of the Aosta Valley, shown in Figure 4-8, was retrieved from 
the Aosta Valley Geoportal website (https://geoportale.regione.vda.it/). In its 
original form, the map included 17 lithological classes. For this study, these classes 
were simplified into four broader groups. The reduction was necessary for two main 
reasons. 

First, several of the original classes share comparable mechanical and 
hydrological properties and could therefore be meaningfully combined. For 
example, “Slope debris”, “Glacial deposits”, “Alluvial deposits”, and “Sedimentary 
covers” were grouped as “Quaternary deposits”. 

Second, the use of 17 classes can pose technical limitations for the machine 
learning analysis. Each class in the training dataset must contain both landslide and 
non-landslide points to allow the algorithm to properly learn the relationships 
between lithology and slope stability. However, some of the 17 original lithological 
classes contained very small areas, making them unsuitable for model training. By 
reducing the number of classes to four, this imbalance was resolved, ensuring that 
each lithological class included enough representative samples for both categories. 
The map has a 10 × 10 m per pixel resolution. 

https://geoportale.regione.vda.it/
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Figure 4-8 Lithology map of Aosta Valley. 

The share of each class of lithology can be seen in Figure 4-9. 

 
Figure 4-9 Distribution of each lithology class of in Aosta Valley. 

Figure 4-10 shows that the majority of landslides occurred in areas classified 
as Quaternary deposits, which include landslide and glacial deposits that are 
generally loose and prone to failure. In contrast, during the study period, no 
landslides were recorded in areas classified as glaciers. 
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Figure 4-10 Landslide shares in each lithology class. 

4.4.1.3 Normalized difference vegetation index 

Normalized difference vegetation index (NDVI) is commonly employed to estimate 
how much vegetation exists at any given site. In some studies, NDVI is introduced 
as an important contributor factor, that even enhanced the machine learning model 
performance (Janizadeh et al., 2023; Niraj et al., 2023). 

NDVI values for each pixel range between -1 and +1. Values close to -1 usually 
correspond to water bodies, clouds, or snow and ice surfaces (Weier and Herring, 
2000). Values around zero indicate areas with little or no vegetation, such as bare 
soil or rocks. Higher positive values represent increasing vegetation density, with 
values between 0.8 and 0.9 typically indicating maximum green leaf density. The 
NDVI values were derived from the dataset provided by the CIMA Research 
Foundation, following Equation (4-6), defined in the literature (Yuan and Bauer, 
2007): 

𝑁𝐷𝑉𝐼 =
𝑅STU − 𝑅V82
𝑅STU + 𝑅V82

 (4-6) 

where 𝑅STU and 𝑅V82 are the spectral reflectance in the near-infrared band and in 
the red band, respectively. Figure 4-11 shows the NDVI map of the region. The 
map has a 10 × 10 m per pixel resolution. 
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Figure 4-11 NDVI map of Aosta Valley. 

4.4.1.4 Plan curvature 

Curvature (plan and profile) derived from DEM represents the surface shape of the 
terrain. It allows to detect regions vulnerable to landslides, flooding, and other 
natural hazards, as well as to support the planning of transportation and 
infrastructure. Plan curvature is oriented perpendicular to the steepest slope 
direction. It reflects the convergence or divergence of flow across the terrain. As 
can be seen in Figure 4-12, a positive value (a) indicates the surface is laterally 
convex at that location, while a negative value (b) shows it is laterally concave. A 
value of zero represents a linear surface (c). 

 

 

 
+ - 0 

   
(a) (b) (c) 

Figure 4-12 Plan curvature for (a) Positive and convex slopes (b) Negative and concave slopes, and (c) Zero 
and flat surface. 

 In the Aosta Valley, as shown in Figure 4-13, the minimum plan curvature 
value –379 indicates the most concave areas, while the maximum value 343 
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represents the most convex areas. The map has a spatial resolution of 10 x 10 m per 
pixel. 

 
Figure 4-13 Plan curvature map of Aosta Valley. 

4.4.1.5 Profile curvature 

Profile curvature is also derived from DEM. It runs parallel to the slope and shows 
the direction of the steepest descent. It influences how flow accelerates or 
decelerates over the surface. As can be seen in Figure 4-14, A positive profile (a) 
means the surface is upwardly concave at that cell, causing flow to accelerate. A 
negative value (b) means the surface is upwardly convex at that cell and flow will 
be decelerated. A value of zero indicates a linear surface (c). 

 

 

 

 
+ - 0 

    
(a) (b) (c) 

Figure 4-14 Plan curvature for (a) Positive and concave slopes, (b) Negative and convex slopes, and (c) Zero 
and flat surface. 
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 Figure 4-15 illustrates profile curvature of the region. Each pixel on the map 
represents an area of 10 × 10 m. 

 
Figure 4-15 Profile curvature map of Aosta Valley. 

4.4.1.6 Sediment Transport Index 

The Sediment Transport Index (STI) indicates the likelihood of soil and sediment 
movement on slopes. Elevated STI values imply greater erosion and sediment 
transfer, which may play a role in triggering landslides in areas prone to instability 
(Mokhtari and Abedian, 2019; Öztürk, 2025). This index can be calculated from 
Equation (4-7) (Moore et al., 1991): 

𝑆𝑇𝐼 = �
𝐴G

22.13�
(

∙ 	 �
sin 𝛽
0.0896�

*

 (4-7) 

where As denotes the specific catchment area (m²/m), β is the slope angle (in 
radians), and m and n are empirical constants with values of 0.6 and 1.3, 
respectively. The Equation was implemented in GIS using the DEM of the study 
area to generate the STI map, as illustrated in Figure 4-16. The map’s pixel size 
corresponds to 10 meters on each side. The generally low STI values observed in 
the study area indicate a relatively limited sediment transport capacity over most 
slopes. Since STI is a function of slope gradient and flow accumulation, higher 
values are concentrated along drainage networks and convergent flow paths, where 
the potential for sediment transport is greater. 
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Figure 4-16 Sediment transport index map of Aosta Valley. 

4.4.1.7 Slope 

In mountainous areas, such as the Aosta Valley, the slope gradient plays a key role 
in determining landslide susceptibility. As slope angles become steeper, 
gravitational forces acting on slope materials intensify, leading to reduced stability 
and a higher likelihood of landslides. Figure 4-17 presents the slope map of Aosta 
Valley. Slope map is derived from DEM, and each pixel covers a 10 x 10 m area 
on the ground. 

 
Figure 4-17 Slope map of Aosta Valley. 
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4.4.1.8 Soil type 

Figure 4-18 shows the soil type of the region. The data was obtained from Aosta 
Valley Geoportal website (https://geoportale.regione.vda.it/). Soil type governs the 
mechanical and hydrological properties of slope materials, influencing key strength 
parameters such as cohesion, friction angle, and permeability, which in turn play a 
role in determining landslide susceptibility. The map has a spatial resolution of 10 
meters by 10 meters per pixel. 

 
Figure 4-18 Soil type map of Aosta valley. 

Figure 4-19 shows the share of each class of soil type in the region. No soil, 
clay, and sand comprise more than three-quarters of the area. 

 
Figure 4-19 Distribution of each soil type class in Aosta Valley. 

https://geoportale.regione.vda.it/
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The statistics indicate that nearly 50% of landslides occurred in areas with clay 
soils (Figure 4-20). Although sand covers the largest portion of the region’s surface 
(Figure 4-19), only a small proportion of landslides were associated with this soil 
type. 

 
Figure 4-20 Landslide shares in soil type classes. 

4.4.1.9 Stream power index 

The Stream Power Index (SPI) is a derived topographic parameter that combines 
slope steepness with upslope contributing area. It reflects the relationship between 
flow pathways, flow accumulation, and terrain gradient, representing the potential 
erosive energy of surface water (Pawluszek and Borkowski, 2017). This parameter 
was also derived from DEM, which can be calculated from Equation (4-8) (Yilmaz, 
2009): 

𝑆𝑃𝐼 = 𝐴! ∙ tan	(𝛽)  (4-8) 

where, 𝐴! is the specific catchment area (m²/m), , and 𝛽  is the local slope gradient 
in degrees. SPI values become negative when As is less than zero, which can occur 
for cells receiving surface runoff from outside the mapped area. Positive SPI values 
indicate areas where water flow has higher erosive potential due to a larger 
contributing area and steeper slopes, while negative values reflect boundary effects 
and do not represent actual erosive power within the study region (Moore et al., 
1991). Figure 4-21 gives information about the SPI map of Aosta Valley. Each pixel 
on the map represents an area of 10 × 10 meters. 
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Figure 4-21 Stream Power Index of Aosta Valley. 

4.4.2 Semi-static LCF 

In this study, the only factor treated as semi-static is land cover. For the timeframe 
2003–2022, the land cover dataset corresponding to the year 2018 is employed. The 
map corresponding to this dataset was used for training and testing the landslide 
events, and for generating the landslide susceptibility maps representing the current 
conditions. For the future period (2021–2040), however, the most recently updated 
land cover dataset available, corresponding to the year 2024, was adopted. In this 
way, the present susceptibility maps are based on land cover from 2018, while the 
future predictions rely on the updated 2024 land cover information. Both maps were 
obtained from ARPA Valle d'Aosta with a 10 × 10 m per pixel resolution 
(https://geoportale.regione.vda.it/). 

4.4.2.1 Land cover 

Figure 4-22 shows the land cover map of the region for 2018. Land cover can 
influence the mechanical strength of a slope. Vegetation, in particular, can increase 
the apparent soil cohesion through root reinforcement, where plant roots bind soil 
particles and provide additional tensile strength. In addition, vegetation can modify 
slope stability by altering mechanical loads (e.g., tree weight) and hydrological 
conditions (e.g., interception and evapotranspiration)(Likitlersuang et al., 2017; 
Masi et al., 2023; Pedone et al., 2016). 

https://geoportale.regione.vda.it/
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Figure 4-22 Land cover map of Aosta Valley in 2018. 

Figure 4-23 presents the share of each land cover class in 2018. It can be seen 
that most of most of area is covered by grassland and forests (68% of total). 

 
Figure 4-23 Distribution of each land cover class in Aosta Valley in 2018. 

Grassland, which has the highest proportion of land cover (Figure 4-23), is the 
second group where landslides occurred. In fact, most of the selected landslides 
occurred where the land is covered with forests (Figure 4-24). 
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Figure 4-24 Landslide shares in land cover classes. 

For the future time frame (2021–2040), the most recent land cover map 
available, corresponding to the year 2024, was used. Compared to the year 2018, 
the proportions of grassland and forest land cover types decreased to approximately 
60%, while the area classified as bare rock increased by about 8%. Additionally, 
around 1.3% of the area previously covered by permanent snow and ice experienced 
melting during the same period. The changes are not clearly distinguishable in the 
map and show a pattern similar to Figure 4-22. Figure 4-25 presents the distribution 
of different land cover classes in 2024. 

 

 
Figure 4-25 Distribution of each land cover class in Aosta Valley in 2024. 
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4.4.3 Dynamic LCFs 

In this study, three dynamic LCFs were considered: monthly accumulated 
precipitation, seven-day precipitation, and monthly temperature. For the 2003-2022 
period, the landslide susceptibility maps were generated using observational data 
obtained from meteorological stations provided by CIMA. For the near-future 
period (2021–2040), however, the research relies on projections from the Coupled 
Model Intercomparison Project Phase 6 (CMIP6), which integrates Shared 
Socioeconomic Pathways (SSPs) with Representative Concentration Pathways 
(RCPs). Specifically, the SSP 5-8.5 scenario was adopted, representing the worst-
case trajectory of greenhouse gas emissions, using climate projections provided by 
the Centro Euro-Mediterraneo sui Cambiamenti Climatici (CMCC), the Italian 
institution participating in CMIP6. These future climate projections were obtained 
from the WorldClim version 2.1 climate database 
(https://www.worldclim.org/data/cmip6/cmip6_clim30s.html /).  

The use of monthly precipitation maps is motivated by the limitations observed 
in the initial results, which were based on annual accumulated precipitation and 
showed lower validation accuracy. Consequently, shorter temporal intervals were 
adopted to better capture precipitation variability and improve model performance. 

To identify the climate scenario under which precipitation and temperature 
changes are most critical, the different SSP scenarios were compared. The scenarios 
considered for the next 20 years include SSP1-2.6, SSP2-4.5, SSP3-7.0, and SSP5-
8.5, each providing global-scale climate projections. To enable a regional 
comparison, monthly values were extracted for the Aosta Valley by masking the 
scenario maps to the study area. 

