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Abstract 13 

Landslides are a major natural hazard, threatening communities and infrastructure worldwide. 14 

The mitigation of these hazards relies on the understanding of their causes and triggering 15 

processes, directly depending on soil properties, land use, and their variations over time. In this 16 

study, we propose a new approach combining geophysics and remote sensing with hydrological 17 

and geomechanical modeling to provide a robust estimate of the probability of failure of slopes in 18 

endangering the surrounding structures. Knowing that soil properties are site-dependent, it is 19 

crucial to analyze their sensitivity in estimating the probability of failure. Therefore, we performed 20 

a sensitivity analysis on the seven main parameters (density, friction angle, cohesion, soil 21 

thickness, slope, water recharge and saturated hydraulic conductivity) of the hydro-22 

geomechanical model, which highlighted strong sensitivity to variations in soil thickness and 23 

cohesion. Based on those results, we used seismic noise measurements to assess soil thickness 24 

around our study site, which is a densely developed urban site. We highlighted that relatively thick 25 

soil layers (above 2 m) have up to 4 times higher probability of failure. Next, we used remote 26 

sensing data to assess vegetation cover. In fact, the presence of vegetation has a significant 27 

effect on soil cohesion, especially when the soil layer is relatively thin. The addition of vegetation 28 

cover showed an important reduction in the probability of failure when the soil thickness is less 29 

than 3 m.  30 

Keywords: landslide risk, Probability of failure, Geophysics, Remote Sensing 31 

 32 

1. Introduction 33 

Landslides are a major natural hazard endangering communities and infrastructures. The 34 

assessment of risks generated by these hazards is critical considering the casualties and 35 

economic losses generated during the last decades (Froude and Petley, 2018). Haque et al. 36 
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(2019) shows that in 20 years (1995-2014) landslides caused a total of 163,658 deaths worldwide. 37 

According to the USGS, in the United States, landslides cause an estimate of more than $1 billion 38 

in damages and about 25 to 50 deaths each year. The assessment of these risks is all the more 39 

important as the current context of climate change leads to an increase in natural risks such as 40 

landslides (Coe, 2020; Lin et al., 2020; Patton et al., 2019).  41 

Corominas et al. (2013) showed that the risk linked to the occurrence of a landslide depends on 42 

the hazard, the exposure, and the vulnerability. The landslide hazard is characterized by its 43 

susceptibility and its intensity, while landslide exposure is directly related to the elements at risks 44 

such as population, property, etc. This shows that urban areas with high probability of failure 45 

(PoF) have a very high landslide risk, and hence providing accurate estimates of the PoF is critical 46 

to assessing the risk (Cheung, 2021). The landslide susceptibility can be assessed through 47 

different approaches, depending on prior knowledge and the scale of the studied area. The three 48 

main approaches can be classified as heuristic, statistical or deterministic (Guzzetti et al., 1999; 49 

Regmi et al., 2014). The heuristic method, frequently used during the 70’s and 80’s (Aleotti and 50 

Chowdhury, 1999), involves geomorphological mapping of type and degree of the hazard based 51 

on expert knowledge. A major drawback of this method is the subjectivity in selecting data and 52 

factors governing slope stability. Statistical methods are a commonly used approach to evaluate 53 

landslide susceptibility in large or inaccessible areas and are based on multivariate and bivariate 54 

statistical techniques (Kalantar et al., 2020; Reichenbach et al., 2018), linking geological and 55 

geomorphological information with former landslide distributions. Among the most commonly 56 

used are linear regression (Akgun, 2012; T. Chen et al., 2016; Devkota et al., 2013; Park et al., 57 

2013), artificial neural network (Gorsevski et al., 2016; Li et al., 2021; Nourani et al., 2014; Tien 58 

Bui et al., 2016; Tsangaratos and Benardos, 2014; Yilmaz, 2010a), support vector machine (Chen 59 

et al., 2016; Marjanović et al., 2011; Tien Bui et al., 2016; Yilmaz, 2010b), and random forest 60 

methods (Chen et al., 2017; Youssef et al., 2016). Deterministic methods are generally based on 61 

the calculation of the factor of safety (Regmi et al., 2014), which is the ratio of restraining to driving 62 
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forces, and hence requires a numerical calculation of the forces acting onto a slope. Static or 63 

dynamic approaches can be used. For the static approach, the triggering factors are fixed contrary 64 

to the dynamic where those parameters are temporally variable. These methods require 65 

quantitative information such as hydrological information (soil saturation, permeability, hydraulic 66 

conductivity, etc.) and geotechnical information (soil thickness, cohesion, internal friction angle, 67 

density, etc.) (Jovančević et al., 2013; Montrasio et al., 2011; Palazzolo et al., 2021). The 68 

deterministic methods are considered more accurate than heuristic and statistical methods 69 

because physical processes are integrated and quantitative stability values are computed 70 

(Corominas et al., 2013). However, considering the large amount of a priori knowledge required, 71 

the application of those methods has been limited to local to regional scales (Cervi et al., 2010; 72 

Zizioli et al., 2013).  73 

Deterministic approaches use physical models to calculate the stresses in the slope based on 74 

various governing equations and discretization. Hence, understanding the sensitivity of the input 75 

parameters on the results of a given model is crucial to understand the uncertainty of the results. 76 

Studies have shown that among all parameters integrated in slope stability analysis, the slope 77 

angle and soil thickness are the most sensitives (Choo et al., 2019; Min and Yoon, 2021; Segoni 78 

et al., 2012; van Westen et al., 2006). The sensitivity of other parameters can be more site-79 

specific. For example, Choo et al. (2019) performed a sensitivity analysis on the slope stability 80 

calculations applied to Mt. Geohwa in South Korea and showed that while the slope angle and 81 

soil thickness strongly influence the factor of safety, also the friction angle had a strong impact on 82 

the slope stability estimation. The cohesion and density of the soil showed only minor impact. 83 

