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Abstract

Landslides, defined as the downward movement of rock, debris and soil, pose a significant risk
to road infrastructure in the Piedmont region, Italy, particularly when triggered by seismic
activity and heavy rainfall. This study focuses on assessing the stability and resilience of a rural
road network consisting of four primary roads, all connecting the city of Turin, more
specifically, the Sassi neighbourhood, with the town of Pino Torinese. Analytical models were
integrated into a novel framework for determining the safety factor (FS) and critical
acceleration (ac) for various ground conditions within the identified road network. This method
involves the use of GIS data and Digital Elevation Models (DEM) to assess the slope
characteristics. Probabilistic seismic hazard analysis (PSHA) models were employed to derive
peak ground acceleration (PGA) values, which were then used to calculate Newmark's
displacement. Both fully dry and fully saturated conditions were considered to model the
boundary conditions of ground stability. Results show that road stability is strongly impacted
by soil conditions and slope angles, with stability decreasing as FS approaches the unit value.
The highest instability occurs in fully saturated soils due to heavy rainfall, while seismic activity
in the studied areas has limited impact. The proposed framework offers valuable insights for
designing targeted interventions and assessing road networks’ resilience.
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1 INTRODUCTION

As climate variability and geological processes increasingly affect human settlements and
infrastructure, the need for comprehensive multi-hazard assessments has never been more critical
(Gentilucci et al., 2021). In this context, landslides are critical as they represent a geological process
in which soil, rock and debris move downward and outward due to gravitational and ground-borne
horizontal forces. Seismic activity and heavy rainfall are two major natural forces that can destabilise
slopes (Reichenbach et al., 2018) and severely impact road networks. A recent example highlighting
the urgency of this issue is the landslide that disrupted the Fréjus tunnel on August 28", 2023. This
tunnel, a key transportation link between Italy and France, was blocked by a landslide in the French
Savoy region, causing significant disruptions to mobility and trade.

Along these lines, ensuring resilience in road infrastructure is crucial for maintaining
functionality, minimizing recovery time and reducing socio-economic impacts (Wassmer et al.,
2024). Resilience not only depends on robust design and disaster mitigation but also on addressing
interdependencies within infrastructure networks. Failures in one system, such as power outages, can
amplify disruptions in transportation. Strategic planning should integrate both preventive and
responsive measures, combining technical solutions with policy frameworks to enhance adaptability
and ensure long-term infrastructure stability (Der Sarkissian et al., 2020).

This research assesses the impact of rainfall and earthquakes on slope stability along critical
roads in the Piemonte region, Italy. A GIS-based approach was used to analyze recorded landslides
in relation to key geotechnical parameters, including the safety factor FS, critical acceleration ac, and
Newmark displacement Dn. Both fully saturated and fully dry soil conditions were considered to
capture extreme scenarios. Where direct soil data was unavailable, default values were assigned based
on regional averages to maintain consistency. By identifying unstable and marginally stable slopes,
this study provides insights that support road management and mitigation strategies. The findings
contribute to improving the resilience of transportation networks against natural hazards, ensuring
safer and more reliable infrastructure in landslide-prone regions.

2 LANDSLIDE MODELLING

The phenomenon of landslides will always occur due to the influence of destabilizing forces. The
occurrence or non-occurrence of such a landslide depends on the magnitude of these forces in relation
to the magnitude of the stabilizing forces. The failure of the soil is usually modelled using the Mohr-
Coulomb failure criterion, a form of the limit equilibrium method (LEM) (McColl, 2022; Po Wong
et al., 2022). As shown in Figure 1, these destabilizing forces include gravity. A certain safety factor
can thus be assigned to each particle of land within a slope by simply determining the ratio of the
stabilizing, resisting forces to the destabilizing, driving forces (McColl, 2022). Apart from the shear
stresses caused by gravity, which are always present in the soil, additional temporary driving stresses,
known as triggers, can exceed the soil’s resistance to movement. These triggers can result from
various factors, such as heavy rainfall or seismic activity.
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Figure 1: a) Influence of the slope angle; b) stresses along a potential failure surface (McColl, 2022).