Figure 4-26 presents the precipitation values for the historical period (2003–
2022) and for the future period (2021–2040) under the different scenarios. A 
comparison between the two periods shows that no clear trend is observed during 
the first six months of the year. However, from July onward, the spatial mean 
precipitation values under the SSP5-8.5 scenario begin to increase. From September 
to December, this scenario consistently exhibits higher precipitation values 
compared to the other scenarios. 
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Figure 4-26 Monthly mean precipitation for the Aosta Valley during the historical period (2003–2022) and the 
future period (2021–2040) under different SSP scenarios. Shaded areas represent the range of spatial variability, 
while solid lines indicate spatial mean values. 

As illustrated in Figure 4-27 for temperature, this trend becomes more 
pronounced. Among all scenarios, SSP5-8.5 shows the highest spatial mean 
temperature values. Additionally, the range between minimum and maximum 
temperature values in the future period becomes narrower, with both extremes 
shifting closer to the spatial mean compared to the 2003–2022 period. 
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Figure 4-27 Monthly mean temperature for the Aosta Valley during the historical period (2003–2022) and the 
future period (2021–2040) under different SSP scenarios. Shaded areas represent the range of spatial variability, 
while solid lines indicate spatial mean values. 

Based on the comparison of precipitation and temperature patterns across the 
considered scenarios, SSP5-8.5 was selected for the 2021–2040 period as the most 
critical scenario for further analysis. As shown in Figure 4-27, this scenario 
consistently exhibits higher spatial mean temperatures throughout the year 
compared to the other SSPs, indicating a more pronounced warming signal. In terms 
of precipitation, while no distinct trend is observed during the first half of the year 
(Figure 4-26), SSP5-8.5 shows a clear increase in spatial mean precipitation from 
July onward, with noticeably higher values during the second half of the year, 
particularly from September to December. Additionally, the reduced spread 
between minimum and maximum values under SSP5-8.5 suggests a more spatially 
consistent signal relative to the historical period. The combination of higher 
temperatures and increased late-year precipitation makes SSP5-8.5 the most 
representative scenario for assessing potential future impacts. 

4.4.3.2 Monthly accumulated precipitation 

This factor provides information about the total precipitation in the 30 days 
preceding each landslide event that occurred from 2003 to 2022. To elaborate, since 
the exact date of each landslide was available in the dataset, it was possible to 
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calculate the cumulative precipitation at the specific location of each event. This 
was achieved by analyzing 7,200 daily precipitation maps of the region, allowing 
for a precise assessment of the rainfall patterns leading up to the landslides. For all 
other pixels, including non-landslide events, precipitation was not associated with 
a specific event date. Instead, for each calendar month, a spatial map of mean 
monthly accumulated precipitation was generated based on the available records. 
Non-landslide samples were then assigned precipitation values by extracting the 
corresponding values from the monthly map of the same period. These monthly 
maps have a 288×207 m (north–south × east–west) per pixel resolution. As an 
example, Figure 4-28 presents the mean accumulated precipitation for January, 
averaged over the period 2003–2022. 

 
Figure 4-28 Mean January accumulated precipitation in 2003-2022. 

Figure 4-29 presents the monthly maximum and minimum of mean 
accumulated precipitation, along with the mean spatial precipitation. The mean 
spatial values were calculated by averaging the pixel values across each map for 
every month. 

 



Chapter 4 Machine learning based methodological framework 

 

143 
 

Figure 4-29 Monthly means accumulated precipitation values (mm) in 2003-2022. 

Figure 4-30 shows the monthly total precipitation for January from 2021-2040. 
The cell size is approximately 927 m × 668 m (north–south × east–west). 

 
Figure 4-30 Mean January accumulated precipitation in 2021-2040. 

Since Figure 4-30 is less smooth than Figure 4-28, the monthly precipitation 
maps were interpolated. For this purpose, a regular grid of points with a spacing of 
5 km was generated over the study region, and precipitation data were extracted at 
each point. The extracted data were then interpolated across the entire region using 
the Kriging method with different semivariogram models. Among the tested models 
(Spherical, Exponential, Circular, Gaussian, and Linear), the Exponential model 
was selected because it provided the smoothest results and showed the greatest 
consistency with the existing precipitation data. Figure 4-31 presents the 
interpolated precipitation map. 
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Figure 4-31 Interpolated mean January accumulated precipitation in 2021-2040. 

Figure 4-32 illustrates the monthly maximum and minimum of mean 
accumulated precipitation, along with the mean spatial precipitation for 2021-2040 
period. The mean spatial values were calculated by averaging the pixel values 
across each map for every month. 

 

 
Figure 4-32 Monthly means accumulated precipitation values (mm) in 2021-2040. 

4.4.3.3 Seven-day accumulated precipitation 

Similar to the monthly precipitation, the seven-day precipitation was calculated by 
summing the precipitation totals for the seven days leading up to each landslide 
occurrence in the same time frame. This shorter time window provides insight into 
the influence of extreme precipitation events on landslide triggering. By focusing 
on this critical period, the analysis aims to capture the impact of intense, short-
duration rainfall, which is often a key factor in slope instability and landslide 
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initiation. These precipitation data were also obtained from meteorological stations. 
The map has a spatial resolution of 288×207 meters per pixel. 

For pixels where landslides occurred, the cumulative precipitation over the 
seven days preceding each of the 369 events was calculated using daily 
precipitation maps. However, to generate a spatially continuous seven-day 
precipitation map covering all pixels, including those without landslides, a 
generalized approach was adopted. Specifically, for each month, the ratio between 
the seven-day antecedent precipitation associated with landslide events and the 
corresponding total monthly precipitation was first computed (Figure 4-33).  This 
ratio was applied to the average accumulated monthly precipitation map to estimate 
seven-day precipitation across the entire study area. This approach was adopted for 
two main reasons: (i) to derive spatially continuous precipitation values for all 
pixels, including non-landslide locations, and (ii) to ensure methodological 
consistency for future projections, where only monthly precipitation data are 
available rather than daily records. 

 
Figure 4-33 Ratio of seven-day to monthly precipitation derived from landslide events (2003-2022). 

For example, Figure 4-34 shows the seven-day mean precipitation for January 
(2003–2022), calculated by multiplying the ratio of 0.26 from Figure 4-33 by the 
mean January precipitation for 2003–2022 (Figure 4-28). 
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Figure 4-34 Average seven-day January precipitation in 2003-2022. 

 However, the ratios presented in Figure 4-33 may vary in the future under 
different climate scenarios. Kotlarski et al. (2023) analyzed regional climate models 
for the Northwestern, Northeastern, and Southern Alps under various greenhouse 
gas emission scenarios. As shown in Figure 4-35, the Aosta Valley falls within the 
Southern Alps subregion in their classification.  

 
Figure 4-35 Subregions defined by Kotlarski et al. (2022) for spatially averaged analyses. Colored circles 
indicate the locations of the Mont-Blanc Massif (red) and the Ötztal Alps (yellow) (Kotlarski et al., 2023). 

Their results indicate that wet-day frequency, precipitation intensity, and the 
seasonal maximum of daily precipitation events are all projected to change 
significantly between 1981–2010 and 2070–2099, depending on both the season 
and the climate scenario. Figure 4-36 shows projections for seasonal precipitation 
change in Alps South for different scenarios.  
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                              (a)         (b)               (c) 

Figure 4-36 Seasonal change in precipitation characteristics [%] between 1981-2010 and 2070-2099 for the 
Southern Alps (Alps S) and for all three emission scenarios considered (color coding) for (a) Wet-day 
frequency, (b) Wet-day intensity, and (c) The average maximum daily event per season for Alps South 
(Kotlarski et al., 2023). 

In our study, since the seven-day precipitation parameter is directly influenced 
by both precipitation frequency and intensity, we incorporated these two aspects 
under the RCP 8.5 scenario. Accordingly, by applying Equation (4-9), we adjusted 
the monthly ratios for 2003-2022 (Figure 4-28), to account for projected changes in 
frequency and intensity in 2021-2040, thereby obtaining updated ratios for the 
future time frame: 

𝑅WRN, = ¢1 + ∆RV8¤ × (1 + ∆$*,) × 𝑅WX$!, (4-9) 

where 𝑅WRN,  represents the updated monthly ratio of seven-day accumulated mean 
precipitation to monthly accumulated mean precipitation for the near-future period 
(2021–2040). ∆RV8 denotes the percentage change in precipitation frequency, while 
∆$*, represents the percentage change in precipitation intensity. 𝑅WX$!,  is the 
monthly ratio previously calculated for the historical period (2003–2022). Figure 
4-37 shows the updated monthly ratios for 2021-2040. 

 
Figure 4-37 Ratio of seven-day to monthly precipitation (2021-2040). 
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By applying the updated ratios to the mean monthly precipitation for 2021–
2040, the seven-day average precipitation for the same period was derived. Figure 
4-38 illustrates this parameter for January. 

 
Figure 4-38 Average seven-day January precipitation in 2021-2040. 

However, to ensure consistency with the approach applied to monthly 
precipitation, the seven-day precipitation values were interpolated. To this end, a 
regular grid of points with a spacing of 5 km was generated over the study region, 
and seven-day precipitation data were extracted at each grid point. These data were 
then interpolated across the entire region using the Kriging method, with an 
exponential semivariogram model. Figure 4-39 shows the resulting interpolated 
precipitation map. 

 
Figure 4-39 Interpolated seven day mean January accumulated precipitation in 2021-2040. 
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4.4.3.4 Monthly mean temperature 

The average monthly temperature is another dynamic factor, defined here as the 
mean temperature over the 30 days preceding each landslide event that occurred 
between 2003 and 2022. Since the exact dates of the landslides were available, this 
factor was calculated by extracting and averaging the daily temperature values at 
each landslide location from the event date back to 30 days prior. Similar to 
precipitation, this calculation was based on a dataset of approximately 7,200 daily 
temperature maps spanning the study period. For the remaining pixels, 
encompassing non-landslide events, the monthly mean temperature values were 
used.  Figure 4-40 shows January mean temperature with a 288×207 m (north–south 
× east–west) per pixel resolution. 

 
Figure 4-40 Mean January temperature in 2003-2022. 

Figure 4-41 presents the monthly maximum and minimum of mean 
temperature, along with the mean spatial temperature in 2003-2022. The mean 
spatial values were calculated by averaging the pixel values across each map for 
every month. 
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Figure 4-41 Monthly mean temperature values (°C) in 2003-2022. 

Figure 4-42 shows the mean temperature for January from 2021-2040. The cell 
size is approximately 927 m × 668 m (north–south × east–west). 

 
Figure 4-42 Mean January temperature in 2021-2040. 

Figure 4-43 illustrates the monthly maximum and minimum of mean 
temperature, along with the mean spatial temperature in 2021-2040. The mean 
spatial values were calculated by averaging the pixel values across each map for 
every month. 
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Figure 4-43 Monthly mean temperature values (°C) in 2021-2040. 

4.5 Data processing 

A balanced sampling ratio of 0.5:0.5 was adopted to ensure equal representation of 
landslide and non-landslide conditions. Given the availability of 369 mapped 
landslide events, an equivalent number of non-landslide points (369) was randomly 
selected. All LCFs were then overlaid with both landslide and non-landslide points, 
and the corresponding values were extracted. This procedure resulted in 12 distinct 
datasets, each comprising 738 rows (369 landslide and 369 non-landslide samples) 
and 14 columns, including 13 LCFs and one landslide occurrence variable (0 or 1). 

Before splitting the dataset into training and testing sets, it is important to 
properly handle categorical LCFs such as “Aspect,” “Land Cover,” “Lithology,” 
and “Soil Type.” If these variables are simply converted into numerical values (e.g., 
assigning “Clay” as 6 and “Silt” as 1), the algorithm might incorrectly interpret the 
numerical order as implying a ranked or linear relationship. For instance, since 
more landslides may occur in areas with clay soil, the model could mistakenly learn 
that higher numeric values for soil type correspond to a higher probability of 
landslide occurrence. This introduces a bias that does not reflect the true nature of 
categorical data. 

To address this issue, we applied one-hot encoding. This technique transforms 
each category into a separate binary feature, where a value of 1 indicates the 
presence of the category and 0 indicates its absence. One-hot encoding ensures that 
all categories are treated equally and avoids misleading assumptions about 
relationships between categories. It preserves the categorical nature of the data 
while making it suitable for machine learning algorithms. 

The finest spatial resolution of the input data was 10 m × 10 m, resulting in the 
extraction of 30,781,552 pixels from each LCF map using GIS software. For the 
thirteen LCFs, this process produced a comprehensive dataset comprising 
30,781,552 rows and 13 columns, which was subsequently used as input for the 
trained model. Although the data extraction stage was computationally intensive, 



Chapter 4 Machine learning based methodological framework 

 

152 
 

requiring approximately four hours, the subsequent model training, testing, and 
generation of LSMs were comparatively efficient, with each monthly LSM 
produced in approximately one hour. 

