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Abstract. Rainfall-induced shallow landslides are among the most widespread natural hazards in mountainous regions, where 

intense precipitation, steep topography, and subsurface hydrological processes interact to trigger slope failures. Physically 10 

based approaches commonly derive rainfall-triggering thresholds using the framework proposed by Montgomery and Dietrich 

(1994), which defines instability conditions as a function of groundwater table position. However, this formulation neglects 

the stabilizing contribution of matric suction in unsaturated soils, potentially limiting its applicability. This study introduces a 

complementary metric, the Critical Soil Moisture (CSM), which, together with the classical Critical Wetness Index (CWI), 

provides a continuous hydro‑mechanical description of stability across the full range of hillslope moisture states. The 15 

methodology is applied to the 28.6 km² Pontaiba basin in the Carnic Alps (northeastern Italy), a region characterized by steep 

terrain, high precipitation, and documented shallow landslides. Spatially distributed analyses based on topographic, soil, and 

landslide inventory data are combined with sensitivity analyses and an ensemble calibration procedure using Receiver 

Operating Characteristic (ROC) metrics to constrain uncertain parameters. Results delineate three stability regimes, 

unconditionally stable terrain, groundwater-controlled instability (CWI), and moisture-controlled instability (CSM), and 20 

identify slope-dependent hydrological thresholds that can support landslide early warning by focusing on state variables 

(groundwater, soil moisture) rather than rainfall alone. 

1 Introduction 

Rainfall-induced shallow landslides represent one of the most widespread and destructive natural hazards, causing thousands 

of fatalities and billions of dollars in economic losses each year (Emberson et al., 2020; Froude and Petley, 2018; Roman 25 

Quintero et al., 2025). These mass movements, typically mobilizing soil depths of 0.5 to 3.0 meters, are particularly prevalent 

in mountainous regions where steep terrain, weathered regolith, and intense precipitation events converge to create conditions 

conducive to slope failure (Van Asch et al., 1999; Guzzetti et al., 2008). Shallow landslides often occur rapidly in response to 

short-duration, high-intensity rainfall or prolonged wet periods that elevate pore-water pressures within hillslope materials 

(Iverson, 2000; Sidle and Bogaard, 2016). The coupling between hydrological forcing and mechanical response renders these 30 
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phenomena particularly sensitive to variations in precipitation patterns, soil moisture dynamics, and antecedent wetness 

(Bogaard and Greco, 2018; Ponziani et al., 2012). Given their widespread occurrence across diverse geomorphological and 

climatic settings, developing robust frameworks for identifying zones of heightened susceptibility and quantifying critical 

hydromechanical thresholds remains a paramount challenge in natural hazard research and risk management (Reichenbach et 

al., 2018; van Westen et al., 2006). 35 

The frequency and magnitude of rainfall-induced landslides are fundamentally governed by hydrologic and meteorological 

controls that modulate subsurface moisture conditions and pore-pressure dynamics. The development of physically based slope 

stability models has provided a framework for translating hydrological forcing into mechanical response. The foundational 

work of Montgomery and Dietrich (1994) established the coupled hydrological-stability modeling paradigm, wherein hillslope 

stability is quantified through the Factor of Safety (FoS), the ratio of resisting to driving forces acting along potential failure 40 

planes. This framework integrates the infinite slope model (Taylor, 1948) with the Mohr-Coulomb failure criterion (Terzaghi, 

1943; Terzaghi et al., 1996) to assess stability as a function of topographic attributes (slope angle, ω), soil mechanical 

properties, and hydrological state variables (groundwater table height above a failure plane). The elegance of this approach 

lies in its invertibility, i.e., for given geotechnical parameters and topography, critical hydrological conditions leading to failure 

can be identified by solving for the groundwater configuration that sets FoS to 1, its critical value (Montgomery and Dietrich, 45 

1994). This inversion yields the Critical Wetness Index (CWI), defined as the ratio of the thickness of the groundwater table 

above the failure plane to the depth of the failure plane from the soil surface, which demarcates stable and unstable terrain as 

a function of ground slope angle. Subsequent implementations have demonstrated the utility of this framework across diverse 

hydrogeomorphic settings, enabling basin-scale hazard assessment through spatially distributed modeling of topographic and 

pedologic controls (Arnone et al., 2016; Baum et al., 2010; Brilli et al., 2025; Di Biagio et al., 2024; Dietrich et al., 1995; Wu 50 

and Sidle, 1995) 

Despite their demonstrated utility, the critical thresholds derived from inverting the Montgomery and Dietrich (1994) slope 

stability model have a fundamental limitation, i.e., they are formulated exclusively for conditions where slope failure is 

triggered by positive pore-water pressures associated with a rising groundwater table (Arnone et al., 2011; Montgomery and 

Dietrich, 1994). In unsaturated soil zones above the water table, pore-water pressures are negative with respect to atmospheric 55 

pressure, generating matric suction that effectively increases shear strength by enhancing intergranular effective stress 

(Fredlund et al., 2012; Fredlund and Rahardjo, 1993; Lu and Likos, 2004). This additional cohesive strength, which varies as 

a function of soil moisture content by relating soil moisture to matric suction via the soil-water retention curve (SWRC), can 

provide substantial resistance to slope failure (Fredlund et al., 1996; van Genuchten, 1980; Lu and Godt, 2008; Vanapalli et 

al., 1996). Ignoring unsaturated zone mechanics therefore leads to systematic underestimation of stability in steep terrain and 60 

precludes identification of moisture-based failure thresholds in regions where groundwater tables may not reach critical depths. 

Several studies have incorporated unsaturated soil mechanics into slope stability analysis through extended Mohr-Coulomb 

criteria that include suction stress or matric suction contributions (Arnone et al., 2016, 2021; Bao et al., 1998; Bishop, 1955; 

Lepore et al., 2013; Öberg and Sällfors, 1997; Vanapalli et al., 1996).   
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The need for threshold-based hydromechanical stability demarcation stems from both scientific and operational imperatives. 65 

From a scientific perspective, a complete mechanistic understanding of rainfall-induced landslide triggering requires 

accounting of the full continuum of hydrological states, from dry conditions through unsaturated regimes to full saturation 

(Arnone et al., 2011; Lepore et al., 2013). A unified framework capable of identifying critical thresholds across this continuum 

enables systematic investigation of how soil type, topography, and rainfall characteristics interact to control landslide 

susceptibility. From an operational standpoint, threshold-based approaches provide actionable criteria for hazard assessment 70 

and early warning systems. Operational landslide early-warning systems increasingly rely on rainfall thresholds, hydrological 

indices, and real-time monitoring to anticipate failure conditions and issue alerts (Piciullo et al., 2018; Segoni et al., 2018b). 

