
D R A F T 

Slope-Failure Risk Analysis Mapping  

Pilot Project 

Prepared for 

Local Road Research Board 

January 2017 

   

 

  



 

 

4300 MarketPointe Drive, Suite 200 

Minneapolis, MN 55435 

952.832.2600 

www.barr.com 
 

 

D R A F T 

Slope-Failure Risk Analysis Mapping  

Pilot Project 

Prepared for 

Local Road Research Board 

 

January 2017 

 



 

 

\\barr.com\projects\Mpls\23 MN\62\23621218 Slope Failure Risk Analysis\WorkFiles\Report\Slope Failure Risk Analyisis Mapping-v2 

_Jan_2017.docx 

 i  

 

D R A F T 

Slope-Failure Risk Analysis Mapping 

Pilot Project 

January 2017 

Contents 

Executive Summary .............................................................................................................................................................................. 1 

1.0 Introduction ............................................................................................................................................................................... 2 

1.1 General Description and Goals of the Project ................................................................................................. 2 

1.2 Work Involved .............................................................................................................................................................. 2 

1.3 Timeline ........................................................................................................................................................................... 3 

1.4 Structure of this Report ............................................................................................................................................ 3 

1.5 Acknowledgements .................................................................................................................................................... 4 

2.0 Literature Review Findings ................................................................................................................................................... 5 

2.1 Approach ........................................................................................................................................................................ 5 

2.2 Summary of Available Research ............................................................................................................................ 5 

2.2.1 Inventories ..................................................................................................................................................... 5 

2.2.2 Susceptibility Analyses .............................................................................................................................. 6 

2.5 Major Causative Factors ........................................................................................................................................... 6 

3.0 Available State-wide Data .................................................................................................................................................... 8 

3.1 LiDAR Data ..................................................................................................................................................................... 8 

3.2 SSURGO Dataset .......................................................................................................................................................... 8 

3.3 Atlas 14 Data ................................................................................................................................................................. 9 

4.0 Slope-failure model development ..................................................................................................................................10 

4.1 Summary of Previous Physics-Based Approaches .......................................................................................10 

4.2 Mathematical model ................................................................................................................................................11 

4.3 Approach to the Hydrologic Aspects of the Model ....................................................................................12 

4.4 Use of SSURGO Dataset in the Model ..............................................................................................................13 

4.5 Use of Atlas 14 Data in the Model .....................................................................................................................15 

5.0 Programming and GIS Aspects ........................................................................................................................................17 

5.1 Programming Needs................................................................................................................................................17 

5.2 Adoption of 5-Level Risk Indicator Scheme ...................................................................................................17 



 

 

 

 ii  

 

6.0 Calibration/Validation Process .........................................................................................................................................19 

6.1 General Approach to Calibration and Validation .........................................................................................19 

6.2 Calibration of the Slope Failure Risk Assessment Model in Carlton County along 

Highway 210 ...............................................................................................................................................................19 

6.3 Validation of the Slope-Failure Risk Assessment Model in Sibley and Carver Counties ..............22 

7.0 Results and applications .....................................................................................................................................................24 

7.1 Results ...........................................................................................................................................................................24 

7.2 Applications .................................................................................................................................................................27 

8.0 Summary and Conclusions .................................................................................................................................................29 

9.0 References ................................................................................................................................................................................30 

 

  



 

 

 

 iii  

 

List of Tables 

Table 4-1 Relationship between Soil Type and Internal Angle of Friction ......................................................... 13 

Table 4-2 Field Capacity Data for Different Soil Types .............................................................................................. 15 

 

List of Figures 

Figure 4.1 Arc-shaped plane of failure .............................................................................................................................. 11 

Figure 4.2 Schematic for infinite slope theory showing model parameters ...................................................... 11 

Figure 6.1 An area of approximately eight square miles in Carlton County that was used for model 

calibration ................................................................................................................................................................ 20 

Figure 6.2 Left:  Aerial photo of a slope-failure site at mile post 225 along Minnesota Highway 210 in 

Carlton County.  Right: GIS-based model results for the same location.. ...................................... 21 

Figure 6.3 Left: Aerial photo of a slope-failure site at mile post 224 along Minnesota Highway 210 in 

Carlton County.  Right: GIS-based model results for the same location.. ...................................... 21 

Figure 6.4 Left: Aerial photo of a slope-failure site at mile post 223 along Minnesota Highway 210 in 

Carlton County.  Right: GIS-based model results for the same location.. ...................................... 22 

Figure 6.5 Left: Aerial photo of an old slope-failure site along 270th Street in Sibley County. Right: GIS-

based model results for the same location................................................................................................ 23 

Figure 6.6 Left: Aerial photo of an old slope-failure site along 295th Avenue in Sibley County. Right: 

GIS-based model results for the same location. ...................................................................................... 23 

Figure 7.1 Carlton County 6-foot slope failure assessment: Mapbook C10 ...................................................... 25 

Figure 7.2 Sibley County 6-foot slope failure assessment: Mapbook E10 .......................................................... 26 

 

List of Appendices 

Appendix A Literature Review 

 

  



 

 

 

 iv  

 

Acronyms 

Acronym Description 

 

DEM Digital Elevation Model 

GIS Geographical Information System 

ID Intensity Duration 

LiDAR Light Detection and Ranging 

LMIC Land Management Information Center 

LRRB Local Road Research Board 

MnDNR Minnesota Department of Natural Resources 

MnDOT Minnesota Department of Transportation 

MPCA Minnesota Pollution Control Agency 

NOAA National Oceanic and Atmospheric Administration 

NRCS Natural Resources Conservation Service 

NWS National Weather Service 

PFDS Precipitation Frequency Data Server 

SSURGO Soils Survey Geographic Database  

USCS Unified Soil Classification System 

USDA United States Department of Agriculture 

 

 

 

 



 

 

 

 1  

 

Executive Summary 

With funding provided by Minnesota’s Local Road Research Board (LRRB), Barr Engineering Co. (Barr) 

conducted a pilot project to characterize and map the areas susceptible to slope failure using state-wide 

available data. The intent of the work was to determine whether it would be possible to provide slope-

failure risk mapping that could be used by local road and highway officials to understand better where 

slope failure may occur. This would allow the possibility of taking preventative measures where indicated, 

or developing contingency plans for areas of likely failure. 

As a first step, Barr conducted a review of pertinent slope-failure literature to determine which past 

studies could offer information or guidance useful for developing the mapping. The review helped identify 

which methods and factors could be most effectively used in assessing the risk of slope failure.  

Then, using physics-based concepts, and making use of publicly-available topographic, soils, and 

hydrologic information, an approach was developed for using the data to identify conditions under which 

slope failure would be likely. This approach was incorporated into a GIS-based model that produced 

mapping wherein risk areas were identified and assigned one of five levels (very high to very low) levels of 

slope-failure risk susceptibility.  