4.6 Testing and training ratio 

Each dataset was divided into training and testing subsets, with 70% of the data 
used for training and 30% for testing, consistent with previous studies (Janizadeh 
et al., 2023, 2024). To ensure temporal representativeness, the split was performed 
on a monthly basis. Specifically, landslide events from each month were 
proportionally distributed, with 70% assigned to the training set and the remaining 
30% to the testing set. This approach prevents the exclusion of any month from the 
training phase and ensures that the model is exposed to representative samples 
across all temporal conditions. 

4.7 XGBoost algorithm 

Initial results indicated that among the three algorithms of Random Forest (RF), 
Support Vector Machine (SVM), and Extreme Gradient Boosting (XGBoost), the 
XGBoost algorithm achieved the highest validation accuracy. Therefore, XGBoost 
was selected for further analysis. 

As explained in previous chapter (in section 3.7.6.5), XGBoost refers to a 
machine learning technique developed by Friedman that builds models in a 
sequential manner, optimizing performance through gradient descent (Friedman, 
2001).  

4.8 Multicollinearity  

In our study, to prevent issues arising from multicollinearity, Variance Inflation 
Factor (VIF) was calculated for each month (see 3.7.7 Multicollinearity). 
“Elevation”, “Seven days temperature” and “TWI” (Topographic Wetness Index), 
which were initially included as LCFs, exhibited high VIF values and were 
therefore excluded from the analysis.  

“Elevation” was strongly correlated with “Temperature,” which is expected 
given the known inverse relationship between altitude and temperature. Its 
inclusion in the model negatively influenced the estimated effect of temperature. 
Similarly, “Seven days temperature” exhibited high correlation with “Temperature” 
due to their closely aligned values. “TWI” (Topographic Wetness Index) also 
showed significant correlation with both “Elevation” and “Temperature”, 
contributing to multicollinearity in the dataset.  
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After assessing the VIF, these parameters were excluded from the model to 
mitigate multicollinearity. Since the dataset for each month is distinct and 
independent, VIF was calculated separately for each monthly dataset. It was 
ensured that all remaining variables in each month's model had VIF values below 
the commonly accepted threshold of 5. 

4.9 Hyperparameter tuning 

Each of the 12 datasets is independent of the other. Hyperparameters in each 
algorithm are different and tuning them makes the model work properly. 
Hyperparameters in XGBoost algorithm are: “n_estimators”, “learning_rate”, 
“max_depth”, “min_child_weight”, “subsample”, “colsample_bytree”, 
“reg_alpha”, “reg_lambda”,“gamma”, “scale_pos_weight”, 
“early_stopping_rounds”. 

“n_estimators” defines the number of boosting rounds or trees to be built 
sequentially. A higher value can improve learning but increases training time. 
“learning_rate” controls how much each tree contributes to the final prediction. 
Lower values make the model learn slowly and more cautiously, often requiring 
more trees to reach good performance. “max_depth” sets the maximum depth of 
each decision tree. Deeper trees can model more complex patterns, but are also 
more likely to overfit the training data. “min_child_weight” specifies the minimum 
sum of instance weights (hessian) needed in a child node. Higher values lead to 
more conservative models by preventing the algorithm from learning relations that 
might be highly specific to the training data. “subsample” is the fraction of the 
training data randomly sampled for each tree. It helps prevent overfitting by adding 
randomness and reducing model variance. “colsample_bytree” is the fraction of 
features (columns) randomly sampled to grow each tree. Lower values help reduce 
overfitting and improve generalization, especially with high-dimensional data. 
“reg_alpha” is the L1 regularization term on weights, which adds a penalty for the 
absolute value of coefficients. It encourages sparsity in feature weights, effectively 
helping with feature selection. “reg_lambda” is the L2 regularization term on 
weights, penalizing large coefficients by adding the square of weights to the loss 
function. It helps smooth the model and control complexity to reduce overfitting. 
“gamma” is the minimum loss reduction required to make a further partition on a 
leaf node. Larger values make the algorithm more conservative by requiring greater 
improvement to split. “scale_pos_weight” adjusts the balance between positive and 
negative classes, especially useful in imbalanced datasets. It helps the model give 
more attention to the minority class during training. “early_stopping_rounds” stops 
training if the model doesn’t improve on the validation set after a fixed number of 
rounds. It prevents overfitting and reduces training time by avoiding unnecessary 
trees. 
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There are different methods to optimise and tune the parameters. In our study, 
we used the Grid Search method to find the optimal value of each hyperparameter. 
This method selects the combination that gives the best performance on a validation 
set or through cross-validation. Table 4-2 shows the range of parameter in the 
models. 

Table 4-2 Selected hyperparameter values for XGBoost model configuration. 

Hyperparameter Range 

n_estimators 100-1000 

learning_rate 0.01-0.1 

max_depth 3-8 

min_child_weight 1-10 

subsample 0.6-0.8 

colsample_bytree 0.8 

reg_alpha 0-1 

reg_lambda 1-3 

gamma 0-2 

scale_pos_weight 1 

early_stopping_rounds 100-200 

 

4.10 Models’ validation 

Model validation was conducted using two complementary approaches. The first 
method employed the Receiver Operating Characteristic (ROC) curve and the 
corresponding Area Under the Curve (AUC), a widely used metric in similar 
studies. Each of the 12 models produced a distinct AUC value, reflecting variations 
in model performance associated with the complexity of the monthly datasets. 

The second approach involved validation of the envelope susceptibility map, 
which is proposed specifically in this study. After generating 12 monthly landslide 
susceptibility maps, an envelope map was constructed by selecting the maximum 
susceptibility value for each pixel across all maps. This envelope map was then 
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validated using an independent set of landslide events that were not included in 
either the training or testing datasets and occurred in 2023. These events were 
overlaid onto the envelope map to assess whether their locations corresponded to 
areas classified as high or very high susceptibility. 

4.11 Feature importance and SHAP 

Since twelve different models are developed in this study, each model yields its 
own distinct feature importance ranking. Furthermore, as discussed in section 
3.7.10, SHAP (Lundberg and Lee, 2017) is a recently proposed method for 
interpreting machine learning model predictions based on Shapley values. Because 
SHAP requires a trained model as input, it is also computed separately for each of 
the twelve models, resulting in twelve corresponding sets of SHAP values. 

4.12 Summary 

This chapter has outlined the methodological framework adopted in this Thesis to 
develop updated and enhanced monthly landslide susceptibility maps under both 
current and future climate conditions, using machine learning techniques. The 
landslide conditioning factors (LCFs) were introduced and classified into three 
main groups: static, semi-static, and dynamic. A summary of these factors, along 
with their corresponding data sources, is provided in Table 4-3. 

The landslide inventory, consisting of 369 events recorded between 2003 and 
2022, formed the basis of the analysis. To balance the dataset, an equal number of 
non-landslide points were randomly selected, resulting in 738 samples used for 
training and testing the XGBoost algorithm. For each sample, data corresponding 
to the LCF maps were extracted, enabling the model to be trained. Once trained, 
the model was applied to the full dataset of approximately 30 million pixels, 
allowing for a spatially exhaustive evaluation. The outcomes, presented as monthly 
landslide susceptibility maps for the period 2003–2022, will be discussed in the 
following chapter. 

For the future projections, the analysis considered the worst-case climate 
scenario (SSP5-8.5). The dynamic factors for the period 2021–2040 were extracted 
accordingly and prepared for evaluation using the trained algorithm. The results of 
this analysis, namely the projected monthly landslide susceptibility maps under 
future climate conditions, will also be presented in the next chapter. 
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Table 4-3 Summary of Landslide conditioning factors (LCFs). 

Number LCFs Source Size 

1 Aspect DEM 10 × 10 m 
2 Lithology geoportale.regione.vda.it 10 × 10 m 
3 NDVI CIMA Research Foundation 10 × 10 m 
4 Plan curvature DEM 10 × 10 m 
5 Profile curvature DEM 10 × 10 m 
6 STI DEM 10 × 10 m 
7 Slope DEM 10 × 10 m 
8 Soil type geoportale.regione.vda.it 10 × 10 m 
9 SPI DEM 10 × 10 m 
10 Land cover arpa.vda.it 10 × 10 m 

Current 

11 Monthly accumulated 
precipitation 

Meteorological stations (Provided by 
CIMA Research Foundation) 288×207 m 12 Seven-day accumulated 

precipitation 
13 Mean monthly temperature 

Future 

11 Monthly accumulated 
precipitation 

WorldClim.org 927×668 m 12 Seven-day accumulated 
precipitation 

13 Mean monthly temperature 
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Chapter 5  

Landslide susceptibility maps 

5.1 Introduction 

In this chapter, landslide susceptibility maps (LSMs) for each month, along with 
their future projections are presented. To represent the worst-case scenario 
throughout the period, a	landslide susceptibility envelope map	is also provided. 
This map is generated by assigning to each pixel the maximum susceptibility value 
recorded across all twelve-monthly maps. It offers a practical tool for authorities to 
easily identify and prioritize areas most prone to landslides. 

5.2 Current period (2003-2022) 

The algorithm was trained and tested using data from 369 landslides over a 20-year 
period, along with an equal number of non-landslide instances. For each month, 
monthly and seven days accumulated precipitation and monthly mean temperature 
data were evaluated, in addition to static variables such as slope, soil type, and other 
relevant factors.  

Figure 5-1 to Figure 5-13 present the monthly landslide susceptibility maps. 
For each month, Area Under the Curve (AUC) of Receiver Operating Characteristic 
(ROC) values, feature importance plots, and Shapley Additive Explanations 
(SHAP) have been computed separately to evaluate and interpret the model's 
performance and the influence of individual predictors. In SHAP summary plots, 
the horizontal axis represents the SHAP values, while the vertical axis shows the 
input features used in the model prediction. The color indicates the feature value, 
where red represents higher values and blue represents lower values. Each point in 
the plot corresponds to a single observation from the training dataset.  
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Since the seven-day accumulated precipitation represents a fraction of the 
monthly accumulated precipitation (Figure 4-33), it was not included in the figures. 

5.2.1 January 

In January (Figure 5-1), precipitation and temperature levels generally do not pose 
a significant threat for slope instabilities. Although precipitation amounts are high 
(Figure 4-29), with a spatial mean of 112.63 mm, temperature is typically low, with 
spatial mean value around -6°C, for most of it to fall as snow rather than rain across 
much of the region.  

Moreover, the results indicate that only approximately 0.53% of the area was 
classified as “Very high” and “High” susceptibility, whereas 96.5% was 
categorized as “Very low” and “Low”. The AUC for this month reached a value of 
0.986, which is the highest among all months, demonstrating the model’s excellent 
ability to distinguish between landslide and non-landslide events during this period. 
Temperature emerged as the most influential factor in January. According to SHAP 
analysis, temperature exhibited a direct relationship with landslide occurrence. This 
finding shows that, despite significant precipitation during January, the probability 
of landslides increases with rising temperatures, likely due to the enhanced rainfall 
(as opposed to snowfall) and the accelerated melting of snow. 

5.2.2 February 

In February (Figure 5-2), mean monthly precipitation remains relatively high 
(Figure 4-29), with the mean spatial of 79 mm, while temperatures begin to rise, 
reaching up to a mean spatial value of -5.2 °C. The LSM reveals that approximately 
1.5% of the area falls under the “Very high” and “High” susceptibility classes, 
compared to around 93.3% classified as “Very low” and “Low”. This suggests a 
slight deterioration in slope stability conditions, indicating an increased potential 
for landslide occurrences relative to January. 

The model maintains strong predictive performance during this month, with the 
AUC only slightly decreasing to 0.971, which still indicates excellent classification 
ability. Consistent with the previous month, temperature remains the most 
influential factor, followed by land cover and slope. SHAP analysis further 
confirms that temperature and slope exhibit a direct relationship with landslide 
occurrence. In particular, the gradual temperature increase likely contributes to 
snowmelt and a higher proportion of precipitation falling as rain, thereby elevating 
the risk of slope failures. 
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5.2.3 March 

In March (Figure 5-3), precipitation and temperature levels increase compared to 
those observed in February, with a mean spatial of 93 mm and -2.2 °C, respectively 
(Figure 4-29 and Figure 4-41). Approximately 6% of the area is now classified 
under the “Very high” and “High” susceptibility categories, while the proportion of 
“Very low” susceptibility area decreases to 84.7%. This shift reflects a worsening 
of slope stability conditions as the warming trend continues.  