However, most operational systems still depend on empirical rainfall thresholds that do not explicitly represent 

hydromechanical processes, limiting their ability to anticipate failures under evolving climatic and hydrological conditions 

(Guzzetti et al., 2020). Threshold-oriented frameworks that quantify critical moisture or groundwater states therefore have 75 

considerable potential for integration into next-generation early-warning systems, particularly under non-stationary climate 

forcing. To address these limitations, this study introduces a complementary metric called Critical Soil Moisture (CSM), 

extending the Montgomery-Dietrich approach by incorporating unsaturated soil mechanics via the extended Mohr–Coulomb 

criterion (Bishop, 1955) and the van Genuchten (1980) soil-water retention model. We implement this methodology in a case 

study in in the Carnic Alps of northeastern Italy. This location experiences one of the highest precipitation totals in the Alpine 80 

arc, exhibits pronounced morphological variability, hosts a well-documented inventory of shallow rainfall-induced landslides, 

and is projected to see increases in Alpine extreme precipitation as climate changes (Arnone et al., 2023, 2024; Estermann et 

al., 2025; Gobiet et al., 2014).  

The objectives of this study are: (i) to formulate a unified hydro-mechanical framework capable of continuous stability 

assessment across saturated and unsaturated conditions; (ii) to calibrate and apply this approach at basin scale using available 85 

topographic, soil, and landslide inventory data; and finally (iii) validate, to the extent possible, the methodology.  

2 Methodology 

Factor of Safety (FoS) is used as a measure of the stability and is defined as the ratio of resisting to driving forces applied 

along the hillslopes, by accounting for gravity, soil resistance, and soil moisture dynamics within the terrain. When coupled 

with hydrological models, the most widely used FoS formulation is the one derived for the infinite slope model and grounded 90 

in the Mohr–Coulomb failure criterion (Montgomery and Dietrich, 1994; Terzaghi et al., 1996), which incorporates three 

distinct hydrostatic configurations defined by the position of a groundwater level relative to the potential failure plane: (1) a 

fully groundwater-submerged soil column, where the groundwater level extends continuously from the potential failure plane 

to the ground surface (Fig. 1a), in this configuration the soil column is fully saturated; (2) a completely groundwater-free 

condition, where no groundwater table exists above the potential failure plane, and the entire soil column contributing to shear 95 

resistance is devoid of groundwater (Fig. 1b); and (3) a partially groundwater-influenced profile, where the groundwater level 
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is located above the potential failure plane resulting in a saturated zone extending from the potential failure plane up to the 

groundwater level, with the remaining upper portion of the soil column dry (Fig. 1c). Under conditions a, b and c illustrated in 

Fig. 1, the equilibrium between resisting forces, gravity-driven forces, and positive pore pressures in saturated regions is 

described by the following equation (Arnone et al., 2011; Montgomery and Dietrich, 1994): 100 

 

 FoS =
c

γsz sin ω
−

γw

γs

⋅
hw

z
⋅

tan ϕ

sin ω
+

tan ϕ

tan ω
 (1) 

 

where c is the soil cohesion, ϕ is the angle of internal friction, γw unit weight of the water, ω is the slope of the soil column, 

γs is the unit weight of the water, z is the depth at which the FoS is computed and  hw is height of the water table with respect 

to the depth z. The term hw z⁄  identifies the Wetness Index (WI), defined as the ratio of height of the water table above the 105 

failure plane, hw, to the depth of the soil column above the failure plane, z  (Arnone et al., 2011; Montgomery and Dietrich, 

1994).  

 

 

Figure 1: Schematic illustration of four possible hillslope conditions: (a) fully saturated soil column with the groundwater table at 110 
the surface; (b) dry condition with no groundwater table; (c) partially saturated condition with the groundwater table at a height 

hw; and (d) condition where the groundwater table is absent, but soil moisture is present 

 

As stated in Sect. 1, the limitation of the Montgomery and Dietrich formulation, Eq. (1), is that it is valid only for a failure 

plane within a saturated groundwater zone, or a completely dry situation. As will be shown below, that results in an 115 

underestimation of the steepest surface gradient below which a not fully saturated soil is stable. This underestimation is a 

consequence of assuming zero pore pressures in the “dry” zone when that region is apt to contain water, in an unsaturated 

state, resulting in negative pore-water pressures (matric suction) induced by capillary forces which in turn helps resist slope 
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failure. This omission results in an underestimation of shear strength in conditions where suction contributes significantly to 

slope stability and hence the possibility of steeper stable slopes.  120 

To address the above limitation, this study incorporates the full spectrum of hydrological conditions governing slope stability 

by assessing the FoS under both groundwater-controlled conditions, characterized either by positive (Fig. 1a, c) or zero pore-

water pressures (Fig. 1b); as well as conditions in which no groundwater table present above the potential failure plane, while 

the soil remains wet but unsaturated, and negative pore-water pressures (matric suction) contribute significantly to shear 

strength (Fig. 1d). The equation used to include this last condition is based on an extended failure criterion of Mohr–Coulomb, 125 

(Bishop, 1955), which utilizes the soil-water retention curve (SWRC) to find negative pore pressures in the unsaturated zones. 

The equation is (Bao et al., 1998; Fredlund et al., 1996; Khalili and Khabbaz, 2002; Öberg and Sällfors, 1997; Vanapalli et al., 

1996):   

 

 FoS =
c

γsz sin ω
−

γw

γs

⋅
ψ(θ)

z
⋅ χ ⋅

tan ϕ

sin ω
+

tan ϕ

tan ω
 (2) 

 130 

where ψ(θ) is the negative pressure (or matric suction), which is related to soil moisture content θ by means the SWRC, and χ 

is a parameter that can be assumed equal to the effective saturation level (Lepore et al., 2013; Vanapalli and Fredlund, 2000): 

 

 χ =
θ − θr

θs − θr

 (3) 

 

where θ represents the soil moisture of the soil layer at the potential failure plane which is z meters down from the ground 135 

surface; θr and θs are the residual and the saturated soil moisture respectively. Using the van Genuchten, (1980) SWRC in Eq. 

(2), it results in:  

 
FoS =

c

γsz sin ω
−

γw

γs

⋅

−
1
α

[(
θ − θr
θs − θr

)
−

n
n−1

− 1]

1
n

z
⋅

θ − θr

θs − θr

⋅
tan ϕ

sin ω
+

tan ϕ

tan ω
 

(4) 

 

where α is a scaling parameter related to the inverse of the air-entry suction and n is a dimensionless shape parameter of SWRC 

(van Genuchten, 1980).  140 

Summarizing, if the failure plane lies within the saturated groundwater zone, Eq. (2) is limiting. If the failure plane lies within 

an unsaturated region, then Eq. (4) is limiting. Equations (1) and (4) converge at the extremes of complete dryness and complete 

saturation.  