Given this variable sensitivity, which is a function of the chosen model, but also the characteristics 84 

of the study area, it is necessary to perform a sensitivity study to fully understand the uncertainties 85 

in the landslide hazard assessment for a certain area. 86 
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In addition to soil properties and slope loading, vegetation has also been recognized to play an 87 

important role on the stability of slopes (Band et al., 2012; Cohen and Schwarz, 2017; Hwang et 88 

al., 2015; Phillips et al., 2021; Sidle and Ochiai, 2006), but with varying effects. First, by adding 89 

weight to the slope, it can increase the load and reduce the stability, increasing the failure 90 

probability. However, in the case of a shallow landslide, this effect is largely compensated for by 91 

the increase in cohesion added by the root network and the reduction in moisture content 92 

(reduction in pore water pressure), thus increasing the factor of safety (Forbes and Broadhead, 93 

2013). Among these factors, increasing cohesion has the largest influence on slope instability 94 

(Sidle and Bogaard, 2016; Sidle and Ochiai, 2006). To account for this, a simple approach is to 95 

directly add the cohesion induced by the presence of the root network to the soil cohesion (Emadi-96 

Tafti et al., 2021; Ji et al., 2012; Kim et al., 2017; Mattia et al., 2005).  97 

An important issue with the vegetation cover is that it is subjected to unpredictable variations over 98 

time (e.g. land management, wildfire). Wildfire constitute one of the main cause of vegetation 99 

destruction and plays a major role in landslide triggering (De Graff, 2018; Rengers et al., 2020). 100 

Numerous researches showed that root cohesion can be drastically reduced following fire lading 101 

to slopes more prone to failures (Gehring et al., 2019; Jackson and Roering, 2009; Lanini et al., 102 

2009) 103 

 104 

The spatial and temporal uncertainty of these input parameters is still one of the major challenges 105 

in predicting landslides (Anagnostopoulos et al., 2015; Sidle and Ochiai, 2006; van Westen et al., 106 

2006). To consider this uncertainty, a probabilistic approach can be used (Hammond et al., 1992; 107 

Lee et al., 2020; Nilsen, 2000; Strauch et al., 2018). Strauch et al. (2018) developed a regional 108 

model of probabilistic slope failures and applied it to the North Cascades National Park Complex 109 

in the state of Washington, USA. They used a Monte Carlo simulation, facilitated by the python 110 

package Landlab (Hobley et al., 2017), allowing them to assess the uncertainty in model 111 
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parameters and to highlight that soil thickness has a high influence on the landslide prediction. 112 

They also highlight the stabilizing effect of tall vegetation. 113 

 114 

 115 

The aim of this study is to show the importance of including detailed spatial distributions of soil 116 

thickness and vegetation into slope stability estimates, as these spatially varying inputs strongly 117 

affect the landslide hazard assessment. To do so, we evaluated the PoF over an urban area using 118 

a probabilistic approach implemented in Landlab. First, we perform a sensitivity analysis of all 119 

model input parameters using a variance-based method. The soil thickness and the slope angle 120 

are shown to be the most sensitive parameters for the slope stability assessment. However, those 121 

parameters are also known to show high spatial variability which has to be included in the 122 

landslide hazard assessment. Strauch et al. (2018) overcame this issue by using a Monte Carlo 123 

approach, simulating the response of various soil thickness distributions. Vegetation also varies 124 

over time, with natural cycles of germination, growth and death. The duration of these varies with 125 

the nature of the plant. In addition, in urban areas, land management can amplify these changes 126 

in vegetation distribution over time, and hence affect the slope stability through changes in the 127 

root cohesion. To overcome these difficulties, we propose a new approach, combining 128 

geophysical and remote sensing data to account for the spatial variability of the most important 129 

input parameters in the PoF calculation. First, we estimate the soil thickness thanks to seismic 130 

ambient noise measurement and the computation of the H/V (Horizontal to Vertical) ratio. Then, 131 

we classify satellite images to retrieve the distribution of the vegetation cover over two periods 132 

encompassing a tree removal for wildfire hazard mitigation. By comparing the resulting PoF maps, 133 

we are able to highlight the influence of the model input parameters on the slope stability 134 

assessment. We show that by including detailed spatial estimates of soil thickness and vegetation 135 
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distribution, we can provide improved estimates over time of the landslide hazard, which will aid 136 

in the urban landslide risk management.  137 

 138 

2. Study site 139 

 140 

The study site is located in the San Francisco Bay Area on the western flank of the northwest-141 

trending Berkeley Hills (Figure 1). The seismically-active San Francisco Bay area includes a 142 

series of major northwest-trending active faults. The closest of these faults is the Hayward Fault, 143 

which lies near the base of the hills. The Hayward fault is among the fault systems with the highest 144 

probability of generating a large-magnitude earthquake within the next 30 years (WGCEP, 2008). 145 

 146 

The site exhibits a significant landslide hazard due to its geologic and geomorphological history. 147 

The bedrock geology is complex in this part of the Berkeley Hills, comprising a variety of 148 

moderately to highly deformed sedimentary, volcanic, and metamorphic rock units. The oldest 149 

formation corresponds to the Great Valley Complex (Jurassic-Cretaceous, 159 – 99Ma) originally 150 

deposited in a marine environment, which is locally overlain by sedimentary and volcanic rocks 151 

of Tertiary age. The Orinda Formation (13.5 -10.5 Ma) is described as distinctly to indistinctly 152 

bedded siltstone, claystone, sandstone, and conglomerate. The conglomerates were deposited 153 

under alluvial fan conditions, while the sandstone, claystone and finer-grained conglomerates 154 

were deposited as flood plain and channel materials (Jones and Curtis, 1991). The Miocene 155 

Moraga Formation (10.2 – 9 Ma) is of volcanic origin consisting of andesite and basalt flows 156 

