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ABSTRACT 

 

Landslides are one of the most common geohazards, posing significant risks for 

infrastructure, recreation, and human life. Slope stability analyses rely on detailed data, 

accurate materials testing, and careful model parameter selection. However, required 

information is not always readily available, and estimations must be made, introducing 

uncertainty and error to the final slope stability analysis results. The most critical slope stability 

parameters that are often missing or incompletely constrained include slope topography, depth 

to water table, depth to failure plane, and material strength parameters. The goal of this 

research is to develop a standard engineering design approach for the estimation of these 

parameters when they cannot be directly measured, or when the accuracy of the measured 

values is in question. It could be argued that even sites that have ample, accurate data would 

require the estimation of at least one of these critical parameters. Though estimation of these 

values is common practice, there is limited guidance for this important step in the analysis. This 

research also quantifies and highlights the need for uncertainty communication and accurate 

representation of probabilistic approaches in slope stability analysis results, particularly where 

data is sparse. Guidance is provided for the estimation of the following: original and/or post 

failure slope topography via traditional methods as well as the use of open-source digital 

elevation models, water table depth across variable hydrologic settings, and depth to failure 

plane and slope material properties based on predicted slide type (predominately translational 

or rotational). Workflows are proposed for the systematic estimation of critical parameters based 

primarily on slide type and scale. The efficacy of the proposed estimation techniques, 

uncertainty quantification, and final parameter estimation protocol for data-sparse landslide 

analysis is demonstrated via application at three landslides of variable sizes in Colorado, USA.  
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

Landslides are one of the most common geohazards, posing significant risks to 

infrastructure, recreation, and human life. Slope stability analyses rely on detailed data, 

accurate materials testing, and careful model parameter selection. However, these inputs are 

not always readily available and thus are commonly estimatedðintroducing uncertainty and 

error into the final slope stability analysis results. The most critical slope stability parameters 

that are often missing or incompletely constrained include detailed slope topography (especially 

pre-failure topography), depth to failure plane, depth to water table, and material strength 

parameters. The goal of this research is to develop a standard approach for the estimation of 

these parameters when they cannot be directly measured, or when the accuracy of the 

measured values is in question, as well as to propose a framework using these estimations for 

the analysis of data-sparse landslides.   

1.1.1 Importance of Data-sparse Analyses  

Critical parameter data for landslide analysis may be missing or otherwise sparse for a 

number of reasons, including unsafe conditions on the slope, the need for a rapid response, 

poor samples for testing, budgetary constraints, and inaccurate or poorly constrained regional 

data. With these conditions in mind, it can be seen that many landslides may be classified as 

data deficient.  

Data-sparse landslides, therefore, are unavoidable. Despite their prevalence, there is 

little information available concerning best practices for the estimation of parameters, and 

greater analysis of data-sparse landslides. Landslides or settings in which landslides are data-

sparse commonly include: 

¶ Historic landslides 

¶ Landslides unsafe for investigation  

¶ Landslide-dense areas with limited resources for individual investigation 

¶ Landslide studies lacking testing/instrumentation or exploration resources 

1.1.2 Landslide Classification  

The most general definition of a landslide was given by Cruden (1991) as a ñmass of 

rock, debris, or earth sliding down a slope.ò The scope of this study is focused on the analysis of 

data-sparse landslides in soil or weak rock environemnts. Thus this studyôs applicablility to large 
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translational slides in rock is expected to be limited. Over the years landslides have been 

classified based on morphology (Hutchinson, 1988), movement and material (Cruden & Varnes, 

1996), soil saturation and movement (Hungr et. al., 2001), depth (Lateltin et. al., 1997), and 

saturation characteristics (Brönnimann, 2011). One of the most general classifications of 

landslides is that of failure type, typically described as two end members: translational and 

rotational failures (Highland & Bobrowsky, 2008).  

Rotational landslides have a curved failure surface, with a rotational axis parallel to the 

contour of the slope; these landslides typically have more pronounced toe bulges and back tilted 

blocks (Highland & Bobrowsky, 2008). Rotational landslides occur most frequently in 

homogenous materials, typically manmade embankments or other applications of fill. Rotational 

landslides are associated with slopes between 20 and 40 degrees, and typically have a length 

to depth ratio between 0.3 and 0.1 (Highland & Bobrowsky, 2008). Rotational landslides can 

travel at a wide range of velocities, from classifications of extremely slow to rapid (Highland & 

Bobrowsky, 2008). 

Translational landslides move downslope along a relatively planar surface, with little 

rotational or back tilting movement. Translational landslides are more common than rotational 

slides, and are found in all environments and slope conditions (Highland & Bobrowsky, 2008). 

Translational landslides typically fail along a geologic contact or discontinuity surface, such as 

regolith-soil contacts. Translational slides are generally shallower than rotational landslides, and 

have a travel distance to sliding mass length ratio of less than 0.1 at the surface of rupture 

(Highland & Bobrowsky, 2008). Translational landslides range in size from the scale of meters 

to kilometers-wide. Though movement of translational slides may be initially slow, most are 

classified with moderate to extremely rapid velocities (Highland & Bobrowsky, 2008). In 

extremely rapid failure situations, the landslide mass often disintegrates into a debris flow during 

failure (Highland & Bobrowsky, 2008).  

Despite their differences, these two landslide types typically occur with similar triggering 

mechanisms, and have the same potential consequences in many cases. Due to the differences 

in landslide geometry between the two failure types, they are expected to require similar but 

separate workflows for analysis, as some critical parameters are prioritized for one slide type 

but not the other.  
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1.1.3 Defining Critical Parameters 

Critical parameters are those used in common slope stability and landslide modeling 

applications. Critical parameters have been defined based on those needed for basic limit 

equilibrium calculations (Duncan, 1996) as well as for complex numerical modeling (Lee et. al., 

2018), as shown in Equations 1.1 and 1.2. These parameters are: 

¶ Original slope topography and slide geometry  

¶ Depth to failure plane  

¶ Depth to water table 

¶ Material strength parameters 

 

ὊὛ                                                              (1.1) 

ὊὛ
Вװװ

Вװװ
                                                           (1.2) 

In Equations 1 and 2, the factor of safety (FS) is defined for translational and rotational 

landslides, respectively. Equation 2, for rotational slides, is defined as a summation of slices, 

per the common method of slices calculations (Duncan, 1996). In both of these equations c is 

cohesion, z is thickness of the slide mass or slice height, ‎ is unit weight, l is the length of the 

slice measured along the base, — is the tangential angle of the failure surface relative to 

horizontal, and ‰ is the angle of internal friction.  

There are two primary means by which groundwater is often considered in slope stability 

analyses. The first is by weight, increasing the driving forces by loading, and the second is by 

porewater pressure reducing resisting forces. This is exhibited by the infinite slope calculation 

(Equation 1.3) after Hammond et. al., (1992) which considers water. Equation 1.4 demonstrates 

the rotational FS calculation with the consideration of water. 

ὊὛ                                  (1.3) 

ὊὛ
Вװװ

Вװװ
                                                             (1.4)  

Where ‎ is the unit weight of water, equal to 9.81 kN/m3, ᾀ  is the saturated thickness 

of the slide, and u is porewater pressure. Figure 1.1 illustrates simplified landslide geometries 

and the graphical representations of the variables used in Equations 1.1-1.4. 
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Figure 1.1 Simplified geometries with labeled parameters for translational (left) and rotational 
(right) landslides. The top figure shows application on a realistically complex slope, while the 
bottom shows the same variables with geometric simplifications for idealized slopes. 

As defined by limit equilibrium equations and commonly used in slope stability modeling 

software, the material strength parameters used in this study are those of the Mohr-Coulomb 

failure criterion, most applicable to soils and severely decomposed rock masses. The 

parameters of the Mohr-Coulomb criteria are unit weight, friction angle, and cohesion.  

1.1.4 Current State of Analyses 

Despite the ubiquity of data-sparse landslides, there remains minimal guidance in 

academia or industry which can be used to inform the estimation of critical parameters and the 

greater workflow for data-sparse landslide analysis. 

Though many analyses have been published on data-sparse landslides (e.g. Chiliza & 

Hingston, 2018; Graber et al., 2021; Scheevel & Santi, 2017) very few studies have been 

completed that offer systematic guidance for the analysis of these slides. Lee et. al. (2018) 

provide detailed instruction on modeling landslide susceptibility in data-sparse environments, 

but they focus on data mining, large volume statistical methods, intense computation power, 

and regional results rather than application for a typical practitioner in industry. Though the 

susceptibility mapping resultant from data mining and subsequent modeling is nuanced, 

creative, and yields useful results, it is the result of years of development, designed for use in a 

single region in the range of 6 km in diameter, and limited by the modelôs ability to assess 

individual slides of interest. The combination of these factors presents an unrealistic approach 

for everyday engineering geology use.  
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A more realistic approach for every-day use was proposed by Preisig (2020), specifically 

designed for the forecasting of long-term, deep-seated landslide activity (Table 1.1). The 

analysis focuses on a single, complex slide, but presents an effective summary of the workflow 

for constraining large, slow moving landslides via modeling. Though a modeling analysis 

workflow is presented in the study, granularity is lacking with respect to the consideration of 

unknown parameters, and no guidance is given for data-sparse settings or for parameter 

estimation beyond back-calculation of material properties in the initial model. 

Table 1.1 Modeling stages and implications for back analysis and forecasting revised from 
Preisig (2020). 

 
Stage of 
Motion 

First-Time 
Failure 

Post-Failure and Reactivation Phase Ultimate Failure 

D
e
fo

rm
a

ti
o

n
 H

is
to

ry
 

Duration <100 years >100-10,000 years <100 years 

Change in FS 

From stable 
(FS>1) to 

marginally stable 
(FS=1) 

Marginally stable (FS=1) 
From marginally stable 

(FS=1) to actively 
unstable 

Slope 
Deformation 
and Typical 

Velocity 

>1-10 cm/day <2-200 cm/year >1 cm/hour 

 

Im
p

li
c
a

ti
o

n
s
 F

o
r 

M
o

d
e

li
n

g
 

Modeled 
Geometry 

Based on pre-
failure 

topography 
Based on present-day topography 

Modeled 
Strength 

Parameters 

Peak shear 
strengths 

Sliding zones: residual shear strength; 
Sliding masses: mobilized shear strength 

Sliding zones: residual 
shear strength; 

Sliding masses: further 
weakening of mobilized 

shear strength 

Modelling 
Step 

Not Modeled 

Step 1 Step 2 Step 3 

Goals of 
Modeling 

Back-calculation of 
strength properties 

Verification of 
external trigger 

Test potential failure 
processes and forecast 

long-term activity 

Calibration FS=1 

Modeled external 
trigger and 

displacements 
match field data 

 

Assumptions 
and 

Limitations 

FS=1; geometry 
and boundary 
conditions are 

known; 
gravitational 
kinematics 

Constant properties 
during the 

observational 
period 

Predictive calculations 
valid/limited to some 
decades due to the 

assumption of constant 
properties 

Possible 
Ultimate 
Failure 

Triggers 

  

Changing hydrogeologic 
conditions; changing 

mechanical conditions; 
changing material 

properties 
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In an effort to better characterize current state of practice in industry, interviews were 

conducted to determine the state of practice in three consulting firms in the Denver area. None 

of the firms interviewed have a comprehensive standard operating procedure for the analysis of 

data-sparse landslides, and most approach each slope on an individual basis, constraining data 

on the basis of availability. Two of the three firms had no prescribed procedure for analysis 

either forwards or backwards. A third firm offered details on the back-analysis procedure used 

across the company, with no standardized forward modeling procedure. A summary of the 

procedure is provided in Figure 1.2.  

 

Figure 1.2 A flowchart showing the reported workflow for back analysis used in consulting 
illustrating the limited guidance currently available for either academic or industry use. 