For a potential failure plane at depth z and a FoS equal to 1, both Eq. (1) and Eq. (4) can be inverted for a given surface slope 

angle, ω, and set of hydrological (θr, θs, n) and soil-mechanical properties (γs, c, and ϕ) to determine values of wetness index 145 
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or soil moisture at which failure occurs, allowing the delineation of stability regions of the terrain (Montgomery and Dietrich, 

1994). Specifically, inversion of Eq. (1) determines the Critical Wetness Index (CWI) above which the soil column becomes 

unstable (Montgomery and Dietrich, 1994) for a failure plane within the saturated zone:  

 

 CWI =
hw

z
=  (

tan ϕ

tan ω
+

c

γsz sin ω
− FoS) ⋅

γs

γw

⋅
sin ω

tan ϕ
 (5) 

 150 

The upper half of Fig. 2 illustrates Eq. (5) (describing the conditions illustrated in Fig. 1a, b, and c) for a given set of parameters. 

The scale at the right gives the wetness index, the ratio of thickness of the saturation layer above the failure plane to depth to 

the failure plane. In these cases, the failure plane is always within the saturated zone. For angles less than ω* the soil is fully 

saturated, and the slope is always stable. For angles greater than ω**, occurring when the soil is dry above the failure plane, 

the slope is always unstable. In between ω* and ω** the groundwater level is above the failure plane but below the surface, 155 

the soil is not fully saturated. As can be seen the angle at which point the slope fails increases as the wetness index decreases, 

until a wetness index of zero and ω** are reached. Note that throughout this solution the pore pressure at the failure plane is 

always positive, never less than zero. 

As mentioned previously, the problem with the above solution is that it does not consider a failure plane within a region where 

the soil is wet but not saturated, or unsaturated but not dry. In such conditions the matric potentials are negative, providing 160 

additional resistance to failure. That implies that stability can occur for slopes greater than ω** and soil saturation levels 

between θ = θs (fully saturated) and θ = θr (moisture content equal to a residual level, effectively completely dry). With the 

FoS equal to 1, Eq. (4) can be inverted to find an implicit relationship between the critical value of θ, named Critical Soil 

Moisture, CSM, and soil slope, ω: 

1 =
c

γsz sin ω
−

γw

γs

⋅

−
1
α

[(
CSM − θr
θs − θr

)
−

n
n−1

− 1]

1
n

z
⋅

CSM − θr

θs − θr

⋅
tan ϕ

sin ω
+

tan ϕ

tan ω
 

(6) 

 165 

This is illustrated in the bottom half of Fig. 2. Note that the two solutions are continuous in terms of matric potential (negative) 

and soil pore pressure (positive), shown to the right of Fig. 2. The critical soil moistures corresponding to the matric potential 

are in the left axis of the bottom half of Fig. 2. Note that stability can be achieved for slopes greater than ω**. 

In summary, in regions where the failure plane is within the saturated column, where ω∗<ω<ω∗∗, separation between stable 

and unstable areas is determined by the Critical Wetness Index, CWI (y axes on the right), which varies linearly with the slope, 170 

according to Eq. (5).  Conversely, in regions where the failure plane is within unsaturated wet soils (negative pore pressures), 

where ω>ω∗∗, separation between stable and unstable cases is defined in terms of the Critical Soil Moisture, CSM, which is 

highly nonlinear with slope, according to Eq. (6). Although two equations were employed to analyze hillslope stability, with 

respect to wetness index and soil moisture, the developed framework utilizing CWI and CSM provides a continuous 
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demarcation of the topography into stable and unstable from gentle to steep slopes. Notably, the CWI and CSM converge at 175 

the condition where the groundwater table is at the depth of failure surface and yet the soil remains saturated at that depth.   

 

 

Figure 2: Summary of 3 stability regions and the CSM and CWI here defined, at a given hypothetical depth of failure surface (z), 

for given hydrological and mechanical parameters and for varying slope (x axis). Groundwater dominant (gw dominant) region are 180 
marked between ω* and ω**.  

 

The ultimate objective is to use the conceptualization shown in Fig. 2 to classify regions over a basin that are prone to 

landsliding, or vice-versa. The classification would be a function of topography, i.e. surface gradient, and moisture state as 

represented by the CWI or the CSM. Limiting conditions would depend on the position of the failure plane, which is not known 185 

a-priori. Hence the analysis will seek to obtain the most probable stability classification given a distribution of possible failure 

planes. The overall methodological framework applicable at basin scale is described in Supplement S1. 

3. Case study and datasets 

3.1 Study area 

The developed framework has been tested at a small basin called Pontaiba (28.62 km2), which is a sub-basin of the major But 190 

basin (327 km2), located in the Friuli Venezia Giulia region of Italy (Fig. 3).  
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Figure 3: (a) Geographic location of the study area. (b) The selected basin, elevation, and documented rainfall induced shallow 

landslides, (c) slope classes with corresponding slope angles in degrees are shown. 195 

 

The But River is the third most important tributary of the main Tagliamento river and extends across the eastern Italian Alps 

area known as Carnic Alps (Carnia). This area is identified as one of the wettest regions in the entire Alpine arc and receives 

mean annual rainfall between 2500 and 3500 mm (Fratianni and Acquaotta, 2017). The heavy precipitation is influenced by 

Mediterranean moisture sources and orographic uplift (Sodemann and Zubler, 2010). Heavy precipitation occurs between 200 

September and November, with a secondary maximum in spring (Ménégoz et al., 2020; Sodemann and Zubler, 2010). 

Additionally, the area is also characterized by snowfall typically from November to April. Land-surface processes and erosion 

induced by rainfall are significant in this part of the region (Arnone et al., 2023; Cucchiaro et al., 2024; Tarolli and Dalla 

Fontana, 2009). The selected Pontaiba basin is also known for being affected by rainfall triggered shallow landslides (Brunetti 

et al., 2025) as shown in Fig. 3b. 205 

 

3.2 Topographic, land use and soil characterization 

Topographic information of the basin is derived from a 10 m resolution Digital Terrain Model (DTM) provided by the 

Protezione Civile Regione Autonoma Friuli Venezia Giulia as a resampling of 1 m Lidar survey. The DTM was used to 

generate detailed slope distributions, capturing spatial variations in terrain steepness that directly affect gravitational driving 210 

stresses on hillslopes. The 10 m resolution provides a practical tradeoff between the need to capture essential local topographic 

variability without oversimplifying the terrain. 
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The analysis of the study area’s topography revealed elevations ranging from 576 m to 2041 m (Fig. 3b), with a mean elevation 

of 1188 m. Derived slope values varied between 0.01° and 78.15° (Fig. 3c), with an average slope of 29.05°, indicating a 

predominantly steep terrain. The distribution of slopes highlights substantial local variability, which is critical for assessing 215 

geomorphological and hydrological processes. 