The two triggers discussed in this paper are earthquake-induced landslides (EQIL) and rainfall-
induced landslides (RIL). EQILs occur when a slope that is initially marginally stable becomes
unstable due to seismic activity (Popescu, 2002; Sassa et al., 1996). This activity generates both
vertical and horizontal ground shaking, with horizontal acceleration acting as a driving force that
destabilises the ground. This paper examines peak ground acceleration (PGA), which measures the
intensity of horizontal acceleration caused by an earthquake. If PGA exceeds a slope-specific
threshold, the trigger is considered strong enough to cause instability and failure, resulting in an EQIL
(Gutiérrez & Gutiérrez, 2016; Sassa et al., 1996). RILs, on the other hand, occur when heavy or
prolonged rainfall saturates the soil, reducing its stability and increasing pore water pressure. If this
process weakens the slope beyond its resistance capacity, failure occurs, leading to a RIL (Gutiérrez
& Gutiérrez, 2016).

To apply the method discussed later, several assumptions and simplifications are made. These are
necessary due to limited data availability, either because certain on-site tests are impractical or
because detailed information is unavailable. Thus, we apply the rigid-block model, through the so-
called limit equilibrium method (LEM) under the assumption of a planar sliding surface, simplifying
the calculation of the safety factor. This allows for the use of linear equations based on translational
equilibrium, applicable to localised failures, namely, block failure, or unstable slope sections, namely,
infinite slope model (Christian & Baecher, 2015). However, due to uncertainties in the depth and
extent of sliding surfaces, the infinite slope assumption is deemed unsuitable, and a rigid-block model
is adopted instead. Such a rigid-block model better aligns with the available data and site conditions
while enabling the use of Newmark’s displacement calculations. Several key assumptions support
this approach: slope deformation is treated as a two-dimensional problem, the safety factor is assumed
uniform across the slip surface, and material behaviour follows a rigid, perfectly plastic model, where
failure occurs without strength changes. Additionally, the sliding surface is predefined with a fixed
planar or curvilinear shape.

Landslide susceptibility is assessed using key geotechnical parameters, such as effective internal
friction angle, effective cohesion, and volumetric weight, which are determined from soil samples.
These values are recorded in a project GIS and assigned to nearby landslides previously documented
in the study area. Since high-density sampling across the entire area is not feasible, a GIS-based
spatial analysis is used to estimate parameters in unsampled locations. Buffer zones of 500 meters are
created around each sample point, assigning landslides within these zones the parameters of the
nearest sample. Landslides outside these zones are assigned the average values of all available
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samples. If a sample lacks certain parameters, missing values are supplemented with these averages.
This method maintains consistency and enhances the reliability of the assessment.

Another key assumption in this study is the soil thickness perpendicular to the failure surface, a
crucial but uncertain parameter used in the calculation of the safety factor explained later. Due to soil
heterogeneity, the depth of the critical slip plane cannot be determined solely from empirical data.
Instead, predictive models estimate the failure depth, where soil resistance is lowest and failure most
likely, while stability increases at other depths. Given the limitations of in-situ testing and modelling,
a uniform soil thickness of 3 meters is assumed, based on established methods in geotechnical
investigations (Jing et al., 2023; Wu, 2015). This depth is often associated with layer separations,
which may serve as potential settlement surfaces. While this assumption is in good agreement in some
areas, it introduces uncertainty in others. A greater thickness reduces cohesive strength and lowers
the safety factor, while a smaller thickness increases resistive stresses and improves stability.

The final assumption in this study concerns the parameter m, i.e., the ratio of saturated soil
thickness to the total soil thickness. This factor is influenced by precipitation intensity and is difficult
to determine accurately. Ideally, m can be derived from in-situ testing or probabilistic analysis, but
due to limited data, two simplified scenarios are used to represent extreme soil saturation ratios. The
best scenario assumes completely dry soil with m = 0, where no saturation occurs and, therefore, the
soil maintains its maximum shear strength. This occurs after long periods of drought or at extremely
low groundwater levels. The worst-case scenario assumes fully saturated soil with m = 1, in which
water saturates the entire soil layer and significantly reduces the strength of the soil. Although full
saturation is rare, it becomes more likely during periods of heavy rainfall. We acknowledge that soil
moisture fluctuates due to seasonal and environmental factors, but these variations are simplified to
two fixed values for the sake of simplicity. In addition, this approach only considers soil saturation
and not increased groundwater pressure, which can further reduce slope stability (Zong et al., 2024).