As noted above, the currently available literature lacks the combination of parameter 

estimation, uncertainty considerations, and applied workflow necessary for data-sparse 

landslide analysis, even though many of these subjects have been researched individually. This 

need is magnified by the increasing frequency of deadly landslides across the globe in the last 

30 years, largely attributed to climate change effects (Gariano & Guzzetti, 2016). Furthermore, 
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remote mapping techniques have made the identification of landslides much more efficient, 

potentially outpacing the ability for stability analysis to be completed. This research aims to 

advance the assessment of data-sparse landslides that are missing data due to time, safety, 

budgetary, or other constraints to increase the speed and accuracy with which these slides are 

analyzed. The current need, as identified, is the optimization of modern practices for critical 

parameter estimation and analysis, the assessment of uncertainty in these methods, and the 

delivery of an industry-oriented workflow for everyday analysis of data-sparse landslides.   

1.2 Purpose and Scope  

As stated, the goal of this research is to develop a standard approach for the estimation 

of these parameters when they cannot be directly measured, or when the accuracy of the 

measured values is in question, as well as to propose a framework using these estimations for 

the analysis of data-sparse landslides.   

The intent of this research is to develop a methodology for the estimation of landslide 

topography, depth to failure plane, depth to water table, and material properties that can be 

used for the probabilistic estimation of slope stability of data-sparse landslides. The planned 

approach is to (1) independently investigate the geologic, morphologic, and scale controls on 

each critical parameter, (2) identify the most feasible estimation approaches for areas of sparse 

data, and (3) to develop guidelines for the estimation of uncertainty for each parameter. Based 

on these goals, the following research questions have been developed: 

Question 1: What generalized rules can be developed to better estimate unknown parameters 

and improve the accuracy of slope stability analysis?  

Hypothesis: Generalized rules can be developed to guide the estimation of critical 

unknown landslide parameters (slope topography, depth to water table, depth to failure plane, 

and material parameters) through the consideration of parameter controls, landslide scale, and 

geologic constraints. This guidance can be further informed through the investigation of 

accumulated uncertainty in slope stability calculations.  

Question 2: How do parameter estimations affect uncertainty in slope stability calculations? How 

does the scale of application influence this? 

Hypothesis: Parameter estimations propagate associated uncertainty into slope stability 

calculations via classical FS computation methods, which can be used for quantitative guidance. 

The larger the slope or slide of interest, the less uncertainty is brought into FS calculations from 
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geometrical parameters (slope topography/angle, depth to water table, depth to failure plane), 

and more uncertainty will result from material parameter estimations.  

Question 3: How does landslide type/failure mode influence the methodology for parameter 

estimation? 

Hypothesis: Landslide type (i.e. rotational vs translational) and expected depth will 

change the approach recommended for analysis in the delivered flow chart. As a brief example, 

for rotational slides, a known failure plane may not need to be defined immediately, as iterative 

probabilistic modeling will compute the weakest surface within the mass. However, for 

translational slides, the failure mechanism will at least need to be preliminarily estimated and 

considered in the geometry before numerical analysis may begin.  

With these research questions in mind, as well as the scope and purpose of this 

research, the proposed audience for the final framework deliverable includes practitioners in the 

following settings: 

¶ Areas with limited geotechnical exploration resources  

¶ Unsafe or inaccessible areas 

¶ Historic landslides 

¶ Otherwise cost-prohibitive settings  

 

This thesis has been organized into five chapters. The following is a brief description of 

each chapter: 

Chapter 1 - Introduction. This chapter documents the motivation for this study, how data-

sparse landslides are currently studied, and the need for further development of data-sparse 

landslide analysis framework. This chapter also discusses the purpose and scope of the 

research questions, including hypotheses and intended audience.  

Chapter 2 - A Review of Current Practices and Methods of Critical Parameter 

Estimation. This chapter documents the detailed literature review results concerning the 

estimation of each critical parameter under inspection. This chapter also discusses the 

significance of probabilistic assessments and considerations for communicating uncertainty. 

Chapter 3 - Assessing Accumulated Uncertainty from Critical Parameter Estimation and 

Developing a Framework for Critical Parameter Estimation. This chapter illustrates the 

relationships between parameter uncertainty, accumulated uncertainty, and the magnitude of 
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parameters. This chapter also discusses the prioritizing of these parameters given different 

landslide types, dimensions, and characteristics. This information is then woven together to 

present a framework for the estimation of parameters, and analysis of data-sparse landslides.  

Chapter 4 - Applying the Parameter Estimation Protocol Workflow for Critical Parameter 

Estimation to Example Landslides. This chapter demonstrates the applicability of the framework 

developed in Chapter 3 at three example landslides in Colorado: the Michigan Ditch ñMudslideò 

landslide, a landslide on Interstate 70 near the west portal of the Eisenhower-Johnson Tunnels, 

and the County Road 29 landslide. This chapter also presents conclusions on the expected 

applicability of the developed framework.  

Chapter 5 - Summary, Conclusions, and Recommendations. This chapter summarizes 

the findings of Chapters 2 through 4, draws overarching conclusions from these findings, and 

presents recommendations for future research. This chapter also presents a cautionary tale of 

the inherent uncertainty and impossibilities of quantification in the geosciences.  
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CHAPTER 2 

A REVIEW OF CURRENT PRACTICES AND METHODS OF CRITICAL PARAMETER 

ESTIMATION 

2.1 Introduction  

To better understand where guidance is most needed, and where it would provide 

meaningful and practical advance in the field of data-sparse landslides, a detailed literature 

review was conducted to explore the currently available tools and practices for critical parameter 

estimation. Beyond an exploration of the critical values of concern, the consideration of the 

benefits and outcomes of a probabilistic assessment were considered, as was the importance of 

communicating uncertainty. The results of this literature review are described in the following 

sections.  

2.2 Probabilistic Assessments  

The discrete and singularly quantitative nature of factor of safety calculations and slope 

stability results is inherently misleading. These values are often given as a single number, and 

accepted as absolute. However, the discrete nature of these numbers is not representative of a 

complex slope system as a whole, and particularly not representative of a landslide or slope 

which is data-sparse. Any discussion of the factor of safety of a landslide, data-sparse or not, 

should incorporate this potential variation or uncertainty.  

The evaluation of the role of uncertainty in the face of limited data has been best 

handled in practice via the utilization of probabilistic approaches to slope stability modeling. 

Probabilistic analyses allow room for uncertainty ranges in critical parameters to be quantified 

and rationally incorporated into the design process (El-ramly, 2002). Though this approach to 

slope stability analyses was first introduced in the 1970s (Alonso, 1976; Tang et. al., 1976; Harr, 

1977), concepts of application have developed greatly since its inception, and are now well 

established in literature (El-ramly, 2002). The communuication of uncertainty may be 

accomplished in conjunction with probabilistic slope stability analyses, as end results are a 

range, or more commonly a probability of failure given the distribution of parameters input. 

Though single-value medians or means are more rapid to communicate, and are easily carried 

forward in calculations, they neglect the nuance of parameter uncertainty and natural variation 

considered in the probabilistic approach. To present results from a probabilistic approach as a 

single number is counterproductive to the concept itself, and limits the communication of the 

uncertainty the analysis was designed to preserve.  
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A multiple-cross section, two-dimensional, probabilistic, limit equilibrium approach to 

data-sparse landslide modeling and slope stability assessment is recommended. This approach 

accounts for many of the uncertainties in laboratory and field data, or from data that is otherwise 

sparse or uncertain. This approach allows for reasonable assumptions to be made in data-

sparse scenarios, while testing multiple cross sections for replicability of stability analysis. 

Though this multiple-section two-dimensional approach has potential to introduce uncertainty 

specifically by a lack of consideration of edge effects, it limits the data required for slope stability 

analysis of already data-sparse slopes. 

When completing a probabilistic analysis, there are multiple ways in which parameter 

uncertainty may be handled. Arguably, the most commonly used method is the Monte Carlo 

method; other common methods include the Latin hypercube and response surface 

calculations. Each of these methods aims at representing the same information, though 

completes the sampling and analysis in slightly different ways.  

Monte Carlo and Latin hypercube methods are named after the sampling type employed 

during probabilistic calculation. Mote Carlo sampling obtains a sample in a purely random 

fashion, whereas Latin hypercube sampling is pseudo-random based on stratified sampling, 

with random selection employed within a given stratum (Slide2 User Guide, 2022). As a result, 

the Latin hypercube sampling typically is smoother and may use about 1/5th as many analyses 

to arrive at comparable Monte Carlo results (Slide2 User Guide, 2022). The Response surface 

method employs Latin hypercube sampling for initial sampling, then selects a subset of training 

data to create a response surface of factor of safety in this application, upon which any 

combination of samples can be plotted to estimate factor of safety as well as probability of 

failure.  

To further emphasize the importance of the representation of the factor of safety of a 

slope as a range rather than simply a value with bounds, it should be noted that variation in 

factor of safety calculation is not due to incomplete data alone. Variation may also be caused by 

inherent uncertainty of data analysis methods and styles. Stark and Eid (1998) demonstrated an 

error as high as 21% in the final factor of safety calculation for a slope modeled in two 

dimensions instead of three. This same study also demonstrated a back-calculated friction 

angle error of up to 30%, with consideration for changes in modeling dimensions. Simplifications 

of complex water table surfaces to planar surfaces has also demonstrated significant variation in 

calculated factor of safety, with Crenshaw and Santi (2004) and Santi et. al. (2003) showing a 

10% difference in factor of safety between the simplified, or smoothed, and more realistic water 
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table representations. As uncertainties, estimates, simplifications, and error margins compound 

over the course of slope stability calculations, it is critical that uncertainty is inventoried at every 

step of the iterative parameter estimation process put forth in this research to most accurately 

represent factor of safety. 

2.3 Original Slope Topography 

With the publication of national high resolution, about 1 meter gridded, open-source 

digital elevation models (DEM), nearly all landslides have some topographic data available.  

These models cover a majority of the contiguous United States, with variable coverage and 

quality in Hawaii, Alaska, and territories. Internationally, open source DEMs are also being 

made available at increasingly high resolutions. These DEMs can be used as direct geometric 

inputs during the modeling of landslides without the use of site-specific surveying, which may be 

too expensive, or simply unreasonable.  

The utilization of low resolution DEMs for the determination of original or current slope 

topography leads to inherent error as it often may not represent the actual on-ground 

topographic features that have potential to significantly affect slope angle used in stability 

analyses. With the use of open source DEMs available at multiple resolutions, one must 

consider how much smaller the resolution must be for reasonable representation. That is, how 

much variability is there between the smoothing inherent from DEM resolution (which projects 

straight lines between the grid points) and the actual irregular slope? 

There are many variables which contribute to DEM uncertainty, and numerous studies 

have been conducted on this alone. To begin, the two most common ways to develop a DEM 

are via LiDAR (aerial or satellite) with modern technology at variable resolution or via existing 

contour maps. It has been previously demonstrated that even coarse LiDAR-derived DEMs are 

more accurate to true ground surface than contour-derived DEMs (Vaze and Teng, 2007). 

Considering both LiDAR- and contour- derived DEMs, uncertainty is largely related to the DEM 

algorithm used to estimate a surface from the original grid in place. Though significant research 

has focused on algorithm and uncertainty determinations at variable grid-spacings (Bater & 

Coops, 2009; Mukherjee et. al., 2012; Schlögel et. al., 2018; Smith et. al., 2019; Wechsler & 

Kroll, 2006), final uncertainty values and optimal grid spacings are highly variable from region to 

region based on vegetation, drainage density, relief, surface roughness, end application, and 

terrain complexity (Amante, 2018; Bater & Coops, 2009; Chang et. al., 2019; Mukherjee et. al., 

2012). Others (Chang, 2019, for example) have also found that the highest resolution DEM 

available is not always the most accurate or optimal for computational times, and propose a 30 
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m LiDAR-derived resolution DEM as optimal for regional landslide analysis. Furthermore, 

unique terrain features, or those suspected of controlling slope stability, may have more specific 

requirements. For instance, landscapes with terracing have been shown to require DEM grids 

finer than 2 m to detect the microtopography of the terraces, and when concerned with 

applications such as soil erosion, this microtopography is critical for modeling and estimates of 

mass change (Chidi et. al., 2021). Soem work has shown that while higher resolution DEMs 

often more accurately characterize peak and trough geometry, lower resolution DEMs often are 

equally accurate at characterizing mid-slope angles (Mukherjee et. al., 2015). Nevertheless, the 

same study confirmed that higher resolution DEMs are generally more accurate, as too-coarse 

DEMs typically underestimate slope steepness. 