(Wahrhaftig and Sloan, 1989). During the late Miocene and early Pliocene (11.2 to 3.6 Ma), an 157 

extended period of compression occurred, resulting in folding, faulting, and uplift of the Berkeley 158 

Hills. These processes weakened the formations in place at that time (i.e., siltstone and claystone 159 

and highly fracture and weathered with a silty to fine gravelly matrix), which are subject to 160 
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landsliding and erosion. These formations outcrop or are covered by a thin layer of colluvium or 161 

fill material, mainly composed of clay soils with moderate to high expansion potential. Near the 162 

base of the hills, Quaternary-age colluvium and landslide deposits, of up to 30 m thick, locally 163 

overlie bedrock and alluvial deposits. 164 

The study site has a long history of landsliding with the presence of large paleolandslides (Figure 165 

1), and numerous recent and active failure. A network of five GPS stations has been installed in 166 

2012 and is monitoring three of those (Cohen-Waeber, 2018, Figure 1). One of these landslide 167 

areas (LRA4), which is impacting a bridge critical for emergency response of the Berkeley Hills, 168 

is also being monitored using various geophysical and environmental sensors since 2019 169 

(Uhlemann et al., 2021). This landslide can be described as a slow moving clay rotational slide 170 

(Hungr et al., 2014), which takes place in the clayey deposit corresponding to paleolandslide 171 

deposits overlying the Orinda Formation (Kropp Alan and Associates, 2006), which are only a few 172 

meters thick.  173 

The tall vegetation cover of the study area comprises mostly Eucalyptus Globulus, but also pines 174 

trees and occasional coast live oak.  175 

 176 
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 177 

Figure 1 Study site map showing GPS stations (LRA1 to 5) locations and the footprint of paleolandslides and the active 178 

landslides.  179 

3. Model and data inputs 180 

3.1. Probability of failure (PoF) 181 

 182 

Hazard assessment of the study area was performed by computing the PoF over a year. We used 183 

the LandslideProbability component of Landlab (Strauch et al., 2018) which used the common 184 

infinite slope stability model to compute the factor of safety (Eq. 1). This approach was preferred 185 

to others such as TRIGRS (Baum et al., 2008) to take into account the uncertainty introduced by 186 

the variability of some parameters (friction angle, water recharge) and also the promising results 187 

obtained with this method (Strauch et al., 2019). 188 

 189 

𝐹𝑆 =  
(𝐶𝑠+𝐶𝑟)/ℎ𝑠𝜌𝑠𝑔

𝑠𝑖𝑛 𝜃 
+  

𝑐𝑜𝑠 𝜃 𝑡𝑎𝑛 ∅ (1 −  𝑅𝑤𝜌𝑤/𝜌𝑠)  

𝑠𝑖𝑛 𝜃 
   ,      (1) 190 
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 191 

where 𝐶𝑠 correspond to the soil cohesion (Pa), 𝐶𝑟 to the root cohesion (Pa), ℎ𝑠is the soil depth 192 

perpendicular to the slope (m), 𝜌𝑠 and 𝜌𝑤 correspond to the saturated bulk density and water 193 

density (kg.m-3), respectively, 𝑔 is the acceleration due to gravity (m.s-2), 𝜃 is the slope angle (°) 194 

and ∅ the soil internal friction angle (°). The relative wetness 𝑅𝑤 is defined as:  195 

𝑅𝑤 = (
𝑅 𝑎

𝑇 𝑠𝑖𝑛 𝑠𝑖𝑛 𝜃 
, 1)    (2) 196 

With 𝑅 the uniform rate of recharge (md-1) across the upslope specific contributing area 𝑎 (m), 197 

and 𝑇 the local soil transmissivity (m2d-1). Eq. 1 was solved using a Monte Carlo method with 1000 198 

iterations, providing a priori distributions of the input parameters varying over one year. 199 

Finally, the annual Probability of Failure, 𝑃𝑜𝐹 at each model grid cell was calculated following 200 

 201 

𝑃𝑜𝐹 = 𝑃𝑜𝐹(𝐹𝑆 ≤ 1) =
𝑛(𝐹𝑆 ≤ 1 )

𝑁
     (3) 202 

With n the number of iterations which met the failure criterion (𝐹𝑆 ≤ 1 ) and N the number of 203 

iterations. 204 

 205 

Root cohesion calculation 206 

As shown in the FoS calculation (eq1), the cohesion term is composed of the sum of soil and root 207 

cohesion. We calculated the root cohesion following the simple perpendicular root model 208 

(Waldron, 1977; Wu et al., 1979) which defines the total root induced cohesion (𝐶𝑟) as:  209 

𝐶𝑟 = 𝑇𝑟 (𝑠𝑖𝑛𝜃 + 𝑐𝑜𝑠𝜃 𝑡𝑎𝑛∅) (
𝐴𝑟

𝐴
)    (4) 210 

𝑇𝑟 is the average tensile strength of roots per unit area, 
𝐴𝑟

𝐴
 (unit less) is the root area ratio (RAR), 211 

∅ is the angle of internal friction of the soil, and 𝜃 is the angle of deformed roots with respect to 212 



Non-peer reviewed preprint submitted to EarthArXiv 

11 
 

the shear surface. Based on an extensive sensitivity analysis, the value of (𝑠𝑖𝑛𝜃 + 𝑐𝑜𝑠𝜃 𝑡𝑎𝑛∅) is 213 

often approximated to be 1.2 (Wu et al., 1979). However, it tends to overestimate the cohesion, 214 

so we applied a factor k” = 0.48, which is an empirical correction factor introduced by Preti (2006) 215 

to reduce the overestimated cohesion values, giving: 216 

𝐶𝑟 = 0.48 ∗  𝑇𝑟 (
𝐴𝑟

𝐴
)       (5) 217 

This corrected Cr has been shown to give results comparable to those obtained using fiber bundle 218 

models (FBMs) (Mao et al., 2014). Additionally, models such as energy-based FBM (Ji et al., 219 