The model's performance remains strong, with the AUC decreasing slightly to 
0.970, still indicative of high predictive accuracy. Temperature continues to be the 
most influential factor, showing a direct relationship with landslide occurrence, as 
confirmed by SHAP analysis. The elevated temperatures likely accelerate snowmelt 
and increase rainfall, both of which enhance soil saturation and slope instability, 
thereby posing a greater risk for landslides. 

5.2.4 April 

In April (Figure 5-4), both precipitation and temperature show a significant 
increase, reaching up mean spatial values to 137.7 mm and 1.56 °C, respectively. 
These climatic conditions contribute to a marked rise in landslide susceptibility, 
making April one of the most critical months for slope instability. Approximately 
20% of the area is classified as “Very high” and “High” susceptibility, while around 
53% falls within the “Very low” and “Low” categories. 

The AUC for this month experiences a more noticeable decline, dropping to 
0.950. This reduction in model performance may be attributed to the similarity 
between the precipitation (both monthly and seven-day cumulative) and 
temperature values of landslide and non-landslide records in the dataset, making it 
more challenging for the algorithm to effectively distinguish between the two 
classes. For this month, land cover, slope, and NDVI emerge as the most influential 
factors contributing to landslide occurrence. 

5.2.5 May 

In May (Figure 5-5), although the mean spatial precipitation decreases by 20 mm 
to 118 mm, which is still a high value, the spatial mean temperatures rise 
significantly to 5 °C. These conditions contribute to May being identified as the 
most susceptible month for landslide occurrence. Over 21% of the area is classified 
under the “Very high” and “High” susceptibility zones, while less than 54% falls 
within the “Very low” and “Low” categories. 
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The model’s predictive performance decreased gradually, reaching an AUC of 
0.941 compared to April. Seven-day cumulative precipitation is the most important 
factor, followed by soil type and slope. 

5.2.6 June 

In June (Figure 5-6), temperature values continue to rise, reaching a spatial mean 
of 10.2°C, while precipitation levels decrease significantly to 76 mm. This decline 
in rainfall leads to a reduction in landslide-prone areas, with the proportion of the 
region classified as “Very high” and “High” susceptibility decreasing to 13.3%. 
Conversely, areas categorized as “Very low” and “Low” susceptibility increase to 
around 59%. 

The model’s performance shows a slight drop, with the AUC decreasing to 
0.933. During this month, seven-day cumulative precipitation, slope and monthly 
precipitation, emerge as the most influential factors. SHAP analysis shows a direct 
relationship of these features with landslide occurrence. Interestingly, NDVI values 
suggest that areas with denser vegetation are more prone to landslides in this period, 
possibly due to increased soil moisture retention or vegetation type and coverage 
associated with vulnerable terrain. 

5.2.7 July 

In July (Figure 5-7), the overall environmental conditions closely resemble those 
of June, with spatial mean precipitation and temperature values increase marginally 
to 86 mm and 12 °C (Figure 4-29 and Figure 4-41). As a result, the spatial 
distribution of landslide susceptibility also shows minimal variation. 
Approximately 14% of the area is classified within the “Very high” and “High” 
susceptibility categories, nearly identical to the previous month. Similarly, the 
“Very low” and “Low” susceptibility zones cover about 57% of the region. 

The model’s performance exhibits a slight decline, with the AUC decreasing 
by 0.002, reaching 0.931 which is the lowest compared to other months. During this 
period, the most influential factors contributing to landslide susceptibility are 
monthly and seven days accumulated precipitation, and slope, respectively. These 
results highlight the continued importance of precipitation-related variables in 
controlling slope stability during the summer months. 

5.2.8 August 

In August (Figure 5-8), both spatial mean precipitation and temperature decreased 
slightly, dropping to 82 mm and 11.3 °C. These minor changes in climatic 
conditions result in a relatively stable landslide susceptibility distribution. 
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Approximately 13% of the area falls within the “Very high” and “High” 
susceptibility classes, while around 56% is categorized as “Very low” and “Low.” 

The model's performance remains steady, with the AUC at 0.931, indicating 
consistently high predictive capability. The three most influential factors in 
landslide prediction for August are soil type, monthly precipitation, and seven-day 
cumulative precipitation. The presence of precipitation-related factors among the 
top three during the summer months highlights their dominant and consistently 
influential role in controlling landslide susceptibility across the region. 

5.2.9 September 

In September (Figure 5-9), both spatial mean precipitation and temperature 
declined to 58 mm and 7.9°C (Figure 4-29 and Figure 4-41), contributing to a 
reduction in landslide susceptibility across the region. However, localized zones of 
very high susceptibility persist in the northwestern part of the study area, 
corresponding to areas with the highest precipitation values. This can be attributed 
to the dominant influence of seven-day cumulative and monthly precipitation, 
which maintain elevated soil moisture conditions, and the still relatively moderate 
temperatures in September, which together create favorable conditions for slope 
failure. The proportion of the area classified as “Very high” and “High” 
susceptibility decreases to approximately 7.3%, while the share of “Very low” and 
“Low” susceptibility zones increases to 69%, indicating improved slope stability 
compared to the previous month. 

The model’s performance improves accordingly, with the AUC rising to 0.948, 
suggesting that landslide and non-landslide events are more easily distinguishable 
under these conditions. Seven-day cumulative precipitation, followed by monthly 
precipitation and land cover, emerge as the most important contributing factors.  

5.2.10 October 

In October (Figure 5-105-11), although the spatial mean temperature decreased to 
3.3 °C, that of precipitation increased remarkably, reaching 86 mm. This rise in 
precipitation contributes to heightened landslide susceptibility, with approximately 
15.6% of the region classified under the “Very high” and “High” susceptibility 
categories. Nevertheless, a considerable portion of the area, around 54%, remains 
within the “Very low” and “Low” susceptibility classes. 

The model’s performance experiences a slight grow, with the AUC reaching to 
0.95. Soil type emerges as the most important variable, followed by seven-day 
cumulative precipitation and slope. 
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5.2.11 November 

Although precipitation increases in November (Figure 5-12), reaching a spatial 
mean monthly value of 106 mm, the temperature drops markedly, with a spatial 
mean of –1.5 °C (Figure 4-29 and Figure 4-41). This substantial temperature 
decrease contributes to a reduction in landslide susceptibility. Consequently, the 
proportion of the area classified as “Very high” and “High” susceptibility declines 
to about 8%, while approximately 77.5% of the region falls into the “Very low” and 
“Low” categories. 

The model’s performance shows an increase in AUC to 0.968. However, the 
feature importance ranking changes: temperature becomes the most influential 
factor, while seven-day cumulative precipitation rises to second place, and monthly 
precipitation shifts to third.  

5.2.12 December 

In December (Figure 5-13), as temperature values continue to decline, with spatial 
mean value of -4.9 °C, monthly precipitation increases sharply, reaching the highest 
level of the year with a maximum of 561 mm and spatial mean value of 138 mm. 
Despite this substantial rise in precipitation, its overall impact on landslide 
susceptibility remains limited. This is because, under very low temperature 
conditions, even intense precipitation does not significantly contribute to slope 
instability. As shown in the feature importance analysis for December, precipitation 
does not appear among the top five influential factors. 

The proportion of the area classified as “Very high” and “High” susceptibility 
decreases markedly to around 3%, while more than 94% of the region falls within 
the “Very low” and “Low” categories. The model’s performance witnesses a small 
drop by 0.002, achieving an AUC of 0.966. Soil type, temperature and land cover 
are the most influential factor, whereas precipitation-related variables are no longer 
among the top three. This shift suggests that during colder months, soil 
characteristics and vegetation, play a more dominant role in controlling slope 
stability than precipitation alone. 
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Figure 5-1 January mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, and 
SHAP. 
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Figure 5-2 February mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, and 
SHAP. 
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Figure 5-3 March mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, and 
SHAP. 
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Figure 5-4 April mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, and 
SHAP. 
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Figure 5-5 May mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, and 
SHAP. 
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Figure 5-6 June mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, and 
SHAP. 
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Figure 5-7 July mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, and 
SHAP. 
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Figure 5-8 August mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, and 
SHAP. 
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Figure 5-9 September mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, 
and SHAP. 
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Figure 5-105-11 October mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, 
and SHAP. 
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Figure 5-12 November mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, 
and SHAP. 
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Figure 5-13 December mean precipitation (mm) and temperature (°C) maps, LSM, AUC, feature importance, 
and SHAP. 
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5.2.13 Summary of monthly AUC and feature importance 

Figure 3-13 presents a comparison of the AUC values across all twelve months 
of the year. Although the variation is not significant, the AUC tends to be higher 
during the colder months. This may be because, at lower temperatures, the 
algorithm can more easily distinguish landslide from non-landslide events. 

 
Figure 5-14 AUC variation across all twelve months. 

Figure 5-15 presents the top three contributing features for each month. During 
warmer months, precipitation-related variables (monthly and short-term) dominate, 
whereas in colder months, temperature becomes the most influential factor. This 
reflects the strong control of temperature on ground freezing, snow accumulation, 
and hydrological activity. When temperatures fall below 0 °C, pore water freezes, 
increasing soil and rock strength and preventing deformation (Davies et al., 2001). 
Precipitation occurs mainly as snow, reducing infiltration and pore-pressure 
buildup (Daanen et al., 2011; Gruber and Haeberli, 2007).  Consequently, 
temperature exerts a dominant stabilizing influence during cold months, explaining 
its high importance among the predictive features. 

Secondary and tertiary factors also display distinct monthly patterns, reflecting 
the complex interplay of environmental conditions. Land cover appears most 
influential during the transition into spring (February to April), possibly coinciding 
with changes in vegetation or land use activities. Slope and Soil type, while intrinsic 
physical characteristics, fluctuate in their relative importance; they tend to peak in 
rank during the mid-year months when they interact with high precipitation levels 
to define susceptibile zones. Notably, NDVI only reaches the top three in April, 
suggesting a very specific window where vegetation density is a primary indicator 
of slope stability. This visualization effectively demonstrates that landslide 
susceptibility is not static; the "importance" of a factor is highly dependent on the 
specific climatic window of the year. 
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Figure 5-15 Top three features for each month. 

5.2.14 Summary of monthly susceptibility distribution 

To better understand the monthly variations in landslide susceptibility, it is useful 
to present all months together with their respective susceptibility class percentages. 
Figure 5-16 allows for an easy comparison of landslide susceptibility across 
different months. It can be observed that during the colder months (December to 
February), the region is not highly prone to landslides, with less than 3 percent of 
the area classified as “Very high” or “High” susceptibility. From March the 
susceptibility starts to increase, and for this month the combined “High” and “Very 
high” susceptible areas reach to around 6%. In April and May, however, 
susceptibility increases substantially, with the combined share of these two classes 
rising to around 20 percent. In the following months, from June to September, the 
proportion decreases to about 10 percent, reaching its lowest value in September at 
approximately 7 percent. From October to November, the share increases again to 
around 14 percent. 

The higher susceptibility observed in April, May, and October can be explained 
by the critical combination of temperature and precipitation values during these 
months, which together create favorable conditions for landslide occurrence. In 
contrast, during the coldest months (December to February), even though 
precipitation levels are relatively high, the very low temperatures limit slope 
instability and reduce the likelihood of landslides. Similarly, in the warmer months 
(June to September), although temperatures are high, precipitation is low, making 
landslide events less probable. 
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Figure 5-16 Monthly landslide susceptibility shares for 2003-2022. 

5.2.15 Analyzing monthly landslide events 

Figure 5-17 presents the monthly frequency of landslide occurrences from 2003 to 
2022. A distinct seasonal pattern is evident, with a significant concentration of 
events in May, June, October, and April. Collectively, these four months account 
for 202 of the 369 recorded events, representing around 55% of the total landslide 
activity in the region.  

 
Figure 5-17 Landslide events from 2003-2022. 

Comparing the percentage of monthly landslide events with the percentage of 
the region classified as “Very high” and “High” susceptibility provides insight into 
how well the generated maps correspond to real conditions. Figure 5-18 shows that 
the trend of susceptible areas closely aligns with the occurrence of actual landslide 
events, indicating good agreement between the model results and reality. 
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Figure 5-18 Comparison of susceptible areas and landslide event percentage. 