Two widely used open-source databases from the Food and Agriculture Organization (FAO) are used to characterize the soil: 

SoilGrids (Hengl et al., 2017) and the Harmonized World Soil Database v2.0, HWSD v2  (FAO, 2023). SoilGrids provides 

gridded estimates (~250 m resolution) of USDA soil texture classes. Within the study basin, SoilGrids indicated two dominant 

soil classes, loam and clay loam. In contrast, HWSD uniformly classified the basin as loam. To reconcile these differences, 220 

average values of sand, silt, and clay fractions were computed for the SoilGrids-derived loam and clay loam units and projected 

onto the USDA soil texture triangle. Notably, the mean composition of the “clay loam” pixels plotted near the “loam” field, 

suggesting that a uniform loam designation is an acceptable simplification for the basin. Consequently, a single representative 

loam texture was adopted for the subsequent hydro-mechanical characterization. For the given soil type, the hydrological 

characterization of the parameters is carried out using the pedotransfer functions implemented in ROSETTA software (Schaap 225 

et al., 2001, 2004; Zhang and Schaap, 2017). 

Mechanical parameters not directly available from the global datasets, specifically soil cohesion and internal friction angle, 

were initially assigned based on values reported in a previous study (Del Fabbro et al., 2024) for a geologically and 

pedologically similar basin in the same region. While fields and laboratory tests have demonstrated quite stable and high values 

of friction angles, the values of soil cohesion are more uncertain. For this reason, we carried out a sensitivity analyses and a 230 

calibration procedure to assess the most reliable values of soil cohesion, as explained later. A complete summary of the applied 

hydraulic and mechanical parameter values is provided in Table 1. 

 

 

Table 1 Hydrologic and mechanical parameters for the selected basin. The unit weight of the soil is considered uniform from the 235 
potential failure plane to the ground surface. Hydrological properties are derived based on the soil map and mechanical properties 

are derived from previous studies. Source: Rosetta Database (USDA class averages). 

 Parameter Symbol Selected value 

Soil friction angle  (ϕ) 30° 

Unit weight of water γw 9816 Nm-3 

Unit weight of soil γs 16687.2 Nm-3 

Residual water content θr 0.0270 

Saturated water content θs 0.4610 

van Genuchten SWRC parameter  α 0.036 cm⁻¹ 

van Genuchten SWRC parameter  n 1.56 
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3.3 Landslide inventory 

Evidence of the occurrence of shallow landslides in the past were verified thorough two national archives, the Inventario dei 240 

Fenomeni Franosi in Italia, IFFI, (Trigila et al., 2026) curated and publicly disseminated by the Italian Institute for 

Environmental Protection and Research (Istituto Superiore per la Protezione e la Ricerca Ambientale, ISPRA); and the ITAlian 

rainfall-induced LandslIdes Catalogue, ITALICA (Peruccacci et al., 2023). The ISPRA-IFFI database compiles georeferenced 

records of mass movements across Italy using historical reports, aerial photointerpretation, field surveys, and Regional 

Environmental Protection Agencies reports (Agenzia Regionale per la Protezione Ambientale, ARPA).  245 

Figure 3 shows the shallow rainfall-induced landslides for the Pontaiba area, selected from the ISPRA–IFFI inventory. The 

events cover a total area of 0.63 km2 (2.21% of the basin), for a total of 48 polygons. The average area is 13,150.35 m2, with 

a minimum of 307.05 m2 and maximum of 14,1260.8 m2. For the selected events, there is no information on the time the 

landslides occurred. Additionally, the ISPRA-IFFI does not include standardized measurements on depth to failure plane or 

slip surface. Qualitative field surveys were conducted within the study basin to verify the spatial accuracy and geomorphic 250 

characteristics of inventoried landslides. 

3.4 Sensitivity analysis 

If the depth of failure were available from the landslide inventory, and all physical parameters known, then the solution in Fig. 

2 would provide the CWI or the CSM at which the failure occurred, given the topographic slope at the failure point. The 

reasonableness of those estimates could be an indirect verification of the model; but since the failure depth is not known and 255 

parameters are uncertain, the verification of model behaviour must be done probabilistically. The idea is to find the most 

probable points of instability in the region and check if they are consistent with the observed areas of failure. 

A sensitivity analysis was carried out to assess the method’s sensitivity to the two parameters for which data were unavailable: 

failure depth and cohesion. The analysis was first performed with respect to failure depth by fixing the cohesion at 9,000 Pa. 

The response of the basin at six different failure depths, z, of 0.50 m, 0.75 m, 1.00 m, 1.25 m, 1.50 m, and 2.00 m was obtained. 260 

Subsequently, cohesion was varied from 5,000 Pa to 15,000 Pa at a step of 2,500 Pa, while maintaining a constant depth to the 

failure plane to evaluate its influence on model response.   
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Figure 4: Behaviour of the selected terrain at six potential failure planes of 0.50 m, 0.75 m, 1.00 m, 1.25 m, 1.50 m, and 2.00 m down 265 
with fixed hydro-mechanical parameters reported in Table 1, for c = 9,000 Pa. Critical Wetness Index (CWI) multiplied by selected 

depth (z) and Critical Soil Moisture (CSM) are plotted along the y-axis and slope angle is shown along x-axis. Dashed lines indicate 

the ω* and dotted lines indicate the ω** corresponding to selected depths. 

 

Figure 4 presents the analysis for the application of the general framework to the study area (Fig. 3), using the hydro-270 

mechanical parameters listed in Table 1 and cohesion equal to 9,000 Pa, for the six fixed depths. To enhance clarity and 

emphasize depth-dependent behaviour, Fig. 4 presents the CWI multiplied by z (CWI×z), acknowledging that this product 

represents the critical value of groundwater table depth above the selected failure plane, hw, in Eq. (5). The x-axis represents 

slope angle in degrees, ranging from 0° to 80° which are the minimum and the maximum slope observed in the basin.  

For a 2.00 m depth to potential failure plane, ω** = 41.98° (Fig. 4), marks the transition between groundwater-driven and soil-275 

moisture-driven instability regimes. Below this threshold, slope stability is governed by the dynamics of the total saturated soil 

thickness above the potential failure surface, here described in terms of CWI×z (top portion of Fig. 4). Beyond ω**, the y-axis 

switches to CSM (bottom portion of Fig. 4, Eq. (6), reflecting instability controlled by unsaturated soil moisture conditions. 

 

 280 
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Table 2 Depth-wise change in critical slope angles, ω* and ω**, and percentage area of unconditionally stable, conditionally stable 285 
in terms of CWI, conditionally stable in terms of CSM. The total area of the basin is 28.62 km2.  