2020) might leads to more accurate and realistic Cr, but require more input parameters, such as 220 

the modulus of elasticity of roots, that we did not access in this study. 221 

Next, we considered the three most represented tree species at the study site (pine trees, coast 222 

live oak and eucalyptus Globulus). We calculated the RAR at 10 cm depth intervals for Eucalyptus 223 

Globulus and Pinus Radiata species from Sudmeyer et al. (2004), and from Canadell et al. (1996) 224 

for coast live oak species. Root tensile strength data were extracted from Kuriakose and van Beek 225 

(2011) for Eucalyptus and pines species and from Norris (2005) for coast live oak species. This 226 

gave us a root cohesion values at 10 cm depth intervals to the maximum root depth for each 227 

species. For each depth, we computed the minimum, modal and maximum root cohesion. 228 

Finally, for each pixel classified as tall vegetation, the minimum, modal and maximum root 229 

cohesion (𝐶𝑟), at a depth corresponding to the soil thickness (calculated previously), was 230 

respectively added to the minimum, modal and maximum soil cohesion (𝐶𝑠).  231 

 232 

3.2 Model Inputs 233 

 234 

The topographical data used for this study was derived from a digital elevation model with a 1 m 235 

resolution derived from a 2018-2019 USGS LiDAR dataset, obtained through the National 236 

https://link.springer.com/referenceworkentry/10.1007%2F978-90-481-3585-1_222#CR15373
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Oceanographic and Atmospheric Administration. The data set has a reported vertical accuracy of 237 

0.087 m, with an average point density of the LiDAR data of 2.78 pts/m2 (Quantum Spatial, 2019). 238 

Soil parameters were derived from previous geotechnical campaigns (Kropp Alan and Associates, 239 

2006). The soil transmissivity, density and friction angle were set to 0.001 m2/day, 1885 kg/m3 240 

and 24° respectively. Soil cohesion values were distributed with a minimum, maximum and modal 241 

cohesion of 5kPa, 15kPa and 7.75 kPa, respectively. 242 

 243 

Soil Thickness 244 

Soil thickness was mapped from previous geotechnical investigations and seismic ambient noise 245 

measurement. Previous active seismic campaigns showed that there is a high impedance 246 

contrast between the bedrock and the soil layer, revealing mean S-wave velocities of 250m/s ± 247 

50m/s for the soil layer and about 750 m/s ± 90 for the bedrock (A3GEO, Inc., 2020). In such 248 

cases, using ambient noise recording, based on the horizontal to vertical spectral ratio technique 249 

(H/V technique), has been proven to be a robust and easy exploration tool for mapping the soil 250 

thickness (Guéguen et al., 2007; Le Roux et al., 2010). Measurements were performed with a 251 

three-component 4.5 Hz sensor at 31 locations (Figure 3, red points). Seismic noise was recorded 252 

during 3 hours at a sampling frequency of 200 Hz. Data were processed with the Sesarray 253 

package (Wathelet et al., 2004). Microtremor records were cut into 10 s time windows, for which 254 

Fourier spectra were computed and smoothed using the technique proposed by Konno and 255 

Ohmachi (1998). For each location, the H/V spectral ratios were computed for all time windows, 256 

and the mean H/V curve was determined with standard deviations For each point, the resonance 257 

frequency was extracted from the H/V peak exhibiting an amplitude larger than 3 (SESAME, 258 

2004). From this resonance frequency (F0, Hz), we calculated the soil depth (h, m) using the mean 259 

S-wave velocity (Vs, 250 m/s) following: h=Vs/4F0 (Kramer, 1996). 260 
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Vegetation classification 261 

Vegetation is an important agent in stabilizing steep slopes notably by increasing the soil cohesion 262 

for shallow landslides (Phillips et al., 2021). In some hard-to-reach areas, it may be difficult to 263 

assess the distribution of vegetation cover. Also, vegetation cover changes over time due to land 264 

management practices, as in our case for fire management, or wildfire (Rengers et al., 2020). 265 

Considering those frequent changes, we chose to use satellite image classification to extract 266 

vegetation cover in order to overcome those issues in a reproducibility sake. 267 

The PoF calculation proposed by Landlab corresponds to the average PoF over a year. In order 268 

to extract the vegetation cover over two different periods before and after tree removal, an image 269 

classification was performed from four Planet images. Those images were acquired on October 270 

26, 2020 and January 9, 2021 for the first period and on April 18 and June 29, 2021 for the second. 271 

Each image was composed of 4 bands (red, green, blue, and near infrared) with a resolution of 3 272 

meters per pixel. Due to the relatively small size of the study area, the selection of training and 273 

testing samples and the classification were performed on 1647x1670 pixel images (4941x5010 274 

m) including the study area. In a sake of future automatization of the process, same samples were 275 

used for both periods. Then, tiles were merged by period into a final raster composed of the 8 276 

bands (2 acquisitions of 4 bands for each period) for classification using QGIS (2020).  277 

 278 

The objective was to classify the image into 4 distinct classes: Tall vegetation corresponding to 279 

the tree coverage, low vegetation corresponding to shrubs, bare soil corresponding to grass or 280 

bare soil depending on the season, and others corresponding mainly to built environment.  281 

A supervised classification was conducted using the sklearn python toolbox (Pedregosa et al., 282 

2011). 100 points samples were selected for each class. These samples were split into 80 for 283 

training and 20 for testing. We tested two of the most widely used supervised algorithms, RF 284 

