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Landslides are a pervasive hazard that can result in substantial damage to properties 

and loss of life throughout the world. To understand the nature and scope of the 

hazard, landslide hazard mapping has been an area of intense research by identifying 

areas most susceptible to landslides in order to mitigate against these potential losses. 

Advanced GIS and remote sensing techniques are a fundamental component to both 

generate landslide inventories of previous landslides and identify landslide prone 

regions.  A Digital Elevation Model (DEM) is one of the most critical data sources 

used in this GIS analysis to describe the topography. A DEM can be obtained from 

several remote sensing techniques, including satellite data and Light Detection and 

Ranging (LiDAR). While a DEM is commonly used for landslide hazard analysis, 

insufficient research has been completed on the influence of DEM source and 



  

 

resolution on the quality of landslide hazard mapping, particularly for high resolution 

DEMs such as those obtained by LiDAR.  

In addition to topography, multiple conditioning factors are often employed in 

landslide susceptibility mapping; however, the descriptive accuracy and contribution 

of the data representing these factors to the overall analysis is not fully understood or 

quantified. In many cases, the data available for these factors may be of insufficient 

quality, particularly at regional scales.  These factors are often integrated into a wide 

assortment of analysis techniques, which can result in inconsistent mapping and 

hazard analysis.   

To this end, the principal objectives of this study are to 1) evaluate the 

influence of DEM source and spatial resolution in landslide predictive mapping, 2) 

asses the predictive accuracy of landslide susceptibility mapping produced from fewer 

critical conditioning factors derived solely from LiDAR data, 3) compare six widely 

used and representative landslide susceptibility mapping techniques to evaluate their 

consistency, 4) create a seismically-induced landslide hazard map for landside-prone 

Western Oregon, and 5) develop automated tools to generate landslide susceptibility 

maps in a regional scale. 

In this study, semi-qualitative, quantitative and hybrid mapping techniques 

were used to produce a series of landslide susceptibility maps using 10 m, 30 m and 50 

m resolution datasets obtained from ASTER (Advance Space borne Thermal Emission 



  

 

and Reflection Radiometer), NED (National Elevation Dataset)  and LiDAR (Light 

Detection and Ranging). The results were validated against detailed landslide 

inventory maps highlighting scarps and deposits derived by geologic experts from 

LiDAR DEMs. The output map produced from the LiDAR 10 m DEM was identified 

as the optimum spatial resolution and showed higher predictive accuracy for landslide 

susceptibility mapping. Higher resolution DEMs from LIDAR data was also 

investigated; however, they were not significantly improved over the 10 m DEM. 

Next, a series of landslide susceptibility maps were compared from six widely 

used statistical techniques using slope, slope roughness, elevation, terrain roughness, 

stream power index and compound topographic index derived from LiDAR DEM. The 

output maps were validated using both confusion matrix and area of curve methods. 

Statistically, the six output maps produced, showed accepTable prediction rate for 

landslide susceptibility. However, visual effects and limitations were noted that vary 

based on each technique.  This study also showed that a single LiDAR DEM was 

capable of producing a satisfactory susceptibility map without additional data sources 

that may be difficult to obtain for large areas. 

In western Oregon, landslides are widespread and account for major direct and 

indirect losses on a frequent basis.  A variety of factors lead to these landslides, which 

makes them difficult to analyze at a regional scale where detailed information is not 

available. For this study, a seismically-induced landslide hazard map was created 

using a multivariate, ordinary least squares approach.  Various data sources, including 



  

 

combinations of topography (slope, aspect), lithology, vegetation indices (NDVI), 

mean annual precipitation, seismic sources (e.g., PGA, PGV, distance to nearest fault), 

and land use were rigorously evaluated to determine the relative contributions on each 

parameter on landslide potential in western Oregon. Results of the analysis showed 

that slope, PGA, PGV and precipitation were the strongest indicators of landslide 

susceptibility and other factors had minimal influence on the resulting map. An 

automated tool kit was a byproduct of this analysis which can be used to simply the 

hazard mapping process and selection of parameters to include in the analysis.  
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1 INTRODUCTION 

A landslide is a “movement of a mass of rock, debris or earth down a slope” 

(Cruden, 1991), which regularly results  in substantial damage to lives and properties. 

Identification of locations susceptible to landslides can help reduce potential damages; 

hence, landslide hazard mapping has been an area of intense research. 

Advanced GIS and remote sensing techniques have helped, to an appreciable 

extent, various municipalities to cope with mapping historic, existing, and future 

landslides. One of the most critical data sources used to describe the topography for 

landslide hazard analysis is a Digital Elevation Model (DEM). A DEM can be 

obtained from remote sensing techniques such as satellite data and Light Detection 

and Ranging (LiDAR).  A DEM is essential for landslide modelling, hydrological 

modelling, and soil – landscape modelling (Chen et al. 2006; LaConte et al. 2005).  

While a DEM is commonly used for landslide hazard analysis, insufficient 

research has been completed on the influence of DEM source and resolution on the 

quality of landslide hazard mapping, particularly for high resolution DEMs such as 

those obtained by LiDAR.  While some studies have proven that finer spatial 

resolution does not always promise better results (Saulnier et. al., 1997), others have 

shown that coarser resolution will compromise potential information of the ground 

features, leading to over simplification.   

Analysis of spatial data from terrain models for landslide predictive mapping 
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Generation of topographical factors used as landslide conditioning factors in 

landslide modeling is time consuming and also an important source of error 

propagated in the output (Claessens et al. 2005). In addition to topographical factors, 

there are several other factors that contribute to landslide potential.  While many 

studies discuss the importance of these factors and include them in their models, in 

practice it is often difficult to accurately model all factors reliably over a large area 

given the expense in capturing sufficient information.  Often, studies include several 

factors that intuitively and physically make sense to include in a model. However, 

because of insufficient or inaccurate data, these factors may not improve performance, 

and in some cases, may degrade accuracy.   

A variety of techniques have been applied in prior research to complete 

landslide hazard mapping using these factors.  However, the results of these 

techniques are not typically compared directly to each other or detailed inventory to 

analyze their overall accuracy. Because the techniques are applied in an ad hoc 

fashion, inconsistencies between landslide hazard maps can occur.   

The specific objectives of this dissertation are: 

1. Analyze the effects of DEM spatial resolution and source on landslide hazard 

mapping, 

2. Determine the consistency of results between various landslide hazard 

mapping analysis techniques,  
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3. Investigate various conditioning factors used in landslide hazard mapping to 

determine which are the most important, 

4. Evaluate the potential of LiDAR-derived datasets to be solely used for 

predictive mapping without requiring additional data sources, 

5. Generate a seismically-induced landslide hazard map for western Oregon, and 

6. Create automated tools for efficiency such that maps can be easily updated 

when improved data becomes available. 

1.1 THESIS FORMAT 

This dissertation follows the manuscript format.  

 In chapter 2, a comprehensive literature review of landslide mapping 

techniques is presented. It documents previous research on mapping 

methodologies, data requirements, and their application. The chapter also 

covers application of LiDAR use in landslide mapping techniques. 

 Chapter 3 identifies the optimum spatial resolution from ASTER, NED and 

LiDAR DEMs for landslide mapping.  Spatial resolutions of 10, 30 and 50 m 

are resampled from the native resolution of ASTER, NED and LiDAR which 

are 30 m, 10 m and 0.9 m, respectively. The datasets are tested using semi 

qualitative, quantitative, and hybrid techniques. 

 Chapter 4 experiments with the suitability of using fewer critical landslide 

conditioning factors from LiDAR datasets for landslide mapping. Specifically, 

only LiDAR derived factors are used. Their applicability is tested in bivariate, 
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multivariate, and soft computing methods. The strengths and weakness of these 

techniques are also explored in this chapter. 

 Chapter 5 contains application-based research employing a multivariate 

technique for landslide susceptibility mapping in Western Oregon. Key factors 

are determined.  Automated tools are developed as one of the products from 

this chapter to help identify vulnerable lifeline routes.  

 In chapter 6 a synthesis of the research is presented. The methods used 

throughout the dissertation and the principal outcomes are discussed. 

Limitations and further research are also documented. 
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2 LITERATURE REVIEW 

A broad understanding of various topics in landslide mapping techniques and 

the datasets used are required to complete the studies presented in this dissertation. 

The first section of this chapter provides a brief introduction of landslide types and 

consequences. Next, landslide problems in Oregon based on published reports and 

articles are presented.  In the middle section, literature is reviewed in terms of the 

scope and rationale of landslide mapping techniques. A large segment of this section 

focuses on the probabilistic methods which are used in this dissertation. In the last 

section, usage of LiDAR in landslide mapping is discussed. It covers the usage based 

on identifying both historic and existing landslides.  

2.1 OVERVIEW OF LANDSLIDES 

Landslides, one of the most severe natural hazards, are responsible for 

substantial human and material losses. A landslide is defined as the downward and 

outward movement of slope-forming materials such as natural rock, soils, artificial 

fills, or a combination of these materials (Varnes, 1958).  The National Research 

Council (1996) denotes landslides as “the movement of a mass of rock, debris, or earth 

down a slope.” Phenomenon such as earth slides, debris flows, and rock falls, etc. 

(Zhenming, 2001) are all sub-types of landslides. The following Tables show impacts 

from previous landslides.       
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Figure 2-1 Shallow landslides at the US 20 Highway re-alignment project 

Table 2-1.  The number of deaths due mass earth movements (dry) for 

 several major events (EM-DAT, 2011) 
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Table 2-2.  Number of deaths caused by large landslides (wet) for several major 

events ("EM-DAT, 2011) 

 

Table 2-3.  Consequences of mass earth movements (dry and wet), 1980-2010 

 ("EM-DAT, 2011) 

  

Continent Type 

# 

Events 

# 

Killed 

# 

Injured 

# 

Affected 

# 

Homeless 

Total 

Affected 

Africa 

Landslide 23 440 98 15704 17600 33402 

Rock fall 2 129 72 No data 625 697 

Subsidence 1 34 No data 300 No data 300 

Americas 

Avalanche 4 95 37 117 0 154 

Debris 

flow 1 10 No data 

Landslide 109 6031 3745 1256386 183886 1444017 

Rock fall 3 216 No data No data No data No data 

Asia 

Avalanche 43 2602 561 15810 38690 55061 

Debris 

flow 1 106 No data No data No data No data 

Landslide 223 12712 3635 1642318 3902278 5548231 

Rock fall 1 50 No data 

Subsidence 1 287 38 2800 0 2838 

Europe 
Avalanche 28 772 61 14313 60 14434 

Landslide 22 641 375 24894 3099 28368 

Oceania 
-- 1 10 No data 

Landslide 15 449 52 2663 18000 20715 

Totals   478 24,584 8,674 2,975,305 4,164,238 7,148,217 
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 TYPES  2.1.1

Typically, landslides may be classified in to 7 basic types (Table 5), depending 

upon the materials carried.  Earthquake induced landslides can also be grouped in to 3 

categories (Cornforth, 2004, direct quote) 

 Failure of marginally stable slopes, 

 Translational-slide movements in clay soils, and 

 Liquefaction of saturated, cohesionless soils (e.g. lateral spreading). 

Table 2-4. Type of Landslides (modified from Varnes, 2004) 

Type of movements 

Type of materials 

Bedrock 
>50 % 

Coarse soil 

> 50 % 

fine soil 

Slides 

Falls Rock fall Debris fall Earth fall 

Topples 
Rock 

topple 
Debris slide Earth slide 

Rotational 
Rock slide Debris slide Earth slide 

Translational 

Lateral 

spreads 

Rock 

spread 

Debris 

spread 

Earth 

spread 

Flows Rock flow Debris flow Earth flow 

Complex 
Combination movement of two or more 

principal types of movement 

 

 CONSEQUENCES  2.1.2

Disaster assistance, road maintenance, relocation and repair following 

landslides result in the largest public costs (US Search and Rescue Task Force, 2003). 
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The USGS (2010) states that landslides in U.S cause an annual loss of about $1.5 

billion and at least 25 fatalities, with other factors contributing to indirect losses. For 

example, the recent landslide in Zhouqu County in China killed 1,144 people 

(www.boston.com, 2010), left thousands homeless, and posed a high threat for many 

epidemic diseases.  Landslides are often associated with heavy infrastructure damage, 

loss of transportation accessibility, and freezing economic and domestic activities in 

mountainous regions.  The most expensive landslide in U.S history occurred in 

Thistle, Utah during the spring of 1983, with a total cost exceeding $500 million.  This 

large landslide spanned about 800 m from top to bottom and varied in width from 300 

m to about 1600 m.   

Seismically induced landslides can also have devastating impacts.  For 

example, the Loma Prieta earthquake triggered thousands of landslides, in October 

1989, causing more than $30 million dollars in damage to over 200 houses, other 

structures and utilities (US Search and Rescue Task Force, 2003).  Relief and rescue 

efforts were also impeded by many of the landslides blocking critical transportation 

routes.  Experts felt that  this event was wake up call to prepare for more devastating 

shocks that are likely to occur in future. In addition to landslides, other ground failures 

such as ground shaking, liquefaction, and lateral spreading of flood plain deposits 

along the Pajaro and Salinas rivers in the Monterey Bay region (Holzer, 1989) caused 

significant damage. Liquefaction accounted for $99.2 million of the total loss of $5.9 

billion. Lifeline utilities were also significantly affected, requiring 123 substantial 
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repairs of pipelines in the municipal water supply system and replacement of 13.6 km 

of gas distribution lines (Holzer, 1989). 

While high-velocity landslides can cause heavy damage to lives and buildings, 

slow moving landslides can cause cracking in buildings, road surfaces, utilities, pipes, 

etc.  Quantifying many environmental losses (e.g. landslide derived sediment creating 

turbidity in streams and other bodies of water, spoiling the fish habitats) in financial 

terms is nearly impossible since the impact is proportional to time and other variables 

(e.g. materials carried by the landslides, nature of the water body, etc. (Leiba, 1999)). 

 EFFECTS OF LANDSLIDES IN LIFELINE CORRIDORS 2.1.3

Lifelines are vital factors for the effective economy of a region and include 

highways, railroads, fiber optics, water conveyance infrastructure, other pipelines, 

utility transmission lines, and goods.  Hence, special attention is required to analyze 

the effects of landslides in lifeline corridors (Treiman, et al., 2008).  The earthquake 

effects on lifelines in Ecuador were studied by Crespo et al. (1987), where both 

qualitative and quantitative methods were used. These impacts include: direct losses 

on property, utility services, disruption of economic activity, delay in recovery 

options, release of hazardous products, and structural failures (US Earthquake 

Consortium, 2000). Such studies will help us to determine the likelihood of survival of 

lifelines during various magnitudes of earthquakes, so that emergency/evacuation 

plans could be framed effectively (Borchardt, 1998).   
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The importance of lifelines to withstand impacts from hazards has been a focus 

in Oregon, which faces multiple hazards including landslides, earthquake (shaking, 

landsliding, liquefaction, etc.), tsunami, volcanic activity, flooding, coastal erosion, 

etc.  Barnett et al. (2004) mapped potential effects earthquake hazards on for the 

Pacific Northwest section of the I-5 corridor. The Oregon Department of 

Transportation (ODOT) has also implemented an unstable slopes inventory program to 

inventory and evaluate unstable slopes (of all failure types) near highways.  This 

information is important to determining priorities for repairs and maintenance.     