 

 

 

 290 

 

Table 2 provides the percentage of the basin area in each of the stability regimes for each failure depth assumption. Throughout 

this analysis, the hydro-mechanical properties in Table 1 (including cohesion) are held constant in order to isolate the influence 

of the assumed depth to the potential failure plane (z) on stability regimes. Across the basin, 31.30% of the area between 0° to 

25.04° (ω*) is identified as ‘unconditionally stable’ when the depth to potential failure plane is 2.00 m, with the hydro-295 

mechanical properties from Table 1. The region between 25.04° (ω*) and 41.98° (ω**), which is 59.68% of the basin, is 

labelled as ‘conditionally stable’ and a failure will occur only when there is an explicit presence of groundwater table above 

the potential failure plane which is 2.00 m down. This means that the potential failure at 2.00 m is controlled by the thickness 

of the total saturated depth, hw, above the potential failure plane. As the slope increases from 25.04°, less saturated soil depth, 

i.e., CWI×z, is required to initiate a failure, and at 41.98°, theoretically total saturation is required only at the failure surface 300 

layer. The region steeper than 41.98° which is 7.90% of the basin (Table 2) is again termed as ‘conditionally stable’ with the 

stability defined in terms of CSM. As shown in Figure 4, at 41.98°, the y-axis switches from CWI to CSM, starting with a 

CSM of 0.46, which is the saturated water content corresponding to loam type soil (Table 1).  Terrain with gentler slope angles 

up to ω* remains invariably stable regardless of the soil water content. In this region neither groundwater nor soil moisture 

contributes to failure. Clearly, this result is valid only within the assumptions of the implemented model. 305 

The CWI×z curve from 25.04° to 41.98° shows a linear steep negative gradient, indicating how less groundwater depth above 

the failure plane is needed to destabilize steeper slopes. The CSM curve starts at 0.46, corresponding to the saturated water 

content of loam, from 41.98° onwards. The transition from CWI×z to CSM marks a hydro-mechanical behavioural shift, from 

groundwater pressure-driven instability to soil moisture suction-driven instability. The CSM curve (above 41.98°) initially 

follows a highly non-linear steep decline (between 41.98° and 65°), then plateaus at very high slopes (above 65°), suggesting 310 

that; (i) beyond a certain steepness, gravity becomes the dominant destabilizing force, and even minimal moisture contributes 

to instability, and (ii) the plateau implies reduced influence of soil suction forces at steeper terrains. Because the infinite-slope 

framework assumes a planar, laterally extensive geometry and moderate slope angles, its predictions at very steep slopes should 

Depth 

(m) 

Slope ω*  

(°) 

Slope ω**  

(°) 

Unconditionally 

stable (%) 

Conditionally 

stable - CWI (%) 

Conditionally 

stable - CSM (%) 

0.50 62.43 86.14 98.66 00.23 0.00 

0.75 45.04 63.61 94.52 04.20 0.20 

1.00 36.95 54.53 77.13 20.88 0.90 

1.25 32.18 49.40 57.01 39.85 2.00 

1.50 29.01 46.07 44.38 50.89 3.60 

2.00 25.04 41.98 31.30 59.68 7.90 
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be interpreted with caution. This is consistent with reports of non-physical behaviour in the classical formulation at ω ≳ 45°–

50°, as well as the development of revised variants of the framework (Tsai and Yang, 2006). 315 

As we move to a shallower z of 1.50 m, the terrain remains unconditionally stable for slope angles up to 29.01° (ω*). The 

unconditionally stable area is 44.38% larger than the previous case (Table 2). Between 29.01° and 46.07° (ω**), stability is 

controlled by the CWI (50.89% of the basin). The conditionally stable area that is governed by the unsaturated soil moisture 

conditions reduces to 3.60% and corresponds to regions steeper than 46.07°. A similar stability regime pattern is observed for 

the shallower failure plane at 1.25 m. Here, 49.40% of the basin at a slope less than 32.18° (ω*) is classified as unconditionally 320 

stable. Stability in the interval between 32.18° and 49.40° is controlled by groundwater conditions (CWI×z). Slopes exceeding 

49.4° fall under the control of the soil moisture (2.00% of the basin). The same trends are observed as the depth to failure plane 

become shallower: 1.00 m, 0.75 m, and 0.50 m. The relatively high friction angle and cohesion assumed in this application 

increase the shear resistance of the soil mass which, together with the reduced gravitational driving stress at z = 0.50 m, allows 

even steeper slopes to remain stable. As z decreases, the ω* and ω** shift towards steeper angles and more areas eventually 325 

become unconditionally stable.  

As previously mentioned, the extent of unconditionally stable terrain, as well as the computed values of CWI and CSM, are 

significantly influenced by variations in cohesion, c in Eq. (4) and (5). To evaluate the sensitivity of the modeling framework 

to cohesion variability, a systematic analysis was conducted across the selected basin using discrete cohesion values while 

maintaining uniform friction angle (φ) and invariant soil properties as specified in Table 1. 330 

Figure 5 shows the spatial distribution of unconditionally stable areas and CWI and CSM across the basin obtained for cohesion 

values equal to 5,000, 7500, 10,000, 12,500 and 15,000 Pa respectively, across the previously selected depths of potential 

failure plane (z). The union of shades of green and red areas denotes the conditionally stable region. The spatial distribution 

of conditionally stable areas and critical water content thresholds is strongly influenced by basin morphology, particularly the 

slope distribution. In fact, consistently with trends observed in Table 2, at shallower failure depths, the basin predominantly 335 

exhibits unconditionally stable behavior across a wide range of slope angles. However, as the depth to the potential failure 

plane (z) increases, a progressive reduction in unconditionally stable areas is noted. Shallow failure depths require the presence 

of a groundwater table above the failure plane (i.e., saturated conditions) to initiate failure, whereas deeper regions become 

increasingly susceptible to failure under unsaturated conditions, governed by lower CSM thresholds. This trend is accompanied 

by a transition from CWI to moisture-controlled instability, particularly in the steepest regions of the basin. At greater depths 340 

(e.g., 1.50 m and 2.00 m), steeper slopes require relatively lower moisture content (i.e., lower CSM thresholds) to reach failure. 

The observed decline in CSM thresholds with increasing depth and slope angle highlights the coupling between topographic 

parameters and hydro-mechanical forces. 

 

 345 
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Figure 5: Maps of Critical Soil Moisture (CSM) and Critical Wetness Index (CWI) for varying depths of potential failure planes (z) 

and soil cohesion (c). 