Ultimately, the vertical error in DEMs most likely is a result from one or a combination of 

the following (Amante, 2018): 

¶ Error in elevation measurements 

¶ Error resultant from transformation of topographic measurements to reference system  

¶ Error associated with the spatial resolution of the DEM 

¶ Error in DEM algorithm/interpolation gridding technique which estimates elevations 

unconstrained by measurements 

With these considerations in mind, as high resolution DEMs become more readily 

available, it is important to quantify the accuracy of the most common open source DEMs, and 

how resultant uncertainty may propagate in to final slope stability analyses. The primary 

accuracy concern identified for slope stability analyses is that of vertical uncertainty or accuracy, 

as horizontal uncertainty will convert into vertical uncertainty due to the misplacement of 

elevational data in space. It should be noted that in order to reduce horizontal and vertical 

uncertainty during the initial acquisition of data, special care should be taken to verify and 

transform coordinate systems to properly scale and spatially locate the DEM to be used.  

Elevation data across virtually all landmasses internationally is available through 

GoogleEarth, shuttle radar topography (SRTM), ALOS global digital surface model (AW3D30), 

and advanced spaceborne thermal emission and reflection ratiometer (ASTER) databases. 

Higher resolution data, available domestically in the United States, includes the National 

Elevation Database (NED) which has since been incorporated into the 3D Elevation Program 

(3DEP), run by the United States Geological Survey (USGS). Each of these data sources has a 

unique vertical accuracy, as well as data quality and reporting requirements. The American 
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Society for Photogrammetry and Remote Sensing (ASPRS) 2014 Positional Accuracy 

Standards for Digital Geospatial Data require accuracy to be reported as root mean square error 

(RMSE) in the vertical direction for classification in the proper Vertical Accuracy Class (ñASPRS 

Positional Accuracy,ò 2014). It should be noted that while areas without vegetation have 

normally distributed error values, this is not always the case for vegetated areas. 

Due to the variety of sources, and limited associated reporting, GoogleEarth elevation 

data, though commonly used, lacks concrete vertical accuracy quantification. Localized tests 

have been completed for specific areas of interest (Wang et. al., 2017) which focus on traffic 

applications. They found that near-road vertical elevation in the United States, reported as 

RMSE, was approximately 2.27 m. it was concluded in the same study that the accuracy of 

GoogleEarth data was much higher immediately near roadways, and rapidly dropped off away 

from them, or in areas without major roadway development (Wang et. al., 2017). These 

concerns, and the spatial extent of most landslides away from roadways make the use of this 

data less appealing than potentially higher resolution data available directly as a DEM.  

The first NED accuracy report was completed in 2014, and sought to define the vertical 

accuracy of the April 2013 version of the dataset. Since then, the United States Interagency 

Elevation Inventory (USIEI) has launched a joint project called the 3D Elevation Program 

(3DEP).  Throughout this study, the 10 and 30 m gridded DEMs through the United States that 

predate 3DEP will be referred to as NED to differentiate them from the 1-5 m 3DEP DEMs now 

available in most locations. The NEDs available are seamless compilations of privately and 

publicly-collected elevation data, patchworked across the Unites States with rigorous reporting 

standards (Federal Geographic Data Committee, 1998). Due to the patchwork effect, the 

accuracy of a NED varies spatially, and is dependent on the inherited accuracy of the source 

DEMs. The 2013 NED was investigated for absolute and relative error vertically and horizontally 

by Gesch et. al. (2014); the NED data was verified against control points from the National 

Geodetic Survey benchmarks with mm- to cm- accuracy. The RMSE value associated with 

absolute vertical accuracy was 1.55 m, translating to a relative vertical accuracy of 0.81 m. The 

relative vertical accuracy aids in the determination of slope accuracy for a given project scale by 

describing the accuracy of elevation changes between two points. Gesch et. al. (2014) 

considered relative vertical accuracy for point to point measurements that were 1-arc-second 

apart: the slope error at this scale was found to have a mean error of 0.77 degrees, with a 95th 

percentile of the error within 2.79 degrees. They also found that the 2013 NED had overall lower 

error than the SRTM DEMs, though absolute error of both the NED and SRTM data increased 
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as the slope angle on which measurements were taken increased. In their study, Gesch et. al. 

(2014) quantified error for common elevation data collection methods. Though the fewest points 

of this method were verified, airborne digital stereo correlation showed the lowest RMSE value 

at 0.48 m, followed by LiDAR at 0.87 m, photogrammetric mass points and breaklines at 1.15 m, 

and lastly LT4X (1:24,000 hypsography) with an RMSE value of 1.89 m. In the same study, they 

also investigated the impact of land cover class on absolute vertical accuracy, concluding that 

cultivated crops were found to introduce the lowest absolute vertical error by RMSE 

classification, while areas of high intensity development and barren land both had the highest 

RMSE values reported. 

In January of 2015, the USGS National Geospatial Technical Operations Center began 

the production of a 1-Meter Digital Elevation Model for the conterminous United States under 

the 3DEP initiative. The target vertical accuracy of this national DEM in non-vegetated areas is 

19.6 cm at the 95-percent confidence level based on the USGS 1-Meter Digital Elevation Model 

Specification (Arundel et. al., 2015). This target accuracy is equivalent to a 10 cm RMSE in the 

vertical direction specifying the Vertical Accuracy Class within the American Society for 

Photogrammetry and Remote Sensing (ñASPRS Positional Accuracy,ò 2014) which meets the 

3DEP Quality Level 2 threshold of 10 cm RMSE as well. The equivalent vegetated vertical 

accuracy at the 95-percent confidence level for the 10 cm vertical accuracy class is 30 cm. 

Though error is potentially introduced in the reprojection of source data onto the UTM 

coordinate system, the 1 m resolution DEM product is expected to retain this 10-cm level of 

accuracy. The National Map Seamless Digital Elevation Model Specifications (Archuleta et. al., 

2017) state in the description of priority that more accurate, and higher resolution, DEMs are 

prioritized in the database, and that the highest resolution and accuracy DEM based on 

acquisition style will take precedence for any area where multiple DEM sources are available. 

As noted previously, under 3DEP, the vertical accuracy of input elevation data will be required 

to be roughly equivalent to the vertical accuracy requirements of Quality Level 2 DEM data in 

the conterminous Unites States, and Level 5 in Alaska, as defined by ASPRS (ñASPRS 

Positional Accuracy,ò 2014). These standards however do not require the accuracy of a given 

DEM to be reported in the DEM metadata, only the availability of accuracy information must be 

reported. 

Similar studies based on SRTM, ASTER, and AW3D30 databases with ground truth 

points have been completed. The results of these accuracy studies are available in Table 2.1. 
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Figure 2.1 illustrates the variability in these DEM systems for an example site outside of 

Yosemite National Park, California, USA.  

 

Figure 2.1 Variation in hillslope shape, angle, and relief outside of Yosemite National Park, 
California, USA. Evidence of increasing detail and precision can be seen with the higher 
resolution DEMs, lower resolution DEMs show significantly altered slope angle, general 
geometry, and overall relief. 
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Table 2.1 Reported vertical error of common open source DEMôs available domestically in the 
United States and internationally. Vertical error is reported as the 95th percentile, calculated 
from RMSE when necessary. (NVA ï non-vegetated area, VA ï vegetated area). 

DEM 
3DEP 
NVA 
(1m) 

3DEP VA 
(1m) 

3DEP 
(2m) 

3DEP 
5m 

(Imagery
) 

NED 
April 
2013 
(10m) 

NED 
June 
2003 
(30m) 

AW3D30 
(30m) 

SRTM 
(30m) 

ASTER 
ver. 2 
(30m) 

95th Percentile 
Vertical Error 

(m) 
0.196 0.3 0.392 2.7244 3.02 5.59 11.13 16.23 23.48 

Reference 
Arundel 
et. al., 
2015 

Arundel 
et. al., 
2015 

3DEP 
Public 

Domain, 
2021 

3DEP 
Public 

Domain, 
2021 

Gesch et. 
al., 2014 

Gesch et. 
al., 2014 

Santillan 
& 

Makinan
o-

Santillan, 
2016 

Santillan 
& 

Makinan
o-

Santillan, 
2016 

Santillan 
& 

Makinan
o-

Santillan, 
2016 

 

 Though relative accuracy between two points is potentially more direct for computing 

slope angle error, widespread relative accuracy is seldom reported. The most commonly 

reported accuracy is RMSE, which is also the required reporting accuracy for DEM submittal for 

NED and 3DEP use, thus RMSE and converted absolute accuracy will be considered for 

comparison, and simple trigonometry will be used to calculate potential slope angle error (Figure 

2.2).  

 

Figure 2.2 Simplified slope geometry showing the potential influence of a given vertical error, y, 
on slope angle for landslide analysis. 

Most post-failure surfaces of landslides which may be under investigation today are 

covered by recent DEMs, but for accurate back analysis, pre-failure topographies are often 

required. Previous studies (e.g., Graber et. al., 2021; Zangerl, et. al., 2021), have noted a 

common alternative to the use of DEMs, when they are unavailable or resolution is unsuitable 

for analysis, or for constraining pre-failure topographies, is to mimic the topography of nearby 
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slopes that do not have landslides. Though this approach is not without its merits, it remains 

challenging to quantify uncertainty in slope topography when using this approach, particularly 

when the original slope may not necessarily have been seen prior to failure. Furthermore, this 

equivalency approach may not be valid, as the slope under analysis failed, but not the one next 

to it, despite the two slopes likely having similar hydrologic and geologic conditions. Thus, in 

these situations it is quite possible that the unique topography of the slope that failed is in fact 

the defining factor which may have caused a particular slope to fail, while its neighbors 

remained stable. This may be due to direct slope angle considerations, weathering or erosional 

change with aspect change, or other unique material or geometric differences independent of 

topography itself (Steger et. al., 2020). 

A more recent practice adapted for the consideration of pre-failure topographies is that 

of re-interpolation of the landslide polygon surface based on post failure DEMs (Paulin et. al., 

2022; Köpfli et. al., 2018). This practice involves the delineation of the landslide polygon on 

post-failure DEMs. From the polygon and the DEM, two surfaces can be created: one that has 

only the post-failure landslide surface, and nothing outside of it, and one that has the 

topographic surface excluding the landslide polygon. The pre-failure topography may then be 

interpolated within the landslide polygon through either direct raster interpolation into a DEM, or 

through the use of contour interpolation and subsequent conversion back to a DEM. Taking it a 

step further, the estimated pre-failure surface may also be clipped to the landslide polygon, and 

overlain with the post-failure surface to complete volumetric estimations. As with DEM resolution 

as a whole, the accuracy of this method is dependent on the relationship between the scale of 

the landslide and resolution of the data to be interpolated, as well as the accuracy of the original 

post-failure DEM. Limited review does indicate however, that interpolated pre-sliding surfaces 

do tend to exhibit the same general form as known original topographies, though they typically 

exhibit smoother contours (Paulin et. al., 2022). In data-sparse settings, it could be argued that 

this is a more robust approach to simple slope mimicking, though due to smoothing effects, it 

may not be the most meaningful representation of landslide activities that are controlled by 

microtopographic features (such as terracing, levees, etc.). 