Construction of the highways themselves can often create unstable cuts, 

leading to rock falls, particularly during seismic events.  Xinpo and Siming (2009) 

provide a discussion of several types of landslides observed along roadways following 

the 2008 Sichuan earthquake and potential repairs for these landslides (Table2-5). 

Table2-5.  Landslide types and potential remediation (after Xinpo and Ximing, 

2009). 

Landslide Type Remediation 

Shallow slope failures Retaining walls 

Deep landslides Tie-backs 

Rock avalanches Tie backs, shotcrete 

Surficial rock failures Short rock bolts, shotcrete 

Rock falls Rock traps, fences 

Instability of down-

slope of road 

Retaining walls, piles, etc. 

Change course of road 

 



Page 12 

 

 CAUSATIVE FACTORS  2.1.4

Predicting landslides is complicated because of the numerous factors and 

conditions contributing to soil failure. Lithology, geological structures and joints, 

geomorphologic features, slope angle, relative relief, land use, ground water 

conditions, climate and seismic activity (Ferentino, 2006) are common variables 

related to landslide occurrence. High intensity or long duration rainfall typically 

results in smaller, shallow failures, whereas medium to massive landslides generally 

result from long-term rainfall accumulation (Yu, 2006) or seismic influences 

(Haneberg, 1999).  

2.2 LANDSLIDE HAZARDS IN OREGON 

The Coast Range in Western Oregon is very susceptible to landslides because 

of geological, topographical (steep slopes), and hydrological (heavy rainfall) 

conditions (Burns, 1998a).  For example, a landslide caused by a storm event in 

February 1996, led to a loss of $4 million in Portland metropolitan area (Burns, 

1998b).   

Bolt (1993), states that landslide potential can be assessed if factors such as 

amplification, in-situ soil types, geologic materials, liquefaction materials are known. 

Many hazard maps have been produced by DOGAMI based on geologic, topographic, 

hydrologic conditions for many communities in Oregon.  Harvey and Peterson (1998 

and 2000), and Beaulieu (1973), provide more information regarding some of the 

landslide hazard maps produced by DOGAMI. Wang et al. (2001) provides an 
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overview of various agencies that have mapped landslide hazards in the state of 

Oregon. Burns et al. (2008) and Niewendorp and Neuhaus (2003) discuss landslide 

studies for the state of Oregon.  A few of these maps will be mentioned herein.   

A GIS-based landslide hazard mapping technique developed for Benton 

County entitled “Water-Induced Landslide Hazard for Benton County” incorporates 

landslide inventory, slope, and soil properties with infinite slope modeling.  Bela 

(1979) mapped landslide deposits for eastern Benton County, and Walker and Duncan 

(1989) produced landslide hazard maps for Salem.   DOGAMI developed the SLIDO 

(Statewide Landslide Information Database of Oregon, 

http://www.oregongeology.org/sub/slido/), which integrates previous mapping in Oregon 

into a seamless, web-based viewer.  DOGAMI has also recently developed a landslide 

mapping specification from LiDAR data (Burns and Madin, 2013)  

2.3 SEISMICITY IN OREGON 

Great threat Oregon communities is posed with shallow, crustal earthquakes 

such as the Scotts Mills (M 5.6) earthquake (e.g. Madin et al., 2010), which resulted in 

$30 million in damages.  However, the most significant earthquake hazard to Oregon 

is the Cascadia subduction zone.  The most recent Cascadia subduction earthquake 

was on January 26, 1700 (Clague et al., 2000).   A summary of significant earthquakes 

that have occurred in Oregon has been documented by EM-DAT, 2011 
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Table 2-6.  Large, historical earthquakes in Oregon (EM-DAT, 2011) 

Date Time UTC Latitude Longitude Magnitude Intensity 

1700 01 26 13:00  - - 8.7 to 9.2  

1910 08 05 01:31:36 42.0 N 127.0 W 6.8 Felt 

1993 09 21 03:28:55.4 42.314N 122.012W 6.0 VII 

      

Because of the hazard this poses to continual infrastructure development, the 

Oregon Department of Geology and Mineral Industries (DOGAMI) has diligently 

published maps and papers related to earthquakes and seismicity in Oregon, including 

maps showing potential liquefaction and soil amplification (Hofmeister et al., 2003).  

Fact sheets produced by DOGAMI help the public understand the need for the study 

of seismic activity in Oregon. For example, DOGAMI (1999) provides evidence of 

earthquake related reports specific to Oregon. The USGS (www.quakes.usgs.gov) 

frequently publishes information regarding earthquakes around the world.  Wong et al. 

(2000) discusses various maps showing the ground shaking potential due to 

earthquakes in the Portland, Oregon, Metropolitan area.   Additional mapping also 

provides details about site amplification and liquefaction potential (Wang and 

Leonard, 1996).  HAZUS97, a software package developed by Federal Emergency 

Management Agency (FEMA, 1997) for seismic assessment was used to assess the 

preliminary seismic risk in Benton County that M 8.5 Cascadian subduction zone 

could result in $630 million in building losses (Wang and Clark, 1999).  

Earthquake scenario and probabilistic ground shaking maps of Portland 

published as IMS-16 and papers by Madin et al. (1999) integrate the effects due to 
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amplification, liquefaction, and seismically triggered-landslides. Such maps could be 

used for land-use planning, lifeline management, emergency mitigation etc. Wang et 

al. (1997) discuss the possibility of seismic activity due to converging Cascadia 

subduction zone.  Considering the factors such as direct and indirect losses due to 

earthquakes, frequent liquefaction, soil profile, slope angle, landslide study in the 

western coast due to earthquakes, it becomes essential to generate newer, more 

accurate maps incorporating new geospatial technology such as LiDAR 

(www.OregonGeology.com, 2006).  Recently, Petersen et al. (2008) updated the 

national seismic hazard maps to include the best available science and Next 

Generation Attenuation relationships.  These maps provide earthquake ground motion 

levels and probabilities across the United States.    

2.4 SCOPE OF REVIEW 

The objective of this literature review is to study the strengths and weaknesses 

of various methodologies available to map potential seismically induced landslides. 

This review will cover seismic slope stability, general landslide mapping 

methodologies as well as methods developed for seismically induced landslides. Both 

deterministic and probabilistic methodologies will be summarized.   

 SLOPE STABILITY 2.4.1

Van Westen (1996) provides an overview of geomatics tools applied to slope 

stability risk analysis.  Important data sources needed for a geospatial analysis include: 
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 Topography (slope angle, land-use), 

 Sub-surface stratigraphy (location of potential failure surfaces), 

 Ground water levels and variation, 

 Soil properties (shear strength, unit weight), and 

 Intensity and probability of triggering sources (rainfall, earthquakes, etc.). 

2.4.1.1 Newmark’s method 

Newmark (1965) proposed a simple method of analysis to estimate co-seismic 

slope displacement, connecting simplistic pseudo-static analysis with a sophisticated, 

finite-element analysis to model a landslide as a rigid, plastic, friction-block.  To 

initiate sliding of the block on an inclined plane, a critical acceleration is needed to 

overcome frictional resistance.  Newmark’s method calculates the cumulative 

permanent displacement of the block as it is subjected to earthquake accelerations 

(through a recorded time history), and the user judges the significance of the 

displacement (Wilson, 1983). 

Newmark’s method has been widely accepted and used frequently in 

earthquake engineering analysis (e.g. Kramer, 1996).  For example, Wilson and 

Keefer applied Newmark`s method to analyze a landslide triggered by the 1979 

Coyote Creek, California earthquake.  Bray and Rathje, (1998) and Jibson and Keefer, 

(1993) have employed Newmark’s method along with actual strong motion to 

calculate co-seismic displacement.  Saygili and Ratheje, (2008), Miles and Ho, (1999) 

have used it empirically to assess the potential for a seismically induced landslide.  
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The assumptions of Newmark’s method may be applicable for some types of 

landslides, but can be problematic when applied universally for regional hazard 

mapping.  In some cases, Newmark’s model would underestimate the actual 

displacement because the strength loss during shear reduces the critical acceleration as 

displacement occurs because many slope materials are, at least, slightly sensitive, so 

they lose some of their peak undrained shear strength with increasing strain 

(Cornforth, 2004). 

2.4.1.2 Empirical methods 

Since the development of Newmark’s method, several researchers have 

developed additional empirical relationships (generally using multi-variate regression 

of combinations of parameters) for estimating the seismic performance of slopes and 

earth structures.  These models have a probabilistic form to determine the likelihood 

of exceeding a threshold displacement.  Recent models and variables include: 

 Watson-Lamprey and Abrahamson (2006) used  Peak Ground Acceleration 

(PGA), spectral acceleration, RMS acceleration, yield acceleration, and 

duration where the acceleration exceeds the yield acceleration.   

 Jibson (2007) used yield acceleration, PGA, earthquake magnitude, Arias 

intensity.    

 Bray and Travasou (2007) used yield acceleration, spectral acceleration, period 

of sliding mass (T), and earthquake magnitude.  
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 Saygili and Rathje (2008) and Rathje and Saygili (2009, 2011) used PGA, 

PGV, period (T), Arias intensity, yield acceleration. 

Ashford et al. (1997) and analyzed topographic effects on the seismic response 

of steep slopes.  Havenith et al. (2003) studied the influence of topographic and site 

amplification effects on seismic slope stability.   

2.5 LANDSLIDE HAZARD MAPPING 

Landslide hazard mapping provides an important service to society by 

distinguishing areas of different landslide risk. These maps are a useful tool for land-

use planners, lifeline facilities, local government building codes, and property owners.  

Most maps usually combine surface geology with slope gradient to determine the 

perceived level of hazard (Cornforth, 2004).  Hazard may be defined as probability of 

occurrence with in a reference period of time and is a function of both the spatial 

probability and the temporal probability, related indirectly to some static 

environmental factors such as slope angle, and hydraulic conductivity and directly to 

dynamic factors like rain input and drainage (Westen, 2005). Most typical mapping 

consists of deterministic methodologies; however, advanced methodologies are being 

developed for probabilistic mapping.  Spatial analyses used to generate maps are 

usually performed in a Geographic Information System (GIS). 

It should be noted that several end products exist for landslide mapping, 

including: 
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1. Inventory – mapping and documentation of existing landslides, 

2. Susceptibility – Mapping based on soil and site conditions that would be 

susceptible to land sliding (e.g. a landslide is likely to occur), and 

3. Hazard – Mapping and evaluating the potential for damage, incorporating 

external effects.  This differs from susceptibility in that the triggering sources 

are included in the analysis. 

 DETERMINISTIC MODELS 2.5.1

Deterministic models are based on the physical laws of mass, energy or 

momentum to determine a factor of safety (i.e. ratio of resisting forces to driving 

forces) against slope failure or predicted displacements.  Distributed hydrological and 

slope stability factors are used to calculate the spatial distribution of ground water 

levels, pore pressures, and safety factors (Terlin, 1995).  Generally, deterministic 

models use limited field data and do not account for spatial distribution of input 

parameters. However, deterministic distributed models account for the spatial 

distribution of the field data in the analysis.  If deterministic calculations are 

performed outside of GIS, the system is considered as spatial database. However, 

when such a system is integrated with a GIS platform, a hazard map can be generated 

without loss of information and time. In some deterministic models, an index defining 

the propensity of the land to failure is generated by aggregating functional values 

which is transformed from multi layered database (Fabbri, 2002). 
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Deterministic modeling generally provides reliable answers but requires 

detailed datasets with input details such as hydrological and slope stability models.  

Slope values can be easily calculated from a DTM (Ferentinou, 2006); however, 

measuring the soil thickness is complicated (Lee, 2007).  Further, the ratio between 

the phreatic surface (Cornforth, 2004) and soil thickness also remains unknown.  The 

weathering process is often neglected in geomorphological models, because of large 

spatial variability in measuring the soil depth (Xie, 2004). Many authors (e.g. 

Densham et al., 1991; Stuart et al., 1992) have coupled a hydrological model that 

simulates the time variance of pore pressures with a slope stability analysis, which 

depicts the pore pressure threshold and can be further integrated into GIS for regional 

mapping. 

 PROBABILISTIC LANDSLIDE HAZARD MAPPING 2.5.2

Probabilistic analyses are more complex than deterministic methods. 

Probabilistic methodologies consider the uncertainties and spatial variability of 

geological, geotechnical, geomorphological, parameters. Advanced versions of these 

methodologies can incorporate seismic induced landslides, which will be discussed a 

subsequent section.  Several probabilistic techniques have been used in landslide 

hazard mapping (Miles, 2000), including: 

 Monte Carlo Simulation, 

 Bayesian theory, 

 Fuzzy gamma techniques, 
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 Artificial Neural Networks, and 

 Multivariate method. 

This section will provide background information on these techniques and 

discuss how they have been applied to landslide mapping. 

2.5.2.1 Monte Carlo Simulation 

Monte Carlo simulation uses a probabilistic phenomenon technique by using a 

mathematical model for the distribution of each variable to account for parameter 

uncertainty.  Multiple scenarios are run by randomly varying each parameter (as 

determined by its mathematical model).  These scenarios are then statistically 

analyzed to determine the final probability distribution.  This technique can be used in 

hazard mapping to produce a spatial slope failure probability distribution map.  

Soeters and Westen (1996) describe the application of Monte Carlo for landslide 

hazard mapping in the following steps: 

 Generate probabilistic variables:   ', the effective friction angle of the soil c’, 

the effective cohesion of the soil, shear strength representation of the soil 

(Heuvelink, 1993). 

 Calculate the slope safety factor for each map pixel using strength parameters.  

After a number (N) of calculations, a probabilistic distribution curve of the 

slope safety factor is calculated. 
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 Integrate the slope failure safety factor distribution curve from -8 to 1 (i.e. 

domain of unsafe values) to determine the slope failure probability for each 

grid cell of the map (Graham, 1984).    

 Repeat these steps for all grid cells to produce a slope failure probability map. 

The Monte Carlo method has been applied for landslide hazard mapping by 

Luzi et al. (2000), Reficea et al. (2002), and Zhou et al. (2003). 

2.5.2.2 Bayesian theory 

Bayesian theory, which applies a logical approach, can be used to improve 

decision making during uncertain conditions or when the solutions to problems are 

approached with limited knowledge.  Bruyminckx (2002) states that the Bayesian 

model is consistent, unique and plausible, irrespective of the form or order of the input 

parameters.   Probabilities are assigned based on the amount of available information. 

Pradhan et al. (2010) implemented Bayesian theory to produce a landslide 

susceptibility map for the landslide-prone Cameron Highlands in Malaysia. Previous 

studies by Mohamed et al. (2009) determined that rainfall is the triggering factor for 

the common occurrence of landslides. With the help of aerial photographs, high 

resolution satellite imageries and field survey, a landslide inventory map was 

developed, showing the geographical distribution of past and recent landslides.  This 

map is used to study the frequency and distribution of landslides, and was central to 

classifying (Varnes, 2004) the landslides based on the mode of occurrence.  Analysis, 

however, was only performed for rotational failures.  For susceptibility analysis, a 
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spatial database was created with conditioning factors such as soil, location, land 

cover, lineament, and topography.  A weights-of-evidence model was used to calculate 

the relevant factors, enabling the derivation of a relationship between the landslide 

prone areas and factors contributing to those landslides. Weights-of-evidence models 

use a log-linear form to consider prior and posterior probability of the relative 

importance of a variable based on evidence and statistics (Carter, 1994).  However, it 

can only be applied when sufficient data are available.  