 

Increasing cohesion results in the extension of unconditionally stable zones into relatively deeper soil layers and in a pattern 350 

of conditionally stable areas following the steepest areas, even along the stream embankment, while reductions in cohesion 

causes potential failures even at shallow depths. Figure 6 shows a visual representation of variation in the percentage of terrain 

classified as unconditionally stable, conditionally stable but susceptible to failure under saturated conditions, and conditionally 

stable but susceptible to failure even under unsaturated conditions, across different cohesion values (c) and depth to the 

potential failure plane (z). 355 

 

 

Figure 6: Variation in the percentage of terrain classified as unconditionally stable, conditionally stable but susceptible to failure 

under saturated conditions, and conditionally stable but susceptible to failure even under unsaturated conditions, across different 

cohesion values (c) and depths to the potential failure planes (z). Depth (in meters) is shown along the x-axis of each panel 360 
corresponding to the selected cohesion. 

 

3.5 Model calibration procedure 

The lack of explicit information on failure depths, prevented the use of a conventional calibration and validation approach. 

Based on field observations and sensitivity analyses (Sec. Errore. L'origine riferimento non è stata trovata.), soil cohesion 365 

and depth to potential failure plane are the most uncertain and influential variables governing the model performance. 

Accordingly, calibration with a given landslide inventory focused on identifying the most plausible combinations of the two 

variables that reasonably reproduce the observations. We adopted a repeated random sampling procedure that inverts 

traditional performance indices to identify the most reliable parameter set. The metrics used are the Receiver Operating 

Characteristic (ROC) curve and its associated metrics, e.g., the area under the ROC and the Youden’s J index (Youden, 1950). 370 

Details of the performance metrics used for the calibration procedure are provided in Supplement S2. 

The reference landslide inventory is rasterized to match the spatial resolution of the basin-level CWI and CSM maps, which 

inherit the 10 m resolution of the DEM used in their derivation. The CWI and CSM outputs are then converted into binary 
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classes representing landslide and non-landslide conditions. To adopt a conservative classification approach, all conditionally 

stable areas are categorized as landslides, as they indicate zones with the potential to fail if the corresponding CWI or CSM 375 

thresholds are exceeded. Since failure depth is also an unknown, we generated the ROC and the Youden’s J index for repeated 

realizations of possible failure depths, referring to a pre-described distribution of failure depths. 

We opted to use distributions of representative depth values from inventories of shallow rainfall-induced landslides in similar 

geomorphic settings, confirmed with visits to landslide locations at the site (Fig. 7). Knowledge of the area favoured 

intermediate failure depth and excluded very shallow and deep landslides. This is consistent with from rainfall-induced shallow 380 

landslide events reported in a similar steep, vegetated and rainy site Puerto Rico, where shallow landslides were predominantly 

mobilized within the 1.0 to 1.5 m range (Ramos-Scharrón et al., 2022). 

 

 

Figure 7: Frequency distribution of assigned depths to failure plane used in the probabilistic depth assignment procedure, 385 
highlighting the emphasis on mid-range depths (with a peak at 1.25 m). 

 

Summarizing the calibration procedure comprised of the following steps: 

i. Soil cohesion is treated as the threshold parameter governing classification of terrain into unconditionally stable areas 

(no-landslide) and conditionally stable areas (landslide-prone). 390 

ii. 500 synthetic spatial distributions of failure depths (FD scenarios) are generated and assigned to observed landslides. 

Each FD scenario is created by randomly sampling from a discretized set of representative failure depths (0.50 to 2.00 

m in 0.25 m increments) according to a predefined frequency distribution (Fig. 7). 

iii. For a given set of assigned failure depths, cohesion is systematically varied between 0 and 35,000 Pa, testing over the 

full range of plausible soil strengths, from cohesionless conditions (0 Pa) to highly cohesive soils (35,000 Pa) in 395 

increments of 200 Pa. For each FD scenario ROC curves, and Youden’s J indices are derived to quantify model 
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performance. It implies that for each ROC curve there is a number of Youden’s J indices equal to the number of 

cohesion values used to generate the ROC curve; 

iv. For each FD scenario, cohesion yielding the maximum Youden’s J statistic is retained as the most reliable calibration 

outcome, identifying the cutoff cohesion value that best discriminates between stable and unstable terrain. 400 

5. Results 

The subsequent analysis describes the results of the modelling framework obtained for the ROC-based calibration procedure 

of soil cohesion. 

Figure 8 presents the ensemble of 500 ROC curves generated by repeatedly applying the probabilistic depth assignment 

procedure described in Sect. 3.5 (FD scenarios). The ROC curves plot the rate of true positives or “sensitivity” (identifying a 405 

landslide where one is found) versus one minus “specificity”. Specificity is the true negative rate, identifying a non-landslide 

location where there is none. One minus specificity is then the False Positive rate (see Supplement S2 for details). A random 

identification will have a ROC curve as a 45° straight line. A perfect prediction would have a sensitivity and specificity equal 

to 1, implying a False Positive rate of 0. Each curve corresponds to a unique realization of synthetic landslide depth data, 

created by randomly assigning depths to potential failure plane based on the defined frequency distribution reported in Fig. 7. 410 

Among the 500 ROC curves, that characterized by the highest Youden’s J index (sum of sensitivity plus specificity minus 1) 

is chosen to identify the optimal model realization. Highest Youden index is the farthest possible event from complete 

randomness. The best cohesion values are chosen by the simulation with highest Youden’s J index. 

 

 415 

Figure 8: Receiver Operating Characteristic (ROC) curve ensemble from 500 iterations. Each curve represents a different 

randomized depth realization according to distribution in Fig. 7. The green curve indicates optimal model performance, and the red 
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marker on this curve corresponds to the highest Youden's J index. The gray curves indicate the non-optimal models and markers 

on these curves indicate the best Youden’s J parameter for that corresponding model. Cohesions along the optimal ROC curve are 

indicated in the range of 0 to 35,000 Pa. 420 

 

The gray curves show the distribution of ROC curves from all non-optimal model runs. The dotted diagonal line represents 

the performance of a random classifier, and all the model curves are correctly positioned above this line, indicating that the 

model has robust predictive power. The green curve represents the model with highest Youden’s J index. This curve sits closest 

to the top-left corner of the plot, indicating a superior balance between Sensitivity and Specificity. The red marker on the green 425 

curve indicates the points where the maximum Youden’s J index is achieved, equal to 0.37. This point represents the best 

compromise between correctly identifying landslides (high sensitivity) and correctly identifying stable areas (high specificity), 

thus defining, for a fixed FD scenario, the optimum value for the discriminating threshold, which in this case is soil cohesion. 

Specifically, the optimum cohesion that provides the highest performance is equal to 9,400 Pa. The spread in ROC curves 

reflects uncertainty introduced by cohesion and depth variability. The many gray dots represent the individual Youden’s J 430 

values for the non-optimal models, showing the distribution of performance.  