2.4 Depth to Failure Plane 

Depth to failure plane is a critical landslide parameter that determines the volume of 

material that may be mobilized, and in turn the portion of the driving forces defined by weight 

when calculating slope stability. Determining the depth to failure plane may involve defining a 

discrete slip or shear surface in the landslide model, which is often the geologic surface on 
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which translational failure, either partially or completely, is expected to occur. In purely rotational 

landslides, where homogenous material provides no material interface on which slipping may 

occur, it may not be necessary to define the depth to failure plane, as failure surfaces may be 

iteratively computed to determine which geometry is the weakest.  

Careful consideration of ground condition is critical for predicting the failure type and 

thus depth to failure plane of a landslide. Generally, more homogeneous materials, like 

unstratified soil or mass-weakened materials, exhibit rotational movement with circular failure 

planes, while stratification, structure, or other discontinuities lend themselves to a translational 

failure along a plane of contrasting strength. Stepped rotational failure is common in areas of 

thinly stratified, weaker rockmasses where softening processes (i.e. slaking) may occur in 

susceptible layers, like shales. This simplified binning of landslide failure types must be 

considered alongside the complexities of anisotropy and structural control depth as related to 

the anticipated failure plane when selecting an analysis method based on landslide type. Many 

proposed calculation techniques are available in literature for the estimation of failure plane 

depth, ranging from graphical extrapolations from the main scarp (Cruden & Varnes, 1996; 

Hutchinson, 1983) to numerical modeling (e.g., Chiliza & Hingston, 2018; Cruden and Varnes, 

1996). Ultimately, there is no shortage of mathematical approaches available, but the equations 

can be complicated and require many input values which are difficult to measure or estimate in 

data-sparse settings, further introducing uncertainty. Segoni et. al. (2012) discussed variable 

approaches for the estimation of soil thickness up to 3 m, using lithology and DEM roundness to 

classify potential depth to failure plane based on regolith thickness for shallow translational 

landslides. A more rigorous approach was developed by Kazeev and Postoev (2019), and while 

promising, the amount of data required to complete the depth estimation was more than would 

typically be available in a data-sparse setting. Prajapti and Jaboyedoff (2022) provide valuable 

guidance for the estimation of failure surfaces, however this guidance is still reliant upon an 

estimation of depth along a given line or at a given location.  

Typical simplified methods of slip surface definition outside of data-sparse settings 

include the use of boreholes, test pits, inclinometers, and geophysics. Even with data from 

these tools, the position of the slip surface may still be difficult to identify (Carter & Bentley, 

1985). More appropriate for data-sparse settings, the use of simplified cross sections and 

graphical measurements has been described by Varnes (1958, 1978), and incorporation of 

surface measurements to inform failure plane depth estimations is described by Philbrick and 

Cleaves (1958). A method applicable to all landslide failure types has been proposed by Carter 
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and Bentley (1985) which relies on the connection of survey or control points over time being 

used to define the failure plane by geometric constraints. This method is promising for data-

sparse settings, particularly if multiple DEMs, photos, or other monuments are available to 

constrain motion over time. Without any monitoring data, the estimation of the depth of landslide 

failure planes relies on geologic observation and interpretation. 

If the failure surface is partially visible on post-failure landslide topography, overlain pre- 

and post- failure topographies may lend themselves to the narrowing of potential depth to failure 

planes. The methods proposed by Carter and Bentley (1985) may also be used in these settings 

should there be sufficient data for registration and offset analyses between pre- and post-failure 

datasets. Often, however, this may not be the case, and other methods of estimation and 

interpretation may need to be used. 

Translational landslides commonly occur at soil/regolith-bedrock contacts, or other 

geologic surfaces (faults, unit contacts, foliations, etc.) (Cruden & Varnes, 1996). Therefore, one 

of the most powerful tools for estimating the depth to failure plane of a landslide may be the 

creation of a detailed geologic framework at the site. In data-sparse settings, it is likely that this 

task will rely on existing geologic data. Potential sources of geologic interpretations include: 

¶ USGS published maps 

¶ National Resource Conservation Service (NRCS) soil surveys  

¶ State Geological Survey publications 

Though these resources may aid in the definition of subsurface geometries at the site of 

a landslide, the confidence one may have in extrapolating them into the subsurface will likely 

vary from location to location and practitioner to practitioner, making the quantification of 

uncertainty challenging. Tools which may be used to verify or aid in the estimation of failure 

plane depths in data-sparse settings are summarized in Table 2.2.  
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Table 2.2 Published methods for estimating the depth of landslide failure planes ordered from 
least to most complex/intensive, revised from Jaboyedoff et. al. (2020). R ï Rotational, T ï 
Translational, () ï potential or limited applicability.  

Method 
Landsli
de Type 

Required Data Description Reference 

Surface Area-
Volume 

Relationship 
R, T 

Å Horizontal surface area or area along 
slope 
Å Knowledge of expected geomorphic   
conditions (to apply correct power 
function from literature) 

Defines failure plane by empirical 
power function and volume to depth 
conversion  

Guzzetti et al., 
2009 

Rheological 
Assumptions 

T (R) 
Å DEM 
Å Rheologic interpretation  
Å Displacement map 

Defines failure plane by applying 
rheologic relations to surface 
velocity and depth  

Booth et. al., 2013  

Surface 
Displacement 
Parallel to Slip 

Surface 

R, T 
Å Pre-failure surface  
Å A series of displacement vectors  

Defines failure plane based on 
parallel displacement to slip surface  

Carter and Bentley, 
1985 

Balanced 
Cross Section 

T (R) 
Å Logitudinal cross section 
Å Displacement along cross section  

Defines failure plane by assuming 
mass balance and calculating mas 
transfer  

Jakobson, 1952 
Bishop, 1999 
Chase, 2001 

Volumes 
Controlled by 

Discontinuities 
T 

Å DEM 
Å Structure orientations and locations  

Defines failure plane by controlling 
failure surfaces  

Oppikofer et. al., 
2016 

Half Ellipsoid 
or Elliptic 

Paraboloid 
R 

Å Landslide area 
Å Maximum landslide depth  

Defines failure plane with geometric 
shape  

Cruden and 
Varnes, 1996 

Empirical 
Transverse 

Cross Section 
R (T) 

Å Transverse cross section(s) 
Å Failure surface on lateral extents of 
landslide 

Defines failure plane by empirical 
graphical relationship  

Jaboyedoff et. al., 
2020 

3D 
Geomorphic 

Spline 
Calculation 

R (T) 
Å DEM  
Å Failure surface on lateral extents of 
landslide 

Defines failure plane using spline  

Jaboyedoff and 
Derron, 2015 
Prajapati and 
Jaboyedoff, 2022  

Random 
Failure 

Surfaces and 
Probability 

R, T 
Å DEM 
Å Discontinuity orientations  
Å Discontinuity lengths and spacing  

Defines failure plane by simulating 
stepped surfaces  

Oppikofer et. al., 
2011 

Sloping Local 
Base Level 

(SLBL) 
R (T) 

Å DEM  
Å Contours of initial failure surface  

Defines failure plane by iterative 
calculation of quadratic failure 
surface  

Jaboyedoff et al., 
2004, 
Jaboyedoff et al., 
2009 

Depth 
Probability 

Calculations 
R, T 

Å DEM 
Å Reliable estimate failure surface 
Å Depth of hypothesized (deeper) failure 
surface  

Defines probability of failure surface 
existing at a given depth  

Guzzetti et al., 
2009 

 

Ultimately, as with many of the critical parameters presented, the final uncertainty in 

depth to failure plane will need to be quantified using engineering judgement, local experience, 

and the data available at a specific site.  

2.5 Depth to Water Table  

As previously noted, the depth to water table at the location of a landslide plays a role in 

both the calculation of weight added to the driving force portion of the equation, as well as pore 

water pressure. In the absence of piezometer data, water table depth has classically been 

estimated using simple topographic controls, with estimated water tables typically appearing as 

a subdued replica of the land surface in cross section (Snyder, 2008), though instruction as to 

what degree the surface may be subdued is largely lacking in available literature. Unlike 



 22 

estimations of slope topography, there have been few advances that would aid in the estimation 

of the water table surface using an off-site location as a surrogate.   

The estimation of the water table becomes particularly important in cases where the 

movement of the water table itself is expected to be the immediate trigger of the landslide, such 

as in irrigation-triggered landslides. In these situations, understanding the location of the water 

table and deviation magnitudes which may trigger the landslide become the primary goal of 

modeling, and the model may be expected to be even more sensitive to alterations in the 

groundwater geometry. The application of water table estimations in agriculture settings 

becomes a more prominent concern when the increased number of irrigation-induced landslides 

worldwide is considered (Garcia-Checesich, et. al., 2020). 

In previous studies (Graber, 2021) aerial or satellite imagery has been used to constrain 

points of known water table intersection with the surface topography. In these instances, 

springs, seeps, rivers, or vegetation known to grow in standing water can be used in conjunction 

with open-source images to ñconnect-the-dots" so to speak, and estimate the approximate depth 

or location of the groundwater table between these known points.  

To inform water table estimations, 27 translational landslide case studies and 9 

rotational or hybrid landslide case studies were reviewed to better define general water table 

trends on homogenous and inhomogeneous slopes. The results of this review are summarized 

in Table 2.3.  
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Table 2.3 Summarized results of the literature review findings concerning water table 
estimation. Failure type, groundwater table characterization, instrumentation or data source, and 
groundwater table relation to failure plane are indicated (R ï Rotational, T ï Translational, # 
indicates an unreported number of a given investigation type). 
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1 R-T x      2 24 x    Agostini et. al., 2014 

2 T  x     6  x    Cloutier et. al., 2016 

3 R x x     4   x   Wayllace et. al., 2019 

4 R-T x  x    9     x O'Brien et. al., 2016 

5 R   x    4 1  x   Nagy-Göde & Török, 2022 

6 T x x     4 4 x    Coutinho et. al., 2019 

7 T x x      21 x    Liang et. al., 2021 

8 T x x     9 7 x    Carey et. al., 2015 

9 T x x     10 25 x    Macfarlane, 2009 

10 T      x  
9, and 22 

shafts 
x    Clarke, 1904; Cornforth, 2005a 

11 T x x     2 2 x    Cornforth, 2005b 

12 T x      3 2   x  Cornforth, 2005c 

13 R x  x     5  x   Cornforth, 2005d 

14 R    x    
3, and 

trenches 
 x   Cornforth, 2005e 

15 T x  x     8 x    Fressard et. al., 2016 

16 T   x x   13 4 x    Tohari et. al., 2021 

17 T  x  x    5 x    Martínez-Carvajal et. al., 2021 

18 T x x      8 x    Wang et. al., 2021 

19 R-T x      Back analysis x    Dai et. al., 2021 

20 R-T  x   x  
Remote sensing 

and regional wells 
   x Liu et. al., 2018 

21 T x x x     12 x    Ren et. al., 2021 

22 T x  x     8 x    Khorsandi & Ghoreishi, 2013 

23 T x      Back analysis x    Zhao et. al., 2016 

24 T    x   4    x  Seguí et. al., 2020 

25 T x      1 1 x    Peraniĺ et. al., 2021 

26 R     x  
Remote sensing 

and regional wells 
   x Bian et. al., 2022 

27 T x x     2 3 x    Kang et. al., 2022 

28 T x x     Regional controls x    Grelle et. al., 2014 

29 T   x    2 3 x    Bièvre et. al., 2018 

30 T x x      14 x    Zhang et. al., 2021 

31 T x x     3 4 x    Wei et. al., 2020 

32 T x  x    4 38 x    Jesus et. al., 2018 

33 T   x x   3     x Belle et. al., 2018 

34 T x x      9 x    Xue et. al., 2015 

35 T      x  #   x  Lv et. al., 2020 

36 T x  x    2 >40 x    Leng et. al., 2022 
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 From these case studies, it is evident that in translational landslide settings, the water 

table rarely follows a subdued version of the original slope topography at the scale of an 

individual landslide. Most often, in 29 of the 36 cases, the water table parallels the same feature 

that controls the landslide failure surface. In 24 of the 36 cases, the water table is approximately 

parallel to the slope. In 27 of the 36 cases the water table was parallel to either a regolith or 

other geologic contact, with 18 of these 27 also parallel to the slope. Of the slides reviewed, 

these trends appear to occur independent of landslide scale and depth to failure plane.  