(Erinjery et al., 2018; Liu et al., 2018) and SVM (Falco et al., 2021, 2020; Mountrakis et al., 2011). 285 
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For the RF, hyper parameters including the maximum depth of the tree and the number of trees 286 

in the forest (n_estimators), were tuned by cross-validation in a search space with the following 287 

settings: max_depth = {1,2,…,20} and n_estimators= {1, 2, …, 300}. The cross-validation 288 

determines the best parameters for high classification accuracy to be a maximum depth of 12 and 289 

9 associated respectively with a number of trees of 21 and 40 for the first and second period 290 

respectively. For the SVM, hyper parameters including the kernel (k), the regularization parameter 291 

(C), and the gamma parameter (γ), were tuned by cross-validation in a search space with the 292 

following settings: k= {‘rbf’, ‘polynomial’}, C= {0.01, 0.1, …, 10000} and γ= {1×10-9, 1×10-8, 1×10-293 

7, …, 1000}. The regularization parameter defines the tolerance of the model to allow for 294 

misclassification of data points. The gamma parameter defines how far the influence of a single 295 

training example reaches. The cross-validation determines the best parameters for high 296 

classification accuracy to be a radial basis function (RBF) kernel with C = 100, γ = 1×10-7 and  C 297 

= 10, γ = 1×10-6 respectively for the first and second period. 298 

 299 

 300 

4. Results 301 

4.1. Sensitivity analysis 302 

 303 

Slope angle, soil thickness, and root cohesion have a strong impact on the calculation of the PoF. 304 

To estimate their importance compared to the other model input parameters, a sensitivity study 305 

was performed by calculating the Sobol indices using UQLab (Marelli and Sudret, 2014). The 306 

Sobol method, also called Analysis of Variance (ANOVA), described the total variance of the 307 

model in terms of the sum of the variances of the inputs (Sobol′, 2001). This approach allows to 308 

determine the influence on the model, of each input individually, excluding the interaction effect 309 

with other parameters, considering the first order indices. Figure 2 shows the first-order Sobol 310 



Non-peer reviewed preprint submitted to EarthArXiv 

15 
 

indices for each parameter and its calculated confidence interval for the 0:025 and 0:975 311 

quantiles. 312 

 313 

 314 

Figure 2. First Sobol indices of the 7 parameters (soil density 𝜌𝑆, Soil thickness ℎ𝑆, Cohesion 𝐶, friction angle ∅, slope 315 

angle 𝜃, transmissivity 𝑇 and water recharge (amount and shape) 𝑅) used to calculate the factor of safety and its 316 

confidence interval. 317 

The results show that soil density, friction angle, transmissivity, and water recharge have at 318 

least one order of magnitude less influence on the FoS than thickness, cohesion, and slope 319 

angle. This confirms that slope angle, soil thickness and the soil cohesion are the most critical 320 

parameters when evaluating the PoF using this probabilistic approach. 321 

 322 

4.2. Soil Thickness variations 323 

We mapped the soil thickness from geotechnical and H/V measurements (42 boreholes, 31 324 

ambient noise recordings, Figure 3) using an inverse-distance-weighted (IDW) interpolation. 325 

Figure 3b shows two H/V analyses for a deep and a shallow bedrock. HV-1 shows a peak with an 326 



Non-peer reviewed preprint submitted to EarthArXiv 

16 
 

amplitude of 3.5 at 4 Hz, which leads to 15.6 m bedrock depth estimate. HV-2 shows a peak with 327 

an amplitude of about 7 at 35 Hz, estimating the bedrock to be at 1.8 m depth.  328 

The uncertainty of the thickness map is related to bedrock depths values (Boreholes and H/V), 329 

the points density and the interpolation. For the bedrock depths values, the uncertainty is jus of 330 

few centimeters for boreholes and for HV it is directly related to the uncertainty on Vs, which 331 

ranges from 200 to 300m/s in our study case. This leads to an uncertainty of few cm for very thin 332 

soils until 3 m for the thickest areas (18 m) and ±0.65 m for the average thickness (3.25 m). 333 

The soil layer is relatively thin over the study area showing an average thickness of 3.25 m, with 334 

a maximum of about 16 m in the eastern part of the study area and a minimum of 0 m 335 

corresponding to the location of bedrock outcrops. The eastern part has the thickest area 336 

associated with less excavations due the presence of fewer buildings. Figure 3c shows that the 337 

mean thickness is close to be constant around 3.25 m for all slope angles, except for flat surfaces 338 

where the mean thickness decreases to 2 m. However, the standard deviation shows larger 339 

values, highlighting the presence of greater soil thickness, for slopes ranging from 10° to 25°.  340 
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 341 

Figure 3 a) Soil thickness map interpolation from geotechnical (boreholes, blue points) and seismic data (HV 342 

measurements, red points). Google satellite background map.  b) Examples of H/V curves in the thickest part of the 343 

soil (HV-1) and in a thin soil layer (HV-2). c) Mean thickness distribution and its standard deviation in function of slope 344 

angle.  345 

4.3. Vegetation variation 346 

In order to estimate the root cohesion, we first classified Planet images to find the vegetation 347 

cover in a reproducible way. Then, we added the additional cohesion to the PoF calculation based 348 

on this vegetation cover. 349 

 350 

The RF classification classified the 5x5km area with an overall accuracy of 86% and 89.25% 351 

respectively for the first and second period, while SVM algorithm did classified it with an overall 352 
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accuracy of 93.6% and 91.4% respectively for the same both periods. Considering those results, 353 

the SVM classification was used to extract the tall vegetation of the study area.  354 

Figure 4 shows the result of the classification of the vegetation cover for the second period over 355 

the study area. Globally, all trees are classified as tall vegetation except for rare isolated trees 356 

which seem misclassified as bare soil. Our method for accounting for root cohesion only considers 357 

areas covered by tall vegetation as it is the only type of vegetation to have a root network able to 358 

stabilize soil thicker than 1 m. This type of vegetation represents about one third of the study area 359 