Figure 9 illustrates the maximum Youden’s J statistics obtained from each of 500 individual ROC curves alongside the soil 

cohesion values that produced these respective maxima. The red point identifies the global maximum Youden’s J value of 

0.38, occurring at a cohesion of 9,400 Pa, the gray shaded band bounded by vertical dotted lines highlights the 95% confidence 

interval for optimal cohesion values, spanning from roughly 5,800 Pa to 9,600 Pa with a median of 8,000 Pa. This suggests a 435 

relatively narrow range of cohesion values consistently yielding good model performance across the 500 ROC curve iterations 

in spite of the initially selected cohesion range (0 – 35,000 Pa). 
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Figure 9: Maximum Youden’s J statistics from individual ROC curves and their corresponding optimal cohesion values. The red 440 
point indicates the cohesion value (9,400 Pa) yielding the maximum Youden’s J (0.38). Shaded area and dotted lines show the 95% 

confidence interval (5,800 Pa to 9,600 Pa). Marginal densities depict distributions of cohesion (top) and Youden’s J (right). 

 

The cohesion distribution suggests that higher cohesion values consistently exhibit better predictive power under the applied 

hydro-mechanical framework. Meanwhile, the Youden’s J density confirms that many model realizations attain performance 445 

close to the global maximum, indicating stable and reliable model calibration despite uncertainties. The observed spread in 

optimal cohesion values among realizations primarily reflects the uncertainty associated to the depth to the failure plane, z, 

due to the lack of depth information associated with the documented landslides in the study area. An alternative to using the 

maximum Youden J value to select the best cohesion is to pick the most probable cohesion value. From Fig. 9 that would be 

8,400 Pa with a similar Youden’s index.  450 

Figure 10 illustrates the spatial distribution of CSM and CWI across the study area for six potential failure plane depths, 

utilizing the optimized cohesion parameter of 9,400 Pa. The depth-dependent analysis reveals a systematic transition from 

predominantly stable to increasingly susceptible terrain.  

 

 455 

Figure 10: Spatial distribution of Critical Soil Moisture (CSM) and Critical Wetness Index (CWI) for varying depths of potential 

failure planes (z), based on the optimum cohesion of 9,400 Pa. Shades of red indicate regions where slope instability is governed by 

unsaturated soil moisture conditions (CSM), while shades of green correspond to regions where failure is controlled by the relative 

position of the groundwater table (CWI). Gray areas denote the unconditionally stable terrain at the respective depth to potential 

failure plane. 460 

At the shallow failure depth of 0.5 m, the study area exhibits complete unconditional stability (Fig. 10Figure 10 and Table 3), 

demonstrating that gravitational driving forces are insufficient to overcome soil shear strength under any hydrological scenario. 

This represents one extreme of the stability spectrum, where topographic and material constraints preclude failure initiation. 

Conversely, at z = 2.0 m, the terrain shows pronounced susceptibility to hydrological triggering, with only 38.84% remaining 

unconditionally stable. The majority of the catchment (61.16%) transitions to conditional stability, predominantly controlled 465 

by groundwater fluctuations (56.49% CWI-controlled) with a notable fraction (4.67%) susceptible to failure under unsaturated 

conditions (CSM-controlled). This configuration represents the opposite extreme, where extensive areas become vulnerable to 
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moisture-induced instability. The intermediate depth scenario at z = 1.25 m provides the most realistic representation of natural 

slope stability conditions, with 72.35% unconditionally stable terrain and 27.65% exhibiting conditional stability. This 

configuration shows a balanced distribution between stable hillslopes and hydrologically-sensitive areas, predominantly 470 

controlled by groundwater dynamics (26.68% CWI-controlled) with minimal unsaturated zone influence (0.98% CSM-

controlled). 

It is critical to emphasize that the depicted CSM and CWI values represent threshold conditions for potential instability rather 

than immediate failure indicators. Areas displayed in shades of red or green colours denote zones that would become unstable 

upon reaching the specified moisture or groundwater conditions. Thus, these regions identify zones of heightened landslide 475 

hazard under changing hydrological conditions rather than forecasting instantaneous failure.  

 

Table 3: Proportion of terrain classified into stability regimes across varying depths to the potential failure plane (z), based on the 

optimal cohesion of 9400 Pa. Conditionally stable areas are further partitioned into those governed by the Critical Wetness Index 

(CWI) and those governed by Critical Soil Moisture (CSM). 480 

Depth 

(m) 

Unconditionally stable 

(%) 

Conditionally 

stable (%) 

Conditionally stable 

- CWI (%) 

Conditionally stable - 

CSM (%) 

0.50 100 0 0 0 

0.75 98.41 1.59 1.58 0.01 

1.00 90.64 9.36 9.02 0.34 

1.25 72.35 27.65 26.68 0.98 

1.50 56.44 43.56 41.65 1.91 

2.00 38.84 61.16 56.49 4.67 

 

 

To produce an operationally interpretable instability map with the found cohesion value (c = 9,400 Pa), the failure depth is 

fixed at z = 1.25 m, corresponding to the modal class of the empirical frequency distribution (Fig. 7). This depth is selected as 

it represents the most frequently observed failure configuration in comparable terrain while avoiding the stability 485 

overestimation associated with shallower planes (z < 1.0 m) and the excessive susceptibility predicted at greater depths (z > 

1.5 m; Table 3). The resulting CWI and CSM thresholds are shown in Fig. 11. The spatial distribution (Fig. 11a) reveals a 

clear morphological control, with CWI-controlled terrain concentrated along steeper mid-slope sectors and valley flanks, CSM-

controlled areas confined to the steepest slopes, and unconditionally stable terrain occupying low-gradient zones, consistent 

with Table 3. The strong overlap between CWI-controlled regions and observed landslides (Fig. 3b) indicates a robust 490 

correspondence between predicted instability and failure locations. This is further supported by the slope-based analysis (Fig. 

11b), where landslide occurrence frequency rises sharply beyond an approximate slope angle of 32°, peaks within the CWI-

controlled slope range, and extends into the CSM-controlled domain up to approximately 65°, before declining at the steepest 
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gradients. This distribution indicates that while groundwater-driven instability governs the majority of documented failures, a 

non-negligible proportion of landslides occur under unsaturated conditions on very steep terrain, consistent with the dual-495 

threshold framework proposed in this study. However, it is worth to observe that in some of the very steep and red areas, which 

are CSM-controlled and where no landslides are observed, the critical thresholds are unlikely reached at the selected depth.    