When considering the two cases in which the water table was interpreted to be a 

subdued version of the slope topography, this typically occurs in homogenous settings, and on 

larger hillslopes and/or altered topographies (i.e. fill). This subdued surface is similar to the five 

cases in which the water table parallels the lower slope. Typically, this can be better described 

as the water table flattening to horizontal or sub-horizontal as the slope directly above steepens 

while approaching a crest, ridgeline, or alpine talus. Figure 2.3 demonstrates idealized 

examples of each of the reported water table conditions with relation to failure surfaces from 

Table 2.3 which may be used to inform water table estimation. Table 2.4 summarizes 

observations which may be indicative of a given water table condition. It should be noted that 

during wet seasons, when landslides may be more likely, the water table may be more 

reasonably interpreted as being slope parallel. During dry groundwater seasons, on the same 

slope, it may be more appropriate to estimate the same water table as being a subdued version 

of the slope topography as the piezometric head at the basin divide necessarily lowers with 

water loss. 
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Figure 2.3 Refence water table illustrations showing variable water table conditions with relation 
to slope geometry and failure plane. Red line(s) indicate failure surface(s), green lines indicate 
regolith/bedrock contacts, and orange lines indicate geologic contacts within bedrock or 
structures. Numbers in the grids indicate how many case studies exhibited the condition. 
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Table 2.4 Descriptions of observations potentially indicative of each reviewed water table 
geometry for use in water table estimation. 
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Shallow to deep landslides in soil or regolith: 
     -areas with well-developed vegetation  
     -unconsolidated material  
     -beckrock visible further upslope or above treeline 

P
a

ra
ll

e
l 

to
 

G
e

o
lo

g
ic

 

C
o

n
ta

c
t/
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Moderate to deep landslides in weak rock: 
     -vegetation may be sparse depending on rock type 
     -bedding or other indications of in place rock, though may be 
decomposed  
     -known regional bedding/structural orientation or known faults and 
shear zones 
     -known hazardous units based on regional observations/history 

P
a
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ll

e
l 
to

 

L
o

w
e

r 
S

lo
p

e
 Shallow to moderate depth landslides in soil or decomposed rock: 

     -variable slope at site, steepening with elevation 
     -potentially the site of historic landslide 
     -more vegetation and/or thicker soil mantle on the lower slope  
     -common in large glacial or fluvial valleys with steep walls and flatter 
bank slopes 
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to

 

P
la
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a

u
 Deep landslides through soil and bedrock at plateau or mesa margins: 

     -vegetation and soil mantle on top of plateau, often irrigation as well 
     -typically weak or weathered bedrock exposed on plateau sides  
     -water table may be perched on bedrock, seepage at soil/rock 
contact common 
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Shallow to deep landslides in soil or regolith: 
     -areas with more hydrophilic vegetation lower on the slope or other 
indicators of groundwater shallowing  
     -scenarios in which the slope above a landslide would need to be 
considered (subduing visible on large scale, not on landslide scale 
itself) 

 

Beyond water table shape considerations, and the use of visual cues to constrain depth, 

there remains minimal guidance for the estimation of water tables. There are however other 

considerations and tools which may aid in the refinement of estimations.  

Near-surface groundwater and seeps have been identified in previous studies via 

infrared or other thermal imaging (Hare et. al., 2015). Thermal imaging may also be used to 

visualize preferential flow paths (Briggs & Hare, 2018), or permafrost meltways (Briggs et. al., 

2017). Similar processes have been proposed for the use of ground penetrating radar (GPR) 

(Doolittle et. al., 2006; Johnson, 1992; Tandon et. al., 2021). Though it will be discussed in more 

detail in Chapter 3, it should be noted as a consideration that the thinner the soil mantle is, 
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when analyzing translational slides, the more sensitive the slope stability will be to saturation 

and moisture changes (Ray et. al., 2010).  

2.6 Material Strength Parameters 

Before the strength of a landslide material can be estimated, the nature of the material 

itself must be understood, or in the absence of data, estimated or assumed based on known 

regional geology, aerial imagery, or preliminary site investigation and mapping descriptions. A 

resource available that can aid in the determination of materials on site is the NRCS Web Soil 

Survey (WSS), which gives soil units, description, and United Soil Classification System (USCS) 

and American Association of State Highway and Transportation Officials (AASHTO) soil 

classifications over the majority of the United States. A similar international resource is 

SoilGrids1km, a global database of soil types and depth to bedrock on a 1 km grid scale; 

SoilGrids1km is reported to have a blanket accuracy of 23-52% (Hengl et. al., 2014), with limited 

description of how the accuracy of the platform was determined. Considering the scale of 

SoilGrids1km, it is expected to have the most value when used with large landslides. When 

considering landslides outside of the United States, it may be one of the few surficial soil 

resources available.  

A few general assumptions may also be implemented in the estimation of material 

strength parameters: 1) assume there is no cohesion until proved otherwise (Alberti, 2022; 

Schmidt, 2001; Skempton, 1985), and 2) in undrained conditions concerning clays, friction angle 

can be assumed to be zero (Tian et. al., 2022; Touch et. al., 2014). These are particularly useful 

assumptions when considering conservativism in forward modeling. It should be noted that 

using these conservative assumptions in back-modeling may result in inaccurate, or more 

uncertain water table and depth to failure plane estimates, as the non-uniqueness of back-

modeling may result in compensation by one parameter to effectively make up for the poor 

estimation of another.  

A commonly utilized source of material strength estimations is literature values from 

either design standards or textbooks (e.g., Hough, 1969; Lambe and Whitman, 1969; and 

Terzaghi et. al., 1996). Though these textbooks are commonly referred to, a comprehensive 

listing of material parameters is yet to be complied in literature. To address this need, Tables 

2.5 and 2.6 summarize literature values of cohesion, friction angle, and unit weight for several 

soil types and decomposed and broken rock. The ranges given in these tables will also allow for 

the future analysis of anticipated uncertainty in a given parameter based on material and 

classification confidence.  
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Table 2.5 Literature value ranges, compiled from multiple sources, for cohesion, friction angle, 
and unit weight of US CS soil types, mixture, and specific descriptions. Continued on next page. 
(* - cohesion, ^ - friction angle, + - unit weight). 

Category  USCS Description 

Cohesion 
(kPa) 

Friction 
Angle (deg) 

Unit Weight 
(kN/m3) References  

Min Max Min Max Min Max 

Gravels  

GW 

Well graded 
gravel, sandy 
gravel, with 
little or no 

fines 

0 0 33 40 20 22 

Swiss Standard SN 670 010b*^+ 
Minnesota Department of Transportation, 
2007* 
NANAVFAC Design Manual, 1986* 
Koloski et. al., 1989^ 

GP 

Poorly graded 
gravel, sandy 
gravel, with 
little or no 

fines 

0 0 32 44 19.5 21.5 

Swiss Standard SN 670 010b*^+ 
Minnesota Department of Transportation, 
2007* 
NANAVFAC Design Manual, 1986* 

GW,GP Sandy gravels 0 0 35 50 19 21 

Carter and Bentley, 1991^ 
Hoek and Bray, 1997^ 
BagiŒska, 2016+ 
British Standards Institution, BS 8002:1994+ 

GM 
Silty gravels, 
silty sandy 

gravels 
0 1 30 40 20.5 22.5 

Swiss Standard SN 670 010b*^+ 
Ortiz et. al., 1986* 

GC 

Clayey 
gravels, 

clayey sandy 
gravels 

1 20 28 35 18 21 
Swiss Standard SN 670 010b*^+ 
Ortiz et. al., 1986* 

Sands 

SW 

Well graded 
sands, 
gravelly 

sands, with 
little or no 

fines 

0 0 33 46 18.5 22.5 

Swiss Standard SN 670 010b*^+ 
Minnesota Department of Transportation, 
2007* 
NANAVFAC Design Manual, 1986* 
Hough, 1957^ 

SP 

Poorly graded 
sands, 
gravelly 

sands, with 
little or no 

fines 

0 0 27 39 17.5 21.5 

Swiss Standard SN 670 010b*^+ 
Minnesota Department of Transportation, 
2007* 
NANAVFAC Design Manual, 1986* 
Carter and Bentley, 1991^ 
Koloski et. al., 1989^ 
Hough, 1957^ 

SM Silty sands 20 50 27 35 18 23 
Swiss Standard SN 670 010b*^+ 
NANAVFAC Design Manual, 1986* 
Carter and Bentley, 1991^ 

SC Clayey sands 5 74 30 40 17 20 
Swiss Standard SN 670 010b*^+ 
NANAVFAC Design Manual, 1986* 
Carter and Bentley, 1991^ 

SM,SC 

Sand silt clay 
loam with 

slightly plastic 
fines 

50 75 28 34 18 19 

Minnesota Department of Transportation, 
2007*^ 
NANAVFAC Design Manual, 1986* 
Keystone, 2021^ 
BagiŒska, 2016+ 

 SM,SC 

Sand silt clay 
loam with 

slightly plastic 
fines 

Saturated 

10 20 28 34     

Minnesota Department of Transportation, 
2007*^ 
NANAVFAC Design Manual, 1986* 
Keystone, 2021^ 

 SW,SP Sand 0 0 29 41 19 20 

Swiss Standard SN 670 010b^ 
Peck et. al., 1974^ 
Minnesota Department of Transportation, 
2007^ 
BagiŒska, 2016+ 
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Table 2.5 Continued 

Silts 

ML 

Inorganic 
silts, silty or 
clayey fine 
sands, with 

slight 
plasticity 

2 67 25 41 12 17 

Hunt, 1984+ 
Swiss Standard SN 670 010b*^ 
NANAVFAC Design Manual, 1986* 
Ortiz et. al., 1986* 
Carter and Bentley, 1991^ 
Hunt, 1984^ 
Hough, 1957^ 
Coduto, 2001+ 

MH 
Inorganic silts 

of high 
plasticity 

3 72 23 33 12 17 

Swiss Standard SN 670 010b*^ 
NANAVFAC Design Manual, 1986* 
Ortiz et. al., 1986* 
Coduto, 2001+ 

Clays 

CL 

Inorganic 
clays, silty 

clays, sandy 
clays of low 

plasticity 

4 86 27 35 12.5 17 

Swiss Standard SN 670 010b*^ 
NANAVFAC Design Manual, 1986* 
Ortiz et. al., 1986* 
Carter and Bentley, 1991^ 
Coduto, 2001+ 

CH 
Inorganic 

clays of high 
plasticity 

8 103 17 31 12.5 17 

Swiss Standard SN 670 010b*^ 
NANAVFAC Design Manual, 1986* 
Ortiz et. al., 1986* 
Carter and Bentley, 1991^ 
Coduto, 2001+ 

Organic 
Soils  

OL 
Inorganic 

clays of high 
plasticity 

0 5 22 32 4 5 
Swiss Standard SN 670 010b*^ 
Coduto, 2001+ 

OH 
Organic clays 

of high 
plasticity 

7 10 17 35 10 16 
Swiss Standard SN 670 010b*^ 
Ortiz et. al., 1986* 
Hunt, 1984+ 

Pt 
Peat and 

other highly 
organic soils 

10 21 0 10 8 14 
Koloski et. al., 1989^ 
Huat et. al., 2011+ 
Azhar et. al., 2016* 