Finally, the factors used for landslide mapping were tested for conditional 

independence after performing overlay analysis.  This analysis is an important GIS 

spatial operation which combines information of one GIS layer with another GIS layer 

to derive and infer the attributes related to the spatial data.  It also applies common 

scale of index to diverse input values (ESRI, 2001). A landslide susceptibility index 

(LSI) is then calculated by summing all the factors (weighted-based on previous 

studies), performing a test of independence between each factors and 9 combinations 

of factors were derived for the final landslide susceptibility mapping. 

2.5.2.3 Fuzzy gamma techniques 

Introduced by Zadeh (1965), Fuzzy set theory is used to solve many complex, 

real-time, and/or multi-variable problems.  The spatial objects in the map comprise the 

members of the set.  In classical set theory, an object is a member if the value is 1 and 

not a member if the value is 0.  In Fuzzy set theory, in contrast, membership is 
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determined based on the attribute of interest and can be assigned any value between 0 

and 1 (Lee, 2006). 

Fuzzy logic is easy to understand and implement.  The weighing-of-evidence is 

controlled by experience and judgment, and the model accepts data from any scale of 

measurement.  It is very compatible to GIS modeling languages and allows the 

processing of weighted maps.  Five operators such as “Fuzzy algebraic sum,” “Fuzzy 

and”, “Fuzzy or,” “Fuzzy algebraic product”, and “Fuzzy gamma operator” (Bonham-

Carter, 1994) are commonly used for land slide hazard mapping (Lee, 2006). 

Vaibhava et al. (2010) applied Fuzzy techniques for probabilistic landslide 

hazard mapping in a part of the Tons river valley, Northwest Himalaya, India.  Their 

objective was to spatially zone the landslide hazard areas using factors such as slope, 

aspect, weathering, erosion and land-use (or cover). Data used for this study include: 

 Satellite data from SPOT-1, HRV-2, Landsat-5, TM, IRS-1B, LISS-II, IRS 1C, 

LISS III, and IRS-1C PAN  

 Aerial Photographs of scale 1:60,000 with 80 % overlap  

 Topo-sheets from the Survey of India. 

The spatial datasets have been integrated, and the interaction between them is 

analyzed to generate landslide hazard maps based on the information of existing 

landslides in the region.  The model is based on both statistical data (quantitative 

approach) and expert knowledge (qualitative approach).  This project used the 
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combination of both the techniques by using bi-variate techniques discussed by Yin 

and Yan (1988), which were then followed by fuzzy-based techniques.  The weights 

were then calculated using a probabilistic approach. 

The fuzzy values in this project were assigned based on the information value 

(e.g. landslide occurrence) since most of those values were supported by strong field 

evidence.  All of the thematic information has been classified and their information 

values were re-scaled to a fuzzy scale of 0 to 1.  For the case of no landslide 

information, such pixels have been given a value of 0.000001 in order to avoid 

complete negligence. Fuzzy operators such as: 

 Fuzzy AND, 

 Fuzzy OR,  

 Fuzzy Algebraic Product (FAP), 

 Fuzzy Algebraic Sum(FAS) and Fuzzy Gamma Operator  created  by 

Zimmermann(1985) and An et al. (1991)  

The above mentioned operators were used to generate the landslide hazard 

maps. The resultant maps were validated by calculating the quantity of active 

landslides falling in each of the hazard zones.  It is assumed that landslide falling 

under a high hazard zone could have an impact on its neighboring zone also because 

of the magnitude and number of the landslides occurring in the high hazard zone  
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2.5.2.4 Artificial Neural Networks 

Garrett (1994) defines Artificial Neural Networks (ANN) as “computational 

mechanism able to acquire, represent, and complete mapping from one multi-variate 

space of information to another given a set of data representing that mapping.” 

Artificial Neural Networks (ANN) is used to obtain outputs that have not been 

achieved previously from the inputs by building a model of the data used to generate 

the process.  A simple processing element (a node) forms the Neural Network, which 

responds to the weighted inputs from other nodes. Back propagation is one of the 

methodologies used in artificial neural network, which consists of 3 layers, namely, 

input, hidden and output layers (Oh Che Young, 2003). 

The errors between the actual output values and targeted values are used to 

adjust the weights between the neuron to produce a model that yields a target value 

from the input value. Until minimal error is achieved between targeted output and 

actual output, the back propagation algorithm trains the network.  Upon completion of 

the network, the back propagation algorithm becomes the feed-forward structure 

which gives a classification for the entire data (Lee, 2005). 

Pradhan and Lee (2010) mapped landslide susceptible areas in Penang Island 

by applying landslide hazard analysis and verification using ANN. To perform risk 

analysis, a landslide map was produced using aerial photographs and field survey 

which become the input for GIS analysis where the frequency and distribution of 

shallow landslides are predicted in that area.  Topography, lithology, lineament, land-
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cover, and vegetation index were used for analysis.  Topography, lithology, and other 

factors were derived from Landsat
TM

 satellite image analysis using ARC/INFO and 

converted into a 10m by 10m grid, where ANN was applied to generate a landslide 

risk map.  The output was verified quantitatively using the known landslide locations.  

 Training sites included sites that were both landslide prone and non-landslide 

prone areas. Random cells (training cells) were selected from each of the classes. 

MATLAB was used to implement feed-forward network for input, hidden and output 

layers. The back propagation algorithm was then implemented to calculate the weights 

between the hidden and input layers and the hidden and output layers, where 

modifications on hidden nodes and learning rates are performed. 

2.5.2.5 Multivariate methods 

The multivariate method is a quantitative approach for higher degree of 

prediction of the landslide hazard. The distributions of landslides, spatial data layers of 

causative factors, relationship between the past landslides are the input parameters for 

analysis using this model.  Hence, the approach is highly data driven and object-

oriented.  The accuracy results from the functionality, which uses forward parameter 

selection and backward removal (Carraro, 1993). When the multivariate method is 

coupled with a logistic regression method, likelihood-ratio analysis is performed and 

variables of least value in terms of contribution to trigger landslides are removed 

(Tetsuro, 2007). 
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Tetsuro and Esaki (2007) used the multi-variate method to produce landslide 

hazard mapping by obtaining variables from thematic maps.  Factors responsible for 

slope failures and landslide inventory map were integrated into a GIS analysis. The 

inventory maps were used to determine the relationship for individual landslide and its 

causative factors.  With this information, the strength of an individual factor can be 

obtained (Erener, 2008). Erener (2008) extended ordinary logistic regression (OLR) to 

spatial regression to produce a susceptibility map by assigning weights to the 

causative factors through spatial correlation and least square methods. 

2.6 SEISMICALLY INDUCED LANDSLIDE HAZARD MAPPING 

Damages caused by seismically induced landslides have drawn the attention 

for more research in recent years, which involves in studying the inter-relationship of 

the earthquake and landslide from factors such as slope, geology, distance from fault, 

source parameters, and shaking patterns. Advancement in remote sensing techniques, 

geospatial analysis (e.g. GIS) and seismic network density have contributed to detect 

the landslide prone areas triggered by earthquakes (Harp, 2011).  A hazard map is 

generated by integrating the susceptibility map and causative factors.  Susceptibility 

calculations are made using the past landslide records and factors such as slope angle, 

lithology, geomorphology, land-use, and slope profile.  

Sloping terrain and weak soils are more susceptible to landslides.  Steep slopes 

made up of weak material tend to fail when shaken by earthquake and can be 

problematic when they intersect public infrastructure.  This process includes 
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understanding the potential shaking from the future earthquakes combined with 

evaluating evidence of existing landslides and the strength of soil (Department of 

Conservation, 2011). 

The California Geological Survey (CGS) recommends the following data and 

methodologies to assist in mapping the seismically induced landslide (Young, 2004): 

 Landslides triggered due to earthquakes from the record of historic earthquake 

disasters, 

 Areas showing the evidence of landslide deposits and sources for mass 

movements from past landslide movements, 

 Indications from CGS`s analyses of geologic and geotechnical data which are 

susceptible to earthquake triggered landslide, and 

 Newmark’s method, a multivariate method, and a probabilistic slope stability 

method are a few methods effectively used to map potential zones of landslides 

triggered by earthquakes.   

Both deterministic and probabilistic approaches are also applicable to 

seismically induced landslides, and GIS can produce interactive maps using either of 

these methods. Deterministic models require modifying and updating input parameters 

to produce the maps based on specific detailed information.  Probabilistic model 

integrate several variables such as distance magnitude, acceleration, duration, strength 

parameters, pore pressure, and material characteristics as random variables (Khazai, 

2000). 
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 DETERMINISTIC MODEL FOR MAPPING SEISMICALLY INDUCED LANDSLIDE 2.6.1

Three factors (Khazai, 2000) are coupled to analyze seismic slope stability 

under a GIS framework for deterministic models include: 

 The intensity of shaking at the site, obtained through attenuation relationships 

 The strength of the slope determined through traditional slope stability 

analyses using pseudo-static earthquake loading  

 The level of deformation along the potential slip surface at the time of shaking, 

usually estimated using Newmark`s displacement method (Newmark, 1965). 

Jibson et al. (1995) suggest that Newmark’s method could be successfully 

applied with GIS to determine the permanent ground deformation and the movement 

of slope on a regional basis. First, cumulative displacement for each slope can be 

calculated by double integrating the area under accelerogram record that exceeds the 

critical acceleration (usually through an external program), or second, one can derive a 

regression equation from the ground motion to determine displacements.  Although 

the second approach is considered to be relatively simpler since it does not need to 

select a single representative ground motion, the fact that the mean displacement curve 

does not capture the displacement at a particular site and local site responses are not 

accounted in analyses (Khazai, 2000) is a potential drawback.  Data such as geologic 

and topographic information are needed for regional seismically induced landslide 

hazard models, but layers with soil type, surficial geology, hydrology, rainfall 
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intensity maps, existing landslide inventory maps vegetation maps improve the 

accuracy analysis. 

Khazai and Sitar (2000) generated an earthquake induced landslide hazard 

model using data such as Digital Elevation Models (topography), soil maps, landslide 

inventory maps, and summary of the frequency of occurrence of slides and earth flows 

in the Francisco Bay area. Using a pseudo-static analysis in conjunction with 

Newmark`s displacement model, a program was developed to analyze and integrate 

these datasets in the dynamic model. The program enables user interaction, 

modification of input parameters (e.g. slope models, site response) to generate maps 

for areas susceptible to seismically induced landslides. 

Lee et al. (2008) studied landslides in Taiwan and produced a set of landslide 

susceptibility maps by calculating the Landslide Susceptibility Index (LSI) for each 

grid point using linear-weighted summation of factors. The event-based landslide 

inventory maps were created in conjunction with determining the causative and 

triggering factors.  For susceptibility analysis, these factors are statistically tested and 

weights are analyzed using discriminant analysis, which provides the co-relation of the 

factors of the areas susceptible and not susceptible to landslides. For each terrain type, 

the procedure is performed separately because of the difference in geomorphic and 

geologic characteristics.  

Important notes related to implementing deterministic models for seismically 

induced landslides mapping (Chyi-Tyi Lee a, 2008) include: 
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 At every point of study pore water pressure, failure surface depth, strength 

parameters, and limit –equilibrium slope stability are needed, which can be 

problematic for data collection and may reduce credibility in spatial variability, 

which is not needed for a statistical model (Jibson, 1993), 

 Deterministic models could be applied anywhere if parameters needed are 

available, 

 The deterministic model can be used to analyze scenario event when the 

intensity of earthquake and Newmark’s displacement are known, and 

 Deterministic models are well suited when potential failure depth, ground 

water parameters and material strengths are known since this model is fully 

physically based. 

 PROBABILISTIC METHOD TO MAP SEISMICALLY INDUCED HAZARD MAPPING 2.6.2

A probabilistic method considers the spatial variability of geological, 

geomorphological, seismological, and geotechnical parameters. Geotechnical 

parameters are obtained from laboratory tests and combined with geologic maps to 

extrapolate their spatial variability (Reficea, 2002).  Miles et al. (2000) mentions that 

distinct lithological factors are generally not available in geologic maps, which leads 

to poor positional accuracy in determining the spatial distribution of such factors.  

Hence, probabilistic values provide improved results over single, deterministic values. 

Jonathan et al. (2007) discuss the methodologies used to develop a probabilistic 

model:  
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 Determine the slope displacement anticipated from seismic activity, which is 

governed by variables related to ground motion and slope (soil and 

topographic) properties, 

 Calculate the impact of ground motion variables on slope failure, and 

 Integrate the above steps to produce the output. 

Jibson (1998) discusses the production of earthquake triggered landslide 

susceptibility maps for Northern San Fernando Valley and Santa Susana Mountains. 

The first earthquake to have all the data sets needed to conduct regional analysis for 

triggered landsliding was the 1994 Northridge earthquake. Harp and Jibson (1995) 

analyzed the triggered landslides in conjunction with 200 strong motion records 

throughout the region, geologic maps, high resolution DEMs, and engineering 

properties of geologic units. A GIS platform was used to digitize and rasterize (10 m 

grid spacing) these datasets. Based on Newmark`s permanent-deformation analysis, a 

dynamic model was produced to determine the co-seismic landslide displacement in 

each grid cell.  

The digital inventory of landslides triggered by the earthquake was compared 

with the model displacement to construct a probability curve relating to the predicted 

displacement to failure. This probability function could be used in any case which 

involves ground shaking because the function can predict the spatial variability of 

failure probability.  The authors suggest that maps produced with this method could be 

used for lifeline sitting, maintenance, land use planning, and emergency preparedness 
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planning. However, it cannot be compared to the sophisticated published regulatory 

maps like seismic hazard zonation maps issued by California Division of Mines and 

Geology.  

A simplified Newmark’s Slope stability model derived by Refice and 

Capolongo (2002) is applied on a pixel by pixel basis which is highly compatible to 

the current GIS environment. The simulated samples obtained by probability density 

functions derived from Monte Carlo techniques are used in all the steps of the process. 

The resulting probabilistic hazard maps are devoid of symmetry or mathematical 

concepts. A suite of functions developed in Matlab accept the raster matrices and 

tabulated numerical values, which contain the statistical parameters of the quantities 

involved in the analysis. Random samples are generated from Monte Carlo 

simulations, which are combined with Newmark`s equation to generate the 

probabilistic distribution (Reficea, 2002). Such maps are highly useful for regions with 

frequent seismic activity. 

 COMBINATION APPROACHES 2.6.3

Ferentinou et al. (2006) discuss the use of GIS to estimate seismically induced 

slope failures using applying Newmark`s displacement model in conjunction with 

ANN.  The stability of the slope is analyzed under both static and dynamic conditions. 

Governing factors are introduced in ANN and other estimated factors were given as 

input for the GIS model. Subsequently, a tool was developed to enable the user to 

produce hazard maps for different load conditions. 
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Analysis with deterministic modeling for circular landslides and plane 

landslides was then performed.  This modeling was for the wedge failure and input 

parameters were basic geotechnical parameters used for slope stability analysis. 