(Figure 6).  360 

 361 

Figure 4 Result of SVM classification of the second period (April-June 2021): tall vegetation, low vegetation, bare soil 362 

and others over the study area.  363 

 364 

4.4. PoFs 365 

 366 
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The influence in integrating soil thickness and root cohesion spatial variability in the PoF 367 

calculation is assessed through estimating the PoF in three different ways, (1) accounting only for 368 

slope angle (PoF_S), (2) including soil thickness (PoF_ST) and (3) including root cohesion 369 

(PoF_STV) based on the vegetation cover classification of the second period (April-June 2021). 370 

The PoF of the study area was first evaluated considering only the slope angle (PoF_S, Figure 371 

5a). To do so, the soil thickness was set to a constant 3.25 m (corresponding to the mean soil 372 

thickness over the study area), while no change in soil cohesion due to the vegetation was 373 

considered, and the other parameters were set as described in section 2. Figure 5b shows the 374 

distribution of slopes over the study area, highlighting numerous slopes greater than 40°, and up 375 

to 60° for some localized areas. The slope distribution and the PoF map are correlated, showing 376 

high probability (red areas) for slopes above 40°. The mean PoF_S over the whole study area is 377 

0.26. Considering its spatial distribution, Figure 5a shows a high PoF on unbuilt areas, while flat 378 

areas (covered with building) show a negligible PoF. 379 

 380 

Including the soil thickness in the PoF calculation, we can consider 2D variations of both the slope 381 

angle and soil thickness (PoF_ST, Figure 5c). The mean PoF_ST is 0.22. Figure 5c shows that 382 

the high PoFs (close to 1) are located in areas of thick soil cover (above 4 m). The difference 383 

between PoF_ST and PoF (Figure 5d) shows values increasing by up to 0.75 and values 384 

decreasing by as much as -1. The change in the PoF was calculated from the average soil 385 

thickness of 3.25 m corresponding to the boundary between the positive and negative impact of 386 

soil thickness variation (gray, Figure 5d). We observed a decrease for all areas exhibiting soil 387 

thickness below 3.25 m. Particularly in the central, eastern and southern part of the study area, 388 

the PoF_ST decreases from 1 to 0 due to a soil thickness below 1 m. On the contrary, PoF_ST 389 

increases for areas with soils thicker than average soil layer, particularly in the northeastern part 390 

of the study area. 391 
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Figure 5e shows the probability of failure taking into account variable root cohesion (PoF_STV). 392 

Overall, the mean PoF_STV over the whole study area decreased to 0.19. The PoF is distributed 393 

with high values in areas with greater soil thickness, and lower values in the south-western part 394 

of the study site (Figure 5e).  395 

Looking closer at the difference between the two probability maps (PoF_STV-PoF_ST, Figure 5f), 396 

it appears that the probability decreases by up to -0.9 in places that are characterized by tall 397 

vegetation and thin soil cover, corresponding mostly to the south-western part.  398 

 399 
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Figure 5 a) PoF map considering only slope variations (PoF_S). b) Slope distribution c) PoF map considering slope 400 

and soil thickness variations (PoF_ST). d) PoF_ST - PoF. e) PoF map considering slope, soil thickness and vegetation 401 

cover variations (PoF_STV). f) PoF_STV – PoF_ST.  402 

 403 

 404 

Figure 6a shows the mean PoFs (PoF_S, PoF_ST and PoF_STV) and associated standard 405 

deviations as function of slope angle. The PoF_S is zero for slope angles below 18° (Figure 6a, 406 

black). Then, it increases linearly until reaching 1 for slopes above 42°. Areas with a high PoF 407 

(0.8 and above) are distributed across the entire study site (Figure 5a) and correspond to areas 408 

with slope angles greater than 35° (Figure 6a). Looking at the mean PoFs, considering variations 409 

of soil thickness and root cohesion tends to decrease significantly the probability for slopes 410 

between 25 and 60° (Figure 6a). We observed a slight increase of the mean PoF_ST and 411 

PoF_STV for slopes between 15 and 21° associated with a large variation of thicknesses due to 412 

the presence of higher soil thickness (Figure 3c). The PoF_ST shows a continuous increase from 413 

slopes of 20° until reaching high values (PoF > 0.9) for slopes ranging from 45° to 55°. Then, as 414 

for the PoF (black), PoF_ST is equal to 1 for slopes of 60° and greater. PoF_STV shows only a 415 

continuous increase, with smaller probabilities than PoF_ST, until reaching its higher value for 416 

slopes of 60° (Figure 6a).  417 

Figure 6b and c shows the mean PoF_ST and mean PoF_STV, respectively, calculated from the 418 

PoFs maps (Figure 5c and e) as function of soil thickness and slope angle. Considering slope 419 

angle and soil thickness, PoF_ST and PoF_STV have similar pattern with high PoF for slopes 420 

above 30° and soil thickness above 5 m (figure 6b and c). PoF_ST and PoF_STV equal zero for 421 

slopes below 15° and thickness below 50 cm (Figure 6b and c). Thereafter, PoF_ST increase 422 

continuously until they reach high values (greater than 0.8) for slopes greater than 30° and soil 423 
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thicknesses ranging from 3 to 1 m for slopes ranging from 30° to 60° respectively. While PoF_STV 424 

shows the same behavior for soil thicknesses ranging from 5 to 1 m (Figure 6c). 425 

Figure 6d shows the difference between the mean PoF_STV and the mean PoF_ST as a function 426 

of slope and soil thickness. A general decrease of the probability is visible for slopes ranging from 427 

17° to 60° and thicknesses between 0.5 and 10m (Figure 6d). However, the strongest decrease 428 