Common 
Soil 

Mixtures 

ML,OL,MH,OH Silt loam 10 90 25 32 4 17 

NANAVFAC Design Manual, 1986* 
Minnesota Department of Transportation, 
2007^ 
Coduto, 2001+ 
Huat et. al., 2011+ 
Hunt, 1984+ 

ML,OL,CL,MH,CH 
Clay loam, 

silty clay loam 
10 105 18 32 4 17 

NANAVFAC Design Manual, 1986* 
Minnesota Department of Transportation, 
2007^ 
Coduto, 2001+ 
Hunt, 1984+ 

OL,CL,OH,CH Silty clay 10 105 18 32 4 17 

NANAVFAC Design Manual, 1986* 
Ortiz et. al., 1986* 
Minnesota Department of Transportation, 
2007^ 
Coduto, 2001+ 
Huat et. al., 2011+ 
Hunt, 1984+ 

CH, MH, OH, PT 
High plastic 
silts & clays, 

organics 
3 105 0 25 6 17 

Keystone, 2021^ 
NANAVFAC Design Manual, 1986* 
Ortiz et. al., 1986* 
Coduto, 2001+ 
Huat et. al., 2011+ 
Hunt, 1984+ 

ML, CL, OL 
Silts, low 

plastic clays 
3 105 25 30 12 17 

Keystone, 2021^ 
NANAVFAC Design Manual, 1986* 
Ortiz et. al., 1986* 
Coduto, 2001+  

GW, GP, GM, 
GC, SW, SP 

Sand,gravel, 
stone 

0 0 32 48 15 21 
Keystone, 2021^ 
Hough, 1957^ 
British Standards Institution, BS 8002:1994+ 

GW, SW, GC, GM 

Mixture of 
gravel and 
sand with 

fines 

1 3 15 28 18 22 

Ortiz et. al., 1986* 
Keystone, 2021^ 
Koloski et. al., 1989^ 
Swiss Standard SN 670 010b+ 

ML-CL 
Mixture of 

inorganic silt 
and clay  

22 65 25 41 15.5 19 

NAVFAC Design Manual, 1986* 
Carter and Bentley, 1991^ 
 Hunt, 1984^+ 
Hough, 1957^ 
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Table 2.6 Literature value ranges, compiled from multiple sources, for cohesion and friction 
angle based on depositional environment rock type and material texture. 

Category USCS Description 
Cohesion (kPa) 

Friction Angle 
(deg) References 

Min Max Min Max 

D
e

p
o

s
it
io

n
a

l 
E

n
v
ir
o
n
m

e
n
t 

GW, GP, GM Alluvial - high energy 0 30 35 Koloski et. al., 1989 

ML, SM, SP, 
SW 

Alluvial - low energy 0 24 15 30 Koloski et. al., 1989 

SP Eolian - dune sand 0 30 35 Koloski et. al., 1989 

ML, SM Eolian - loess 24 48 20 30 Koloski et. al., 1989 

SM, ML Glacial - till 48 192 35 45 Koloski et. al., 1989 

GW, GP, SW, 
SP, SM 

Glacial - outwash 0 48 30 40 Koloski et. al., 1989 

ML, SM, SP Glacial - glaciolacustrine 0 144 15 35 Koloski et. al., 1989 

ML, SM, MH Lacustrine - inorganic 0 10 5 20 Koloski et. al., 1989 

OL, PT Lacustrine - organic 0 10 0 10 Koloski et. al., 1989 

SW, GW, SP Marine - high energy 0 25 35 Koloski et. al., 1989 

ML, SM, MH Marine - low energy 0 10 0 25 Koloski et. al., 1989 

ML, SM Volcanic - tephra 0 48 20 35 Koloski et. al., 1989 

SM, SW, GM Volcanic - lahar 0 48 25 40 Koloski et. al., 1989 

B
la

s
te

d
/B

ro
k
e

n
 R

o
c
k
 Basalt 0 40 50 Hoek & Bray, 1997 

Chalk 0 30 40 Hoek & Bray, 1997 

Granite 0 45 50 Hoek & Bray, 1997 

Limestone 0 35 40 Hoek & Bray, 1997 

Sandstone 0 35 45 Hoek & Bray, 1997 

Shale 0 30 35 Hoek & Bray, 1997 

 
 
 

From Tables 2.5 and 2.6, it can be seen that clay and silt materials have a the widest 

single material cohesion ranges, and that all materials have roughly similar ranges for cohesion 

and unit weight. In the complete absence of lab testing, or even field work, careful remote 

investigation and the use of literature values does appear to be a reasonable means of 

estimating material parameters at the site of a landslide, though not without introducing 

uncertainty. Figures 2.4 and 2.5 visualize the data presented in Tables 2.5 and 2.6, respectively, 

in box and whisker plots.  
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Figure 2.4 Box and whisker plot showing variation in each considered material parameter in 
soils and soil mixtures (descriptions available in Table 2.5). Median lines are drawn in orange 
within the inter-quartile range box, and the minimum and maximum values define the whiskers 
of the plot. The boxes are color coded by classification in Table 2.5. 
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Figure 2.5 Box and whisker plot showing variation cohesion and friction angle of each 
depositional environment and rock designation considered (descriptions available in Table 2.6). 
Median lines are drawn in orange, and the lower and upper quartiles of each range are 
indicated by the whiskers of the plot. Note cohesion is plotted on a logarithmic axis to 
accommodate the wide range of values. Color coded by classification in Table 2.6. 
 

These figures may be used to visualize materials in which a given parameter uncertainty 

may be much higher, or much lower for initial quantification of perimeter uncertainty during data-

sparse analysis. They may also be used to investigate and visualize the potential for material 

parameter change with weathering or if the material may fall into more than one classification. 

Measurement of material strengths invariably requires assumptions of material 

homogeneity and consistent behavior over time.  A complication in material strength property 
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estimation is that many landslides occur in chemically and physically weakened rock, or rock 

with great potential to change either chemically or physically (Santi & Doyle, 1997). The 

occurrence of landslides in these weakened materials make strength estimation challenging, as 

strength values may be highly variable over an engineering timescale. Despite the vast number 

of investigations completed into the strength and weakening processes of landslide-prone 

materials, very little guidance has been explicitly given for the estimation of primary material 

properties, though some approaches have been hypothesized (Santi, 2006; Kanji, 2014). 

Approaches including rockmass strength reduction based on Geologic Strength Index (GSI) 

(Marinos et. al., 2005), have previously been used (Cai et al., 2007), though these approaches 

may not be accurate in low-GSI materials, and do not consider alterations in strength with 

saturation. It is recommended that initial ranges of material strength parameters based on 

literature be utilized, with the mean value of a parameter altered within the range during iterative 

back-analysis to reach a representative weakened value when no other data is available. 

2.7 The Importance of Communicating Uncertainty 

Despite the many remote sensing, sampling, and technological advancements made in 

recent years, there will always be significant sources of uncertainty in landslide analysis and 

parameter estimation. This becomes more apparent, and the uncertainties greater, in data-

sparse settings, where instrumentation and sample testing are often limited or not available.  

With the use of the technology and data previously mentioned, the importance of 

quantification and verbalization of uncertainty in each of these approaches must be discussed. 

The reduction or resolution of uncertainty is more likely to reduce the credibility of work than the 

discussion and clear communication of uncertainties which are present (Oreskes, 2015). The 

discussion of uncertainty must consider: 

1. The uncertainty itself and how it is quantified 

2. The application of the uncertainty to the user 

3. The involvement of stakeholders in uncertainty work 

4. The impacts of uncertainty on findings and credibility  

 

 First, to consider the quantification of uncertainty, earth-science frameworks have been 

developed for systemic, complex uncertainty quantification (Matott et. al., 2009) as well as for 

time- or resource- constrained uncertainty quantification (Lilburne et. al., 2022). Ultimately, 

many of the tools proposed in these protocols are application-specific, and inadequate for direct 
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adaptation into this study. Lilburne et. al. (2022) postulate that there are three opportunities in a 

work to identify and manage uncertainty: 

¶ Transparency in what uncertainty is considered 

¶ Expansion of the sources of uncertainty considered 

¶ Use of a systematic approach to identify and prioritize uncertainty 

 

The workflow presented in Chapter 3, as well as the contributing uncertainty 

considerations ultimately include all three of the above opportunities in the proposed workflow 

for data sparse analysis. Uncertainty is discussed from the inception of estimation, and 

recommend that this uncertainty is considered and systematically carried forward in each step 

of analysis to maintain transparency and consideration of uncertainty throughout analysis. 

 Second, to consider the application of uncertainty to the users, the application of the 

analysis must be understood (Frischoff & Davis, 2014). The way in which uncertainty is 

communicated depends on the goal of the audience: Frischoff & Davis (2014) summarize 

potential needs of the audience into three categories: 

¶ Looking for signal (i.e. evacuate or not) 

¶ Choosing options (i.e. which mitigation is the best) 

¶ Creating options (i.e. how to mitigate) 

Each of these needs is met with new protocols for uncertainty communication, however, 

a common thread among all of these needs is the importance of communicating variation at 

each step/iteration of data (Frischoff & Davis, 2014) to reinforce the potential difficulty of 

quantifying active and changing natural landscapes. In a broader sense, it is the social and 

political implications of uncertainty that govern how it may be best handled (Oreskes, 2015). 

Thus, the consideration of uncertainty and its application must extend beyond the immediate 

audience of geotechnical reports to consider the implications of the uncertainty communicated 

to those who may be directly impacted by an unstable slope (i.e. departments of transportation, 

utility management, homeowners, developers, individual travelers). This is reinforced by Quigley 

et. al. (2019), and the relationship proposed between uncertainty and time: the importance of 

uncertainty in decision making is related to the speed with which uncertainty information can be 

obtained. When uncertainty cannot be expediently delivered, stakeholders and decision makers 

are left with three options (1) to seek expert scientific advice and judgment outside of that 
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provided, (2) to delay decision making or otherwise acting upon results, and (3) make flexible 

decisions which may be altered as data becomes available (Quigley et. al., 2019).  

Third, the involvement of stakeholders in uncertainty requires cooperative partnership 

with stakeholders immediately available for communication (i.e. consulting firms, the clients of 

consulting firms, mitigation design teams). Failing et. al. (2013) highlight the successful use of 

uncertainty in Earth sciences in applications in which communal analysis and input on 

uncertainty builds trust and verifies shareholder understanding of uncertainty. This is imperative, 

as the shareholder understanding of uncertainty often defines the final outcome of an analysis 

(i.e. to mitigate or not? To evacuate or not?).  

Fourth, the impact of uncertainty on the credibility of findings does not have to be 

negative. Uncertainty is not untrustworthiness, but a realistic assessment of the data.  Analysis 

findings may be still be employed despite uncertainty and limitation when transparently 

approached (Covitt & Anderson, 2022). The relationship in modern science and society has 

moved into a space where uncertain knowledge is the new norm, and broadly accepted 

(Tallacchini, 2005), opposing the paradigm of scientific certainty from previous eras. Though 

there may be many responses to uncertainty from scientists, society, and individuals, the 

elimination of uncertainty will always fail, and will not increase credibility (Dewey, 1929). 

2.8 Discussion 

 The goal of this chapter was to develop a synthesized literature review addressing the 

estimation methods and trends that may be used to estimate critical parameters. The critical 

parameters addressed each have variable degrees of complexity for estimation, as well as 

variable relative increase in precision if lab or other investigative data are available in lieu of 

estimation.  

The original slope topography, or slope angle for most translational slides, can be readily 

estimated with the use of open source DEMs available both domestically in the United States, 

as well as internationally, typically available at lower resolution. Generally, the lower the 

resolution of the DEM, the greater vertical error and the greater uncertainty that may be 

introduced into slope stability modeling. A methodology for calculating this error range is 

presented later. 