Deterministic FS and S (Stability) data were then exported to Mat lab to determine the 

FS through Neural Networks.  These were then transferred back to the GIS 

environment.  Rock fall analysis were performed and visualized within GIS using a 

3D rock fall simulation model (Charalambous 2006). 

Ferentinou et al. (2006) also discuss rainfall-induced slope failures, 

considering positive and negative pore pressures. Slidev5.0 and Face2 v6.0 by 

Rockslides have been used to estimate the FS. CHASM (Combined Hydrology And 

Stability Model, Anderson 2008) is an integrated slope hydrology/slope stability 

software package which is meant to support the estimation of controls on slope 

stability, pre site investigations and evaluations related to effects of bioengineering on 

slope stability and was used to study the precipitation effect. 

Advantages of this methodology include: 

 2D hill slope and hydrology models are coupled directly to a 2D slope stability 

model, 

 Positive and negative pore pressures are calculated during each iteration, 

considering the change due to precipitation, 

 These models can be applied for regional or medium scale areas to estimate 

landslide potential in a deterministic mode, and 
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 The FS is calculated for every single terrain unit (e.g. there is no need to 

extrapolate the FS value), effectively overcoming the limitations from infinite 

slope model. 

2.7 LIDAR USE IN LANDSLIDE STUDIES 

Topographic information is critical to landslide hazard investigation.  

Conventional topographic maps are limited in areas with difficult access, visibility 

constraints, or heavy vegetation. These maps typically have resolutions greater than 10 

m, which removes important details for analyzing smaller, surficial landslides.  

LiDAR (Light Detection And Ranging) offers an excellent way to overcome these 

problems by providing high resolution topographic data. LiDAR sensors are often 

mounted to planes, termed airborne laser scanning (ALS), airborne laser swath 

mapping (ALSM) or laser altimetry. Jaboyedoff et al. (2010), provide a 

comprehensive review of various applications of LiDAR to produce High resolution. 

 LiDAR enables the production of high resolution DEMs and maps products, 

which are used for accurate mapping for the areas with dense vegetation (Haneberg, 

2009).  Works based on LiDAR, to map the landslide hazard areas are carried out in 

large number across the world and include: Belgium (Van Den  Eeckhaut, 2006), 

Japan (Sato, 2007), North Carolina (Wooten, 2007), Oregon (McKean & Roering, 

2004; Burns and Madin, 2009).  Particularly, Burns and Madin (2009) provide a 

standard protocol for interpreting LiDAR data to map landslide deposits.   
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Haneberg et al. (2009) provide an example of how landslide hazard mapping 

can be done with high resolution airborne LiDAR data for the Paranuss Campus 

University of California, San Francisco, which is heavily forested. The work began 

with the collection of high resolution LiDAR data pertaining to the area of study 

followed by processing it to generate DEMs and other maps. Though the project was 

intended to assist geotechnical investigations and campus-wide emergency planning, 

emphasis was placed on the factors contributing to landslides by identifying the 

geomorphic features. 

The processing workflow consisted of the following steps: 

 LiDAR data was collected from a private vendor who covered an area of 400 

m with the flying height of 900m following National Standard for Spatial Data 

Accuracy (NSSDA) norms for vertical accuracy and Federal Emergency 

Management Agency (FEMA) norms for high resolution data, 

 ASCII text files of the coordinates were converted to California State Plane 

Coordinate System from the original WGS84 coordinates, 

 A Bare earth data set was produced by the vendor by removing vegetation and 

cultural features,  

 Using interpolation algorithms such as inverse distance squared and 

regularized splines with tension, a trial and error process was carried out to 

produce an optimally interpolated DEM from the bare earth point given by the 

vendor.  Based on the ground strike data, the grid spacing for DEM was 
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selected. Based on MFWorks, which is a commercial GIS software package, 

DEM was interpolated to 0.6m horizontal grid by regularizing splines with 

tension, and 

 Based on Haneberg et al. (2005), Haneberg (2007), and Troost et al. (2006), a 

series of geographic derivative maps were created which included contour 

maps, maps showing slope angle and topographic roughness, relief images 

with variety of simulated illumination directions which was then used to 

generate probabilistic hazard map by a software called PISA-m. 

This analysis resulted in three interpretative maps  

 Using the Unified Engineering Geologic Mapping System (Keaton et al. 

(1996), Troost (2006)), a standard engineering geologic map was produced. 

 The modified natural slope due to human activity was shown in a cut and fill 

slope map, and 

 Quantitative interpretations were used to produce slope hazard map. 

2.8 REQUIREMENTS FOR A NEW METHODOLOGY 

While the literature is exhaustive regarding techniques for landslide hazard 

mapping, several considerations need to be accounted for developing a new technique.  

This research aims to produce a technique that is:  

 Consistent:  Can be applied uniformly to any region at any time such that 

maps can be integrated and correlated.  Differences between regions (e.g. 
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rainfall, seismicity) should be parameters of the methodology, rather than 

dictate the methodology.   

 Simplistic: Can be implemented based on generally available data, interactive 

and user friendly. 

 Validation: Should be verified by correlation to existing landslides that are not 

seismically induced.  

 Cost-efficient: Should not be reliant on limited, expensive data. 

 Compatible: Should be implemenTable with minimum errors in all 

conventional display platforms and integrate with existing databases.  Should 

also be easily integrated into standard processing workflows with no accuracy 

loss.  

 Expandable: The methodology should be updaTable as new information are 

available with minimal disruption and difficulty.   

An additional focus of this effort that is may not normally be considered in 

traditional landslide hazard mapping and analysis is to examine the influence of 

landslides on highway corridors, particularly lifeline corridors. Conversely, the 

influence of the roadway on the landslide susceptibility is also an important 

consideration.  Hence, some deterministic methodologies include a factor for distance 

to roadways (e.g. Belsius and Weirich) as part of the overall landslide susceptibility.  

It is crucial that these corridors remain open following an earthquake and/or tsunami 

on the Oregon Coast.   
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3.1 ABSTRACT 

Landslides are a major geohazard, which result in significant human, 

infrastructure, and economic losses. Landslide susceptibility mapping can help 

communities to plan and prepare for these damaging events. Digital elevation models 

(DEMs) are one of the most important datasets used in landslide hazard assessment. 

Despite their frequent use, limited research has been completed to date on how the 

DEM source and spatial resolution can influence the accuracy of the produced 

landslide susceptibility maps.  The aim of this paper is to analyze the influence of 

spatial resolutions and source of DEMs on landslide susceptibility mapping. For this 

purpose, ASTER, NED, and LIDAR DEMs were obtained for two study sections of 

140 km
2
 in northwest Oregon. Each DEM was resampled to 10 m, 30 m, and 50 m and 

slope and aspect grids were derived for each resolution. A set of 9 spatial databases 

was constructed using GIS for each of the spatial resolution and source.  Additional 

factors such as distance to river and fault maps were included.  An Analytical 

Hierarchical Process (AHP), Fuzzy Logic Model and likelihood ratio-AHP 

representing qualitative, quantitative and hybrid landslide mapping techniques were 

used for generating landslide susceptibility maps.  The results from each of the 

techniques were verified with the Cohen Kappa index, confusion matrix and a 

validation index based on landslide inventory maps. The spatial resolution of 10 m, 

derived from LiDAR dataset showed higher predictive accuracy in all the three 

techniques used for producing landslide susceptibility maps. At a resolution of 10 m, 

the output maps which were based on NED and ASTER had higher misclassification 
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compared to the LiDAR based outputs. Also, output based on LiDAR 30 m, showed 

higher predictive accuracy compared to NED 10 m and ASTER 10 m. From this, it is 

understood that, finer resolution does not necessarily result in higher predictive 

accuracy in landslide mapping. The source of the datasets is an important 

consideration and can have significant influence on the accuracy of landslide 

susceptibility. 

3.2 INTRODUCTION 

Landslides generate substantial economic and human losses every year 

throughout the world. For example, records indicate that there have been nearly 

46,000 landslide events in Oregon during the past 60 years (Burns et al. 2008; Burns et 

al. 2012). Hence, to understand and prepare for potential damages, numerous studies 

on landslide mapping and slope stability analysis are carried out in the state of Oregon. 

Landslide susceptibility mapping depends on a complex matrix of many scale 

dependent factors such as elevation, slope, aspect, lithology, precipitation, seismic 

activity, and many others. Literature indicates that topographic data with a resolution 

relevant to the scale of morphological features is important to study the inherent 

properties of landslides in that area (Booth et al. 2009; Borga et al. 2002; Chen et al. 

2006; Consortium 2013; Fernandes et al. 2004; Lineback Gritzner et al. 2001).  

GIS and remote sensing techniques have been widely applied in recent years to 

determine locations vulnerable to landslide hazards. Different techniques and sensors 

are used to obtain the spatial data for these models. In particular, a Digital Elevation 
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Model (DEM) plays a significant role in depicting the topography for evaluation of 

slope stability.  A DEM represents surface elevations continuously over a series of 

adjacent cells and is typically stored in the form of a raster grid (Fenton et al. 2013). 

The Advanced Space borne Thermal Emission and Reflection (ASTER) (Tachikawa et 

al. 2011), National Elevation Dataset (NED) and Light Detection and Ranging 

(LiDAR) are common sources for DEMs.  

Table 3-1 describes the properties of the DEMs. The ASTER dataset is 

available for nearly the entire world at a resolution of 30 m.  The NED is available for 

the entire US and is a seamless combination of elevation data from various sources 

and qualities.  The NED is generated at various horizontal resolutions to serve the 

needs of local, regional and nationwide applications. These various resolutions, 

referred to as NED layers, are stored and distributed in geographic coordinates at 1/9, 

1/3, 1, and 2 seconds of arc. 

DEMs derived from airborne LiDAR with approximate resolutions of 1-3 m 

are available for certain parts of the US (USGS, 2013).  Each of these techniques 

involve different acquisition and post processing methods (Gesch et al. 2009).  
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Table 3-1 Details about DEM sensors available in the US for landslide mapping 

Name 
Source/platfor

m 

Native 

resolution 

(m)/scale 

Availability 

Post 

processing 

method 

Accuracy 

(m) 

ASTER 

Photogrammet

ry 

/Satellite 

30/large 

approximatel

y 90 %Land 

mass  

Stereo 

correlation 
8.6 

NED Variable 10/medium 
Continental 

US 

Merging of 

different 

DEMs 

2.44 

LiDAR Aircrafts 0.9/large 

approximatel

y 1/4th of 

Continental 

US 

Bin the data 

by cells, 

Inverse 

distance 

weighting 

or 

Triangulate

d Irregular 

Network 

0.12 

 

Several researchers have found that the slope gradient is correlated with 

landslide triggering (Sidle 1984; Sidle 2006). For example, Rahardjo et al. (2007) 

concluded that with every increase of 1 degree, the initial factor of safety against 

landslide triggering is reduced by 2.32% for a given soil material. The first derivative 

of a DEM provides the slope, which is a significant variable necessary for landslide 

hazard mapping (Gorsevski et al. 2000). Slope in GIS is calculated by the maximum 

rate of change of elevation between a cell and its neighbors. As such, slope values are 

dependent on the resolution of their parent DEM. Detailed studies of the slope maps 

derived from DEMs of different resolutions were examined by Chang and Tsai (1991), 
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Claessens et al. (2005), Deng et al. (2007), Chow and Hodgson (2009) for cell values 

between 8 to 80 m, 10 to 100m, 5 to 480m and 2 to 10m, respectively.  These studies 

documented that mean slope is highly influenced by the cell size of the datasets used. 

Fenton et al. (2013) describe a theoretical way of quantifying the effect of DEM 

resolution on deriving the slope angles.  

Lee et al. (2004) quantify the accuracy in landslide mapping with different 

spatial resolutions derived from a single source DEM using the frequency ratio 

method and documented that at least 30m resolution of cell size is needed for landslide 

analysis in Korea.(Claessens et al. 2005; Jaboyedoff et al. 2012; Jaboyedoff et al. 

2012); Nadim et al. (2006); (Santini et al. 2009) and Zhang et al. (1999) studied the 

relationship between DEM resolution and its effects on landslide modeling. These 

studies indicate that spatial resolution of the input datasets play a vital role in 

determining the accuracy of landslide predictive mapping. However, in the above 

works the terrain dataset was obtained from a single source and distributed to various 

scales using different algorithms.  

 SCOPE 3.2.1

Landslide researchers often blindly use a DEM for analysis based on the ease 

of availability of the dataset rather than considering the quality of the DEM, how it 

was generated, and limitations of the sensor used for the data collection, and how 

those factors influence the resulting landslide maps. Fortunately, recent, high quality 

LIDAR datasets are becoming available with few restrictions in many locales across 
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US.  Efforts such as the 3D Elevation Plan (3DEP) will enable the LIDAR to be 

available for the entire US in the future (Snyder 2012). In addition to the source, the 

optimum spatial resolution for landslide mapping that can identify large and subtle 

landslides from the inventory is an important consideration.  This study builds on this 

previous work to provide a comparison of spatial resolution of terrain datasets derived 

from three different sources (ASTER, NED and LiDAR) using quantitative, semi-

qualitative and hybrid methods. 

To this end, the paper is structured as follows.  First, a general discussion of 

landslide mapping methods is presented.  Next, characteristics of the study area and 

landslide inventory are described.  The methods implemented to generate landslide 

susceptibility maps are then discussed, followed by the resulting maps.  These maps 

are then validated with several techniques to evaluate the influence of source and 

spatial resolution.  Finally, a discussion and conclusion are presented.      

 LANDSLIDE MAPPING METHODS 3.2.2

Various models have been developed for landslide susceptibility assessments; 

they are broadly classified as data driven (quantitative) or expert opinion (qualitative) 

models. Mapping techniques are chosen for an individual study based upon the terrain 

structure, triggering factors, availability of data and landslide types (Yilmaz 2009). 

However, by and large, most of the techniques can be grouped under data driven and 

expert opinion based methodologies. For this study, 10 m, 30 m and 50 m spatial 



Page 48 

 

resolutions derived from ASTER, NED and LiDAR are analyzed with data driven, 

expert opinion based, and hybrid techniques. 

Qualitative methods involve expert opinions and are based on the intrinsic 

properties of the landslides. Whereas, semi-qualitative methods include weighting and 

ranking methods as well as embedment of a quantitative parameter (Pradhan and Lee 

2010). Analytical Hierarchical Process (AHP) by Saaty (1977) and Weighted Linear 

Combination (WLC) are grouped under such categories of analysis (Barredo et al. 

2000). AHP uses a hierarchical approach of parameters to make comparisons between 

possible pairs and get weights along with a consistency ratio (Yalcin 2008). It is based 

on three principles, decomposition, comparative judgment and assigning priorities 

(Malczewski 1999). AHP enables the users to derive a preferential parameter from a 

pair of parameters for a multi criteria decision problem. It helps in deciding the 

parameters based on the goal and understanding of the problem. 

Quantitative methods can subdivided as deterministic and statistical. 

Deterministic methods are applied when intrinsic properties are homogenous and are 

applied for a small area due to a restriction in the availability of detailed data. 