(more than -0.15) is observed for slopes ranging from 30° to 60° and soil thicknesses ranging 429 

from 1 to 3 m (Figure 6d). The presence of tall vegetation has a maximum impact (-0.39) for 430 

slopes of 48° and soil thickness of 1.25 m. It also has a major impact, reducing the mean 431 

probability by more than -0.3 for slopes angles and soil thickness ranging from 37 to 50° and 1.8 432 

to 2.5 m, respectively.  433 

 434 

Figure 6 a) Mean PoF (black), PoF_ST (blue) and PoF_STV (green) as a function of slope angle and the associated 435 

variability across the site expressed as standard deviation b) Mean PoF_ST as a function of slope angle and soil 436 
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thickness c) Mean PoF_STV as a function of slope angle and soil thickness d) Difference of mean PoF_STV and mean 437 

PoF_ST as a function of slope angle and soil thickness. 438 

 439 

4.5. PoF monitoring 440 

During the monitoring period, eucalyptus trees were harvested to reduce the risk of fire. This 441 

management was taken into account in the study in order to have an updated PoF. However, in 442 

order to emphasize the importance of monitoring the vegetation cover, we also assessed the PoF 443 

before the trees were removed.   444 

 445 

   446 

Figure 7: PoF difference between the second and the first period respectively after and before Eucalyptus removal. 447 

Red areas highlighted the managed area. Soil thickness is displayed in grey scale between 0 and 5 m.   448 
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Figure 7 shows the difference in the PoF after the removal of Eucalyptus (2nd period – 1st period). 449 

A considerable increase in the PoF is observed up to +0.8 due to the absence of Eucalyptus. The 450 

PoF increased more in the western part of the area due to thinner soil (less than 2.5 m, Figure 7). 451 

The eastern part, with a soil thickness of 5 m, is only slightly affected (+ 0.1).   452 

5. Discussion 453 

 454 

The PoF of a highly landslide-prone urban area was evaluated. We showed through a sensitivity 455 

analysis that for our study case the impactful parameters on the PoF calculation are the slope 456 

angle, the soil thickness, and the cohesion. The sensitivity analysis showed that the slope angle 457 

has the greatest influence. The soil thickness and cohesion are shown to have a similar influence 458 

on the PoF calculation. While the slope angle can be readily extracted from a high-resolution 459 

DEM, estimating the distribution of soil thickness and cohesion is more challenging.  In order to 460 

retrieve spatial variations in soil thickness and root cohesion, we applied two methods that are 461 

not time-consuming and tedious from the perspective of easy reproducibility. The recording of 462 

ambient seismic noise gave easy access to soil thickness and the classification of satellite images 463 

allowed rapid and repeatable mapping of vegetation cover, directly related to the root network.  464 

The computation of the PoF only considering slope angles showed that increasing slope angle 465 

from 20° to 50° drastically increases the PoF until reaching a plateau close to a PoF of 1.  466 

Considering the variation in soil thickness reduced the global PoF over the area from 0.28. to 467 

0.22. We showed that, for slopes above 30°, thicknesses above 5 m lead to a PoF of 0.9 and 468 

higher, highlighting a very high landslide hazard. In addition, the increased amount of potential 469 

sliding mass could result in devastating impacts of landslides in these areas. Figure 8a shows 470 

that, overall, consideration of the impact of soil thickness variations led to localized the high PoFs 471 

in areas of paleolandslides and active landslides. Rare exceptions can be seen in some built 472 

areas, where the probable excavation leading to the reduction of the soil thickness locally 473 
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mitigates the risk of landslides. On the contrary, the majority of locations without any history of 474 

sliding show a small PoFs when taking into account the soil thickness variations. The 475 

northwestern part of the study area, which does not present a history of landslides, shows a very 476 

high PoF due to the presence of steep slopes (>30°) and thick soils (>8 m). This demonstrates 477 

that it is very likely that a future slide event will occur in this area.  478 

We globally evaluated the soil cohesion from previous geotechnical campaigns. We used a 479 

remote sensing approach to extract the vegetation cover and hence root cohesion. We showed 480 

that root cohesion has a significant impact on slope stabilization, particularly under thin soil 481 

conditions. Root cohesion has a beneficial impact, lowering the PoF drastically for soil thickness 482 

lower than 3 m with slope angles between 30 and 60°, with the larger impact for soil thickness of 483 

2 m and below. This shows that the root network is not dense enough to have a significant benefit 484 

for deeper soil. In most of the cases, the root network will not reach depths larger than 7 m with 485 

a small fraction of them going deeper than 1 m (Canadell et al., 1996) and approximately 70% of 486 

root biomass located above 50 cm depth for woody species (Jackson et al., 1996; Kummerow 487 

and Mangan, 1981; Schulze et al., 1996). In case of larger soil thickness, vegetation could have 488 

a negative impact, adding weight to the soil, which would increase the PoF. However, we did not 489 

evaluate this impact because: (i) it was impossible to evaluate stem weight distribution from our 490 

method since we mapped the canopy, (ii) surcharge effect is often negligible compare to the soil 491 

mass itself (Fan and Lai, 2014), even more in case of relatively deep landslides. Figure 8b, 492 

showing the difference PoF with and without added root cohesion (respectively PoF_STV and 493 

PoF_ST), and demonstrates the impact of root cohesion on slope stabilization. It shows a 494 

reduction in PoF in areas without landslides history, but also in some paleolandslides areas. This 495 

highlighted the fact that some paleolandslides may have been mitigated by the natural or man-496 

made addition of vegetation.  497 

Finally, considering soil properties of the study area, we showed that a slope of 20° is required to 498 

trigger a landslide, with a higher probability for slopes of 30° and greater. Then, sufficient weight 499 
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is required to reach the slope failure. To reach this threshold, a soil thickness of at least 1 m is 500 

required to trigger a landslide in steep slope areas (> 55°) and at least 3 m in gentler slope areas 501 