The model was tested against a relatively small area in Carlton County to confirm that the indicated risk of 

failure correlated well with locations in which there was observable or documented slope failure. The 

method was then validated by applying it to small areas in Sibley and Carver Counties where slope failures 

had occurred. Having validated the underlying physics-based approach, the mapping was then expanded 

to two full Minnesota counties (Carlton and Sibley).  

This report explains the methodology, discusses the data used, and presents the mapping results. 
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1.0 Introduction  

1.1 General Description and Goals of the Project 

Barr Engineering Co. (Barr) entered into a contract with the Minnesota Department of Transportation 

(MnDOT) in May of 2016 to complete a slope-failure risk analysis pilot project. Work was to be done 

through funding provided by the Local Road Research Board (LRRB), and done under the guidance and 

direction of a Technical Advisory Panel (TAP) consisting of experts from MnDOT and county highway 

departments. The objective of the work was to develop a GIS-based slope-failure risk model that could be 

used to identify areas of susceptibility to slope failure in a given region.  

The intent was to make use of existing research and geotechnical theory, along with state-wide publicly 

available spatial data, to construct a slope-failure model that would have broad applicability. Another goal 

was to provide an indication of risk level at each location where there appeared to be a risk of slope 

failure. Data from historical or existing slope failures would be used to calibrate/validate the model. The 

central product of the work would be maps showing areas where slope failure is likely, and showing the 

expected level of risk.  

Slope-failure risk mapping was to be produced for two (dissimilar) Minnesota counties as part of this pilot 

project. If the model development and mapping project is seen as successful, the thought was that 

subsequent work might allow for the expansion of the mapping to other Minnesota counties. 

The work was seen to have the potential to improve road safety. It might allow preventive measures to be 

taken in areas where slope failure can be expected, thus avoiding costly repairs and economic damages to 

local communities.  

1.2 Work Involved 

Several steps were required for the development of the slope-failure risk model and mapping. Greater 

detail is provided in the report sections that follow, but the steps included: 

• Conducting a literature review—As a preliminary step in the process, a literature review was 

conducted to provide a general cataloging of research on slope failure causes, predictive 

methods, and mapping. Particular attention was paid to that research that sought to identify 

failure mechanisms and algorithms, and research that sought to result in slope-failure risk 

mapping. Key risk factors were identified. (Results of the literature review conducted for this 

project have been presented separately to the TAP.) 

• Collecting and reviewing data from known slope-failure sites—Barr collected site-specific 

slope-failure data from various sources. The intention was to use the data to identify any 

important risk factors that might not have been identified through the literature review. The data 

was also to be used for subsequent testing of the slope-failure model. These included Barr’s own 

project data (including that from substantial work on slope repair along Highway 210 in Carlton 

County), as well as other state and county sources. 
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• Assembling and reviewing relevant geo-referenced datasets—One of the goals of the slope-

failure model development was to ensure that it was relatively simple and could be implemented 

using only generally-available data. Therefore, it was necessary to review the state-wide datasets 

that were available, and examine them to ensure that they would in fact provide information that 

was both relevant and useable. We looked at and considered several such data but eventually 

determined that only a few would be applicable for use with our GIS-based model.  

• Developing GIS-based slope-failure model—At the center of the work was the development of 

a slope-failure model. The model needed to use the previously identified key risk factors as part 

of a predictive equation that could be used with spatial data and used broadly to provide the GIS 

risk mapping. It made use of generally accepted geotechnical slope-failure theory, generally-

available soils characteristics data, and probability factors inherent in the Atlas 14 hydrologic data. 

Coding was then necessary to incorporate the model into the GIS mapping software. 

• Testing the model using data from known sites of slope failure—With the model developed 

and the algorithm incorporated into the GIS software, the results were tested against areas of 

known slope failure. This allowed further refinement of the model, and better identification of the 

soil parameters that could be used most effectively. 

• Developing final county-wide slope-failure risk maps—After the model was refined and we 

were confident that the results it was producing would have broad applicability, we expanded the 

mapping to two entire counties – Sibley and Carlton. Mapping results are provided and discussed 

in subsequent sections of this report. 

• Coordination with the TAP—Throughout the project, we coordinated with the TAP to ensure 

that the project was proceeding in the right direction. A kickoff and progress meetings were held, 

we presented and sought comments on the literature review, and preliminary modeling results 

were demonstrated to allow the TAP to provide feedback and suggestions on how the results 

might be best presented. The final report was also reviewed by the TAP, and adjusted where 

necessary, based on the reviewers’ comments.  

1.3 Timeline 

The contract for this project was signed in May of 2016, with 1 year allowed for the project’s completion. 

The work was completed in February of 2017, approximately 3 months ahead of schedule. 

1.4 Structure of this Report 

The remainder of this report describes the process by which we reviewed the relevant research, identified 

and assembled the available and useful datasets, developed a risk-assessment model, tested results 

against areas of known slope failure, and categorized and mapped slope-failure risk for two counties. 
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Subsequent sections of this report therefore provide discussions of the following: 

• Literature review findings 

• Available state-wide datasets used in the analysis and mapping 

• Model development 

• Programming and GIS analysis  

• Model calibration and validation of the results 

• Results and potential applications of the mapping 

A final section provides an overall project summary, and general conclusions. 

1.5 Acknowledgements 

We are very grateful to Minnesota’s Local Road Research Board (LRRB) for providing the funding that 

allowed us to collaborate with state and local highway professionals in working on this slope-failure risk 

mapping project. We would especially like to acknowledge the members of the Technical Advisory Panel 

(TAP), who provided support, encouragement, and helpful guidance along the way. The TAP for this 

project included: 

• Farideh Amiri, MnDOT Research Services, (Project Coordinator) 

• Dan Sullivan, MnDOT Research Services, (Project Coordinator) 

• Paul Stine, MnDOT Operations Engineer, (Technical Liaison) 

• Jake Balk, Scott County Highway Department Construction Manager 

• Tim Becker*, Sibley County Public Works Director 

• Blake Nelson*, MnDOT Geotechnical Engineer, Office of Materials and Road Research 

• Phillip Schaffner*, MnDOT Director of Policy Planning 

• Mike Tardy*, Carlton County Highway Engineer 

• Joe Ulring*, MnDOT State Aid Pavement Engineer 
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2.0 Literature Review Findings 

2.1 Approach  

The purpose of the literature review conducted for this study1 was to survey the range of available 

information regarding landslide susceptibility. For the review, previous studies were identified, 

summarized, and cataloged. We also identified information and causative factors that appear to be 

relevant to landslides in Minnesota.  