3 SEISMIC HAZARD SCENARIO AND METHODOLOGY

This paper proposes an analytical method to determine the hazard of a landslide and allows
determining the safety factor and the impact of seismic activity on a slope. This method not only
determines the probability of occurrence but also provides a framework to go beyond hazard
assessment and incorporate risk assessment. While hazard assessment focuses solely on estimating
the likelihood of a specific event at a given location, this approach allows for a more comprehensive
analysis by also considering its potential consequences. In this context, road networks are highly
vulnerable to a multitude of natural hazards, such as earthquakes, heavy rainfall, and floods, which
cause landslides and severe disruptions, economic losses, and safety risks. We developed a method
for analytically assessing landslide hazards, considering both EQILs and RILs. With probabilistic
seismic hazard analysis (PSHA), digital elevation models (DEM) and geological data available, both
the safety factor (FS) and Newmark's displacement Dy can be determined. The following procedure
is used based on the flowchart presented in Figure 2.
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Figure 2: Flowchart of the methodology used to compute EQIL and RIL.

Probabilistic Seismic Hazard Analysis (PSHA) is used to estimate Peak Ground Acceleration
(PGA) by evaluating the probability of different levels of earthquake-induced ground motion at a
given location over a specific time period. This method integrates seismic source zones, earthquake
magnitude distributions and Ground Motion Prediction Equations (GMPEs) through a logic tree
approach (Iervolino et al., 2023). Each branch in the logic tree represents a different seismic scenario,
weighted based on expert opinions and historical data (Anbazhagan et al., 2019).

As already hinted before, the soil saturation parameter m is here defined as the ratio of saturated
soil thickness to the total soil thickness. This is a key parameter influencing slope stability. Due to
the absence of direct in-situ measurements, this study adopts a simplified approach by considering
two extreme scenarios: dry conditions, m = 0, and fully saturated conditions, m = 1. In the dry
scenario, the soil retains its maximum shear strength, leading to a higher safety factor. Conversely, in
the fully saturated scenario, increased pore water pressure reduces shear strength, lowering the FS
and making slope failure more likely. The slope angle a is critical in landslide susceptibility, as
steeper slopes are more prone to failure due to increased gravitational forces. In this study, the slope
angle is derived from a digital elevation model (DEM). The DEM provides topographic data, being
the height of two points of interest and the horizontal distance between them, allowing for the
calculation of local slope gradients across the study area.

The safety factor (FS) is calculated to assess slope stability using Eq. (1). An FS > 1 indicates a
marginally stable slope, while an FS <1 suggests potential failure. This study employs the rigid-block
model, which aligns with the Newmark displacement method for seismic analysis. According to
Jibson et al. (Jibson et al., 2000), the FS is determined as follows,

c' tang’ m-vy, tang'

FS = (1)
y-t-sena tana y - tana

where ¢’ is effective cohesion, y is the unit weight of the soil, t is the soil thickness perpendicular to
the failure surface, a is the slope angle, ¢’ is the effective internal friction angle, m is the saturation
ratio and yw is the unit weight of water. The critical acceleration, ac, represents the minimum
horizontal acceleration required to initiate slope failure. It is a key parameter in assessing seismic
slope stability, as it defines the threshold at which driving forces exceed resisting forces. A positive
ac indicates a stable slope, whereas a negative ac suggests inherent instability. The critical acceleration
is calculated as follows,

a. = (FS—1)g - sina ()
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where FS is the safety factor, g is the gravitational acceleration, and a is the slope angle. To finally
assess the Newmark’s displacement, Dn, which estimates the permanent movement of a slope during
seismic loading, we employ the approach proposed by Nifio et al. (Nifio et al., 2014). This value does
not necessarily provide the actual effective displacement of the soil but rather serves as an estimate
of the potential movement of the slope under loading conditions, and is assed as follows,

a; 2,10 a. -1,783
In(Dy) = —1,708 + In (1 — ) ( > 1,04 (3)
Amax Amax

where ac is the critical acceleration, and amax is the peak ground acceleration. Dn is only meaningful
if ac < amax , ensuring that seismic forces exceed the slope’s resistance threshold.