(about 20°). 502 

 503 

Overall, the study showed that each parameter could have a significant effect on the final PoF 504 

assessment. Average annual displacement rates were recovered for five GPS stations using 505 

velocities calculated by Murray and Svarc (2017) from which the velocity of GNSS station P224 506 

was subtracted to abrogate for tectonic plate movement. The final PoF map considering the three 507 

parameters discussed here shows that the monitored locations exhibit displacements and are 508 

located in areas of a high PoF (Figure 8c). Indeed, all five GPS stations showed displacements 509 

ranging from 4.8 to 15.1 mm/yr. LRA5, located in an area listed as a paleolandslide shows yearly 510 

displacement of 5 mm/yr corresponding to a very slow-moving landslide. This demonstrates that 511 

the landslide hazard is still present in this area, even though it is classified as a paleolandslide, 512 

and that this is probably also the case for the other unmitigated areas.  513 

 514 

The study showed that the soil thickness variability and vegetation distribution are of critical 515 

importance to the landslide risk evaluation. In that case considering both distributions was 516 

necessary to assess the PoF and the risk associated with future slope failures. 517 

This study showed that geophysical measurements, and more precisely the computation of the 518 

HV ratio is efficient to extract the soil thickness at local to regional scale without requiring time-519 

consuming and cumbersome methods. We have also shown that the use of remote sensing to 520 

extract vegetation cover is an easy and efficient way to retrieve the spatial distribution and 521 

evolution of root cohesion for the purpose of the PoF monitoring. Indeed, in our case, land use 522 

management in the study area, located in the Bay Area, has led to a large number of Eucalyptus 523 

removals due to fire hazards. Studies already implement a real time evaluation of the landslide 524 

hazard based on a physical based model (Krøgli et al., 2018) however only considering 525 
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meteorological forecast. We showed that tree removal increased drastically the PoF in thin soil 526 

areas. However, as shown by Schmidt et al., 2001, the added root cohesion last for few years 527 

after harvesting, depending on the tree species. The root cohesion decay after harvesting was 528 

not consider in this study to show the impact of harvesting on the PoF in the future however it 529 

should be considered in a monitoring purpose. For this, classifying the vegetation cover 3-4 times 530 

per year would allow for variations in vegetation cover, and thus root cohesion, to be considered 531 

from a real-time hazard assessment perspective. This would also provide a feedback pathway to 532 

adapt land management plans to include landslide hazard concerns. 533 

 534 

The approach used in this study allowed us to consider the spatial variability of the slope, the 535 

cohesion and the soil thickness. In addition, the sensitivity analysis showed that uncertainties in 536 

soil density, friction angle and transmissivity have a small impact on the final PoF map. However, 537 

uncertainties in slope angle and soil thickness could have a major impact on the final PoF map. 538 

The slope angle uncertainty depends on the DEM used. In our case, the DEM used has a slope 539 

angle accuracy of about ±5°. We showed that soil thickness variations have a major impact in the 540 

0-5 m range related to uncertainties ranging from 0 to 1 m, respectively. The two accuracies (slope 541 

angle and soil thickness) can impact the final PoF map, however, they are small enough not to 542 

challenge the overall conclusions discussed above. 543 

As Corominas et al. (2013) stated, it is critical, before assessing the landslide risk of an area, to 544 

properly calibrate the impacting parameters without which the assessment could either over- or 545 

underestimate the risk, thereby providing an unreliable estimate. 546 
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Figure 8 Maps of active landslides and paleolandslides associated with a) the impact of soil thickness variation (PoF_ST 548 

– PoF), b) the impact of root cohesion (PoF_STV - PoF_ST) and c) PoF_STV and mean yearly displacement of GPS 549 

stations. 550 

 551 

6. Conclusion/perspectives 552 

 553 

This study shows that coupling geophysical and remote sensing data is useful to reduce 554 

uncertainty in the assessment of landslide hazards. We were able to evaluate the slope angle, 555 

the soil thickness, and root cohesion influence on slope stability. We highlighted that, for this study 556 

area, slope angles above 30° have a high PoF (>0.5). Additionally, we showed that the soil 557 

thickness variability has a strong impact on the PoF of the study area. Soil thicknesses greater 558 

than 5 m significantly increase the PoF for slope angles of 30° and greater. For thinner soil cover 559 

(1m - 5m), the PoF were generally low, but for very steep slopes, values of up to 1 are still 560 

possible, with higher possibility at smaller angles for increasing soil thickness (i.e. 35° for 5 m, 561 

and 55° for 2 m soil thickness).  We were also able to show that root cohesion is only effective in 562 

slope stabilization for very shallow soil thicknesses (< 3 m). Our results demonstrate that the 563 

knowledge of the soil thickness distribution is essential to properly evaluate the PoF of a study 564 

area. While assuming a constant soil thickness across the area showed a high PoF throughout 565 

the study site, acknowledging variable thickness and vegetation distribution highlighted areas of 566 

an increased PoF. These areas characterized by a high PoF also correlate with areas of known 567 

and currently monitored slope displacements, but also highlighted other areas of concern. 568 

 569 

In general, we showed that it is critical to properly estimate the PoF in such an urban area and to 570 

address the impact of critical parameters such as soil thickness and added cohesion. To help with 571 

that, we propose a new approach combining the use of ambient seismic noise and remote sensing 572 

data allowing to extract these parameters easily. The use of ambient noise shows that we can 573 



Non-peer reviewed preprint submitted to EarthArXiv 

30 
 

easily extract the soil thickness in short time. We show promising results for monitoring the PoF 574 

using remote sensing in such evolving areas. A second step would be to track changes in soil 575 

parameters to update the PoF over time. To do this, a network of sensors measuring the water 576 

table and soil moisture continuously would provide no longer an average PoF, but a close to real 577 

time PoF which could lead to early warning systems. Our study highlights the importance of a 578 

good understanding of the soil thickness and vegetation distribution for landslide hazard 579 

assessment, but also provides a novel and transferable methodology to account for those in the 580 

assessment.  581 
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