Given the limited scope of the present project for the LRRB, a comprehensive review of all available 

literature could not be undertaken. Therefore, we focused on studies that appeared to have application to 

Minnesota (i.e., studies done in areas with similar geography, landscapes and climate), and that were 

conducted by government agencies such as state transportation departments and the US Geologic 

Survey. We attempted to identify and examine the most-referenced papers in this field, as well as papers 

that described studies with aims similar to those of this project. 

2.2 Summary of Available Research 

Our review of the literature revealed that the creation of landslide, debris flow and/or slope failure 

occurrence inventories is common practice in many regions of the world. In addition, many studies have 

been conducted that attempt to quantify the likelihood of the occurrence of landslides or identify areas 

that have the propensity to produce these phenomena.  

However, landscape processes and triggers tend to be unique to a specific geography. As a result, only a 

small number of reviewed studies seem to have applicability for Minnesota. Despite this limitation, the 

published studies provide valuable information on methods of analysis that may be used for this project. 

2.2.1 Inventories 

The first step in most landslide and slope-failure susceptibility studies is compiling an inventory of 

historical slope failures. Landslide processes have been found to have a legacy effect—landslides follow 

landslides. Therefore, inventories of past failures can be used to determine where future failures are likely, 

based on spatial and temporal information.  

The utility of landslide inventories is limited because that they tend to over-report landslides in developed 

areas, and tend to focus on recent landslides. Although a given geographic area may not have 

documented historic landslides, it may still be susceptible to landslides. Attempts are being made to 

increase the size of historical landslide databases by utilizing LiDAR data to identify failures based on 

ground surface morphology.  

                                                      

1 The complete literature review is provided as Appendix A to this report. It includes a listing and brief summary of the 

reviewed papers and reports.  
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In Minnesota, the Department of Natural Resources (MnDNR) has recently completed a study to inventory 

historical failures in the Twin Cities Metropolitan area using a variety of archival records. These records 

span the period from 1979 to 2014. Reportedly, the MnDNR intends to complete a more comprehensive, 

state-wide inventory at some point in the future. 

2.2.2 Susceptibility Analyses  

Many landslide susceptibility studies have been published, and both qualitative and quantitative 

approaches have been applied. The most common approaches can be grouped into four categories: 

(1) geomorphic hazard mapping; (2) index-based methods; (3) statistically based methods; and 

(4) physically-based methods. 

• Geomorphic hazard mapping of landslide susceptibility is a qualitative method that uses subjective 

expert judgement to identify actual and potential slope failures. 

• In index-based methods, spatial distribution of causative factors are identified and their influence on 

observed failures are weighted. 

• In statistical methods, multivariate statistical techniques are used to develop function relationships 

between causative factors and observed failures.  

• Physically-based methods apply process-based geotechnical models, like the infinite slope model, to 

evaluate failure conditions from a set physical parameters. 

2.5 Major Causative Factors 

The review of literature conducted for this study suggested that there is a finite list of major causative 

factors of landslides and slope failure relevant for Minnesota. These factors are summarized below. 

Because the factors influencing slope failure are unique to a particular location and set of circumstances, it 

cannot be said that any of the factors is universally more important than the others.  

Slope Angle 

Other factors being equal, steeper slopes are more prone to landslides and slope failure than shallower 

slopes. A number of studies have identified slope angle ranges where landslides are most likely to occur 

for a given geography. However, other studies have shown that slope angle alone is not sufficient to 

gauge how vulnerable an area is to landslides. Other factors can cause a relatively steep slope to be 

stable, while a relatively shallow slope may be landslide prone. 

Soil Type and Geology 

The geotechnical properties of a soil (shear strength, permeability etc.), are significant factors in 

determining landslide susceptibility. Soils with a high shear strength are less susceptible to landslides than 

soils with a lower shear strength. The hydraulic soil properties of the soil are also important because these 

properties affect what intensity and duration of rainfall event is required to initiate a landslide. 
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Vegetation 

At least one of the papers reviewed observed a correlation between vegetation and landslides, with the 

majority (56%) of landslides in the study area (Maryland) occurring in areas with low- to medium-density 

grass. As discussed by Duncan and Wright (2005), woody vegetation (trees and large shrubs), provide 

mechanical reinforcement to the soil, as well as reducing infiltration and providing erosion protection and 

generally helping to protect against shallow sliding. 

Land Use and Drainage Density 

Characteristics of the drainage area at and above a slope—including drainage density and land use 

changes—are related to the geomorphology of a landscape. Drainage density calculations provide an 

estimate of the area prone to soil saturation, which is a major factor of slope failure. 

Antecedent Precipitation/Soil Moisture 

In many climatic regions, antecedent precipitation has been found to be related to occurrence of slope 

failures. Cumulative rainfall threshold relationships have been developed for specific geographies. These 

relationships are defined by parameters such as the total rainfall amount during the past 3 days, and the 

total rainfall amount during the previous 15 days (Seattle, Washington area); or the 1-, 2-, 7-, 30-, and 

90-day antecedent precipitation (southwest United Kingdom).  

Other studies have attempted to couple hydrologic models with simple slope-stability models to predict 

locations of shallow landslides. The hydrologic models are used to calculate soil saturation based on 

contributing drainage area, soil transmissivity, and local slope. Then the “infinite slope stability model” 

(often used in slope stability evaluations) is used, with degree of soil saturation as an input parameter. 

Rainfall Intensity and Duration 

Many studies have found rainfall intensity and duration to be related to occurrence of slope failures. 

Empirical intensity-duration (ID) threshold relationships have been developed to try to identify conditions 

under which failures would be initiated. Many of these ID thresholds are unique to the climatic regions for 

which they were developed. However, global ID thresholds have been developed by normalizing the 

precipitation data by the mean annual precipitation and the “rainy-day normal” (which is the ratio of the 

mean-annual-precipitation to the average number of rainy days in a year).  

The literature review identified the six factors (above) that researchers have seen as having correlation 

with slope failure. However, our assessment was that only three of these factors (slope angle, soil type, 

and rainfall depth) had practical utility in developing the slope-failure model. Section 4.0 of this report 

describes how those three factors were used in model development. 
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3.0 Available State-wide Data 

3.1 LiDAR Data 

The model benefits from the availability of high-quality LiDAR data for the entire state of Minnesota. This 

data was collected under a number of different programs between 2008 and 2012. This LiDAR data is 

publicly available online through the Minnesota Department of Natural Resources (MnDNR) MnTopo web 

interface, or through an FTP site hosted by the state’s Land Management Information Center (LMIC). The 

LiDAR data is relatively current; Carlton County, along with the Arrowhead counties, were surveyed in the 

spring of 2011 by Woolpert, Inc. under the supervision of the MnDNR. Sibley County was surveyed along 

with 25 other Minnesota River basin counties in 2010 by AeroMetric Inc. (now Quantum Spatial) with the 

work also performed under the supervision of the MnDNR. 