Sophisticated quantitative techniques for landslide mapping have been developed 

which include bivariate, multivariate and soft computing techniques. Frequency ratio, 

conditional probability, logistic regression, discriminant analysis, fuzzy algorithm, 

decision tree, artificial neural networks, support vector machine etc. are widely used 

quantitative techniques for landslide mapping. (Brenning 2005; Carrara et al. 1991; 
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Carrara et al. 1995; Ercanoglu and Gokceoglu 2004; Gomez and Kavzoglu 2005; Lee 

et al. 2004; Lee and Sambath 2006; Lee and Talib 2005; Ma et al. 2003; Nandi and 

Shakoor 2010; Pradhan and Lee 2010; Yalcin 2008; Yilmaz et al. 2012).  

Statistical quantitative methods such as bivariate and multivariate, develop a 

relationship between the past events with the morphological scenario it occurred 

(Guzzetti et al. 1999). Such methods can be used for quantitative prediction in the 

current landslide free areas (Yilmaz 2009). In bivariate analyses, the weights are based 

on densities of landslide occurrences in each hazard classification (low, moderate and 

high) and weights obtained can be used to create susceptibility maps (Yalcin 2008). 

This helps to explain the behavior and importance of each subgroup in the parameter 

to the landslides. A multivariate analysis helps in integrating continuous or discrete 

factors in the model and does not demand a normal distribution of the data. It also 

helps in understanding the characteristics of the landslide as well as non-landslide 

samples (Lee and Sambath 2006).  

The fuzzy set theory is a popular quantitative tool to address complex 

problems. Zadeh (1965) introduced the fuzzy set theory to handle complex scientific 

problems which considers spatial objects as a member of a set and can take any value 

between 0 and 1. The value depends on the certainty of membership. This technique is 

popular because of its easy understanding and application (Pradhan 2010; Pradhan 

2011; Rampini et al. 2013; Zhu et al. 2014). Likelihood ratio is also a quantitative 

technique which is based on the relationship between an event and the factors 
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triggering the event. The spatial correlation between the factors and the events can be 

understood using likelihood ratio method (Akgun 2012; Akgun et al. 2008; Lee 2004). 

In landslide mapping, analysis is based on generating landslide and non-

landslide samples. Since this study focuses on details of the spatial resolutions, it was 

necessary to choose techniques which did not require point samples for analysis, but 

rather, techniques were selected that could operate directly at the pixel level. An 

Analytical Hierarchical Process (AHP) is used as an example of a semi qualitative 

technique and a Fuzzy Logics Model (FLM) is used for quantitative technique, 

representative of the wide variety of techniques. The integration of AHP and 

likelihood ratio (Hybrid L - AHP) is implemented as a hybrid method to incorporate 

the strengths FLM and likelihood ratio. Details about likelihood ratio are explained in 

the section Terrain Analysis. 

Advantages of AHP include:  

 Widely used in multi attribute decision problems, 

 Effective in handling qualitative and quantitative datasets, and 

 Flexible and easy to understand complex problems. 

Advantages of the Fuzzy Logics Model (Pourghasemi et al. 2012) include 

 Helps in understanding the contribution of every parameter based on 

landslide density, 

 Effective for datasets with different measurement scales, and 
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 Permits flexible combination of weighted maps. 

3.3 STUDY AREA AND DATASETS 

Two sample areas within Oregon with an area of 140 km
2 

where detailed 

landslide mapping from LiDAR has been completed are chosen for the current study. 

Sample I has a low landslide density (11% of the total area) and sample II has a high 

landslide density (87% of the total area). Figure 3-1 shows the location of study areas 

used in the current study. The extent of landslides mapped from the past could be used 

to understand what conditions led to the displacements, so landslide inventory 

obtained from Oregon Department of Geology and Mineral Industries (DOGAMI) 

SLIDO-V2 was used (Burns et al. 2008; Burns et al. 2012). The inventory comprised 

of landslide deposits, scarp flanks, type of movements and type of deposits. Out of all 

the records in the study areas, 87% had complex type of movement and had happened 

in historic age.  

To quickly highlight topographic variability, the standard deviation of slope 

values were evaluated along a 10 km profile oriented in the NE-SW direction. In 

sample I, the values captured from different sensors vary in different resolutions 

(Figure 3-7). Similar differences were observed in sample II also. The properties of the 

study area are explained in the Table 3-2. Slope, aspect, elevation, land use, distance 

to roads, distance to rivers, distance to faults, seismic activities, drainage pattern, 

lithology, Normalized Difference Vegetation Index (NDVI) are common parameters 

used in numerous landslide research studies (Baeza and Corominas 2001; Baeza et al. 
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2010; Carrara 1983; Komac 2006; Santacana et al. 2003). The current study used 

slope, aspect, elevation, distance to rivers and faults for the analysis. The other 

commonly used parameters were examined, but did not change notably in the study 

sections.  

 

Figure 3-1 Study samples I and II along with the cross section line used for 

terrain analysis. 
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Figure 3-2 The slope map derived from LiDAR bare earth model. 

 

Figure 3-3 The elevation map derived from LiDAR bare earth model. 
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Figure 3-4 Fault map with the distance to the faults in meters 

 

Figure 3-5 River map showing the distance to the rivers in meters 
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Figure 3-6 Landslide inventory map overlaid on the hill shade. 

Table 3-2 Characteristic thematic values for sample I and II. 

Parameters Contents/relationship units 

 Sample I Sample II 
 

Lithology Plutonic =7, 

Sedimentary =13, 

Surficial 

sedimentary= 40, 

Volcanic=40 

 Sedimentary = 2, 

Surficial sedimentary = 

64, Volcanic = 34 % 

area 

Land use Agriculture= 55, 

Forest= 30,Urban 

=15 

Agriculture= 9, 

Forest= 81,Urban =10 

Distance from 

faults and 

occurrence of 

landslides 

 
Direct correlation. Landslide inventory 

indicated higher landslide occurrences closer to 

the fault and rivers 

meters 
Distance from 

rivers and 

occurrence of 

landslides 
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Parameters Contents/relationship units 

 Sample I Sample II  

Precipitation 105-174 107-181 cm 

 

NDVI 

 

0.2 to 0.8 

 

-0.1 to 0.8 

no 

units 

 

 

Figure 3-7 Topographic variability for sample I taken along a 10 km  profile in 

NW-SE direction. 
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 TERRAIN ANALYSIS USING LANDSLIDE INVENTORY 3.3.1

A terrain analysis was adopted to understand the variability in the study area 

and the ability of the datasets to capture the details of the terrain (Baeza et al. 2010). In 

order to investigate the DEMs and their derivatives, the native resolution from each 

source was resampled to 10 m, 30 m and 50 m. When the LiDAR DEM was 

resampled from 1 m to 3 m, 5 m and 10 m, there was no significant change in the 

histogram of values from bare earth models pattern. Hence, resampling of the sources 

was started from 10 m, rather than a smaller cell size. The bilinear interpolation 

technique in ArcMap 10.1 was used to resample all DEM source data. 

Frequency ratios (FR) help in understanding the spatial relationship between 

landslide location and its triggering factor by showing the frequency of events relative 

to bins of values for each parameter. It is also proven as a very intelligible technique in 

landslide mapping (Lee and Sambath 2006; Lee and Talib 2005; Yilmaz 2009). FR is 

ratio of the probability of an event occurrence to nonoccurrence. In this context, the 

event is landslide. The slope map was reclassified in to bins and the landslide 

inventory map was overlaid on the reclassified map. The FR is calculated by the 

landslide pixels occurring in one particular bin to the total number of pixels available 

in that bin. A bin which has value greater than 1 indicates, that particular bin has 

higher contribution to landslide. The method was applied for 10 m, 30 m and 50 m 

resolution of each slope map derived from ASTER, NED and LiDAR. 
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Table 3-3 Characteristic data values for DEM derivatives 

  ASTER -10 m NED-10 m LiDAR-10 m 

Parameters Sample I Sample II 
Sample 

I 

Sample 

II 
Sample I Sample II 

Slope  (degree) 0-61 0-65 0-64 0-59 0-79 0-55 

Aspect (degree) 0-359 0-359 0-359 0-359 0-359 0-359 

Elevation (m) 48-547 7-544 48-547 4-539 15-566 6-544 

  ASTER-30 m NED-30 m LiDAR-30 m 

Slope  (degree) 0-49 0-53 0-45 0-45 0-74 0-45 

Aspect (degree) 0-359 0-359 0-359 0-359 0-359 0-359 

Elevation (m) 14-566 7-544 48-547 4-532 48-547 7-543 

  ASTER-50 m NED-50 m LiDAR-50 m 

Slope  (degree) 0-39 0-41 0-39 0-40 0-68 0-40 

Aspect (degree) 0-359 0-359 0-359 0-359 0-359 0-359 

Elevation (m) 16-565 8-537 48-547 4-533 48-547 9-538 

 

 

Figure 3-8 Frequency ratio distribution for 10 m resolution slope for  ASTER, 

NED and LiDAR in sample I. 
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Figure 3-9 Slope distribution of the complete dataset in sample I 

  

Figure 3-10 Frequency ratio distribution for LiDAR DEM derived slope in 

sample I 
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Figure 3-11Variation in slope value distribution in sample I 

 

Figure 3-12 Frequency ratio distribution of 10 m resolution slope for  ASTER, 

NED and LiDAR in sample II. 
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Figure 3-13 Slope distribution of the complete dataset in sample II 

 

Figure 3-14 Frequency ratio distribution for LiDAR DEM derived slope in 

sample II 
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Figure 3-15 Slope distribution of the LiDAR derived slope datasets for 10 m, 30 

m and 50 m spatial resolutions in sample II. 

1.1.1. RESULTS OF TERRAIN ANALYSIS  

The range of FR values from LiDAR datasets in all the three resolutions is 

higher than the other datasets. In Figure 3-8, (A) is shown as an example for the 

comparison only for 10 m resolution. The details of FR values are captured in steeper 

slopes also in LiDAR dataset. Such values are compromised in ASTER and NED. For 

instance, in case of using only the ASTER datasets (10 m) for the analysis, number of 

landslides occurrences is higher between 22 and 42 degrees. However, in reality 

higher occurrences are found between 40 and 50 degrees which are noticed in LiDAR 

10 m.  The output maps will be based on these values and the discrepancies will be 

reflected in the accuracy of the maps. 
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 In analyzing the slope distribution, the LiDAR dataset records higher range of 

values compared to the other two datasets. With sample II, with low topographic 

variability, NED and LiDAR datasets perform relatively similar to each other in the 

FR and slope pattern distribution. It can be noted that, 30 m LiDAR dataset indicates a 

higher range of values than 10 m ASTER and NED DEMs. Hence, the preliminary 

results indicate that finer resolution is not necessary to perform well.  The details are 

also dependent on the techniques involved in the data acquisition (Chow and Hodgson 

2009; Hirano et al. 2003).  

The ASTER datasets tend to capture higher peak values than the other two 

datasets because of the bilinear interpolation (Institute 2001) technique used in 

resampling method. Figures 3-8 and 3-12 show the frequency ratios of slope and the 

behaviors of slope values for landslides, however, it is important to analyze the 

performance of the datasets when combined with other landslide triggering 

parameters.  

3.4 LANDSLIDE SUSCEPTIBILITY MAPPING METHODOLOGIES 

The landslide inventory used in this study was obtained from LiDAR mapped 

dataset (SLIDO V-2) in ESRI
®
 polygon shape file format (Burns et al. 2012).  To 

convert the file into a raster format, a value of 1 was assigned to all grid cells within 

the polygons. Raster files were created for cell sizes of 10, 30, and 50 m to match the 

DEM resampling.  Other landslide triggering factors were converted to ESRI
®

 raster 

file formats in a similar fashion.  
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These files were then analyzed using the three techniques as explained below 

to produce landslide susceptibility maps. Natural breaks classification technique was 

used to zone the output map in to very low, low, medium, high and very high areas. 

The following paragraphs will discuss about the integration of other 

parameters and DEM derivatives (slope, aspect and elevation) in AHP, FLM and 

hybrid L-AHP for predictive mapping.   

 ANALYTICAL HIERARCHICAL PROCESS 3.4.1

Implementation of AHP involves the following steps 

 Break down the problem by deriving the parameters involved in the event 

(landslides in this study), 

 Arrange the factors in hierarchical order, 

 Allocate suiTable scales based on their subjective relevance and relative 

importance, and 

 Generate the rating to apply to the factors  (Pourghasemi et al. 2012). 

The scale of preference between two parameters by Saaty (2000) is used to 

arrange the factors in hierarchical order based on relative importance. Reciprocals 

weights indicate the inverse comparison between the parameters (Table 3-4). It is the 

understanding and choice of the decision maker to determine the parameter weights 

for the landslide susceptibility map. The final output map is the sum of the parameters 
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multiplied with their corresponding weights. Before assigning the weights, the 

parameters are normalized to a common scale (Saaty 1977; Saaty 1990). 

In AHP analysis, an index of inconsistency known as Consistency Ratio (CR) 

is used to show the probability that the judgments are randomly generated 

(Pourghasemi et al. 2012). 

/CR CI RI            3-1

     

where CI is the consistency index = ( max( ) / ( 1)n n   ) where max is the principal 

eigenvalue of the matrix and n is the order of the matrix. RI is the random index, 

which is the average value of CI.  According to Saaty (1980, 1994), a CR value 

(ranges between 0 and 1) close to 0 shows a high probability that the weights were 

generated randomly. In this current study, the conditioning factors were given weights 

based on the bivariate analysis between two factors. The model with higher CR value 

was used in GIS domain to generate landslide susceptibility maps using equation 3-2. 

In this study slope (degree), elevation (m), aspect (degree), distance to faults (meters), 

and distance to rivers (meters) were used.   

  
1

N
LSS w fi i

i
 


          3-2 

where wi = the weight and fi = the value of the i
th

 factor to be considered.    
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Table 3-4 Scale of preferences used in AHP (Saaty, 2000) 

Scale 
Degree of 

preferences 

1 Equally 

3 Moderately 

5 Strongly 

7 Very strongly 

9 Extremely 

2,4,6,8 Intermediate 

Reciprocals Opposites 

 

In order to produce a landslide susceptibility map using AHP method, a pair 

wise comparison was completed based on the results in Table 3-5. The scores were 

given based on the values observed from FR values on all factors. Using all of the 

factors, the comparison matrix was generated with the diagonal value always being 1. 