Considering depth to failure plane, there are numerous tools, relationships, and 

calculations available in literature for estimation. Those methods which use minimal inputs were 

compiled and summarized for future use. The applicability of each method to a landslide of 
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interest is largely dependent on the data and data quality available for estimation, as well as 

failure type. When available, field observations should always be used to inform landslide failure 

plane estimation. For back-modeling applications, and translational landslides which are 

interpreted to fail along a regolith or other geologic contact, the identification of a discrete 

surface may not be required, as the weakest surface is iteratively searched for and defined 

during the modeling process in most software suites.  

When estimating the depth of the water table, or saturated thickness of a landslide, the 

most common surface is not a subdued version of the original slope topography, as is often 

assumed, but is instead parallel to the slope and/or regolith-bedrock contactðoften paralleling 

the failure plane for translational landslides as well. Thus, to estimate a water table with no data 

and no visible seepage or standing water to use as a fixed starting point, the strongest tool one 

might have available is a detailed geologic framework for the area. Simplified groundwater 

geometries were developed based on the results of the literature review to inform the estimation 

of water table geometries and depths utilizing surface observations of a landslide.  

Without detailed sample testing from the materials within a landslide, the most robust 

tool for estimation of material strength parameters is the use of literature values in tandem with 

the consideration of the probable ranges of these values for a given material. The uncertainty 

for material strength parameters thus relies not only on the range of literature values reported, 

but also on the confidence level of identification of a given material. Literature values for soil 

types, soil mixtures, depositional environments, rock types, and other geological divisions were 

compiled into tables for reference, and visualized on box and whisker plots.  

Given the resources available, Table 2.7 summarizes the most robust sources of 

estimation for each critical parameter given literature review results. The sources of uncertainty 

within each of these estimation techniques will be discussed in more detail in the following 

chapter.  
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Table 2.7 Ranking of highest quality estimation practices for each critical parameter contingent 
unavailable data. Quality is defined as low, or reduced, uncertainty in parameter estimation. 
Situational data availability may lead to estimation techniques not addressed in this table. 

Estimation 
Guidance  

Topography/ 
DEM 

Water Table  
Material 

Parameters 
Depth to Failure 

Surface  

Highest 
quality  

3DEP 1 m 

Incorporate known flow 
patterns, nearby well data, 

or other unique sources 
with field data to  assess 
most likely water table 

geometry 

Lab material 
classification/limited 

testing   

Well constrained 
depth to bedrock data 
from available maps, 
nearby borings, web 

soil survey data 

Intermediate 
Quality  

3DEP 10 m 

Use field observations to 
assess most likely water 

table geometry (with 
surface expressions of 

water) 

Grain size 
distribution testing  

Field observations of 
displacement and 

scarp development  

3DEP 30 m  

Use field observations to  
assess most likely water 

table geometry (no surface 
expressions of water) 

Mapping and field 
classification  

Remote observations 
of displacement and 
scarp development  

Lowest 
Quality 

AW3D30 and 
SRTM 30 m 

Remotely assess most 
likely water table geometry 
based on slope conditions 
and expected failure plane 

characteristics  

Remote 
classification based 

on 
bedrock/expected 
weathering profile  

Empirical relationships 
to investigate a slope 
with no evidence of 

prior motion  

 

Though not an independent critical parameter, the communication and consideration of 

uncertainty during all steps in the analysis process is key to making informed estimations and 

tracking uncertainty in final results. The specific means and format of uncertainty 

communication will depend on the end goal of the analysis, the audience, and the next steps in 

the investigation.  
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CHAPTER 3 

ASSESSING ACCUMULATED UNCERTAINTY FROM AND DEVELOPING A FRAMEWORK 

FORCRITICAL PARAMETER ESTIMATION 

3.1 Introduction  

In order to best understand parameter uncertainty quantification through the lenses of 

sensitivity, amplification, and prioritization, uncertainty with each critical parameter has been 

graphically visualized in a series of design charts. These design charts will aid in the 

prioritization of parameter investigation, and in development of a framework for critical 

parameter estimation for data-sparse landslides.  

The following sections summarize the accumulated uncertainty in final slope stability 

calculations based on an individual parameter uncertainty. Parameter uncertainty refers to the 

uncertainty, as a percentage or absolute value, associated with a given parameter. 

Accumulated uncertainty refers to the uncertainty in a final slope stability calculation 

propagating from various parameter uncertainties, and is typically expressed as a percentage, 

similar to percent difference calculations. Figure 3.1 and Equation 3.1 demonstrate the 

calculation of uncertainties, as well as potential relationships between parameter and 

accumulated uncertainty. 

ὃὧὧόάόὰὥὸὩὨ ὟὲὧὩὶὸὥὭὲὸώρππ                                   (3.1) 

 Where ὊὛ is the factor of safety calculated with the estimated parameter (theoretical) 

and ὊὛ is the factor of safety calculated with a given parameter uncertainty (uncertain or 

experimental value). Using this definition, parameter uncertainty (PU) is the uncertainty of an 

individual parameter, accumulated uncertainty (AU) Is the uncertainty which the factor of safety 

calculation has as a result of a single parameter uncertainty, and aggregated uncertainty is the 

resultant uncertainty in a slope stability analysis from all parameters, and considers all 

accumulated uncertainties. These definitions are summarized in Table 3.1. Aggregated 

uncertainty is dependent on the parameter magnitude and uncertainty magnitude of each 

estimated parameter, as well as slope geometry and scale. The complex relationships which 

define aggregated uncertainty make the quatification of this uncertainty, as well as the trends 

that govern it more challengint to quanitify. Throughout Chapter 3, absolute accumulated 

uncertainty is also visualized, absolute accumulated uncertainty is the absolute value of a 

reported accumulated uncertainty. 
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Table 3.1 A summary of the uncertainty types addressed in landslide analysis. 

Uncertainty Type Definition Dependent Upon 

Parameter Uncertainty (PU) 
Uncertainty in a single parameter 
estimation 

-Estimation technique  
-Data available  
-Range of potential parameter 
values 

Accumulated Uncertainty (AU) 
Uncertainty is FS calculation 
resultant from a given parameter 
uncertainty 

-Parameter uncertainty 
-Landslide type  
-Landslide geometry/scale 

Aggregate Uncertainty 

Uncertainty in FS calculation 
resultant from interactions of all 
parameter uncertainties in a Monte-
Carlo or similar analysis 

-All parameter uncertainties  
-Compounding relationship of 
accumulated uncertainties  
-Landslide type 
-Landslide geometry/scale  
-Relationships between parameter 
uncertainties  

 

 

Figure 3.1 Demonstrating how accumulated uncertainty may be either reduced or amplified from 
a given perimeter uncertainty based on the relation of the parameter to the function. The top 
image shows amplifying uncertainty, and the lower shows reducing.  
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Strategies for defining parameter uncertainty were based on the data source for 

estimation as discussed in Chapter 2. When considering DEMs, parameter uncertainty is 

defined by vertical uncertainty in the DEM being used. When using literature values, as with 

material strength, uncertainty may be defined by the potential variation seen in literature values 

for a given soil type. In other cases, engineering judgement may need to be used by the end 

practitioner to quantify parameter uncertainty for parameters such as water table depth. The 

following sections describe the potential for quantification of parameter uncertainty for each 

critical parameter, as well as illustrate the accumulated uncertainty that these parameter 

uncertainties induce. These calculations have been completed for translational landslides using 

Equations 1.1 and 1.3, as well as rotational landslides using equation 1.2 and 1.4. Figure 3.2 

shows a workflow for the development of the results presented in this chapter.  

 

Figure 3.2 A workflow indicating the processes and ultimate deliverables in Chapter 3. 

3.1.1 Translational Landslides 

 The simplified translational landslide model used in this analysis (Figure 1.1) relies on 

the assumption that the failure plane of translational landslides is roughly parallel to the angle of 

the slope surface. This is a commonly made assumption which relies on soil generation models 

(DeRose et. al., 1991; Ekinici et. al., 2013; Leone et. al., 2020; Olyphant et. al., 2016; Shafique 

et. al., 2011). This assumption allows for the simple geometric consideration of a single 

landslide thickness or depth to failure plane, as used in typical limit equilibrium calculations.  
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3.1.2 Rotational Landslides  

 For the consideration of rotational landslides in this framework, a series of simplifying 

assumptions had to made (Figure 3.3). These assumptions include: 

 -The maximum slice height occurs 2/3 of the way up the slope 

 -The lowest (bottom) slice is 1/3 of the maximum slice height  

 -The upper (top) slice is 2/3 of the maximum slice height  

-The remaining slices have heights between the set point with regular increments before 

and after the maximum height slice 

 -The uppermost slice has a base tangential angle ~80 degrees to the horizontal  

-The lowermost slice bottom surface is roughly horizontal 

 

Figure 3.3 Visualization of the geometric assumptions made for the consideration of 
accumulated uncertainty in rotational landslides, where n is the number of slices numbered from 
the bottom of the slope to the top. The red line indicates the base tangential angle of each slice.  

 
 These assumptions were made based on geometric characteristics typically exhibited in 

applications of the method of slices including Huang (2014), Huang et. al. (2023), Johari & 

Rahmati (2019), Low et. al. (1998), Nandi & Choudhury (2021), Tian et. al., (2020), and 

Tsuchida & Athapaththu (2014). These assumptions are only valid for purely rotational 

landslides. The majority of natural landslides are not perfect end members of either rotational or 

translational failure, but instead have curved scarps and toes, with a central part that is largely 

planar and  controlled by the natural geometry of the slope. In these instances, the uncertainty 

calculations for translational surfaces are likely to be the most reliable representation of 
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accumulated uncertainty based on the limited occurrence of idealized rotational geometries in 

nature. 

For the parameter(s) not being varied for a given analysis, fixed base values were used 

throughout each calculation (Table 3.2). These initial values were selected to be of such 

magnitude that the base case slope they collectively define would be reasonably sensitive to the 

alteration of each individual parameter. A limitation is introduced in the definition of a base case, 

as parameter interaction is influenced by the magnitudes defined here. Each parameter 

discussed in the following sections also includes an analysis of the magnitude of the parameter 

itself changing to aid in addressing this limitation. 

Table 3.2 Fixed base parameters utilized as constants during the variation of the parameter and 
accumulated uncertainty calculations. In cohesioinless cases, c=0. 

Parameter Symbol Value 

Failure 
Plane Angle 

(deg) 
q 30 

Depth of 
Landslide 

(m) 
z 10 

Cohesion 
(kPa) 

c 30 

Friction 
Angle (deg) 

f 40 

Unit Weight 
(kN/m3) 

g 18 

 

3.2 Original Slope Topography 

 Original slope topography, as a critical parameter, was considered for both rotational 

and translational landslides in slightly different fashions. When considering translational 

landslides, and failure planes parallel to topography are assumed, failure plane angle is the 

parameter quantified by topography uncertainty. This is a valid assumption for many landslides 

based on regolith evolution and common failure surface. When the topography is not parallel to 

the failure surface of a given landslide, topographic uncertainties instead. For rotational 

landslides, when slope stability is calculated by the method of slices, the original slope 

topography affects the height parameter of each slice more than the tangential angle of the 

base of each slice, and is more representative of the depth to failure plan parameter.    

 Uncertainty in original slope topography is most directly quantified by the vertical 

uncertainty in open-source DEMs with broad coverage domestically and internationally. For 
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translational landslides, uncertainty may be calculated through the vertical variability between 

two points of a known spacing, and the resultant change in slope angle (Figure 2.2). For 

rotational landslides topographic uncertainty contributes to depth to failure plane uncertainty, 

and not sliding plane angle uncertainty. In consideration for rotational landslides, no 

trigonometric translations are required, and the vertical uncertainty for a given DEM may be 

directly utilized as the uncertainty in height for an individual slice of rotational landslide analysis. 

 Horizontal error and uncertainty for DEMs is not independently considered in this study, 

although horizontal errors would induce additional vertical error. However, the range of 

variability is generally captured in the analysis of vertical error, so I will focus on that aspect. As 

noted in the previous chapter, many studies have sought to quantify vertical accuracy of open 

source DEMs for isolated regions as well as on the scale of continents and up to global studies. 