The statewide LiDAR data is available preprocessed as a 1-meter or 3-meter resolution file geodatabase 

raster for use in Esri’s ArcGIS software. The current project made use of the 3-meter resolution raster. 

Using the lower-resolution raster greatly reduces the time required to process large datasets, which is 

particularly important at a county-wide scale. The 3-meter raster was also determined to better capture 

the representative slope of the ground surface because it smooths the pits and bumps of the 1-meter 

surface – those pits and bumps indicating slope discontinuities that are unimportant for purposes of this 

project. 

The GIS-based model utilizes a 3-meter slope raster (in degrees) derived directly from the LiDAR dataset. 

This slope raster is processed using the standard “Slope” tool in the ArcGIS Spatial Analyst toolbox. 

Surface slope is an important factor in predicting slope failure. Because of this, it should be noted that it 

would be difficult to utilize this model in areas where high-resolution topographic data is unavailable. 

3.2 SSURGO Dataset 

The United States Department of Agriculture (USDA) Natural Resources Conservation Service (NRCS) has 

published and regularly updates the Soil Survey Geographic Database (SSURGO) for most of the United 

States. This database consists of seamless-coverage soil map units delineated by their unique attributes. 

The attributes can generally be broken into two categories: soil suitability or limitations for use, and soil 

physical properties and qualities. Identification of soil types is provided in the database in accordance with 

the Unified Soil Classification System (USCS). 

The data can be accessed and downloaded via the USDA NRCS Web Soil Survey website by a custom Area 

of Interest (up to 100,000 acres) or by County. The data is seamless, but because it is created and 

maintained based on county boundaries, inconsistencies can be found in the data at county lines. 

The SSURGO database provides soil information for the top 6 feet of the area in question. This gives it 

applicability for a predictive model for shallow slope failure. 

Once acquired, the SSURGO data was processed using the NRCS-provided custom Soil Data Viewer 

toolbar for Esri ArcGIS. This toolbar allows convenient processing of the SSURGO database to view more 
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than 100 different soil properties. The user can also set a specific soil depth range to query (up to 

approximately 6 feet). The data is not complete; some soil properties may not be available for a particular 

area or county. Agricultural areas appear to have a more complete record in the database than non-

agricultural areas.  

The SSURGO dataset is used for several model inputs. For each Unified Soil Classification System (USCS) 

soil type, the plasticity index, soil bulk density (in g/cm3 at 1/3 bar), and soil texture (the soil’s relative 

ratios of sand, silt and clay) are processed using the Soil Data Viewer toolbar. The results of the queries, at 

a map unit scale, are then used to determine other soil characteristics needed for the model. It is 

important to note that all data obtained from the SSURGO database provides only estimates of soil 

characteristics—both in their spatial extent and their specific values. Providing more accurate and 

spatially-precise values would require site-specific soil testing. 

3.3 Atlas 14 Data 

The National Oceanic Atmospheric Administration (NOAA) National Weather Service’s (NWS) Atlas 14 

data provides the amount of precipitation for storms of varying durations, along with the likelihood of 

their occurrence expressed as exceedance probabilities. The data is spatially related in that it provides an 

estimated precipitation amount (in inches) for a given storm in a given geographical location. This 

information is stored in raster format with a cell size of approximately 900 by 900 meters for the state of 

Minnesota. Rainfall amounts for a given storm can vary by several inches, depending on location and 

storm duration.  

Atlas 14 data is publically available via the NWS Hydrometeorological Design Studies Center’s 

Precipitation Frequency Data Server (PFDS). 
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4.0 Slope-failure model development  

4.1 Summary of Previous Physics-Based Approaches 

A number of researchers in past decades have attempted to use geographic information system (GIS) and 

physics-based approaches to model and predict slope failure. One of the first studies was conducted by 

Montgomery and Dietrich (1994) using the infinite slope theory and the hydrologic model TOPOG. 

TOPOG used a steady state rainfall to map the spatial pattern of saturated surficial soils. The results of the 

approach was applied to three watersheds in California, Oregon, and Washington states to determine 

areas unconditionally stable and unstable, and areas with different ranges of rainfall intensity to become 

unstable, i.e. resulting in slope failure.  

The Montgomery and Dietrich work was extensively referenced by other researchers who used a physics-

based method for predicting slope failures. Casadel et al. (2002) used Montgomery and Dietrich’s 

approach and expanded the model by calibrating four hydrologic parameters to characterize the 

saturated hydraulic conductivity of the soil and underlying bedrock to predict the timing and location of 

shallow landslides in hilly and mountainous areas.  

Iida (2004) developed a model incorporating deterministic aspects of slope stability and stochastic 

character of rainfall intensity and duration. He used the infinite slope theory and predicted the probability 

of the critical saturated soil susceptible to failure. He used a digital elevation model (DEM) and predicted 

the average recurrence interval of storms for each grid cell that exceed the critical saturated condition in 

soil. 

D’Odorico et al. (2005) developed a model to study the effects of unsteady rainfall infiltration in hillslopes. 

They used the infinite slope theory, and coupled it with simple hydrograph models and intensity-

duration-frequency curves to determine the return period of landslide triggering rainfall events. 

Rosso et al. (2006) developed a model by coupling infinite slope theory and hillslope hydrology and 

accounted for both storm duration and intensity in triggering shallow slope failures. 

In all of these studies, the infinite slope theory was used as the basis of a deterministic approach to 

predict shallow slope failure. After reviewing the state-wide data that was available, and considering other 

possible approaches (e.g., regression analysis), for our GIS-based model we decided to also use the 

fundamentals of the infinite slope theory to estimate susceptibility to failure in shallow slopes. 

The following sections provide an explanation of the theory and its use for our model. 
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4.2 Mathematical model 

In slope failure events, the plane of failure is somewhat arc-shaped, as shown on Figure 4.1. However, the 

simplest way of analyzing slope stability is to assume that the plane of failure is parallel to the slope with 

an unlimited extent as shown in Figure 4.2. This method of analysis of slope stability is known as the 

infinite-slope theory and was first introduced by Culmann in 1866. Résal modified it in 1910 by accounting 

for pore pressure (Winterkorn and Fang, 1975).  

  

Figure 4.1 Arc-shaped plane of failure 

 

 

Figure 4.2 Schematic for infinite slope theory showing model parameters 

Using the infinite slope theory, one can determine conditions under which a soil layer with a thickness of 

Z will slip over a plane parallel to the surface, which has a slope angle of θ with horizon. The slipping 
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conditions can be determined using Coulomb’s law of friction. Assuming seepage being parallel to the 

plane of failure, the factor of safety (FS) for slope failure along plane AB in Figure 4-2 can be determined 

from Equation 4-1 (Okimura, 1985). 