The values are symmetrical along the diagonal and corresponding values are in 

reciprocal of each other. When matrix is constructed, the CR value is checked.  A CR 

value greater than 0.1 indicates inconsistent treatment of factor ratings. If a CI value is 

greater than 0.1, then the weights are revised until CR is achieved less than 0.1.  The 

weights from all the factors were taken to the GIS domain, multiplied with their 

corresponding factors and overlaid to generate output susceptibility maps. 
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Table 3-5 AHP weights used in this study for samples I and II 

Factors Slope Elevation Aspect 

Distance 

from 

faults 

Distance 

from 

rivers 

Weights 

Slope 1     
    

0.276 

Elevation 3     1     
   

0.405 

Aspect  1/4  1/6 1     
  

0.063 

Distance 

from 

faults 

 1/5  1/3 2     1     
 

0.097 

Distance 

from 

rivers 

 1/2  1/2 2     2     1     0.158 

 

 FUZZY LOGICS METHOD 3.4.2

A fuzzy approach  in landslide mapping can be achieved in many ways, such 

as by assigning values based on degree of membership (Bonham-Carter 1994) or 

derived from functions showing the reality of the study area (sigmoidal, J-shape, and 

linear) (Eastman 2003). Fuzzy membership values should lie between 0 and 1, and 

values are assigned based on the degree of membership of a set. Fuzzy set operators 

are fuzzy and, fuzzy or, fuzzy product, fuzzy sum and fuzzy gamma (Bonham-Carter 

1994). Table 3-6 describes the different fuzzy set operators and its properties 

pertaining to landslide independent factors. 
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Table 3-6 Description about fuzzy operators  (modified from (Pradhan 2011)) 

Fuzzy operator Equation  Explanation 

AND Min( A, B, C,...)     A is the membership 

value at a location of a 

map and B  is the 

membership value at the 

same location of a 

different map and so on. 

OR Max( A, B, C,...)    

Algebraic product 

1

n

i

i




  i  is the membership 

function and i  is 

combined values of all 

maps 

Algebraic sum 

1

1 (1 )
n

i

i




   

Gamma 1

1 1

1 (1 )
n n

i i

i i

 

 



 

   
     

   
   

 is the range chosen 

between 0 and 1. n is the 

number of factors used 

 

In this study, frequency ratios (FR) are used which define the spatial 

relationship between the parameters, the occurrences and absences of landslides (Lee 

and Sambath 2006; Pourghasemi et al. 2012; Pradhan and Lee 2010). The ratio of each 

class in the factor will represent the ability of that class to contribute to triggering a 

landslide. The grid files are normalized between 0 and 1 to explain the fuzzy 

membership functions. FR for each factor is defined by equation 3-3 and susceptibility 

map was produced using equation 3-4. 
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landslidepresence ratio(in that bin)

Totalarea (in that bin)
FR        3-3 

LandslideSusceptibility = Maximum FR(Slope,elevation,aspect,
FLM

dist.to faults,dist.to rivers)

            3-4  

Table 3-7 Example of spatial relationship between landslide triggering factors 

and fuzzy member ship values –shown for the slope factor using LiDAR 10m 

Class 

(slope - 

degrees) 

No of 

pixels in 

domain 

Percenta

ge in 

domain 

No of 

landslid

e pixels 

Percentage 

of landslide 

pixels 

Frequency 

ratio 

Fuzzy 

membership 

value 

0-3 908 0.46 226558 15.58 0.03 0.00 

3-6 5836 2.96 124580 8.57 0.35 0.18 

6-9 5125 2.60 73568 5.06 0.51 0.27 

9-12 5470 2.77 57139 3.93 0.71 0.38 

12-15 6024 3.05 52336 3.60 0.85 0.46 

15-18 7098 3.60 55158 3.79 0.95 0.52 

18-21 8682 4.40 59202 4.07 1.08 0.60 

21-24 10221 5.18 62701 4.31 1.20 0.67 

24-37 11696 5.93 64241 4.42 1.34 0.75 

27-30 13071 6.62 64194 4.41 1.50 0.84 

30-33 13466 6.82 62582 4.30 1.59 0.88 

33-36 13615 6.90 61157 4.21 1.64 0.92 

36-39 13543 6.86 58558 4.03 1.70 0.95 

39-42 13680 6.93 56479 3.88 1.78 1.00 

42-45 13317 6.75 54881 3.77 1.79 1.00 

45-48 12667 6.42 53780 3.70 1.74 0.97 

48-51 11639 5.90 52504 3.61 1.63 0.91 

51-54 9943 5.04 50004 3.44 1.47 0.82 

54-57 8055 4.08 45953 3.16 1.29 0.72 

57-60 5941 3.01 40971 2.82 1.07 0.59 

60-63 3939 2.00 33216 2.28 0.87 0.48 

63-66 2180 1.10 24395 1.68 0.66 0.36 

66-69 946 0.48 14302 0.98 0.49 0.26 

69-72 233 0.12 4942 0.34 0.35 0.18 
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Table 3-8 Spatial relationship between landslide triggering factors and fuzzy 

member ship values – example  shown for slope factor  using ASTER A 10 m 

Class 

(slope - 

degrees) 

No of 

pixels 

in 

doma

in 

Percentage 

in domain 

No of 

landslide 

pixels 

Percentage 

of 

landslide 

pixels 

Frequency 

ratio 

Fuzzy 

membership 

value 

0-3 13639 5.42 461143 25.50 0.21 0.11 

3-6 32138 12.76 309357 17.11 0.75 0.43 

6-9 35284 14.01 201577 11.15 1.26 0.73 

9-12 42326 16.81 202294 11.19 1.50 0.88 

12-15 36784 14.61 155747 8.61 1.70 1.00 

15-18 27993 11.12 120057 6.64 1.67 0.98 

18-21 21833 8.67 96813 5.35 1.62 0.95 

21-24 15806 6.28 76651 4.24 1.48 0.87 

24-37 10943 4.35 60766 3.36 1.29 0.76 

27-30 6737 2.68 43347 2.40 1.12 0.65 

30-33 4308 1.71 33222 1.84 0.93 0.54 

33-36 2215 0.88 21009 1.16 0.76 0.44 

36-39 1067 0.42 13402 0.74 0.57 0.32 

39-42 522 0.21 7808 0.43 0.48 0.27 

42-45 188 0.07 3585 0.20 0.38 0.21 

45-48 57 0.02 1152 0.06 0.36 0.19 

48-51 1 0.00 248 0.01 0.03 0.00 
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Table 3-9 Spatial relationship between landslide triggering factors and fuzzy 

member ship values – example shown for slope factor using NED 10 m 

Class 

(slope - 

degrees) 

No of 

pixels 

in 

domain 

Percenta

ge in 

domain 

No of 

landslid

e pixels 

Percentage 

of landslide 

pixels 

Frequenc

y ratio 

Fuzzy 

membership 

value 

0-3 9718 4.88 129048 9.025 0.54 0.31 

3-6 21337 10.71 251219 17.569 0.61 0.35 

6-9 29990 15.06 264571 18.503 0.81 0.47 

9-12 30030 15.08 208882 14.609 1.03 0.60 

12-15 30772 15.45 179346 12.543 1.23 0.72 

15-18 24985 12.54 130107 9.099 1.38 0.81 

18-21 18303 9.19 90514 6.330 1.45 0.85 

21-24 13254 6.65 64295 4.497 1.48 0.87 

24-37 8738 4.39 42715 2.987 1.47 0.86 

27-30 5504 2.76 28574 1.998 1.38 0.81 

30-33 3070 1.54 17280 1.209 1.28 0.75 

33-36 1781 0.89 10961 0.767 1.17 0.68 

36-39 944 0.47 6096 0.426 1.11 0.65 

39-42 420 0.21 3156 0.221 0.96 0.55 

42-45 214 0.11 1729 0.121 0.89 0.51 

45-48 97 0.05 867 0.061 0.80 0.46 

48-51 24 0.01 310 0.022 0.56 0.31 
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The fuzzified index maps are produced by applying the weights to each class in 

a factor. A maximum operator in fuzzy mathematics is chosen to produce the 

combined landslide susceptibility map because it helps in evaluating the most effective 

parameter representing the landslide (Ercanoglu and Gokceoglu 2004).  

In GIS, Fuzzy “OR” uses the maximum of the fuzzy memberships from the 

input rasters. When combining multiple parameters, it explores the likelihood of that 

pixel being a member of each set defined by the multiple criteria (Institute 2001). In 

this case, the criteria were defined by frequency ratio weights and by applying the 

“OR” function. The maximum of each pixel in that category is then identified and 

scaled based on its susceptibility.  For instance, in Table 3-7, the frequency ratio is 

greater than 1 in all the classes ranging between 30 and 50 degrees for slope, which 

shows higher contribution of these classes towards landslide that occurred in the past. 

Fuzzy “OR” identifies these locations and finds the values in the same spatial location 

in the other maps also. This process is repeated for all the factors, and the maximum 

value from the pool is identified to generate the final susceptibility map.  

 HYBRID LIKELIHOOD-ANALYTICAL HIERARCHICAL PROCESS 3.4.3

The integration of data driven weights with semi - qualitative techniques can 

help to capitalize on the strengths of both approaches.  The grids of each factor are 

classified with defined intervals (e.g., 3 degrees for a slope map) and weights are 

applied to each class in the factor based on FR. This will help to define the 

contribution of each class to the landslide event. AHP can define the spatial 
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relationship of the factors relative to one another based on expert opinion about the 

data. Hence, the grid files which carry the weights from frequency ratio are multiplied 

with AHP weights. The weighted sum function in Arc Map 10.1
®
 is used to produce 

landslide susceptibility maps. 

To generate a susceptibility map using the hybrid L-AHP method, each factor 

is reclassified in to bins. For instance, the slope map is reclassified with the interval of 

three degrees. The FR is calculated for the same bins using the landslide inventory 

data. The FR values are then given to the binned slope map and further normalized 

between 0 and 1. The same process is repeated for all the other factors with 10 m, 30 

m and 50 m resolutions. The same resolution datasets are overlaid on one another 

using weighted sum function in GIS domain to produce final susceptibility map.  

Figure 3-16 shows a simplified outline of the workflow adopted for hybrid L-

AHP method.  

3.5 VALIDATION TECHNIQUES 

To evaluate the quality of a mapping technique, it is important to differentiate 

the landslide and non-landslide susceptible zones based on real world datasets for 

validation (Beguería 2006). Validation for landslide susceptibility mapping can be 

done in two different ways: 1) Use of the same training sets for susceptibility estimate 

or 2) Use of independent test data which did not take part in the training process.  The 

former technique is used when; the degree of match between the training set and 

predicted map should be established. The latter is used to determine the prediction 
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capability for future landslides (Guzzetti et al. 2006). Since the objective of this study 

is to determine predictive efficiency, points from the mapped scarp flanks were 

reserved for test samples since these are the locations where future landslides would 

likely occur. This will ensure that training and testing samples are kept separate for 

validation purpose. Cohen`s Kappa index measuring the reliability (Guzzetti et al. 

(2006), confusion matrix for predictive accuracy and VAi, a quantitative measure for 

visual validation are used test the models. 

 COHEN`S KAPPA INDEX 3.5.1

The Kappa index is used to obtain a quantitative statistical value of agreement 

for presence or absence of the events. The calculation is based on the difference 

between observed values compared to the expected observed values.  Kappa is a 

measure of the difference between observed and expected agreement standardized to a 

scale of -1 and 1.  A value of 1 represents perfect agreement, 0  represents agreement 

by chance, and negative values signify disagreement (Viera and Garrett 2005). Here 

PC is defined as the proportion of units correctly grouped as stable or unstable zones 

and PE is the units grouped based on the random chances.  The agreement is calculated 

by equation 3 -5 and the data lay out for hybrid –LAHP (sample I, 10 m) is shown in 

the Table 3-9. 

1

EC

C


 




                                                                               3-5   
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 CONFUSION MATRIX 3.5.2

Cross tabulation evaluating true positive and true negative values could be 

used as a good measure to assess the ability of the model to delineate stable and 

unstable zones.  An example for the samples in hybrid L - AHP method is shown in 

Table 3-10, based on equation 3-6. Sensitivity can be defined as the probability that a 

test result will be positive when the event is present and specificity is the probability 

that a test result will be negative when the event is absent. A higher sensitivity defines 

the ability of the model to delineate unstable zones and higher specificity refers to the 

ability to delineate stable zones from the inventory (Guzzetti et al. 2006).  

(A+D) A D
Accuracy (%)= Sensitivity(%)= specificity(%)=

A+B+C+D A+B C+D
                         3-6          

  

 VALIDATION ACCURACY INDEX 3.5.3

The ability of the datasets to classify the unstable zones as landslide 

susceptible areas is referred to as the validation accuracy index (VAi) and defined in 

equation 3-7. VAi focuses solely on identifying the model`s ability to categorize 

hazard zones based on landslide inventory.  

area under high and veryhigh zones
VAi =

Totalarea of landslide inventory
                                                 3-7               
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3.6 RESULTS 

 TECHNIQUE SPECIFIC VALIDATIONS 3.6.1

In AHP, a model with a CR value less than 0.1 is considered acceptable for 

predictive mapping. Weights were assigned based on the histogram in a pair-wise 

comparison to generate susceptibility map for resolutions of 10, 30 and 50 m (Table 

4). In this study, the CR value for the model was found to be 0.019. Following 

normalization, Weights with slope showed a highest priority of 47.8%, followed by 

elevation, accounting to 21.2 %. Aspect showed a priority of 13.9%. Distance to faults 

and rivers showed priority values of 8 and 9.2 %, respectively. NDVI and precipitation 

were excluded from the final model because they were both relatively uniform across 

the study section and do not show any discernable trends with other factors. The CR 

value was also higher when NDVI and precipitation were included.  

In FLM, frequency ratio values were used to assign weights for fuzzy 

membership functions. The results of spatial relationship between landslide and its 

conditioning factors using FLM are given in Table 3-8. The slope class between 36 

degree and  51 degrees has the highest value in LiDAR 10m slope data, whereas 12 -

36 degrees in the NED 10 m and 9 to 36 degrees in the ASTER slope maps has the 

highest membership values. Such types of changes are noticed in all the conditioning 

factors with these three datasets. 
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 COHEN’S KAPPA INDEX 3.6.2

The Cohen`s Kappa index was 0.698 for the data layout shown in Table 3-10, 

indicating good agreement (Tien Bui et al. 2012). An example is shown only hybrid L 

- AHP (LiDAR sample I, 10 m). The rest of the resolution outputs from ASTER, NED 

and LiDAR had Kappa values less than 0.695. The trend was found similar in AHP 

and FLM techniques as well. There was minimal variation in the Kappa values for 

sample II (tested in all three techniques), but the pattern remained the same. 

 CONFUSION MATRIX 3.6.3

Table 3-10 shows the example confusion matrix derived using the hybrid –

LAHP  (sample I).  LiDAR 10 m has the highest accuracy compared to the rest of the 

dataset. Similar trend was found AHP, FLM and also for sample II in three 

computational techniques. 

Table 3-10 Example of confusion matrix values shown (hybrid L - AHP 10m- 

sample I).  

Actual Predicted Classification 

 LS NLS  

A = Actual unstable zones 

B = NLS classified as stable zones 

C = LS zones  classified as stable 

zones 

D = Actual stable zones 

LS A = 193216 C = 68465 

NLS B = 365 D = 181524 
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 VALIDATION ACCURACY INDEX 3.6.4

The validation accuracy index (VAi) was computed for sample I and II. Figure 

3-17 shows the VAi only for sample I. It can be observed that LiDAR datasets in all 

the three resolutions tend to capture more susceptible areas than its counterparts. The 

VAi values for the 10 and 30m LiDAR datasets vary minimally. The accuracy for 

hybrid techniques is relatively lower than fuzzy techniques. Similar variation was 

noticed in sample II as well.   

 

Figure 3-17 VAi analysis results for sample I using three techniques  (Hybrid, 

fuzzy and AHP). 
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The tests described above focused on determining statistical reliability of 

spatial resolution the landslide susceptibility mapping. However, along with the 

statistical numbers, the visual inspection is also required. 