5.2.16 Envelope map (2003-2022) and verification 

To generate a single map representing the overall landslide susceptibility of the 
region across all twelve months, an “Envelope map” was created (Figure 5-19). In 
this map, the twelve-monthly landslide susceptibility maps were overlaid, and the 
highest value for each pixel was extracted. The resulting map was then classified 
into five categories: “Very Low,” “Low,” “Moderate,” “High,” and “Very High”, 
using the natural Jenks method. The value ranges for each class were approximately 
0–0.35, 0.35–0.5, 0.5–0.75, 0.75–0.9, and 0.9–1. To allow consistent comparison 
across months, the same classification ranges were applied to all twelve-monthly 
maps. Although no landslide events were recorded in the northwestern part of the 
study area during the 20-year observation period, this region is predominantly 
classified as having “High” to “Very high” susceptibility. Given that other areas 
with similar susceptibility classes contain documented landslide occurrences, it 
may be inferred that the absence of recorded events in the northwestern sector could 
be related to limited accessibility and sparse urban development in this high-
elevation mountainous terrain, which may have hindered the detection and 
documentation of landslide events. 
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Figure 5-19 Landslide susceptibility envelope map for 2003-2022 and the classes percentage. 

Figure 5-20 shows that 75 percent of the landslide points from 2003 to 2022, 
which were used for training and testing the model, fall within areas classified as 
“Very high” or “High” susceptibility. This finding suggests that, although these two 
classes represent only 35 percent of the total area, they successfully capture around 
75 percent of the landslides that have occurred to date, demonstrating the model’s 
strong spatial predictive capability. 

 
Figure 5-20 Classification of landslide events occurred in 2003–2022 based on the current envelope map. 

To perform a “Geotechnical validation” of the Envelope map, the most recent 
landslide points, which were not used in training or testing the algorithm, were 
employed. These points corresponded to landslide events that occurred in 2023. 
Figure 5-21 illustrates that 72 percent of these events fall in the areas classified as 
“High” or “Very high” susceptibility.  



Chapter 5 Landslide susceptibility maps 

 

181 
 

 
Figure 5-21 Classification of landslide events occurred in 2023 based on the current envelope map. 

5.3 Future scenario (2021-2040) 

After the algorithm was trained and tested for each month, the trained models were 
employed to generate monthly landslide susceptibility maps for future periods. To 
produce each susceptibility map, the inclusion of dynamic features was required. 
As described in section 4.4.3, the data corresponding to the future time frame was 
obtained from the WorldClim database (https://www.worldclim.org).  

Figure 5-22 to Figure 5-33 illustrate the monthly precipitation and temperature 
distributions, the resulting landslide susceptibility maps, and the proportional area 
of each susceptibility class. 

 5.3.1 January 

In January (Figure 5-22), precipitation and temperature conditions generally do not 
represent a substantial threat to slope stability. Although total precipitation is 
relatively high, with a spatial mean value of 96 mm, temperatures remain 
sufficiently low, with spatial mean of -4.19°C, which makes most the precipitation 
for most of the area to occur as snow rather than rainfall (Figure 4-32 and Figure 
4-43). The results further indicate that only about 2% of the study area falls within 
the “High” and “Very High” susceptibility classes, whereas approximately 89% is 
classified as “Low” and “Very low.” 

When compared with 2003–2022, the mean spatial precipitation is projected to 
decrease from 112 mm to 96 mm, while the mean spatial temperature is expected 
to rise from -5.94°C by approximately 1.75 °C, reaching −4.19 °C. This leads to a 
slight increase of 1.58% in susceptible areas, suggesting a marginal deterioration in 
slope stability. This change is primarily attributed to temperature variations, as 
temperature was identified as the most influential factor for January (Figure 5-1). 
Even a modest temperature increase can therefore lead to a minor expansion of 
landslide-susceptible zones during this month. 
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5.3.2 February 

In February (Figure 5-23), the spatial mean precipitation is expected to increase 
marginally compared to January, to 101 mm. In addition, the mean spatial 
temperatures rise by approximately 1 °C, growing to -3.2 °C (Figure 4-32 and 
Figure 4-43). This combined increase in temperature and precipitation contributes 
to a less stable environment, with about 4.07% of the study area classified within 
the “High” and “Very high” susceptibility categories. 

When compared with the same month during the 2003–2022 period (Figure 
5-2), both the mean spatial temperature and precipitation are projected to increase 
by approximately 2 °C and 21 mm, respectively (Figure 4-29 and Figure 4-41). In 
this month, temperature represents the most influential factor contributing to slope 
instability. The observed increase in landslide-susceptible areas is therefore 
primarily attributed to the projected temperature rise. Consequently, the proportion 
of the area classified as “High” and “Very high” susceptibility is expected to 
increase from 1.55% to 4.07% during the 2021–2040 period. 

5.3.3 March 

In March (Figure 5-24), both precipitation and temperature (maximum and mean 
spatial) exhibit an increase compared to February (Figure 4-32 and Figure 4-43). 
Precipitation is projected to rise by approximately 4 mm in mean spatial values, 
while mean spatial temperature is expected to increase by 1.2 °C, reaching 105 mm 
and −2 °C, respectively. This concurrent rise in precipitation and temperature 
intensifies the potential for slope instability, resulting in an increase of 2.53% to 
6.6% in the area classified as “High” and “Very high” susceptibility. 

When compared with the 2003–2021 period, the proportion of landslide-
susceptible areas is projected to increase slightly by only 0.48%, reaching 6.6% in 
the 2021–2040 period. This increase is primarily attributed to the rise in mean 
spatial precipitation, which is expected to grow from 93 mm in 2003–2021 to 105 
mm in 2021–2040, while the mean temperature remains relatively stable on -2 °C. 

5.3.4 April 

In April (Figure 5-25), the mean spatial temperature increases compared to March, 
by approximately 2 °C to 0.2. In contrast, the mean spatial precipitation remains 
almost constant, with only a 5 mm decrease (Figure 4-32 and Figure 4-43). The rise 
in temperature is expected to further expand the “Very High” and “High” 
susceptibility classes, increasing their extent from 6.6% in March to 11.12% in 
April. 
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Furthermore, when comparing April in the periods 2003–2021 and 2021–2040, 
mean spatial precipitation and temperature are projected to decrease from 137.7 
mm and 1.56 °C to 99.6 mm and 0.2 °C, respectively. This reduction in dynamic 
variables is expected to result in a decline in the “Very high” and “High” 
susceptibility classes, from 19.89% in 2003–2021 to approximately 11.12% in 
2021–2040. 

5.3.5 May 

In May (Figure 5-26), compared to April of the same period, the mean spatial 
precipitation shows a slight increase from 99.6 to 102 mm (Figure 4-32). At the 
same time, the mean spatial temperature exhibits a notable rise of 5 °C, reaching 5 
°C (Figure 4-43). This warming trend intensifies the conditions during this month 
and increases the proportion of areas classified as “Very high” and “High” 
susceptibility by 4.5%, reaching a total of 15.6%. 

However, when comparing May 2021-2040 with May 2003- 2022, the mean 
spatial temperature remains relatively constant, while mean spatial precipitation 
decreases by 16 mm. These changes project a reduction in landslide susceptibility, 
with the shares of the “High” and “Very high” classes decreasing from 21.2% to 
15.64%. This outcome is mainly explained by the reduction in precipitation, since 
the seven-day cumulative precipitation was identified as the first most important 
factors, for this month. 

5.3.6 June 

In June (Figure 5-27), although temperature increases by 4 to 9.13 °C relative to the 
previous month (Figure 4-43), mean spatial precipitation decreases by 
approximately 24 mm to 78 mm (Figure 4-32). This reduction in precipitation is 
projected to decrease the share of susceptible areas by 4.4%, reaching 11.2%. 

Similarly, when comparing June in the period 2021–2040 with 2003–2022, the 
mean spatial precipitation remains nearly constant around 78 mm, while the mean 
spatial temperature shows a slight decrease of 1 °C, reaching 9 °C. These changes 
lead to a minor reduction in the proportion of susceptible areas, decreasing from 
13% in 2003–2021 to 11.2% in 2021–2040. 

5.3.7 July 

In July (Figure 5-28), the mean spatial precipitation continues to decrease compared 
to the previous month, declining from 78 mm to 68 mm, which represents the lowest 
value projected for the 2021–2040 period (Figure 4-32). Meanwhile, the mean 
spatial temperature continues to rise, reaching 12.8 °C. However, the shares of areas 
classified as “Very high” and “High” susceptibility decrease from 11.23% to 8.9%. 
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In comparison, during the same month in the 2003–2022 period, the situation 
was more critical, with approximately 13.9% of the area categorized as “Very high” 
and “High.” This indicates a moderate improvement in 2021–2040, as the share of 
susceptible areas is expected to decrease to 8.9%. The reduction is mainly attributed 
to the projected decline in precipitation for this month, with mean spatial 
precipitation decreasing by about 20 mm and reaching its lowest level of 68 mm. 

5.3.8 August 

In August (Figure 5-29), during the period 2021–2040, the mean spatial 
temperature reaches its highest value of 14.1 °C. The mean spatial precipitation also 
shows a slight increase of 5 mm compared to the previous month, reaching 73 mm. 
This gradual rise in precipitation and temperature may cause a minor deterioration 
in slope stability, leading to an increase of 5% in the “Very high” and “High” 
susceptibility classes, reaching a total of 13.9%. 

When comparing August in 2003–2022 with 2021–2040, the share of areas 
classified as “Very high” and “High” increases only by approximately 1%. This 
occurs despite an expected decrease in mean spatial precipitation of about 10 mm. 
However, spatial mean temperature is projected to increase by 3 °C in 2021–2040 
compared to 2003–2022.  

5.3.9 September 

From September (Figure 5-30) onward, precipitation begins to increase again, 
reaching a mean spatial value of 89 mm, while the mean spatial temperature reaches 
to 9.6 °C. Comparing these values with the previous month can show an increase 
in precipitation by 16 mm and a drop of 4.3°C in temperature. Yet still proportion 
of susceptible areas rises by 10.3% to 24.2%. 

Furthermore, when comparing the period 2021–2040 with 2003–2022, the 
situation is expected to worsen remarkably, as the share of areas classified as “Very 
high” and “High” susceptibility increases from 7.31% to 24.2%. This deterioration 
is mainly due to simultaneous increases in both precipitation and temperature, with 
mean spatial precipitation rising from 57 to 89 mm and mean spatial temperature 
increasing from 7.8 to 9.6 °C. 

5.3.10 October 

In October (Figure 5-31), the mean spatial precipitation continues to increase 
compared to the previous month by approximately 30 mm, reaching a value of 108 
mm. At the same time, the mean spatial temperature decreases markedly by 4.5 °C, 
reaching 5.1 °C. The increase in precipitation compensates for the effect of 
temperature reduction on landslide susceptibility. Although the temperature 
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decreases, it remains above the freezing point, maintaining conditions favorable for 
landslide occurrence. As a result, the overall susceptibility levels remain nearly 
constant, with the “High” and “Very high” susceptibility classes increasing by only 
0.2%, reaching their maximum recorded value of 24.4%. 

Compared with October 2003-2022, both mean spatial precipitation and 
temperature are projected to increase in 2021-2040, by about 22 mm and 1.7 °C, 
respectively. Consequently, the share of areas classified as “High” and “Very high” 
susceptibility is expected to rise from 15.6% to 24.4%. 

5.3.11 November 

In November (Figure 5-32), although precipitation reaches its highest value for the 
period 2021 to 2040, with a mean spatial value of 121.7 mm (Figure 4-32), the 
decrease in mean spatial temperature to 0.1 °C (Figure 4-43) leads to a reduction in 
landslide susceptibility by about 12.4%, reaching 11.9%. This occurs because, in 
November, temperature holds the first rank of importance while the seven-day 
precipitation is ranked second, making the effect of temperature reduction more 
dominant than the increase in precipitation. 

A comparison between November 2021-2040 and November 2003-2022 
indicates an increase in both mean spatial precipitation and temperature, by 
approximately 15.4 mm and 1.4 °C, respectively. As a result, the share of areas 
classified as “High” and “Very high” susceptibility is projected to increase from 
9.8% by 2.1%,  

5.3.12 December 

In December (Figure 5-33), the mean spatial precipitation is projected to decrease 
by 7.8 mm compared to the previous month, reaching 113.9 mm (Figure 4-32). 
Similarly, the temperature is expected to drop by 2.7 °C to -2.65 °C (Figure 4-43). 
This reduction in dynamic features leads to a significant decrease in the “High” and 
“Very high” susceptibility classes, which decline by 5.7% to 6.2%. The reduction 
is mainly attributed to temperature, as it represents the most influential factor 
among the others, and once the mean spatial temperature approaches or falls below 
0 °C, the area becomes less susceptible to landslides. 