FS = 	
����	
���
��	��	
	����� ���� �	.�����

�
����	
		����� ����	.����
   Equation 4-1 

In Equation 4-1, C!  is the effective cohesion, γsat	is the specific weight of saturated soil,	γw	is the specific of 

water,	h is the depth of seepage, γ is the specific weight of soil under normal conditions, θ is the slope 

angle, and φ� is the effective internal angle of friction.  

A factor of safety less than 1 results in slope failure. That is, if the numerator of Equation 4-1 is larger than 

its denominator, the soil layer with a thickness of Z will slip over the plane of failure.  

If Equation 4-1 is written as an inequality to indicate a condition wherein the factor of safety is larger 

than 1, it can then be rearranged to define the minimum depth of seepage in the soil layer that is 

necessary to induce slope failure. In this way one can determine the minimum depth of water (hcr	) 

required for causing slope failure: 

h�+ ≥	

-�

.�
�/0.�.���� �	���1�	������

���� �	�	/0���/0�		���1�	�������������
   Equation 4-2 

In Equation 4-2, hcr	is the critical seepage depth for the soil layer;	SG	is the bulk specific gravity of the soil; 

and	SGsat	is the specific gravity of saturated soil.  

4.3 Approach to the Hydrologic Aspects of the Model 

While Equation 4-2 is a relatively simple representation of slope stability, it incorporates all the necessary 

information to develop a GIS-based model to predict conditions under which a sloped area (or in a GIS 

context, an areal grid cell) would slip or would be susceptible to landslide or failure. Equation 4-2 can be 

used for the GIS-based model if one assumes that critical depth of water in soil is a direct reflection of 

rainfall events.  

As indicated in Section 4.1, other researchers used hydrologic models to develop slope stability predictive 

tools. However, those approaches were never applied to a broad area such as a county or an entire state. 

A hydrologic model that would be coupled with the infinite slope theory would require parametrization of 

infiltration and groundwater flow, and would make the overall model impractical for the purpose of this 

broad-scale project. To avoid this problem, one can make the simplifying assumption that all rainfall is 

infiltrated into the soil to the depth of plane of failure before any surface runoff occurs. Having made this 

assumption, Equation 4-2 can be used directly for calculating the amount of rainfall that will result in a 

critical seepage depth (hcr� in the soil.  

During the early development of the GIS-based model, attempts were made to determine and incorporate 

the drainage area of each grid cell of LiDAR data so as to better estimate the soil moisture situation at any 
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given location. However, it was determined that without an accompanying detailed hydrologic model and 

a shallow groundwater model, attempting to use the drainage area of grid cells would create 

unmanageable difficulties and inconsistencies in the overall GIS-based slope-failure model. Therefore, it 

was assumed that each grid cell surface in the GIS-based model receives water from rainfall events, and 

that water infiltrates into the soil below. Surface runoff and water received from or flowing out to adjacent 

cells is not accounted for.  

4.4 Use of SSURGO Dataset in the Model  

Equation 4-2 requires the slope angle θ, which can be generated from LiDAR data. The other parameters 

needed for use of the equation are soil parameters.  These parameters must be either estimated or 

inferred from the SSURGO data. The methods for determining the needed parameters are explained in the 

remainder of Section 4.4. 

The SSURGO dataset provides soil type information on soil characteristics for each USCS soil type. The 

internal friction angle φ can be determined by cross-referencing a table correlating the soil type to an 

approximate angle as shown in Table 4-1 (based on NRCS data). For clayey, non-cohesive soils (for 

example, soils listed as CH – Fat Clay, or CL – Lean Clay), the internal friction angle can be estimated using 

a plasticity index based on the relationship developed by Terzaghi (Terzaghi et al, 1996). The limitation to 

this approach is that only the soil type in the surface layer is used; deeper soil layers are not considered. 

Nevertheless, preliminary review and model testing indicates that the surface-soil-type correlation is still 

the best way to approximate the internal friction angle.  

The effective cohesion parameter in Equation 4-2 can also be estimated from Table 4-1. It is important to 

note that effective cohesion may be different from the values shown in Table 4-1. Variation would be 

expected due to consolidation, and the presence of root systems within the soils of vegetated slopes.  

In the development of the GIS-based model it was initially assumed that cohesion would need to be a 

calibration parameter. However, as is shown in Section 6.0, the cohesion values shown in Table 4-1 

provide reasonable estimates for use with the model. 

Table 4-1 Relationship between Soil Type and Internal Angle of Friction 

USCS Soil Class Description 

Friction angle, 

θ θ θ θ (o) 

Cohesion, C 

(kPa) 

GW well-graded gravel, fine to coarse gravel 40 0 

GP poorly graded gravel 38 0 

GM silty gravel 36 0 

GC clayey gravel 34 0 

GM-GL silty gravel 35 0 

GC-CL clayey gravel with many fines 29 3 

SW well-graded sand, fine to coarse sand 38 0 
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USCS Soil Class Description 

Friction angle, 

θ θ θ θ (o) 

Cohesion, C 

(kPa) 

SP poorly graded sand 36 0 

SM silty sand 34 0 

SC clayey sand 32 0 

SM-SL silty sand with many fines 34 0 

SC-CL clayey sand with many fines 28 5 

ML silt 33  

CL clay of low plasticity, lean clay 27 20 

CH clay of high plasticity, fat clay 22 25 

OL Organic silt, organic clay 25 10 

OH Organic clay, organic silt 22 10 

MH Silt of high plasticity, elastic silt 24 5 

 

Soil composition is used to determine the soil’s field capacity, whereas the bulk density is used to 

determine soil porosity. Together, field capacity and porosity can indicate the fully saturated weight of 

soil, at a given depth.  

As stated in Section 3.0, the SSURGO dataset provides information on the bulk density of soil in grams per 

cubic centimeter (g/cm3). Because water has a density of 1 g/cm3, and bulk specific gravity is determined 

by dividing the bulk density by the specific gravity of water, the bulk specific gravity (SG) of the soil layer 

can be said to be equal to its bulk density.  

The saturated specific gravity SGsat can be estimated using the soil porosity and by assuming the initial 

moisture content of soil being at field capacity, ϑ4�, which is the moisture content above which the soil 

layer is drained by gravity. Therefore SGsat can be estimated from Equation 4-3: 

SG��� =  SG + (η −  ϑ4�)    Equation 4-3 

In Equation 4-3, η is porosity and ϑ4� is moisture content of soil at field capacity. The field capacity of 

different soil types was approximated using Table 4-2. 

In Equation 4-3, η is porosity and ϑ4� is moisture content of soil at field capacity.  