3.7 DISCUSSION 

In this study, three different techniques have been applied to identify landslide 

susceptibility for two different sample areas in Oregon. Eleven percent of the area 

occupied by sample I and 87% of the area occupied by sample II correlates with the 

occurrence of historical landslides.  

 TOPOGRAPHIC VARIABILITY ASSESSMENT 3.7.1

Topographic variability was estimated for each sample by calculating the 

standard deviation of slope along a 10 km profile oriented in a NW-SE direction. In 

Figure 3-9, the changes in the statistical values of the slope clearly show the potential 

information captured by LiDAR datasets compared to the other techniques. Even 

within the LiDAR dataset, there is very little difference in values (0.5 degrees) 

between the 3 m, 5 m, and 10 m spatial resolutions, indicating that for this type of 

analysis there may not be the need for these higher resolutions.  Hence, the remainder 

of the analysis was started from 10 m spatial resolution. The other DEM sources and 

lower resolutions show distinct differences, which can reflect in the output as well.  In 

addition to slope, there are other derivatives from a DEM, like aspect, slope 

roughness, flow direction values etc. that may be resolved better at these higher 

resolutions.   
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 EVALUATION OF OUTCOMES FROM THE DIFFERENT TECHNIQUES 3.7.2

Although the primary objective the paper was not to identify the suitable 

technique, the byproducts of the results showed some valuable information. In Figure 

3 -17, the accuracy was solely based on success rate for prediction by evaluating the 

predicted hazard within the area of landslide deposits. The LiDAR output shows a 

clear indication in identifying the highest percentage of the landslide deposit areas as 

high hazard zones. But In terms of techniques, fuzzy logics perform relatively better in 

both the LiDAR and NED datasets in 10 m, 30 m and 50 m. The reason behind this is 

attributed to the combination of the technique and the potential information stored in 

the datasets used for analysis. However, it should be noted that misclassification is 

also higher in the fuzzy logics model as observed in the visual output (Figure 3-18).  

Although the statistical values point that fuzzy logics model technique has a higher 

success rate, the over prediction of the output can be seen in the Figure.   
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Figure 3-18 Comparison of accuracy in success rates in AHP, FLM and hybrid L-

AHP respectively shown in clock wise order. 

In the ASTER dataset, the fuzzy logics model shows the lowest values 

amongst the other techniques. As a reinstatement, it is because of the value stored in 

each cell is diluted in the source itself. When this value is combined with the other 

datasets like distance to rivers and faults, the fuzzy logics model finds the highest 

value from all the datasets used in the analysis. This tends to assign higher value to 

other landslide conditioning factors instead of the actual factor (In this context, slope 

is the factor). However, the visual validation clearly shows that impact of this poor 

classification. 
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 IMPACT OF SPATIAL RESOLUTION IN PREDICTIVE MAPPING 3.7.3

This discussion focuses on hybrid L-AHP for sample I because similar pattern 

and trend were observed for sample II, also. In Figure 3-22, 1A shows the LiDAR 10 

m result. The ability of the dataset to delineate the triggering zones and the deposits 

can be noticed. LiDAR has helped in identifying minute details like triggering 

probability in the almost flat areas as well. However, these details are compromised in 

2A and 3A which are of the same resolution but different sensors (2A and 3A are 

NED 10 m and ASTER 10 m respectively). Although over prediction of landslide 

areas is possible using this datasets, the statistical values support the fact; there is no 

unacceptable misclassification in 1A. 

In Figure 3-23, A indicates 10 m, B indicates 30 m, and C, indicates 50 m.  

Observation of 1B in Figure 3-20 indicates that details on delineation of hazard zones 

are less compared to 1A. However, the smoothing effect found in 1B has not 

compromised the capability of prediction. The sharp edges on topographic features are 

well defined for its vulnerability to landslides.  Section 2B in Figure 3-24 shows a 

distinct pattern for high hazard prediction but misclassification is also noted in some 

sections. Section 3B (Figure 3-24) shows a noisy pattern which is hard to identify the 

hazard zones.  Letter C indicates 50 m spatial resolution in Figure 3-24. Smoothing 

and over simplification are two significant changes noted in this array of results.  

The reasons for the above mentioned differences are attributed to the data 

acquisition from the sensors and to the interpolation techniques used for resampling. 
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LiDAR data was primarily acquired in 0.9 m spatial resolution and further resampled 

to 10 m. The potential information stored in every cell of a 0.9 m grid is diluted when 

it is resampled to 10 m.  

Resampling techniques involves bilinear interpolation method which involves 

in calculating the mean values of the neighboring grids (ArcGIS 2010). The 

resampling has minimally affected the results in 1A and 1 B (LiDAR 10 m and 30 m 

respectively) because the landslide occurrence information does not vary a lot within a 

10 m and 30 m area. In other words, it does not affect the quality of landslide 

prediction mapping. 

Landslides with relatively smaller triggering areas can be identified in Figure 

3-19. Figure 3-20 shows the NED 30 m output map, which does not capture the 

triggering area well compared to the LiDAR 10 m.  This finding reconfirms that finer 

resolution favors landslide predictive mapping. However, identification of scarp flanks 

with smaller area is compromised in the other datasets with its equivalent resolution 

where the DEMs were derived from other sources. For example, the NED 10 m DEM 

does not capture smaller scarp flanks like its counterpart LiDAR 10 m. These points 

out to the direction to consider choosing the spatial resolution based on the source of 

information. If the information stored in the native resolution is diluted because of the 

data acquisition techniques and processing techniques, then the values are 

compromised from the initial steps itself. These implications are noticed in the NED 

and ASTER results.  
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Finer spatial resolution does not always promise higher predictive accuracy. 

For instance, in the magnified views in Figures 3-19 (LiDAR 30 m) and 3-20 (NED 10 

m), close up observation shows that LiDAR 30 m delineation of hazard zones is 

relatively more powerful than NED 10 m. The source of the bare earth model plays a 

significant role in storing the valuable ground information, which is reflected in the 

output hazard map. The discussion can be extended to shallow landslides also. Figure 

3-21 shows that shallow landslide in the study section can be identified relatively well 

in LiDAR 30 m when compared with NED 10 m.  

 

Figure 3-19 Close-up section of landslide susceptibility map produced by a 

hybrid L-AHP using the LiDAR 30 m dataset 
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Figure 3-20 Close-up section of a landslide susceptibility map produced by 

hybrid L-AHP using the NED 10 m dataset 

 

Figure 3-21 Histograms showing the ability of LiDAR 30 m dataset to  predict 

shallow landslide scarps compared to NED 10 m. 
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3.8 CONCLUSION 

In landslide hazard mapping, the DEMs are often obtained and resampled 

without considering the influence of source, resampling technique, or resolution. This 

study addressed the issues and states the necessity to consider choosing the optimum 

spatial resolution based on the source for predictive landslide mapping.  

The study indicates that there is a strong influence of spatial resolution of a 

DEM in landslide mapping. The quality of the final predictive maps is also dependent 

on the source of the dataset from which the DEMs are obtained, which can 

significantly change the behavior of the DEM.  For example, a DEM with a 10 m 

spatial resolution from ASTER does not have the same predictive accuracy as the 10 

m NED.  

The prediction accuracy rate was higher in the LiDAR 10 m DEM, compared 

to the LiDAR 30 m and 50 m DEMs.  For sample I, where variability of the terrain is 

relatively higher, the LiDAR 10 m datasets show higher accuracy in mapping (the 

LiDAR 30 m DEMs varied very minimally in accuracy).  In sample II, with lesser 

variability LiDAR 10 m and 30m datasets show similar results which are higher than 

other datasets on sample II used in this study. This finding point out that variability in 

topography does not necessarily require choosing different spatial resolutions.  

The results show that spatial resolution of 10 m and 30 m derived from LiDAR 

data showed relatively higher values in all the three techniques for both study areas. 

Although the reliability of this study can be influenced by the landslide inventory, it 
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should be noted that the resources are obtained from carefully mapped polygons using 

LiDAR derived topography. However, the error sources from other thematic datasets 

can influence the result.  

The selection of an appropriate DEM to generate slope and other functions 

may be influenced by the data availability. However, the choice is highly based on the 

context of the study.  Additionally, topographic features vary significantly for different 

landscapes; hence, the choice of the spatial resolution should also be based on the 

purpose of the study, attributes of the study area, and a sensitivity analysis in the 

model used for the output. It is thus recommended to asses these parameters for 

reliable modelling outputs.  
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Figure 3-22 Landslide susceptibility maps produced by hybrid L-AHP technique for 10 m spatial resolution.  Scarp 

flanks are represented with black polygons 
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Figure 3-23 Landslide susceptibility maps produced by hybrid L-AHP technique for 30 m spatial resolution.  Scarp 

flanks are represented with black polygons 
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Figure 3-24 Landslide susceptibility maps produced by hybrid L-AHP technique for 50 m spatial resolution.  Scarp 

flanks are represented with black polygons 
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Figure 3-25 Magnified section in landslide susceptibility map produced from hybrid L-AHP methods for LiDAR 10 m 

resolution. The section shows the ability of the dataset to capture relatively small scarp flanks as high  hazard zones. 
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Figure 3-26 Magnified section of a landslide susceptibility map produced from hybrid L-AHP methods for 

 LiDAR 30 m resolution. The section shows the reduced ability of the dataset to capture relatively small scarp 

 flanks as high hazard zones compared to Figure 3-20. 
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4.1 ABSTRACT  

Landslides are a major geohazard, which result in significant human, 

infrastructure, and economic losses. Landslide susceptibility mapping can help 

communities to plan and prepare for these damaging events. Mapping landslide 

susceptible locations using GIS and remote sensing techniques is gaining popularity in 

the past three decades. These efforts use a wide variety of techniques and consider a 

wide range of factors.  Unfortunately, each study is relatively independent of others in 

the applied technique and factors used, resulting in inconsistencies.  Further, the 

quality of the datasets used varies in terms of source, data collection, and generation, 

which can propagate errors in to the resulting output maps. Light detection and 

ranging (LiDAR) has proved to have higher accuracy in representing the continuous 

topographic surface, which can help minimize this uncertainty. The primary objectives 

of this paper are to investigate the applicability and performance of terrain factors in 

landslide hazard mapping, determine if LiDAR-derived datasets (slope, slope 

roughness, terrain roughness, stream power index and compound topographic index) 

can be used for predictive mapping without data on other landslide conditioning 

factors, and evaluate the differences in landslide susceptibility mapping using widely-

used statistical techniques.  These aforementioned factors were used to produce 

landslide susceptibility maps for a 140 km
2
 study area in northwest Oregon using six 

representative techniques: frequency ratio (FR), weights of evidence (WofE), logistic 

regression (LR), discriminant analysis (DA), artificial neural network (ANN), and 

support vector machine (SVM).  The results were validated using Receiver Operating 
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Characteristics (ROC), Area under curve (AUC), and histogram analysis using 

detailed landslide inventory maps. Most notably, the research showed the advantage in 

terms of selection of fewer critical conditioning factors for landslide susceptibility 

mapping from a LiDAR DEM. The results were promising that LiDAR DEM and 

derivatives by themselves could be used effectively and reliably in landslide modeling 

using bivariate, multivariate, or soft computing techniques without requiring 

additional detailed datasets that may be difficult to obtain.  AUC results were greater 

than 0.7 for all models exhibiting the usability of LiDAR derivatives in landslide 

modelling. Among the six techniques, most showed similar statistical results; 

however, ANN showed relatively lesser accuracy for predictive mapping indicating 

the necessity of ancillary data for higher accuracy and less misclassification. 

4.2 INTRODUCTION 

Landslides pose a great threat to lives and also lead to socio economic losses 

across the globe. Thousands of dollars are spent every year worldwide for preparation 

and mitigation phases of landslides (Burns et al. 2013). With increase in population 

and land use, landslide triggered losses are expected increase worldwide. In order to 

minimize the losses, potential landslide areas should be identified for mitigation and 

planning purposes. Landslide susceptibility mapping is considered as a critical 

component of disaster management and mitigation (Chen et al. 2006; Coppola 2006; 

Mansourian et al. 2006; Paudel et al. 2003; Pearce 2003; Sassa et al. 2006; Smith 

2013).  Landslide susceptibility mapping techniques have evolved greatly over the last 



Page 96 

 

few decades and numerous methods have been proposed and applied by many 

researchers across the globe. Each method has its own unique advantages and 

disadvantages. The variables involved in the mapping and quality of the datasets are 

often not consistent between each study. With recent advancements in LiDAR terrain 

mapping, it is imperative to understand how to best exploit these datasets and 

minimize the weakness generated because of the inaccuracy in the variables inside the 

models. The need to evaluate these parameters prompted this study to analyze the 

widely used statistical techniques.  The availability of LiDAR bare earth models and 

reliable landslide inventory data have shown promising results in landslide 

susceptibility mapping with conditioning factors derived from only bare earth LiDAR 

DEMs. In this study, a comparison of six statistical techniques is used for predictive 

mapping using landslide conditioning factors derived from only LiDAR bare earth 

models. The study is carried out in a sample section in Northwest portion of Oregon.  

With the emergence of laser scanning advancements, high resolution digital 

elevation models have taken a significant place in landslide studies (Chen et al. 2006; 

Gutierrez et al. 2001; Hsiao et al. 2004; Kasai et al. 2009; Schulz 2007). Jaboyedoff et 

al. (2012) have documented the importance of using LiDAR in landslide research and 

suggested that the trend of using LiDAR data for landslide studies will continue for 

next five to ten years. Geomorphological analysis has shown a steep increase in the 

last decade incorporating LiDAR in creating landslide inventories (Chen et al. 2006; 

Derron and Jaboyedoff 2010; Hsiao et al. 2004; Kasai et al. 2009; Schulz 2007). The 

potential information available from LiDAR when combined with statistical 
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techniques can strengthen the accuracy of landslide susceptibility mapping  by solving 

the issue of low precision and data insufficiency in such models (Gutierrez et al. 2001; 

Haneberg et al. 2009; Lato et al. 2009; Ventura et al. 2011).  

Previous studies have shown the effective use of LIDAR data in landslide 

delineation and inventory (Guzzetti et al. 2012; Jaboyedoff et al. 2012), and these 

studies state that much work is still needed to evaluate the use of LIDAR in 

automated, predictive mapping.  These authors have also mentioned that a lot of new 

information can be derived from the LiDAR bare earth models which were not 

contrived in their mentioned works.  Also, many techniques have been applied on 

LiDAR datasets in landslide mapping individually with success (Burns 2010; Derron 

and Jaboyedoff 2010; Duplantis 2011; Schulz 2007); however, few studies have 

looked at the same study area using multiple techniques to evaluate the consistency of 

results.  To this end, the primary objectives of this paper are to: 

 Investigate the applicability and performance of terrain factors in landslide 

hazard mapping,  

 Determine if LiDAR-derived datasets can be used for predictive mapping 

without data additional landslide conditioning factors, and 

 Evaluate the differences in landslide susceptibility mapping using six widely-

used and representiatve statistical techniques.   