Comparing December 2021 to 2040 with 2003 to 2022, the mean spatial 
temperature is projected to increase by 2.23 °C, from -4.88 to -2.65 °C, while mean 
spatial precipitation is expected to decrease from 138 mm to 113 mm. Since 
temperature has the second highest rank among the influencing factors, this increase 
will cause the share of areas classified as “High” and “Very high” susceptibility to 
rise from 2.9% to 6.2%. 
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Figure 5-22 January mean precipitation and mean temperature, and LSM. 

 
Figure 5-23 February mean precipitation and mean temperature, and LSM. 
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Figure 5-24 March mean precipitation and mean temperature, and LSM. 

 
Figure 5-25 April mean precipitation and mean temperature, and LSM. 
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Figure 5-26 May mean precipitation and mean temperature, and LSM. 

 
Figure 5-27 June mean precipitation and mean temperature, and LSM. 



Chapter 5 Landslide susceptibility maps 

 

189 
 

 
Figure 5-28 July mean precipitation and mean temperature, and LSM. 

 
Figure 5-29 August mean precipitation and mean temperature, and LSM. 
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Figure 5-30 September mean precipitation and mean temperature, and LSM. 

 
Figure 5-31 October mean precipitation and mean temperature, and LSM. 
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Figure 5-32 November mean precipitation and mean temperature, and LSM. 

 
Figure 5-33 December mean precipitation and mean temperature, and LSM. 
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5.3.13 Summary of monthly susceptibility distribution 

Figure 5-34 presents the percentage of each susceptibility class for each month 
during the period 2021-2040. It can be observed that in the colder months 
(December to February), only a marginal portion, up to about 6 percent of the 
region, is susceptible to landslides. From March to May, however, this share 
increases significantly, reaching around 15.6% percent. During the warmer months, 
the share decreases as precipitation values decline, but starting from September, a 
marked increase can again be seen, with susceptibility areas covering about 24 
percent of the region. This trend continues to rise gradually, reaching its highest 
value of approximately 24.4 percent in October, after which it begins to decline. 

The increased susceptibility observed in September and October is mainly 
attributed to the high precipitation levels (151 and 187 mm, respectively). Since the 
spatial mean temperature during these two months remains relatively high (9.6 and 
5.1 °C, respectively), most of this precipitation occurs as rainfall, leading to a 
significant impact on slope stability. It is worth noting that October in the 2021–
2040 period exhibits the highest proportion of “High” and “Very high” 
susceptibility classes, at approximately 24.6%, representing the maximum value 
observed across both current and future timeframes. 

 
Figure 5-34 Monthly landslide susceptibility shares for 2021-2040. 

5.3.14 Envelope map (2021-2040) and verification  

To generate a single map representing the overall landslide susceptibility of the 
region across all twelve months, an “Envelope map” was created (Figure 5-35). In 
this map, the twelve-monthly landslide susceptibility maps were overlaid, and the 
highest susceptibility value for each pixel was extracted. The resulting map was 
then classified into five categories: “Very Low,” “Low,” “Moderate,” “High,” and 
“Very high,” using the same class ranges that were applied to the envelope map of 
the current timeframe (Figure 5-19). Approximately 38% of the study area is 
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classified as “High” and “Very High” susceptibility, predominantly located in the 
western and northwestern parts of the region. The blue points represent the landslide 
events that occurred in 2023. 

 

 
Figure 5-35 Landslide susceptibility envelope map for 2021-2040 and the classes percentage and landslide 
points in 2023. 

The landslide events that occurred in 2023, as described in section 5.2.16, were 
not included in the training or testing datasets. The resulting map demonstrates 
improved validation performance for the 2023 events, with 80% of the landslide 
locations falling within areas classified as “High” or “Very high” susceptibility 
(Figure 5-36). This represents an approximate 8% improvement compared to the 
envelope map for the 2003–2022 period (Figure 5-21). Notably, none of the 2023 
landslide events were located within the “Very low” susceptibility class. 

 Although the 2023 inventory contains 25 landslide events, which represents a 
relatively high number of occurrences within a single year, also compared to the 
whole dataset considered, the validation dataset remains limited in size. Therefore, 
additional validation is recommended as new landslide records become available. 
In particular, once landslide events occurring in 2024 and subsequent years are 
reported and incorporated into the inventory, the susceptibility map should be re-
evaluated to further assess its predictive capability and long-term robustness. 
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Figure 5-36 Classification of landslide events occurred in 2023 based on the future envelope map. 

It should be noted that the 2023 landslide inventory was used primarily as an 
independent validation dataset to assess the credibility of the susceptibility map 
with respect to the future climatic period (2021-2040) for which the model was 
developed. However, this does not imply that landslides that occurred during the 
historical period (2003-2022) are irrelevant for evaluating model performance. 
Landslide occurrence is influenced by both persistent terrain characteristics and 
triggering factors, meaning that locations affected by landslides in the past may 
remain susceptible to future failures. Therefore, historical landslide events can also 
provide useful information regarding the spatial reliability of the predicted 
susceptibility distribution. 

 
Figure 5-37 Landslide susceptibility envelope map for 2021-2040 and the classes percentage and landslide 
point from 2003-2023. 

 To further investigate this aspect, Figure 5-38 presents the classification of 
landslides that occurred during the 2003-2022 period using the future envelope 
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susceptibility map. The results indicate that approximately 70% of the historical 
landslide events fall within the “High” and “Very High” susceptibility classes. This 
demonstrates that the model is capable of capturing not only future validation 
events but also a substantial proportion of past landslide occurrences. Although the 
susceptibility map classifies approximately 38% of the study area as “High” or 
“Very high”, this outcome is considered reasonable given the objective of 
identifying all potentially unstable areas under future climate conditions. The 
higher validation rate obtained for the 2023 landslide inventory (80%) compared 
with the historical inventory (70%) is also expected, as the envelope map was 
generated using projected climatic conditions for the 2021-2040 period. 
Consequently, the results suggest that the model provides a conservative yet 
effective representation of future landslide-prone areas, balancing broad spatial 
coverage with a strong ability to capture observed landslide occurrences. 

 
Figure 5-38 Classification of landslide events occurred in 2003-2021 based on the future envelope map. 

5.4 Comparing dynamic features 

Figure 5-39 illustrates the range and spatial mean of precipitation for the two 
timeframes, 2003–2022 and 2021–2040. It is evident that both the maximum and 
minimum precipitation values are projected to decrease in the near future, except 
for September, where the maximum value increases, while in October and 
November the maximum values remain approximately unchanged. However, since 
maximum or minimum values may represent only a limited number of pixels within 
the study area, a more reliable comparison can be achieved by examining the spatial 
mean, which accounts for the average value across all pixels in the region. In this 
regard, March and November show moderate increases of approximately 12 mm 
and 14 mm, rising from initial values of 93.4 mm and 106.4 mm, respectively. The 
increases in February, September, and October are more pronounced, with gains of 
20 mm, 32 mm, and 23 mm from their initial mean spatial values of 79.3 mm, 57.8 
mm, and 85.7 mm. The “seven day precipitation” feature, being a component of the 
monthly precipitation, is also expected to exhibit similar variations and trends. 
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Figure 5-39 Monthly precipitation range and spatial mean for 2003-2022 and 2021-2040. 

Figure 5-40 presents the range and spatial mean of temperature for the two 
timeframes, 2003–2022 and 2021–2040. It is evident that the minimum temperature 
for all months increases significantly, particularly from December to February, 
where it is projected to rise by approximately 7 °C. The maximum temperature 
shows an increase only in August, by 0.3 °C, reaching a peak of 23.2 °C. A more 
reliable indicator for comparison is the spatial mean temperature, which generally 
exhibits an increase across most months, except for April and June. The highest rise 
is observed in August, with an increase of 2.76 °C, reaching a record value of 14.13 
°C. 

 
Figure 5-40 Monthly temperature range and spatial mean for 2003-2022 and 2021-2040. 
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5.5 Comparing envelope maps 

Figure 5-41 compares the percentage of susceptibility classes for the current and 
future envelope maps. It is evident that, due to climate change, the area will become 
less safe, as the combined proportions of “Very low” and “Low” susceptibility 
classes are projected to decrease by 1.68%, respectively. This reduction is 
compensated by a considerable increase of 3.25% in the combined shares of “High” 
and “Very high” susceptibility classes. The “Moderate” class is also expected to 
decrease slightly, by approximately 1.5% over the next 20 years. 

  
(a) (b) 

Figure 5-41 Susceptibility classes for (a) 2003-2022 and, (b) 2021-2040. 

5.6 Comparing monthly susceptibility distribution 

Figure 5-42 illustrates the monthly variation in the percentage of susceptible areas 
(i.e., the sum of very high and high classes) for the current and future periods. It 
can be observed that the situation is not expected to worsen for every month. For 
instance, in April and May, the extent of susceptible areas is projected to decrease, 
mainly due to the reduced amount of precipitation anticipated under the SSP 5-8.5 
scenario. However, the situation is expected to intensify during autumn, with 
October showing the highest value of 24.4% of the area classified as susceptible. 
This increase is attributed to the simultaneous rise in projected temperature and 
precipitation for that month. 
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Figure 5-42 Comparison of monthly share of high and very high susceptible areas for the current and future 
time frames. 

5.7 Monthly LSM as the optimal choice 

Initially, precipitation and temperature were treated as static variables to generate a 
single landslide susceptibility map. Specifically, accumulated annual mean 
precipitation and mean annual temperature for the period 2003–2022 were used as 
representative climatic inputs (Figure 5-43). This approach is consistent with many 
previous studies, where precipitation is commonly considered in annual time 
windows due to its availability and the relative simplicity of implementation. By 
adopting annual aggregates, precipitation was effectively represented as a time-
invariant factor, allowing the model to produce one spatially distributed 
susceptibility map for the entire study period. Temperature was also incorporated 
as a static variable using mean annual values. In several studies, temperature is often 
indirectly represented through elevation as a conditioning factor. However, in this 
case, temperature was explicitly included to better characterize the climatic 
conditions of the region, while still maintaining a static framework. 

  
(a) (b) 

Figure 5-43 Mean annual values of (a) precipitation and (b) temperature in 2003-2022, used in initial model. 
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LCFs were consistent with those described in Chapter 4, and the same 
algorithm, XGBoost, was employed. The number of landslides used for training 
and testing in this model was 542, which is higher than in the original model (369). 
This difference arises because, in several landslide records, only the year of 
occurrence was reported, while the exact month was not specified. Such events 
were excluded from the original model, which required temporal resolution at the 
monthly scale, but were retained in this static framework. In addition, the number 
of non-landslide points was set equal to the number of landslide points to ensure a 
balanced dataset. 

Within this single-model framework, the importance scores of the LCFs were 
calculated and are presented in Figure 5-44. The results indicate that temperature, 
land cover, and slope are the three most influential factors. In contrast, mean annual 
precipitation, which is generally considered a primary triggering factor for 
landslides, ranks among the least important variables. 

 
Figure 5-44 Importance scores of LCFs for the initial model. 

Figure 5-45 presents the AUC of the model, which is 0.89. This value is lower 
than the lowest AUC obtained in the original model, which was 0.93. 
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Figure 5-45 ROC curve and AUC score for the initial XGBoost model. 

Finally, Figure 5-46 illustrates the LSM. The range of each susceptibility class 
is consistent with that of the original model described in section 5.2.16. The results 
indicate that approximately 20.3% of the study area is classified as “High” or “Very 
high” susceptibility, while 57.1% and 11.6% fall within the “Very low” and “Low” 
classes, respectively. 

In comparison with the envelope map of 2003–2022 (Figure 5-19), an 
important limitation becomes evident. The model fails to identify the western and 
northwestern parts of the study area as “High” or “Very High” susceptibility zones, 
despite the presence of landslide events recorded during 2003–2022 (used as 
training and testing data) as well as in 2023 within these regions. 

 
Figure 5-46 Initial LSM for 2003-2022, using annual precipitation and temperature.  
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It can be seen that, in the initial model, only 56% of the 2023 landslide events 
occurred within areas classified as “High” or “Very high” susceptibility (Figure 
5-47), while a substantial proportion (28%) fell within the “Very low” or “Low” 
susceptibility classes, highlighting its limited predictive performance. This 
performance was significantly improved in the original model, where 72% of the 
landslides were located in “High” or “Very high” susceptibility zones (Figure 5-21), 
and only 8% occurred in the “Very low” or “Low” classes. 

 
Figure 5-47 Classification of landslide events occurred in 2023 based on the initial susceptibility map. 

The development of the monthly LSMs and the corresponding envelope map 
was motivated by the limitations observed in the initial model. As demonstrated, 
the initial model was not able to effectively capture the role of precipitation as a 
key landslide conditioning factor. More importantly, its performance in predicting 
landslide occurrences for 2023 was relatively weak, highlighting the inadequacy of 
representing climatic variables as static, annual inputs. 