 

Figure 11: Instability classification for c = 9,400 Pa and the representative failure depth, z = 1.25 m. (a) Spatial distribution of: 

unconditionally stable (gray), groundwater-controlled conditionally stable (CWI-governed; cyan), and moisture-controlled 500 
conditionally stable (CSM-governed; red) stability regions. Documented shallow landslide polygons from the ISPRA–IFFI inventory 

are superimposed as black outlines. (b) Distribution of slope angles across stability classes. Stacked bars indicate the number of 10 

m grid cells within each 5° slope interval, color-coded by stability regime. The black line denotes landslide occurrence frequency per 

slope bin. Vertical dashed lines indicate the critical slope angles ω* and ω** delineating transitions between unconditionally stable, 

CWI-controlled, and CSM-controlled regimes, respectively.  505 

 

5 Discussion and conclusions  

The development of physically based hydrological response thresholds through the spatially distributed CWI and CSM 

framework represents a significant step toward more mechanistic and adaptable landslide hazard assessment. By explicitly 

incorporating unsaturated soil mechanics into the classical Montgomery-Dietrich (1994) stability formulation, this study 510 

addresses a fundamental limitation of physically based models that typically consider instability only after the development of 

positive pore-water pressures. Our approach directly targets the underlying failure mechanism, pore-pressure and matric 

suction evolution, providing a continuous assessment of slope stability across the full hydrological continuum, from dry 

unsaturated conditions to complete saturation. Several studies have demonstrated that unsaturated soil mechanics can 

significantly influence slope stability, particularly in steep terrain where negative pore pressures increase effective stress and 515 

therefore shear resistance (Fredlund and Rahardjo, 1993; Lu and Likos, 2004; Lepore et al., 2013; Lu and Godt, 2008). In this 

context, the framework presented here extends previous approaches by explicitly incorporating the soil-water retention 
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relationship into the inverted stability formulation, allowing the identification of instability thresholds under both saturated 

and unsaturated conditions. 

Our methodology generates spatially distributed maps of critical hydrological states (Fig. 6), effectively creating a potential 520 

hazard activation map based on site-dependent hydrological and mechanical properties. Application to the Pontaiba basin in 

the Carnic Alps showed the delineation of the three distinct stability regimes: unconditionally stable terrain, CWI-controlled 

conditionally stable areas, and steep slopes where instability is governed by soil moisture dynamics, i.e. CSM-controlled. The 

emergence of a slope-dependent transition between groundwater-dominated and moisture-controlled instability provides an 

explanation for shallow landslide initiation in steep terrain under unsaturated conditions. This perspective aligns with the 525 

consensus that effective landslide hazard assessment must explicitly account for transient hydrological triggers rather than 

rainfall forcing alone. 

The CSM and CWI metrics offer operational advantages for Early Warning Systems (EWS) because they are directly 

comparable with measurable or model-forecasted hydrological variables, such as soil moisture and groundwater levels. 

Compared with empirical rainfall threshold approaches commonly adopted in operational landslide EWSs (Guzzetti et al., 530 

2008; Bogaard and Greco, 2018; Segoni et al., 2018), the proposed CWI–CSM framework shifts the focus from rainfall forcing 

to the hydrological state of the hillslope. This distinction is important because rainfall thresholds may vary significantly across 

climatic and geomorphological settings, while hydrological thresholds such as soil moisture or groundwater levels represent 

more direct proxies of slope stability conditions. Similar perspectives have recently emerged in studies that integrate soil 

moisture observations or hydrological modeling into landslide forecasting (Ponziani et al., 2012; Halter et al., 2025). The 535 

present framework contributes to this line of research by providing spatially distributed, physically interpretable hydrological 

thresholds that can potentially be linked to real-time monitoring or hydrological simulations, thereby strengthening the 

mechanistic basis of landslide hazard assessment. 

A key advancement for EWS is the potential to reduce false alarms (Piciullo et al., 2018; Segoni et al., 2018a). Rainfall-

threshold approaches often achieve high hit rates but at the cost of frequent false alerts, limiting their operational applicability 540 

(Nocentini et al., 2024) (Nocentini et al., 2024). In line with Rosi et al., (2021), our methodology would reduce false alarms 

by incorporating additional hydrological information, by distinguishing areas that require near-saturation (CWI-controlled) 

from those that are vulnerable under partial saturation (CSM-controlled). In steep terrain, the nonlinear decline of CSM with 

increasing slope implies that relatively small moisture increases may suffice to drive slopes toward instability, highlighting the 

importance of monitoring unsaturated zone dynamics during short-duration, high-intensity rainfall events. In regions such as 545 

the Carnic Alps, where precipitation extremes and complex glacial and colluvial deposits contribute to widespread landslide 

activity in the region (Palladino et al., 2018; Tunini et al., 2024) embedding these spatially explicit thresholds into operational 

systems could substantially enhance spatial warning precision. 

Uncertainty of key soil-mechanical parameters is an issue in the spatial distributed approach (Arnone et al., 2016).  The 

proposed framework explores parameter uncertainty through multiple scenario realizations of key geotechnical parameters. 550 

By evaluating model performance across a range of cohesion values and failure depths, the analysis identifies parameter 
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combinations that best reproduce observed landslide occurrence. This multi-scenario calibration yields a physically plausible 

optimal cohesion parameter and confirms the robustness of the approach at the basin scale. By linking instability thresholds to 

hydrological state variables rather than empirical rainfall statistics, the CWI-CSM framework focuses on the hillslope response 

controlling failure initiation. In practice, these thresholds can be evaluated when soil moisture or groundwater conditions are 555 

available from field monitoring or hydrological model simulations driven by rainfall inputs, providing a physically 

interpretable basis for assessing slope stability under varying hydrological conditions. 

Several limitations must be acknowledged. First are the simplifying assumptions of the slope stability model, which assumes 

that the slope is laterally infinite and planar, neglecting three-dimensional effects and lateral stress redistribution (Iverson, 

2000; Montgomery and Dietrich, 1994). Real hillslopes often present curvature, irregular geometry, and variable thickness of 560 

soil, which may significantly affect slope stability. The model is appropriate only for shallow translational landslides where 

the failure surface is approximately parallel to the ground surface and it is no suitable for other mechanics (Fredlund and 

Rahardjo, 1993). Model performance and sensitivity analyses further highlight the influence of uncertainties in geotechnical 

parameters and failure depth. Future research should therefore prioritize coupling the stability framework with distributed, 

process-based hydrological models to simulate transient responses, validating predictions against instrumented slopes, and 565 

incorporating additional processes such as vegetation effects and dynamic root cohesion.  

In conclusion, the primary outcome of this work is a transferable methodology that converts topographic and soil information 

into maps of critical hydrological thresholds. While parameter values are site-specific, the analytical structure of the 

framework, linking slope stability to critical hydrological response thresholds, is transferable to other soil-mantled 

mountainous regions. These maps identify hydrologically sensitive terrain and provide a dynamic, physics-based alternative 570 

to static susceptibility mapping. Addressing the identified limitations will further enhance the physical realism and operational 

applicability of the proposed framework. Ultimately, the CSM and CWI metrics offer a direct and mechanistic basis for 

enhancing landslide early warning systems, a capability that is particularly relevant in mountainous regions subject to 

increasing precipitation extremes, where robust, process-based hazard assessment frameworks are essential for effective risk 

management. 575 
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