The field capacity of different soil types was approximated using SSURGO information and field capacity 

data (MPCA, 2017) for specific soil types as shown in Table 4-2. The SSURGO dataset provides percent 

sand, silt and clay for each soil type in its database. Based on percent sand, soil and clay, the soil types 

were defined as shown in Table 4-2. Subsequently, the associated field capacities were determined from 

Table 4-2 and were incorporated in Equation 4-3.  
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Table 4-2 Field Capacity Data for Different Soil Types 

Soil Field capacity 

  

Sand 0.17 

Loamy sand 380.09 

Sandy loam 360.14 

Loam 0.25 - 0.32 

Silt loam 0.28 

Clay loam 0.32 

Silty clay loam 0.30 -0.37 

Clay 0.32 

 

Assuming a grain-size specific gravity of 2.65 for non-organic soils, soil porosity was approximated from 

Equation 4-4: 

η =  1 −  
/0

9.:;
      Equation 4-4 

With an initial moisture content at field capacity, ϑ4�, the minimum amount of infiltrating water (F) that 

will cause failure becomes:  

F =  
�<=

>� ?@-
      Equation 4-5 

4.5 Use of Atlas 14 Data in the Model 

In the model, the parameter F (Equation 4-5) is the minimum amount of infiltrated rainfall which would 

cause slope failure. It was therefore necessary to estimate the amount of rainfall that would infiltrate 

during various storm events. 

It is well known that during storm events, all rainfall does not infiltrate; some becomes surface runoff. In 

addition, there is a lateral movement of infiltrated water in hillside or alpine areas which can either 

increase or decrease the soil saturation in a particular section of a sloped area.  

For the GIS-based model developed for this project, however, the simplifying assumption was made that 

there would be no surface runoff. Similarly, it was assumed that there would be no lateral transport of 

water within the soil layer from one grid cell to an adjacent one. It is understood that this approach is not 
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hydrologically rigorous, yet it nevertheless allows workable approximations to be made of the amount of 

infiltrated water expected to be present in any given grid cell under various storm events.  

These simplifying assumptions also have the advantage of allowing the probabilities associated with 

Atlas 14 rainfall events to be applied directly to the slope-failure model. That is, if it is assumed that all the 

rain is infiltrated during a rainfall event and water is not moving laterally in or out of a grid cell, then a 

probability of exceeding F (the minimum amount of infiltrating water that will cause failure) can be 

assigned for any rainfall event using the Atlas 14 data.  

Studies show that most slope failures have occurred after soil has become saturated as a result of an 

extended period of rainfall. Because of this, consideration of rainfall events with durations longer than 

24 hours was seen to be of most relevance for the slope-failure model. After testing the model by 

overlaying Atlas 14 data of varying storm durations, it was determined that the 3-day rainfall period would 

be the most useful for using the model to predict slope failure. 

Note that the temporal distribution of rainfall—the varying rainfall intensity that will occur during the 

course of a 3-day storm event—was not taken into account for the purposes of this modeling effort. Only 

the total rainfall amount for the 3 days is used in the model.  
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5.0 Programming and GIS Aspects 

5.1 Programming Needs 

In order to calculate slope failure susceptibility results over a wide geographic area, the mathematical 

model needed to be incorporated into the framework of Esri’s ArcGIS software. Processing the data 

required use of ArcGIS’s Spatial Analyst extension.  

After development of the mathematical model for slope failure (as presented in Section 4.0), code was 

written in Python to allow the model to be used within the ArcGIS environment. The scripting effort had 

the additional benefit of the development of user input screens, saving time through automation, and 

helping to ensure data quality and consistent results.  

All model inputs were formatted as a file geodatabase raster and were “clipped” so as to have the same 

study extents, and modified as necessary so as to all be projected in the same coordinate system. The 

data from the SSURGO datasets come out of the Soil Data Viewer toolbar as a polygon, so they required 

manual conversion to raster format prior to being incorporated into the model.  

Note that in some small portions of the mapped areas, NRCS soil map units are missing the needed soil-

property information. This data deficit seems to occur most often in cases where the soil map units have 

been assigned non-specific names – for example, units labeled “steep land” in Scott County. To remedy 

this situation, prior to converting them to raster datasets the soils data were reviewed for missing values 

and the required information was then manually populated using information from adjacent soil units. 

Determination of each soil’s internal friction angle (φ) was necessary before it could be exported to a 

raster. The friction angle was determined by first creating a union between the USC polygon and the 

plasticity index polygon. Then, the USC to φ lookup table was joined to the resulting union based on the 

USCS rating. The initial φ values were placed into a new field based upon the lookup. In the case of CL 

and CH (clayey) soils, the overriding φ values for clays were calculated based upon the equation (Terzaghi 

et al, 1996): 

φ = 0.0014 Ip2 – 0.2718 Ip + 35.41  Equation 5-1 

In Equation 5-1, Ip is the plasticity index.  

5.2 Adoption of 5-Level Risk Indicator Scheme 

The model output was initially reported as the total number of inches of precipitation over a 3-day period 

that would be necessary to instigate a slope failure. Because for slopes most susceptible to failure, it takes 

relatively little rain to trigger failure, the output had low numbers (of inches of rain) indicating high risk, 

and high numbers indicating low risk. Although it was correct and reflective of the modeling 

methodology, this reporting scheme was deemed to be confusing, so a different approach was 

developed. 
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The approach developed for the mapping involved using Atlas 14 data to represent modeled risk results 

in five categories – from very high risk to very low risk. The risk levels continue to be based on the 

likelihood of a given (3-day) precipitation event to occur in a given geographical area, with risk levels 

reported for each location. The resulting slope-failure susceptibility (risk) levels are reported for each 

mapped grid cell as follows: 

• Very High Risk – for areas susceptible to failure as a result of a 0 -to 25-year event  

• High Risk – for areas susceptible to failure as a result of a 25- to 50-year event 

• Moderate Risk – for areas susceptible to failure as a result of a 50- to 100-year event  

• Low Risk – for areas susceptible to failure as a result of a 100- to 200-year event  

• Very Low Risk – for areas susceptible to failure as a result of a 200- to 1000-year event  

Color coding is used (see map legends) to indicate the risk levels on the maps generated by the GIS-

based model.  

This reporting scheme continues to reflect the fact that risk will be greater in situations where smaller 

rainfall amounts (for example, rainfall amounts that would be expected during the three-day storm that 

would occur relatively frequently – once every 25 years) might be expected to instigate slope failure. 

Conversely, risk will be lower where the situation is such that larger rainfall amounts (such as those 

resulting from a 1000-year storm) would be expected to be needed to instigate slope failure. 