4 APPLICATION TO THE TURIN RURAL ROAD NETWORK

The study area is located in Piedmont, Italy, focusing on the road network between Sassi and Pino
Torinese near Turin. This region was selected due to its strategic importance and high landslide
susceptibility. The analysis considers four key paths: these are referred to here as Panoramica, Pino
Nuovo (SS10), Pino Vecchio, and Eremo. Triggered by rainfall and seismic activity, the landslides
pose risks to infrastructure and mobility. ISPRA, Istituto Superiore per la Protezione e la Ricerca
Ambientale, provides a useful web platform as a database for landslides and floods, as shown in
Figure 3. Each red dot represents a registered landslide that occurred in the past. The study area is
located in the landslide-dense region just south of Turin's city centre.
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landslides and floods; landslides are marked by red dots.

The four roads connecting Pino Torinese and Sassi are integrated into a project GIS, along with
all landslides recorded by ISPRA that intersect or are in proximity to these roads, shown in Figure 4.
The region is characterised by a relatively low peak ground acceleration (PGA), uniformly assumed
to be 0.050g. However, it experiences frequent and intense rainfall, which is likely the primary cause
of slope failures.
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Figure 4: The four chosen paths in the study area.

The slope angle was determined using Google Earth, while soil parameters were obtained from
samples and perforations conducted by ARPA (Agenzia Regionale per la Protezione Ambientale), a
geotechnical database for the Piedmont region. These values were added to the project GIS. To assign
default values, ARPA samples were also numbered and included in the GIS with a 500 m buffer, as
shown in Figure 5.

Figure 5: project GIS with buffered samples (radius 500m).

Landslides outside these buffers were assigned default values, as listed in Table 1.

Table 1: Default values of the soil parameters.

Soil parameter Notation  Default value
Friction angle ¢’ 25.64°
Cohesion c’ 20.70 kPa
Volumetric weight of the soil v 19.19 kN/m?
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5 RESULTS

All the recorded landslides shown in Figure 4 were used in this application. Firstly, the safety
factor (FS) was calculated under the worst-case scenario of full saturation, followed by a dry
condition where the saturation ratio was set to zero. For each landslide, the critical acceleration ac
and Newmark’s displacement Dy were also determined. Figure 6 a) and b) depict the landslides in

fully saturated and dry conditions, respectively.
a) b)

Figure 6: a) Landslides under fully saturated conditions. RILs are depicted in red while EQIL + RIL in yellow.
b) Landslides in dry conditions. Natural dry conditions (red) and EQIL (yellow).

Figure 6 a) shows that all the roads studied are prone to landslides, which can be triggered by RILs,
or a combination of rainfall and seismic activity. The Panoramica road, located at the top of the figure,
is the most affected, with eleven potential landslide locations that could block the road if triggered.
In contrast, Figure 6 b) indicates that only the Panoramica road is vulnerable under natural dry
conditions or when seismic activity occurs, highlighting its higher susceptibility compared to the
other roads in the area.

To further quantify these findings, Table 2 presents the results for Panoramica Road under both
extreme conditions. The same colour-coding as in Figure 6 is applied: landslides with FS <1 and thus
negative ac are marked in red, as they are inherently unstable. For these cases, Newmark’s
displacement cannot be determined, as it would lead to an undefined result in Eq. (3). Their failure
is, therefore, not due to seismic activity. Conversely, landslides where seismic activity contributes to
failure are highlighted in yellow. In these cases, FS > 1, and a nonzero Newmark’s displacement (D)
is observed. Under fully saturated conditions (m = 1), the red-marked landslides are classified as
RILs, while the yellow-marked ones represent a combination of RIL and EQIL. LP2 and LPS5,
respectively, from Table 2 are an example of this. Under fully dry conditions, the yellow landslides
are considered EQILs (LP2), while the red ones indicate locations that are already unstable under
natural dry conditions, without additional external triggers (LP3). This contradicts reality and is
further explained in the following section.
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Table 2: Safety factor (FS), critical acceleration (ac), and Newmark’s displacement (Dn) assessed for the landslides relevant to
Panoramica road, in both dry (m = 0) and fully saturated soil conditions (m = 1); the landslides highlighted in red are the RILs,
while the yellow highlights the EQILs.