For the 3DEP DEMs in the United States, the required vertical accuracy for DEM acceptance 

into the program was considered to represent the error range. The vertical certainty values, 

converted from RMSE to 95th percentile absolute values in meters, are summarized in Table 

2.1. It should be noted that utilizing the 95th percentile error for individual coordinates as 

reported in Table 2.1 results in a greater than 95th percentile error in slope when applied 

geometrically between two points. The figures presented in this section use the reported RMSE 

values, as converted in Table 2.1 to avoid potential skew in data. Thus, the accumulated 

uncertainties presented serve as uppermost limits. 

Using the vertical accuracy values reported in Table 2.1, and the calculations described, 

a series of design charts demonstrating the implications of failure slope angle uncertainty in 

factor of safety calculations as a function of slope geometries were developed (Figures 3.4 and 

3.5). These calculations were completed using the geometric relationships demonstrated in 

Figure 2.2, in which the maximum and minimum failure plane angles can be calculated from the 

vertical uncertainty reported for a given DEM. In Figure 3.4, each curve corresponds to an open-

source DEM. The absolute value of the accumulated uncertainty is plotted on the y axis, as a 

function of slope height, for each DEM reviewed. The accumulated uncertainty was calculated 

using Equation 3.1. The theoretical factor of safety was calculated with the base values in Table 

3.1, excluding the failure plane angle; and assuming zero uncertainty in estimation. The factor of 

safety value calculated with parameter uncertainty, in this case the vertical error in DEMs, was 

then calculated. Both factor of safety values were input into Equation 3.1 to calculate the 

percent change, or percent uncertainty in final factor of safety calculations resultant from DEM 

vertical error. Figure 3.5 is similar, though when cohesion is considered accumulated 
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uncertainty becomes a function of both slope height and slope length. Thus, each design chart 

in Figure 3.5 is for a unique DEM, with the curves defined by landslide length, plotting 

accumulated uncertainty as a percentage, as a function of slope height once again. For 

rotational landslides, as previously noted, topographic considerations were considered within 

the z parameter of the slope stability calculation and are presented in the following section. 

 
Figure 3.4 Translational AU in cohesionless settings from common open source DEMs (left), 
and higher resolution open source DEMs available in the United States only (right). The charts 
show absolute uncertainty as a positive magnitude, though vertical error resulting in a decrease 
in estimated slope angle is of equal magnitude in the negative y direction.  

 
 In cohesionless settings, the magnitude of accumulated uncertainty asymptotically 

approaches zero as the height of the slope increases. The magnitude of accumulated 

uncertainty from DEM use is dependent only on the DEM itself and slope height in cohesionless 

settings. When cohesion is considered, the magnitude of accumulated uncertainty is dependent 

on the DEM uncertainty, as well as slope height, and slope length (Figure 3.5). The 

accumulated uncertainty in settings with cohesion decreases as slope length increases, peaking 

at a height to length ration of approximately 1:2, and decreasing as slope height increases 

beyond the height to length ratio of 1:2.  
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Figure 3.5 Translational AU in slopes with cohesion from two common open source DEMs. 
3DEP 1m non-vegetated area (left), and 3DEP/NED 10, (right). Though the magnitudes 
parameter and accumulated uncertainty will change based on the DEM used, the same trends 
are visible. Notably uncertainty peaks at a height to length ratio of ½, with a maximum 
reasonable bound based on the DEM used (i.e. <1.2% for the 3DEP 1m NVA and ~13% for the 
3DEP/NED 10m).  

 
From these charts, based on landslide characteristics and the DEM used in analysis, the 

maximum potential accumulated uncertainty may be graphically estimated. The majority of the 

design charts indicate an inflection point where accumulated uncertainty increases rapidly 

(Figure 3.6). This zone of variability can be described as a graphical area in which it is 

demonstrated that the slight alteration of one parameter (slope height in Figure 3.6), may 

disproportionately increase the magnitude of accumulated uncertainty from another parameter 

uncertainty (failure plane angle in Figure 3.6). These graphical zones therefore also 

demonstrate situations in which one parameter may be altered, re-estimated, or invested in (lab 

testing, instrumentation) to reduce not only its parameter uncertainty, but potentially the 

accumulated uncertainty resultant from other parameters as well. The values at which these 

zones of inflection occur are summarized and presented in more detail in Section 3.6.  
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Figure 3.6 An example of inflection points of increasing accumulated uncertainty in 3DEP DEMs 
less than or equal to 2 m resolution from Figure 3.3. For slope heights less than this range, AU 
may increase rapidly. In these areas there is strong potential for reducing uncertainty by 
developing more accurate topographic data. 

3.3 Depth to Failure Plane 

 The depth to failure plane of both translational and rotational landslides defines the 

height parameter of the landslide parallelogram (translational) slice (rotational), when slope 

stability is calculated. As discussed in the previous chapter, there are many considerations 

when estimating the depth to the failure plane of a slide, all of which are based on available 

literature and remote data when working in data-sparse settings. As a result of these 

complications, the parameter uncertainty when considering depth to failure plane is best defined 

by engineering judgement on the part of the practitioner. As such, the parameter uncertainty 

described in design charts in Figures 3.7 (translational) and 3.8 (rotational) is given as a 

percentage. For example, 5% parameter uncertainty for a landslide with an estimated depth to 

failure plane of 10 m translates to 0.5 m of uncertainty in absolute terms.  
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Figure 3.7 AU resultant from failure plane depth estimation PU for translational landslides, 
visualized as a function of height to length ratio (H/L Ratio), and failure plane depth magnitude. 
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Figure 3.8 AU resultant from failure plane depth estimation PU for rotational landslides, 
visualized as a function of maximum slice height and the number of slices used in analysis. 
 

3.4 Depth to Water Table  

 Similar to the consideration of depth to failure plane, guidance on shape and depth 

estimation may be provided, however, quantification of uncertainty of this parameter remains 

challenging. Data sources and geometries of water tables are exceedingly diverse, making it a 

highly variable parameterðit is an oversimplification to consider water table geometries and 

associated uncertainties to a single parameter. With this in mind, it is considered that the 

quantification of water table location uncertainty be considered with engineering judgment, 

informed by local knowledge, data availability, and confidence in interpretations.   



 49 

For translational landslides, the depth to water table determines the water pressure that 

is considered as a driving force for failure by increasing the weight of the mass, and is also 

included as a negative resisting force due to pore water pressure considerations (Equation 1.3). 

When reviewing the available and commonly used equations for the calculation of rotational 

landslide stability via the method of slices, water table parameters are typically only included as 

a pore water pressure. For this reason, depth to water table parameter uncertainty is described 

as a percentage of uncertainty in pore water pressure estimations for rotational landslides to 

avoid overcomplication of estimations.  

It should be noted that saturation and water table location also affect material strength 

parameters in many situations. Though this poses a challenge to uncertainty quantification, this 

phenomenon is discussed in more detail in the following section.  

Differing from depth to failure plane, the parameter uncertainty in the design charts for 

depth to water table is defined absolutely, as a magnitude in meters. This approach was chosen 

to allow for the quantification of a potentially complex surface in a more flexible terms. Where a 

percent uncertainty may indicate complete vertical shifting of a set shape, the quantification of 

parameter uncertainty as a measurement leaves space for interpretation of the uncertinaty in 

the estimation at the most crucial location in space along the section analyzed. Though a single 

number for water table uncertainty still lacks nuance, it may allow for the estimator to more 

accurately describe the uncertainty as a meter magnitude instead of a percentage. The design 

charts for the consideration of water table depth are in Figures 3.9, 3.10, and 3.11 for 

translational landslides, and 3.12 for rotational landslides.  
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Figure 3.9 AU resultant from groundwater depth estimation PU for translational landslides as a function of height to length ratio (H/L 
ratio) and failure plane depth at different degrees of landslide saturation. 
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Figure 3.10 AU resultant from groundwater depth estimation PU for translational landslides as a 
function of failure plane depth illustrating the increases in AU in cohesionless settings
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Figure 3.11 AU resultant from groundwater depth estimation PU for translational landslides as a function of the percentage of the 
landslide which is saturated at different failure depths, illustrating the increasing AU associated with shallower failure plane depths.
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Figure 3.12 AU resultant from pore water pressure estimation PU for rotational landslides, visualized as a function of pore water 
pressure magnitude, maximum slice height, and the number of slices used in analysis. 
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3.5 Material Strength Parameters 

 The same material strength parameters are direct inputs to both translational and 

rotational landslide stability calculations. In investigations where no direct sampling is possible, 

literature values of material strength are likely to be the only available resource for parameter 

estimation. Using the range of literature values for each soil type, a maximum uncertainty in 

each parameter may be defined. If possible, these ranges should be used in conjunction with 

remote or limited field characterization. 

 Though many modeling software packages available today allow for the incorporation of 

material parameter uncertainties through a Monte Carlo-style analysis, the primary 

advancement proposed herein is the development of ready-to-use ranges of parameter values 

which may be utilized as inputs for these programs. The aim of the design charts in this section 

is to identify the parameters that control inflection points where accumulated uncertainty 

increases rapidly, as well as estimate the AU resultant from PU.  

3.5.1 Cohesion 

 Most landslides occur in clays and silts (Comegna et. al., 2013; Santi, 2006; Santi & 

Doyle, 1997; Sun et. al., 2022). Unfortunately, clays and silts have the largest range of 

reasonable cohesion magnitudes when compared to other soils (Tables 2.5 and 2.6). This lends 

many landslides to high cohesion parameter uncertainty.  

 Design charts graphically visualizing the accumulation of cohesion parameter 

uncertainty are very similar to those previously presented, however to aid in the visualization of 

data, some charts are presented in three dimensions (Figures 3.13 [translational] and 3.14 

[rotational]).
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Figure 3.13 AU resultant from cohesion estimation PU for translational landslides, visualized as a function of cohesion magnitude, 
height to length ratio (H/L Ratio), and failure plane depth magnitude. 
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Figure 3.14 AU resultant from cohesion estimation PU for rotational landslides, visualized as a function of cohesion magnitude, 
maximum slice height, and the number of slices used in analysis
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3.5.2 Friction Angle 

Friction angle magnitudes are necessarily less widely variable than those  of cohesion, 

limiting the maximum parameter uncertainty from estimation. Furthermore, most soil types have 

a relatively limited range of literature values (Table 2.5 & 2.6).  

 Design charts graphically visualizing the accumulation of friction angle parameter 

uncertainty are very similar to those previously presented; as with cohesion, some of these 

relationships are visualized in three dimensions (Figures 3.15 [translational] and 3.16 

[rotational]).
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Figure 3.15 AU resultant from friction angle estimation PU for translational landslides, visualized as a function of friction angle 
magnitude, height to length ratio (H/L Ratio), and failure plane depth magnitude. 
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Figure 3.16 AU resultant from friction angle estimation PU for rotational landslides, visualized as a function of friction angle 
magnitude, maximum slice height, and the number of slices used in analysis.
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3.5.3 Unit Weight  

The range of unit weight values for non-lithified materials more limited in magnitude than 

that of either friction angle or unit weight. These limits reduce the maximum parameter 

uncertainty possible from unit weight beyond which is possible when considering other material 

strength parameters. Ranges of uncertainty for individual soils, soil types, and soil groups are 

summarized in Tables 2.5 & 2.6.   

 Design charts graphically visualizing the accumulation of unit weight parameter 

uncertainty are very similar to those previously presented; as with previous material strength 

parameters, some of these relationships are visualized in three dimensions (Figures 3.17 

[translational] and 3.18 [rotational]).
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Figure 3.17 AU resultant from unit weight estimation PU for translational landslides, visualized as a function of unit weight magnitude, 
height to length ratio (H/L Ratio), and failure plane depth magnitude. 






























































































































