The process of assigning a risk category to the model output based upon the Atlas 14 precipitation 

frequency estimates were also automated through development of Python coding within ArcGIS. A new 

“risk” raster output was created by comparing the original model ouput (in inches of precipitation) against 

the Atlas 14 precipitation frequency estimates.  
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6.0 Calibration/Validation Process 

6.1 General Approach to Calibration and Validation 

For calibration of the model, it was also necessary to identify situations in which the LiDAR data had been 

collected prior to recent slope-failure events. In this way, one could see whether or not slope failure had 

actually occurred in locations where the model output (based on pre-failure slope conditions) was 

showing high risk. Given the short history of LiDAR data, suitable areas for calibrating the model were 

limited. However, the slope failure sites along Highway 210 in Carlton County—resulting from the June 

2012 storm event—were seen to be suitable for calibration. 

Because there is inherent uncertainty regarding the site-specific accuracy of the SSURGO-provided soils 

data used in the model, it was initially assumed that certain soil parameters (i.e. effective cohesion) would 

need to be adjusted in order to properly calibrate the model. It was therefore seen as necessary to 

calibrate the model for areas in which the available soils data was as complete, so that the data could be 

closely examined and adjusted as necessary. The Highway 210 area had the additional advantage of 

having an abundance of soils data resulting from recent investigations of slope failures in the area. 

However, model testing showed that calibration using adjustments of the standard values for soil 

parameters was in fact not needed to produce risk indications that correlated well with known 

(subsequent) slope failures. As a result, no soil parameters were seen to require calibration. This made for 

considerable simplification in using the model.  

The value of Z (soil layer depth) in Equation 4-2 could also be regarded as a calibration parameter.   The 

SSURGO dataset provides soils information for depths up to six feet, so the soil layer depth could be set 

to a maximum value of six feet.  However, Z values smaller than six could also be selected for the 

modeling.  To evaluate which value of Z would be best suited for the modeling, the model was tested 

using Z values of 3, 4 and 6 feet.  Testing showed that smaller values of Z resulted in more areas being 

indicated as susceptible to failure, and gave predictions of slope failures occurring as a result of less 

frequent (larger rainfall amount) events. As a result, the use of a Z of six feet for the slope-failure 

modeling was judged to be best suited to the topography and slope-failure history seen in Minnesota. 

For model validation, the slope-failure sites recorded and georeferenced by MnDNR (Jennings et al, 2016) 

were used. The failure sites examined in the validation process were mainly located in Hennepin, Carver, 

Scott, Sibley and Winona Counties. Modeled slope-failure risk predictions were compared with locations 

in these counties where slope failure was known to have actually occurred. 

6.2 Calibration of the Slope Failure Risk Assessment Model in Carlton 

County along Highway 210  

The GIS-based model was calibrated by focusing on a small study area of approximately 8 square miles in 

Carlton County (Figure 6-1). The calibration area included slopes adjacent to a portion of Minnesota State 

Highway 210 where landslides were known to have occurred after the intensive storm event of 2012. In 
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this area, extensive studies and repairs are ongoing. The LiDAR survey had occurred in 2011, only a short 

time before the event, so that good pre-event and post-event aerial imagery is available. 

 

Figure 6.1 An area of approximately eight square miles in Carlton County that was used for 

model calibration 

Figure 6-2 (left image) is the aerial imagery of a small section of the area, and shows slope-failures along 

Highway 210. Figure 6-2 (right image) shows the model results for those areas, with different levels of risk 

of failure indicated through color coding. Figure 6-3 and Figure 6-4 show other stretches of Highway 210, 

with both observed and modeled slope-failure sites.  

It has been noted that the model incorporates a relatively simple structure based on infinite-slope theory 

and utilizing the relatively low-resolution SSURGO dataset. Nevertheless, comparison of the pre-event 

modeled risk indications with post-event aerial photography along Highway 210 show that the GIS-based 

model can predict areas susceptible to slope failure with reasonable accuracy.  
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Figure 6.2 Left:  Aerial photo of a slope-failure site at mile post 225 along Minnesota 

Highway 210 in Carlton County.  

Right: GIS-based model results for the same location. Color-coding shows levels 

of failure susceptibility, with red being very high and blue being very low. 

 

 

Figure 6.3 Left: Aerial photo of a slope-failure site at mile post 224 along Minnesota 

Highway 210 in Carlton County.  

Right: GIS-based model results for the same location. Color-coding shows levels 

of failure susceptibility, with red being very high and blue being very low. 
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Figure 6.4 Left: Aerial photo of a slope-failure site at mile post 223 along Minnesota 

Highway 210 in Carlton County.  

Right: GIS-based model results for the same location. Color-coding shows levels 

of failure susceptibility, with red being very high and blue being very low. 

 

6.3 Validation of the Slope-Failure Risk Assessment Model in Sibley 

and Carver Counties 

The failure sites listed in the MnDNR inventory used for validating the model occurred at various times 

across the past 100 years. Some imprecision in the geographical locations given for the slope failures may 

be expected, given that in many cases the locations are based on historical and newspaper reports. And a 

review of the reported coordinate data for these slope failures suggests that many of the reported 

locations must be approximate. This made use of the historical slope-failure data somewhat difficult. 

Nevertheless, the GIS-based model’s predictions showed good correlation with at least some of the 

MnDNR-listed failure sites in selected areas in Sibley County. Figure 6-5 and Figure 6-6 compare the aerial 

imagery with the GIS-based model results.  

Overall, the validation process confirmed that the GIS-based model is a useful tool for identifying areas 

susceptible to slope failure.  
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Figure 6.5 Left: Aerial photo of an old slope-failure site along 270th Street in Sibley County. 

Right: GIS-based model results for the same location. Color-coding shows levels 

of failure susceptibility, with red being very high and blue being very low. 

 

 

Figure 6.6 Left: Aerial photo of an old slope-failure site along 295th Avenue in Sibley County. 

Right: GIS-based model results for the same location. Color-coding shows levels 

of failure susceptibility, with red being very high and blue being very low. 
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7.0 Results and Applications  

7.1 Results 

Examples of the slope-failure risk mapping developed through work on this project were presented in 

Section 6.0. County-wide mapping has been prepared for two counties – Carlton and Sibley. To examine 

the mapping results in a way that is useful, it’s necessary to zoom in closely on the area in question. For 

that reason, it is impractical to present the maps in printed format. Therefore, the county-wide mapping 

results have been provided (separately) in the form of PDF files for which the viewer can vary the field of 

view to a scale that is convenient and helpful. 

A series of large-format maps at 1-inch=500-foot scale were created for both Carlton and Sibley Counties. 