m=1 m=20
ID o[°] FS[/] ac[g] Dn[m] |FS[/] ac[g] Dn[m]

LP1 18.43 140 0.13 201 032
LP2 34.93 102 001 273
LP3 38.07

LP4 38.82 122 0.14
LP5 33.69 142 023
LP6 18.65 264 0.52
LP7 16.70 285  0.53
LPS 38.96 .19 0.12
LP9 34.80 135 020
LP10 34.80 135 020
LP11 25.63 134 0.15 1.87 038
LPI12 19.92 170 024 238 047
LP13 27.15 126 0.12 1.76 035
LP14 26.34 130 0.13 1.82 036
LP15 27.76 123 0.11 172 034
LP16 23.96 143 0.17 201 041
LP17 28.72 .19 0.09 1.66  0.32
LPIS 24.08 142 0.17 200 041
LP19 23.87 144 0.18 202 041
LP20 38.77 120 0.13
LP21 18.97 177 025 244 047
LP22 38.32 1.16  0.10
LP23 25.05 133 0.14 1.83 035
LP24 22.85 146 0.18 201 039
LP25 31.66 105 003 012 | 143 o022
LP26 23.47 144 0.8 201 0.40
LP27 22.65 150 0.19 208 0.42
LP28 25.55 132 0.14 1.84 036
LP29 25.02 135 0.15 1.88 037
LP30 34.32 B ¢ 09
LP31 2424 156 023 211 0.46
LP32 6.00 567 049 800 0.73
LP33 9.50 358 0.43 505 0.67
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6 CONCLUSIONS

In this study, we developed a framework for assessing the impact of earthquakes and heavy rainfall
on landslide susceptibility along a road network in the Piemonte region, Italy. The findings indicate
that slope instability is primarily driven by a combination of steep terrain, unfavourable soil properties
and high saturation levels due to intense rainfall, rather than seismic activity.

A key methodological choice was the use of default soil parameters for areas lacking direct sample
data. These default values, derived from the average of available samples, ensured a consistent
approach. However, an alternative could involve assigning the most critical values, i.e., lowest
friction angle, cohesion and unit weight, which would provide a more conservative assessment.

The results reveal several cases where the safety factor (FS) is below 1, which theoretically
indicates slope failure. In reality, no additional landslides have occurred at these locations since the
previously recorded events, suggesting that the actual safety factor must be greater than 1. Examples
of such cases on Panoramica Road include LP2, LP3, LP4, and others, as shown in Table 2. This
discrepancy may be attributed to the use of default soil values, which could be more conservative
than real conditions, or to the assumption of fully saturated soil, which is unlikely to be consistently
present in practice. LP3 in completely dry conditions demonstrates that differences between the
calculated FS values and reality cannot be solely attributed to soil saturation. Therefore, other factors
must also play a significant role. The assumption of a uniform soil thickness of 3 meters above the
failure surface across all locations introduces uncertainty, as the actual depth of this critical surface
may vary significantly. A greater thickness would typically result in a lower FS, while a thinner layer
could increase stability. Moreover, the rigid-block model used for stability calculations assumes a
planar sliding surface, which may not accurately represent the complexity of real slope failures. This
simplification could lead to either an overestimation or underestimation of stability, depending on the
actual geometry of the failure surface. These aspects highlight the inherent limitations of analytical
modelling and suggest that refining input data, incorporating more detailed field measurements, and
considering more advanced modelling techniques could improve the accuracy of FS predictions.

The results provide geotechnical, structural, and transportation engineers with valuable insights
into road infrastructure resilience, supporting targeted mitigation strategies. The calculation of critical
acceleration further refines the assessment of slope sensitivity to external triggers, such as
earthquakes. Future research could incorporate Monte Carlo simulations to evaluate stochastic
resilience indices. The developed database and proposed methodology offer a solid foundation for
further resilience assessments.
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