These limitations led to a reconsideration of how climatic variables should be 
incorporated into the modeling framework. In particular, it became evident that the 
temporal variability of precipitation and temperature, including their seasonal 
patterns, plays a critical role in landslide occurrence and should not be overlooked. 

By adopting monthly LSMs, it becomes possible to account for the intra-annual 
variability of precipitation and temperature, allowing the model to capture both 
seasonal trends and short-term fluctuations within a given timeframe. This 
temporally resolved approach provides a more realistic representation of the hydro-
meteorological conditions influencing slope stability. 

Furthermore, the use of monthly LSMs offers a significant advantage when the 
objective is to assess the impacts of climate change. Training the model on monthly-
scale data enables it to better capture the relationship between climatic variables 
and landslide occurrence over time, thereby allowing for a more reliable evaluation 
of potential changes under future climatic scenarios. 
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5.8 Summary 

This chapter presents a comprehensive assessment of landslide susceptibility 
through monthly mapping for both the historical period (2003–2022) and a 
projected future scenario (2021–2040), complemented by an envelope map 
representing landslide susceptibility for each timeframe. For the 2003-2022 period, 
model performance, evaluated using the Area Under the Curve (AUC), exhibits 
limited seasonal variability, with slightly higher predictive accuracy during colder 
months, likely because the underlying conditions make it easier for the algorithm 
to distinguish between landslide and non-landslide events under low-temperature 
regimes. Analyzing feature importance reveals a clear seasonal pattern, with 
precipitation-related variables dominating during warmer months, while 
temperature emerges as the primary controlling factor in colder periods, reflecting 
its stabilizing influence through ground freezing and reduced pore-pressure 
development. The spatial distribution of susceptibility confirms this seasonal 
behavior, with minimal high-susceptibility areas in winter (less than 3%), 
increasing significantly in spring and peaking in April and May (approximately 
20%), before declining in summer and rising moderately again in autumn. These 
patterns are consistent with observed landslide occurrences, of which 
approximately 55% are concentrated in April, May, June, and October, 
demonstrating strong agreement between modeled susceptibility and real events. 
The Envelope Map for the historical period further confirms the model’s 
robustness, capturing approximately 75% of landslides within areas classified as 
“High” and “Very high” susceptibility, despite these zones covering only about 
35% of the study area, while independent validation using 2023 events shows a 
similar agreement of about 72%. For the future scenario (2021–2040), landslide 
susceptibility maps were generated using the trained models and climate projections 
from the WorldClim database, revealing a comparable but intensified seasonal 
pattern. Susceptibility remains low during winter (up to approximately 6%), 
increases in spring (around 15.6%), decreases during summer due to reduced 
precipitation, and rises sharply in autumn, reaching a peak of approximately 24.4% 
in October, which represents the highest susceptibility observed across both 
periods. This intensification is primarily driven by the combined effect of increased 
precipitation and relatively high temperatures, leading to rainfall-dominated 
conditions that promote slope instability. Analysis of projected climate variables 
indicates an overall increase in spatial mean precipitation during some months, 
particularly February, September, and October, alongside a consistent rise in 
temperature, including significant increases in minimum winter temperatures and 
notable increases in mean temperatures. The future Envelope Map highlights a shift 
toward higher susceptibility levels, with a reduction of approximately 1.68% in 
“Very low” and “Low” classes and an increase of about 3.25% in “High” and “Very 
high” classes, indicating a general decline in slope stability under projected climate 
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conditions. However, this trend is not uniform across all months, as slight decreases 
in susceptibility are projected for spring months such as April and May, while 
autumn months, particularly October, exhibit a marked increase. Validation using 
the 2023 landslide events indicates that 80% of the observed landslides occurred 
within areas classified as “High” or “Very high” susceptibility. Overall, the results 
demonstrate that climate change is likely to amplify landslide susceptibility and 
modify its seasonal distribution in the alpine region, with a pronounced shift toward 
higher risk during specific periods of the year. 
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Chapter 6  

Identification of landslides 
interaction with linear 
infrastructures 

6.1 Introduction 

In the previous chapter, landslide-susceptible areas were identified for both current 
conditions and future scenarios accounting for climate change over the next 20 
years. Building on those results, the present chapter shifts the focus from regional 
susceptibility mapping to the assessment of landslide risk for linear infrastructure.  
The aim of this chapter is to demonstrate the applicability of the proposed 
methodology in evaluating the interaction between landslide susceptibility and 
infrastructure elements. To this end, electricity transmission lines are considered as 
a representative example of linear infrastructure, allowing the identification of 
those segments that are more exposed to landslide hazards within the study area. 

To achieve this objective, the locations of power transmission towers first need 
to be mapped. Subsequently, the envelope current and future landslide 
susceptibility maps will be used to extract susceptibility values at each tower power 
across the entire region. This approach allows for a spatially consistent evaluation 
of landslide exposure affecting the electricity network. Finally, a case study will be 
performed to investigate cascading effects within the electricity transmission 
network, where damage to a single power tower caused by landslides may lead to 
functional disruption of connected transmission lines upstream and downstream. 
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6.2 Obtaining aerial power tower map  

The technical map of the study area was obtained from the Geoportal of the Aosta 
Valley region (https://geoportale.regione.vda.it/). Figure 6-1a includes specific 
cartographic symbols identifying electricity transmission lines and power towers. 
The map was subsequently partitioned into 1 km × 1 km grid cells using QGIS. 
Based on this partitioning, vector shapefiles of the power transmission lines and 
power towers were extracted and generated and then stored for use in the 
subsequent analysis steps. Figure 6-1b shows the spatial distribution of electricity 
transmission lines and power towers across the study region. Figure 6-1c presents 
a zoomed-in aerial view highlighting the corresponding transmission line and tower 
shapefiles. 

 
(a) 

 
(b) 
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(c) 

Figure 6-1(a) Cartographic map of the Aosta Valley region, (b) Spatial distribution of electricity transmission 
lines and power towers, and (c) zoomed-in aerial view showing the extracted transmission line and tower 
shapefiles. 

6.3 Overlay analysis of power tower locations on landslide 
susceptibility maps 

6.3.1 Current period (2003–2022) 

After locating all power towers in the region, landslide susceptibility values were 
extracted from the 2003–2022 envelope map. Figure 6-2 illustrates the intersection 
between the power tower locations and the landslide susceptibility map. It can be 
seen that 18.31% of the power towers are located in areas identified as having “Very 
high” landslide susceptibility. A larger share of the power towers, 31.1%, fall within 
zones classified as “High” susceptibility. 

 
Figure 6-2 Landslide susceptibility intersection with power towers (2003-2022). 
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6.3.2 Future period (2021-2040) 

The intersection of power towers with the future landslide susceptibility map is 
illustrated in Figure 6-3. The proportions of the “Very high” and “High” 
susceptibility classes increase by 1.61% and 1.16%, respectively. Most power 
towers exposed to landslide hazard are primarily concentrated in the western and 
northwestern parts of the region. 

 
Figure 6-3 Landslide susceptibility intersection with power towers (2021-2040). 

6.4 Investigating cascading failures in power grids 

Cascading failures, characterized by long chains of interdependent events and 
outages, pose a serious threat to the reliable operation of power grids and can result 
in catastrophic blackouts with substantial economic and societal losses if not 
adequately understood, prevented, or mitigated.  

Various methods have been proposed to investigate cascading failures in power 
grids. For instance, Liu et al. (2025) introduced a framework to assess the risks 
posed by natural hazards to power grid infrastructure. Meyur (2022) conducted a 
vulnerability analysis of power grids subjected to severe initiating events, including 
hurricanes, earthquakes, forest fires, and targeted cyber or physical attacks. Using 
reinforcement learning, Meng et al. (2025) argued that conventional mitigation 
strategies are largely “single-stage”, whereas cascading failures are inherently 
dynamic, multi-stage processes that require continuous and adaptive intervention. 

Another line of research models power grids as complex networks. Doostinia 
et al. (2025) and Doostinia and Falabretti (2025) represent physical components 
such as power towers and substations as nodes, and transmission lines as edges 
within a graph structure. The criticality of these components is quantified using 
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network centrality metrics, including Betweenness Centrality (BC) and Degree 
Centrality (DC), which rank elements based on their connectivity and topological 
importance. To evaluate operational risk, Node Removal Performance (NRP) and 
Edge Removal Analysis (ERA) are performed by simulating the complete failure 
of selected nodes or lines and analyzing the system response. Risk is quantified 
using the performance reduction percentage, defined as the proportion of remaining 
nodes that lose access to power following a component failure. By correlating these 
outcomes with centrality rankings, the most critical nodes and transmission lines 
for maintaining grid stability are identified, enabling targeted prioritization of 
maintenance and hardening measures. 

In this study, the latter network-based approach is adopted, as detailed socio-
economic data related to population access or economic dependence on individual 
power towers were not available. Nevertheless, this approach still requires an 
explicit representation of the power tower connectivity within the network. A 
specific area within the region was selected as the case study. This area was chosen 
because the distribution point could be clearly identified using aerial imagery, and 
the associated power tower network exhibits a relatively simple linear 
configuration. Accordingly, the risk associated with each power tower is calculated 
based on the risk of losing the power supply connected to that tower, as defined in 
Equation (6-1): 

𝑅4" =
𝑛$;1
𝑛  (6-1) 

where 𝑅4"denotes the risk associated with power tower 𝑖, 𝑛$;1represents the 
number of power towers located upstream of tower 𝑖along the transmission path 
toward the terminal points , and 𝑛	is the total number of power towers connected to 
the power distributor. Figure 6-4 illustrates a selected area in which point A 
represents the location of the power distributor, while points B, C, and D correspond 
to the terminal points of the transmission lines. 
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Figure 6-4 the aerial photo of selected area. Blue symbols are the power towers, A is where the power distributor 
located, while points B, C, and D are to the terminal points of the transmission lines. 

Varnes (1981) proposed an equation to compute the risk on elements due to the 
landslide Equation (6-2): 

𝑅Y = 𝐻. 𝑉. 𝐸 (6-2) 

where RL is the risk on the considered element due to the landslide, E is the exposure 
of the element which can be the population, properties, economic activities, or 
public services potentially at risk, H is the hazard which is probability of occurrence 
within a specified period of time and within a given area of a potentially damaging 
phenomenon (the landslide), finally V is vulnerability which is the degree of loss to 
a given element or set of elements resulting from the occurrence of landslides. 

In this study, triggering factors associated with LCFs, such as precipitation and 
temperature, are explicitly considered, and the analysis is conducted over a defined 
time frame. Under these conditions, landslide susceptibility is assumed to be 
equivalent to hazard. Furthermore, since power towers are fixed in location, the 
exposure term is set equal to 1. In addition, because the population surrounding 
each power tower is assumed to be uniform, the vulnerability term 𝑉	is also taken 
as 1. Accordingly, the above equation can be simplified and rewritten in the form 
of Equation (6-3): 

𝑅Y" = 𝑆$ (6-3) 

where, 𝑅Y" is the risk due to landslide on element i, and Si is the landslide 
susceptibility on element i, which has been obtained from the envelope map. 

!
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To account for the combined impacts of landslide-induced risk on power towers 
and the associated cascading effects, an integrated formulation is required in which 
both Equation (6-1) and Equation (6-3) are normalized. For this purpose, Equation 
(6-4) is employed: 

𝑅," =
𝑅Y" + 𝑅4"

𝑅Y$%& + 𝑅3$%&

 (6-4) 

Figure 6-5 illustrates the cascading impacts calculated using Equation (6-1). 
The results indicate that power towers located closer to the distributor exhibit higher 
risk levels. This is primarily because the failure of any tower in proximity to the 
distributor can disrupt power transmission to a large portion of the network, 
potentially leading to a shutdown of the entire system.  

 
Figure 6-5 Cascading impacts of tower power failure. 

Figure 6-6 illustrates the risk associated with landslides, which is assumed to 
be equal to landslide susceptibility (Equation (6-3)). 
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Figure 6-6 Risk by landslides on tower power in the selection area. 

Finally, Figure 6-7 presents the combined risk resulting from landslides and 
cascading impacts. Power towers located near the distributor exhibit high risk 
values in both cascading effects and landslide susceptibility; consequently, these 
towers also show the highest combined risk values. 

 
Figure 6-7 Combined risks (landslides and cascading effects) on power towers in the selected area. 
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6.5 Other applications with overlay analysis 

In this study, the interaction between landslide susceptibility and power 
transmission towers has been investigated. Due to limited availability of detailed 
infrastructure data, all power towers were assumed to have equal importance within 
the network. However, in a more comprehensive framework, additional attributes 
such as transmitted power capacity, load distribution, and the number of end-users 
served by each tower could be incorporated. Inclusion of such parameters would 
enable a more realistic representation of infrastructure criticality and could 
significantly influence the resulting risk assessment. 