The counties’ extents were divided into a grid of equally sized map sheets and assigned alpha-numeric 

labels. Three separate maps were created for Carlton County, representing soil (SSURGO) data processing 

depths of 0 to 3, 4, and 6 feet. Sibley County was mapped only at 0 to 6-foot soils depth range. Carlton 

County map sheet C-10 (Figure 7-1), and Sibley County map sheet E-10 (Figure 7-2) are provided as 

examples of what can be seen on the large-format maps. (The complete map series is provided for the 

TAP via an FTP site; access instructions have been provided separately.) 

Due to variations in each county’s topography, no model results are provided for some large (and mostly 

flatter) areas of the two counties. In these areas, the precipitation required to initiate a slope failure would 

be greater than that of the Atlas 14 1000-year rain event. Similarly, map sheets showing slope-failure 

susceptibility in only a few in only very small areas—at locations of gravel pits, construction activities, 

agricultural ditching, and other similar anthropogenic geographic features – were also not provided. 

As has been mentioned previously, relative level of susceptibility to failure is indicated through color-

coded highlighting of the slopes. The five levels of susceptibility to failure are indicated on the map 

legends. The highlighting provides a way for the viewer to easily identify portions of a county that have a 

concentration of higher-risk slopes.  

As can be seen when viewing the maps, and as would be expected, the risk of slope failure varies greatly 

from location to location, and from general region to general region within each county. It can also be 

seen that there are locations where failure-prone slopes would be of more concern than others. For 

example, many of the slopes identified as failure-prone are not adjacent to vulnerable structures, 

infrastructure, or sensitive ecological features.  

However, in some areas potential slope failure may pose greater concerns. Those areas of the maps can 

be examined more closely to determine where there may be slopes that need further attention—areas in 

which slope failure might result in significant inconvenience, damage, or even loss of life. 

  



 

 

 

 25  

 

Placeholder for: 

Figure 7.1 Carlton County 6-foot slope failure assessment: Mapbook C10 

Oversized color image (44” x 34”) -- available in a separate PDF file 
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Placeholder for: 

Figure 7.2 Sibley County 6-foot slope failure assessment: Mapbook E10 

Oversized color image (44” x 34”) -- available in a separate PDF file 
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7.2 Applications 

The results of this project have the potential to assist local and state engineers and managers in 

improving road safety. The mapping provided may provide useful information by which, for example, local 

road engineers can identify at-risk areas that need further attention and study. Preventative measures 

might be taken as a result—slopes might be stabilized, retaining walls might be put in place, drainage 

might be diverted, adjacent infrastructure might be protected, etc. Such preventative measures have the 

potential to protect the public and avoid costly damages. 

Even if preventative measures are not taken, knowledge of the existence of at-risk areas may improve 

emergency preparedness plans. Plans and preparations can be generated, and funding reserved for 

providing quick and effective cleanup and repairs. The mapping might be also help highway maintenance 

crews be more aware that slope failures are likely in certain areas when large rainfall events are 

expected—thus allowing for better preparation and reduced response times should a slope failure occur.  

It may also be that state, county, and local highway departments are able to use the risk-assessment 

model to conduct screening during the planning phase of a project in areas where slope failure is thought 

to be of concern. In areas of higher risk, preventive measures (involving, for example, water management 

in the watershed at the top of the slope) could be undertaken to ensure the long-term viability of newly 

or re-constructed sections of roads. 

Provided that the results of this project are seen as beneficial, additional and related work may be 

indicated. This might include: 

• Extension of the mapping to the remaining counties in Minnesota – Only two counties have 

been mapped so far, and it is likely that engineers and managers in the remainder of Minnesota’s 

counties would benefit from applying the slope-failure model and developing mapping on a 

broader scale. An additional benefit resulting from extending the model’s application is that 

greater experience with the model may help point the way toward further refinements that could 

improve its accuracy. It may also provide the opportunity for developing methods of automation 

that would reduce the necessity for manual editing of the SSURGO data. 

• Associated mapping of vulnerable features – It may be helpful to identify and map vulnerable 

features and structures near or adjacent to at-risk slopes. In addition to roads, features and 

structures of concern may include sensitive ecological features, transmission lines and pipelines, 

residential and commercial buildings, bridges, culverts, etc. Mapping these structures would be of 

assistance to local engineers and managers in determining which of the at-risk slopes need the 

most attention. 

• Consequence analysis – An extension of the mapping of vulnerable features would be to 

conduct consequence analysis and mapping. This effort would take into account the proximity of 

vulnerable features, but also the degree to which they are vulnerable should slope failure occur 

and the relative importance of protecting them. This analysis would allow further focusing of 

preventative or remedial measures. 
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• Development of risk-based approach for making slope-failure protection decisions – A 

variety of approaches to dealing with the risk of slope failure exists, and each has its own 

advantages, drawbacks, and costs. A risk-based decision algorithm might be developed to assist 

engineers and managers in determining which approach or approaches might be best suited to 

dealing with the threat of slope failure. The algorithm would take into account factors such as 

steepness, subsurface geology, soil type, local drainage considerations, consequence analysis, and 

cost. 
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8.0 Summary and Conclusions  

Through work on this project, we have developed a conceptually-simple predictive slope-failure model 

that relies on generally-accepted geotechnical theory. The model has the advantage of utilizing only 

publicly state-wide available data; no local field investigations or data acquisitions are needed. Because it 

is GIS-based, the model provides results in a readily accessible map-based format. The color-coded risk 

highlighting on the maps makes it easy to identify areas of concern. 

We have tested the model to see whether its predictions match up well with locations in which slope 

failures are known to have occurred. Generally the results of this testing are encouraging. While the model 

is not intended to be (and should not be) used to determine whether or not a slope will fail in a particular 

location, the testing allows confidence that the model is in fact giving a good indication of where there 

are areas where slope failure should be of particular concern. Subsequent work on the model may provide 

opportunity for additional refinements that might further enhance its specificity and predictive ability. 

It is our hope that the model will prove useful as a screening tool that would allow state and local 

engineers and managers to become aware of areas of higher risk. Such areas would be further 

investigated “on the ground” to determine whether the model’s conceptual assessment of risk matches up 

well with location-specific conditions. State and local officials may thus be able to more effectively plan 

mitigation measures to avoid costly damages in locations where field investigations confirm that slope-

failure risk is high. 

Further refinement of the model is likely if funding allows the risk mapping to be extended to the rest of 

the counties in Minnesota. The inclusion of at-risk structures in the mapping may also enhance the 

model’s utility. The model may also be applied in slope-failure consequence analysis to better allow 

managers to focus on areas of high concern. A further application might involve the development of 

guides or algorithms to assist local managers in planning mitigation or emergency response measures for 

locations in which slope failure is seen as likely. 

We are pleased to have had the opportunity to work on this challenging and interesting project, and we 

are grateful to the LRRB and the members of the TAP for their support and encouragement along the way. 

We look forward to further collaboration in extending the use and increasing utility of the model. 
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