The proposed methodology is transferable and can be extended to other types 
of infrastructure, including transportation networks (e.g., roads and railways), 
pipelines, and water conveyance systems. Each of these infrastructure systems is 
associated with its own intrinsic risk characteristics. For instance, road networks 
may be evaluated based on traffic volume and accessibility impacts, pipelines based 
on flow capacity and potential environmental consequences of failure, and 
waterways based on hydraulic connectivity and flood propagation effects. Similar 
to the cascading impacts observed in power networks, failures in these systems may 
also trigger secondary or interconnected disruptions. 

By integrating these infrastructure-specific vulnerability and consequence 
metrics with landslide susceptibility maps, a more comprehensive multi-risk 
framework can be developed. This allows not only for the identification of exposed 
assets but also for the assessment of systemic impacts, thereby supporting more 
effective risk-informed planning and decision-making. 

6.6 Summary 

In this chapter, the study shifted focus from regional susceptibility mapping to the 
specific risk assessment of linear infrastructure, with a primary objective of 
identifying electricity transmission lines exposed to landslide hazards. 

The analysis began by generating a detailed inventory of the electricity 
network. Using technical maps from the Geoportal of the Aosta Valley region, the 
spatial distribution of transmission lines and power towers was vectorized and 
partitioned into a grid format to facilitate spatial analysis. 

Subsequently, an exposure analysis was conducted by overlaying the 
infrastructure locations onto the landslide susceptibility envelope maps. This was 
performed for two distinct time frames: current conditions (2003–2022) and future 
climate scenarios (2021–2040). The results indicated a significant exposure of the 
network, with over 49% of towers currently located in "High" or "Very high" 
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susceptibility zones. The future scenario analysis revealed a projected increase in 
these proportions, particularly in the western and northwestern sectors of the region. 

To address the interdependence of the grid, the study also investigated 
cascading failures for a specific case study. Adopting a network-based approach, 
the topological importance of each tower was evaluated. A specific risk model was 
developed that adapted Varnes (1981) equation, simplifying the exposure and 
vulnerability terms to focus on susceptibility as the primary hazard. This physical 
risk was then integrated with a functional risk metric, defined by the tower's 
position relative to the power distributor. The final output produced a combined 
risk index, highlighting that towers located near the power distributor are the most 
critical due to both their proximity and the high landslide susceptibility in that area, 
which could trigger extensive downstream network disruptions if failure occurs.
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Chapter 7  

Summary and conclusions 

7.1 Summary 

This Thesis investigates the impact of climate change on landslide susceptibility in 
the Alpine region using a machine learning-based approach. To develop and test 
the methodology, the Aosta Valley, a region in the North of Italy was selected as a 
case study. 

Thirteen landslide conditioning factors, representing key variables that 
potentially influence landslide occurrence, were considered in this study. For the 
baseline scenario, daily temperature and precipitation data covering the period 
2003-2022 were used, resulting in approximately 7,200 raster layers for both 
variables. To better capture the role of short-term rainfall in triggering landslides, 
seven-day accumulated precipitation was also accounted for, representing the total 
rainfall in the seven days preceding each landslide event. In addition, a landslide 
inventory consisting of 369 events, occurred in the study region, over the same 
period was compiled and used for model training and validation. 

Using the XGBoost algorithm, monthly landslide susceptibility maps were 
generated for the period 2003-2022, together with an envelope map representing 
the maximum susceptibility values across all twelve months. Each monthly model 
was evaluated independently using the Area Under the Curve (AUC) metric. The 
trained models were then used to project landslide susceptibility for the period 
2021-2040 based on temperature and precipitation projections from CMIP6 under 
the SSP5-8.5 scenario. The results of the study suggest an overall increase of the 
“High” and “Very high” landslide susceptibility classes in the near future for the 
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study area. This occurs particularly during the autumn months, driven by the 
combined effect of rising temperature and increased precipitation. 

Both envelope maps were validated using independent landslide events that 
were not included in the training and testing datasets. The envelope map for 2021-
2040 was able to capture approximately 80% of the observed landslides within 
areas classified as “High” or “Very High” susceptibility, indicating a strong 
agreement between model predictions and real-world events. 

In addition, the potential interaction between landslide susceptibility and linear 
infrastructures was analyzed. Specifically, as a general example, the spatial 
relationship between electric power lines and the susceptibility maps was assessed. 
The findings allow to quantify that a greater number of power towers may be 
exposed to landslide risk under future climate conditions. Finally, for a selected 
area within the study region, the potential cascading effects associated with 
landslide susceptibility were investigated, highlighting the compounding risks 
within localized systems. 

7.2 Conclusions 

This section presents the main conclusions of the Doctoral research, which develops 
a novel methodology to assess the impact of climate change on landslide 
susceptibility, while also examining the interaction between landslide-prone areas 
and linear infrastructure systems. 

7.2.1 Landslide susceptibility assessment under climate variability 

A novel machine learning-based framework is developed to investigate the impact 
of climate change on landslide susceptibility, accounting for the temporal 
variability of climatic drivers. A key advancement in the methodology is 
incorporating both temperature and precipitation data. The algorithm is trained on 
2003-2022 climatic conditions, allowing it to reproduce present-day landslide 
patterns while remaining sensitive to future climatic variations. To better capture 
short-term triggering mechanisms, a seven-day accumulated precipitation 
parameter is introduced, representing rainfall conditions immediately preceding 
landslide events. 

Another advancement of the proposed framework lies in its dynamic treatment 
of feature importance. Unlike conventional models that rely on static rankings, the 
methodology evaluates the relative importance of controlling factors on a monthly 
basis, thereby capturing seasonal variability in landslide drivers. As a result, model 
performance is shown to vary throughout the year, with higher predictive capability 
during colder months, when landslide and non-landslide conditions are more 
distinct, and slightly reduced performance during warmer periods due to increased 
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overlap in climatic signals. Nevertheless, the model consistently demonstrates high 
accuracy, with a minimum AUC of 0.93. 

The generated monthly susceptibility maps reflect the seasonal distribution of 
landslide occurrence, with April and May exhibiting the highest proportions of 
“High” and “Very High” susceptibility classes, consistent with historical patterns. 
In contrast, winter months display significantly lower susceptibility levels. To 
provide a comprehensive representation of regional conditions, an envelope map is 
constructed by combining the maximum susceptibility values across all months. 
Validation against independent 2023 landslide events confirms the reliability of this 
approach, with 72% of events located within high-susceptibility zones. 

The proposed monthly framework outperforms traditional annual models by 
effectively capturing seasonal climatic variability, increasing the predictive 
accuracy from approximately 56% to 72% in validation exercises. Furthermore, the 
methodology is extended to future climate scenarios by incorporating projected 
temperature and precipitation data. The results indicate a general decline in slope 
stability over the next two decades under SSP5-8.5 scenario, characterized by a 
reduction in low-susceptibility areas and a corresponding increase in “High” and 
“Very high” classes. Notably, the future envelope map (2021–2040) demonstrates 
even stronger predictive capability, capturing 80% of observed 2023 landslide 
events, thereby emphasizing the importance of integrating projected climate data in 
forward-looking susceptibility assessments. 

7.2.2 Interaction between landslide susceptibility and 
infrastructures 

Beyond susceptibility assessment, the study extends the analysis to evaluate the 
interaction between landslide-prone areas and critical infrastructure. The generated 
susceptibility maps provide a basis for identifying infrastructure elements exposed 
to landslide hazards. In particular, as a general example, an overlay analysis with 
electricity transmission networks reveals that a substantial proportion of power 
towers are currently located within areas classified as “High” and “Very High” 
susceptibility. These proportions are projected to increase under future climate 
conditions, highlighting a growing exposure of infrastructure to landslide risk. 

Importantly, the assessment of infrastructure risk goes beyond simple spatial 
overlap by considering system-specific vulnerabilities. In the case of power 
transmission networks, it is important to incorporate the cascading failure 
mechanisms into the analysis, recognizing that the failure of a single element may 
propagate through the system. By integrating landslide susceptibility with 
infrastructure-specific risk characteristics, the study provides a more 
comprehensive evaluation of potential impacts. 
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Overall, the methodology establishes a robust foundation for coupling landslide 
susceptibility modeling with infrastructure risk assessment, offering a transferable 
approach for identifying and managing climate-induced geohazards in complex 
systems. 

7.2.3 The impacts of this Doctoral research 

This Doctoral research provides a significant advancement in the assessment of 
landslide susceptibility at regional scale by addressing the long-standing limitation 
of static methodologies that fail to account for climate variability. By developing a 
novel machine learning-based framework capable of evaluating both current and 
future susceptibility conditions, the study establishes a robust and transferable 
approach for incorporating climate change into landslide hazard assessment. 

The implications of this work extend well beyond methodological innovation. 
The proposed framework enables stakeholders and decision-makers to identify 
landslide-prone areas with greater accuracy compared to conventional 
methodologies and temporal resolution, supporting more informed planning and 
risk mitigation strategies. In particular, the ability to generate monthly susceptibility 
maps allows practitioners to move from static representations toward dynamic 
assessments, reflecting the evolving nature of climatic forcing and its influence on 
slope stability. 

From a practical perspective, the application of the methodology to the Aosta 
Valley demonstrates both its feasibility and effectiveness. The results indicate that 
the proposed framework can be successfully implemented to generate more 
accurate and dynamic landslide susceptibility maps compared to conventional static 
approaches. This improvement enhances its value for practical applications, 
particularly in supporting land-use planning and infrastructure management. 
Moreover, the integration of future climate projections increases its relevance by 
enabling forward-looking assessments, which are essential for long-term resilience 
planning. 

A key contribution of this research lies in its ability to link landslide 
susceptibility with infrastructure exposure. The overlay analysis conducted on 
electricity transmission networks illustrates how the methodology can be used to 
identify critical assets located in high-risk areas, thereby supporting targeted 
mitigation and maintenance strategies. Moreover, the framework is not limited to a 
specific infrastructure type; it is inherently adaptable and can be extended to other 
linear systems such as roads, railways, and pipelines. 

Overall, this research shifts the perspective of landslide susceptibility 
assessment from a static to a dynamic paradigm, emphasizing the necessity of 
incorporating climate variability and change into hazard evaluation. By combining 
methodological rigor with practical applicability, the study provides a valuable tool 
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for improving risk assessment, enhancing infrastructure resilience, and supporting 
evidence-based decision-making in the context of a changing climate. 

7.3 Recommendations for future development 

Several additional aspects could be considered in future studies to further improve 
the predictive performance of the applied algorithms. 

First, regarding the monthly dataset, it would be preferable for each month to 
be trained and tested using only the landslide events that occurred within that 
specific month. However, due to the limited number of recorded landslides in 
certain months (e.g., January and February), the same landslide dataset was used 
across all months in the present study. 

Second, incorporating projected land cover changes could significantly affect 
future landslide susceptibility, especially in months where land cover is an 
important factor. Although preliminary projections were attempted, they could not 
be verified and were excluded from the analysis. 

Third, once landslide events occurring in 2024 and subsequent years are 
reported and incorporated into the inventory, the susceptibility map should be re-
evaluated to further assess its predictive capability and long-term robustness. 

In addition, incorporating permafrost thickness as a conditioning factor may 
enhance model performance, especially in mountainous regions such as the Aosta 
Valley. However, such data were not available for the time periods considered in 
this study. 

The proposed approach is inherently data-driven and therefore strongly 
dependent on the quality and completeness of the input datasets, particularly the 
landslide inventory used for model training and validation. However, such 
inventories may not fully capture all landslide events within the considered time 
frame, especially in remote or inaccessible areas where reporting is limited. This 
may introduce some degree of bias into the model and influence the reliability of 
the resulting susceptibility maps. To address this, it is recommended that the 
landslide inventory be continuously updated as new events become available. In 
particular, incorporating newly recorded landslides from areas that were previously 
not identified by the model as belonging to the “high” or “very high” susceptibility 
classes can contribute to improving model performance and enhancing the 
robustness of future susceptibility assessments. 

Moreover, for a more comprehensive infrastructure risk assessment, additional 
factors such as transmitted power capacity, load distribution, and number of end-
users per tower could be included, but these data were unavailable in this study. 
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Finally, future developments of the proposed methodology may include its 
extension to other infrastructure networks, such as railways, road systems, and 
pipelines, to assess their susceptibility to landslides under changing environmental 
conditions. 
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