The paper is organized as follows: we first briefly introduce the statistical 

techniques used in the current study. Next, the study area is described. The 
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methodology includes preparation of conditioning factors and training samples for 

application in the mapping. It is followed by analysis of statistical techniques. The 

outputs are discussed in the produce section.  The Validation section discusses about 

the three methods used for the assessment of the outputs. The outcomes are discussed 

in its own section followed by conclusions. 

4.3 STATISTICAL TECHNIQUES 

Statistical techniques are based on landslide inventories and employ 

mathematical functions under rigorous conditions. Using information at locations of 

landslide presence or non-presence for calibration, statistical techniques can be applied 

to determine the susceptibility continuously throughout the study area (Pourghasemi et 

al. 2013; Pradhan 2013; Pradhan et al. 2014).  

Both deterministic and probabilistic methods are widely used for producing 

landslide susceptibility mapping  (Carrara 1983; Carrara et al. 1995; Choi et al. 2010; 

Chung and Fabbri 1999; Frattini et al. 2010; Jibson et al. 2000; Lee et al. 2004; 

Rampini et al. 2013; Refice and Capolongo 2002; Terlien 1998; Terlien et al. 1995; 

Westen and Terlien 1996). Probabilistic methods have gained more popularity in the 

past three decades amongst the landslide researchers (Guzzetti et al. 2005; Lee and 

Pradhan 2006; Lee and Pradhan 2007; Manzo et al. 2013; Neuhäuser and Terhorst 

2007; Pradhan 2013; Xie et al. 2004). Landslide researchers have used quantitative 

methods in bivariate, multi variate, and nonlinear approaches.  Most published 

literature on landslide hazard mapping using bivariate methods, use Weights of 



Page 99 

 

Evidence (WoE) and Frequency Ratio (Althuwaynee et al. 2014; Conforti et al. 2012; 

Constantin et al. 2011; Tehrany et al. 2013; Yalcin et al. 2011). Logistic regression 

and Discriminant analysis are widely used when multivariate methods are preferred 

for landslide susceptibility mapping(Akgun 2012; Althuwaynee et al. 2014; Chen et al. 

2013; Pradhan 2010; Umar et al. 2014). Artificial Neural Network (ANN) and Support 

Vector Machine (SVM) have gained popularity amongst the researchers who use 

nonlinear methods for LSM (Choi et al. 2010; Li and Kong 2013; Marjanović et al. 

2011; Pradhan and Lee 2010; San 2014; Yao et al. 2013; Yilmaz 2010; Zare et al. 

2012).  

Below, basic information is provided for the techniques used in this study.  A 

more detailed discussion of the implementation of these methodologies can be found 

in the methodology section of this paper.   

I. Frequency Ratio (FR) provides the probabilities of presence and absence of 

an event for individual conditioning factors by generating weights based on 

the ratio of area which experienced landslides in the past to the total study 

area (Lee and Pradhan 2007; Pradhan 2010; Umar et al. 2014). This 

technique helps in understanding the spatial relationship between 

landslides and individual geomorphological factors because the values in 

the classes of each conditioning factors indicate the strength of correlation 

with the event 
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II. Weights of Evidence (WofE) employ a log linear form of Bayesian 

probability to estimate the spatial association of landslide conditioning 

factors and landslide locations. This is a popular method among bivariate 

analyses because of its flexibility in using thematic factors; in addition, it is 

often used in expert based mapping techniques (Neuhäuser and Terhorst 

2007; Tehrany et al. 2014; Vijith et al. 2013). WofE functions on the 

principle that landslide occurrence can be calculated by understanding the 

event`s prior probability and the occurencesof the conditioning factors.  

III. Logistic regression (LR) is a multivariate regression between landslides 

(dependent variable) and the conditioning factors (independent variables) 

within a logit function. In LR, a dependent variable is dichotomous and 

independent variables can be categorical or continuous (Lee (2004). The 

regression is based on maximizing likelihood. 

IV. Discriminant Analysis (DA) is a statistical method which explores the 

combination of independent variables that contribute to the presence and 

absence of landslide events (Carrara 1983; Dong et al. 2009; Gorsevski et 

al. 2000; Reger 1979). Stepwise DA enables the addition or removal of the 

independent variables based on the outcome of analysis. In the application 

for landslide mapping, two groups are established such as stable and 

unstable terrains. It is assumed that two groups are distinct in nature and 

mapping unit can be categorized in to one of these units. In the context of 

landslide mapping, it is aimed to determine the group membership of the 
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mapping unit. This is achieved by identifying the linear combination of 

landslide conditioning factors which maximizes the difference between 

stable and unstable zones. Each conditioning factors play its role in 

identifying the mapping unit into its respective zones. The relative 

contribution of these factors in identification process can be studied from 

equation 7. Application of this function for the unidentified units allows for 

production of landslide susceptibility areas (Van Den Eeckhaut et al. 

2009).  

V. Artificial Neural Network (ANN) is a “computational mechanism able to 

acquire, represent and compute a mapping from one multivariate space of 

information to another, given a set of data representing that mapping” 

(Garret 1994). A back propagation algorithm is widely used and has proven 

successful in landslide mapping. The model generates weight by 

generalizing and predicting the outcomes from a set of inputs that were not 

previously seen (Choi et al. 2010). ANN assigns weights to the layers by 

understanding the errors between the actual and target output values. A 

multi layered network used in landslide mapping consists of one input 

layer, hidden layers and an output layer. Back propagation algorithms train 

a network until minimum error is reached between the desired and the 

targeted output values. When the network is trained, a feed forward 

algorithm is used to classify the entire dataset.  The prior stage is training 

and the latter is a classification stage. ANN has numerous interconnected 
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nodes; each node represents a processing element which responds to the 

weights it receives from other input nodes. As such, each node receives a 

weighted value (Basheer and Hajmeer 2000; Ermini et al. 2005; Kiymik et 

al. 2004). 

VI. Support Vector Machine (SVM) is a popular machine learning technique 

which employs a supervised binary classifier based on statistical learning 

theory and the structural risk minimization principle (Marjanović et al. 

2011; San 2014) documented that SVM implicitly maps the original input 

areas into a high dimensional feature space, using the training dataset. The 

optimal hyper plane in the feature space is determined by maximizing the 

boundaries (Abebe et al. 2010; Pradhan 2013). Support vectors are defined 

as the training points that are closest to the optimal hyper plane. 

Classification of the new data is achieved after obtaining the decision 

surface.  

4.4 STUDY AREA AND INVENTORY 

Landslides are one of the most common and most devastating geohazards in 

Oregon (Bottom et al. 1985; Frissell and Nawa 1992; Hofmeister 1996; Komar and 

Shih 1993; Madin 2012; Miles and Swanson 1986; North 1964; Palmer 1977; 

Robinson et al. 1999; Sessions et al. 1987; Swanson and Dyrness 1975; Wang et al. 

2002). Landslides contribute over $10 million of economic losses every year, and 

Oregon is one of the seven pilot states which derive funding from the U.S. Geological 
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Survey for loss estimation. With the increase of population and land use, landslide 

triggered losses are expected to increase (Wang et al. 2002).  The Department of 

Geology and Mineral Industries (DOGAMI) has mapped approximately 37,226 

landslides within the state of Oregon (Burns et al. 2012)  Recent technological 

advances such as LIDAR enabling more detailed topographic information  have aided 

DOGAMI to map more landslides  in the last five years than those mapped over the 

last 60 years (Burns et al. 2012). 

Because of the significant prevalence of landslides in Oregon, this evaluation 

will focus on a study area located in the northwest of Oregon (123
o
3’ W to 123

o
15’ W 

and 45
o
0’ N to 45

o
39’ N), encompassing 140 km

2
. DOGAMI has performed detailed 

landslide mapping for this study area using LIDAR data (Burns 2012). Geologically, 

the study area is composed of submarine basalt and non-marine sedimentary deposits 

(Ma 2009). Mean annual precipitation is fairly uniform throughout the study section 

with approximately 118 inches/annually. The Normalized Difference Vegetative Index 

(NDVI) is typically around 0.6 for the study area with minimal variability.    

The landslide inventory used in this study was obtained from the Statewide 

Landslide Information Database of Oregon (SLIDO) v3.0 (Burns et al. 2008; Burns et 

al. 2012). In this study area, the SLIDO database contains 288 complex movement 

type deposits, 28 debris deposits, and 28 rock slide deposits. The database contains 

309 deep seated landslides and 35 shallow landslides. 
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A high resolution (1m) LIDAR Digital Elevation Model (DEM) was available 

for the study area and was down sampled to 10m for the analysis based on the analysis 

completed in the previous chapter.  Figure 4-1 shows the study area section used in the 

current study. 

 

Figure 4-1 Study section with hill shade map 
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Table 4-1 Details of the landslide inventory used in the current study 

Parameters Values 

Number of landslide deposits 344 

Number of scarps 279 

Number of historic landslides 22 

Number of prehistoric 

landslides 322 

Average slope of the study area 24 (degree) 

Average slope of landslide 

deposits 35 (degree) 

Average slope of scarps 53 (degree) 

Area covered by landslide 

deposits 17 Km
2
 

Area covered by landslide 

scarps    4 Km
2
 

 

4.5 METHODOLOGY 

Figure 4-2 depicts the key stages and steps in the workflow to evaluate the 

landslide hazard mapping methodology, which consists of four primary stages: 1) 

Prepare, 2) Analyze, 3) Produce, and 4) Validate.  ArcGIS 10.1 
®
 was used for data 

generation and susceptibility map creation. 
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Figure 4-2 The outline of the entire process. 1) Prepare (represents primary stage 

of data preparation) 2Analyze (shows the processing of statistical techniques) 3 

Produce and Validate (indicate the application stage of the weights to generate 

the output maps and 

  PREPARE 4.5.1

4.5.1.1 Landslide conditioning factors 

Several factors have been considered in landslide predictive mapping.  Based 

on previous literature, landslide influential factors can be grouped in to two categories, 

namely intrinsic and predisposing factors. Intrinsic factors are slope, aspect, 

hydrological characteristics, and geologic conditions etc. and extrinsic factors are 

precipitation, earthquakes, and human activities (Ardizzone et al. 2013; Guzzetti 2000; 

Guzzetti et al. 2005; Lee et al. 2004; Raia et al. 2011; Santangelo et al. 2012). 

Numerous studies have recorded the importance of slope, elevation, aspect, flow 

direction of water, Normalized difference vegetative index, stream power index, 
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topographic wetness index, distance from streams, and distance from roads 

(Althuwaynee et al. 2014; Hewitt 1998; Nampak et al. 2014; Noguchi et al. 1999; 

Pradhan et al. 2014; Sidle 1984; Van Westen et al. 1997).  

These influential factors are commonly considered among landslide 

researchers. Extensive work is involved in the preparation of these conditioning 

factors before using them for landslide mapping. Collection, preprocessing, post 

processing, field validations are a common protocol adopted in generation of the 

datasets used in landslide mapping. Collection of datasets is also dependent on the 

accessibility to the area and weather conditions. Preparation involves in human input 

in GIS software which involves digitization and data entry. The errors induced while 

creating vector files propagate throughout the analysis and are reflected in the output 

as well (Ardizzone et al. 1999; Ardizzone et al. 2002; Booth et al. 2009). Hence, 

possible intrinsic factors and extrinsic factors are derived from LiDAR bare earth 

models and applied in the six statistical techniques mentioned above. Table 4-2 shows 

the conditioning factors derived from LiDAR grids followed with a discussions of 

each parameter. The rasters for each conditioning factor used in the study is 

constructed in GIS for landslide susceptibility mapping from the DEM at 10 m 

resolution. Figure  4-2 shows the landslide conditioning factors used in the study. 
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Table 4-2 Parameters derived from LiDAR bare earth model used in this study 

and its significance in landslide mapping (modified from Gorsevski et al. (2000)) 

Conditioning factor Significance 

Slope subsurface velocity, run off flow rate, 

geomorphology 

Elevation climate and vegetation 

Slope roughness erosion and deposition rate 

Terrain roughness convergence and divergence of flow 

SPI sediment yield and concentration time 

CTI run off velocity 
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Figure 4-3 Thematic maps used in this study.  These landslide  conditioning 

factors are derived from LiDAR 10 m bare earth models. SPI  stands for stream 

power index and CTI stands for compound topographic index 
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Details about the landslide conditioning factors derived from LiDAR base 

earth models are described below: 

1. Slope: Many published works have documented that slope is the most 

important factor to consider in landslide susceptibility mapping 

(Jaboyedoff et al. 2012; Khazai and Sitar 2000; Mowen et al. 2003; 

Noguchi et al. 1999; Sharifi-Mood et al. 2013).  In this study, the slope 

map was derived from a LiDAR bare earth elevation model. Slope is 

calculated by the maximum rate of change between each pixel or cell in the 

elevation dataset and its neighbors (ESRI 2011). Slope values ranged 

between 0 and 80 degrees for the study area. 

2. Slope roughness:  Slope roughness is computed as the standard deviation 

of the slope within neighboring cells. Changes in gradient favor rainfall 

infiltration and is the primary reason to consider slope roughness as a 

conditioning factor (Baeza et al. 2010; Fernández et al. 2003). For the 

study area, the values of elevation range between 49 and 600 (m).  

3. Elevation: Several researchers have proved that there is a strong correlation 

between landslide distribution and terrain characteristics (Carrara et al. 

1995; Chen et al. 2006; Chen et al. 2013; Pourghasemi et al. 2013; Pradhan 

2013; Yu et al. 2006). 

4. Terrain roughness:  Computed as the standard deviation of elevations of 

neighboring cells. This factor helps in understanding distribution of 

landslides based on roughness and smoothness of a terrain.  
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5. Stream power index (SPI): Indicates the erodibility of the stream and is 

computed using equation 4-1 (Santacana et al. 2003) . 

  

(radians)

AsSPI ln
S

        4-1 

Where, sA  is the local upslope contributing area/cell and S (radians) is the 

 computed slope at that cell. 

6. Compound topographic index (CTI): Represents the flow accumulation 

values down the slope.  CTI is computed using equation 4- 2:  

2

tan

AsCTI ln
S


         4-2 

 Where the local upslope is denoted sA , S (radians) is the slope at that particular 

 cell and 2 is the cell size. 

4.5.1.2  TRAINING AND TEST SAMPLES 

In order to produce landslide susceptibility maps using bivariate, multivariate 

and soft computing techniques, landslide training and testing samples are needed 

(Pradhan 2010; Yalcin et al. 2011; Zare et al. 2012). Although there is no defined 

protocol defining the number of training and test samples needed for such models, 

recommendations suggest having 80% of the sample account for training and the 

remainder for validation testing (Basheer and Hajmeer 2000).  The training and 

validation samples should be independent of each other to be effective for predictive 
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mapping techniques (Yilmaz et al. 2012; Yilmaz et al. 2013).  Guzzetti et al. (2012) 

documented that samples which did not take part in the training of the methods be 

used for predictive mapping. So, in this current study, training samples were generated 

from landslide deposit polygons and validation samples were generated from scrap 

flanks polygons.  These training samples from SLIDO (Burns et al. 2008; Burns et al. 

2012) are organized in the geodatabase as vector point features. 

In the inventory database for the study area, there are 344 landslide deposits 

encompassing a total area of 20 km
2
. Individual deposits range from 0.006 km

2
 to 0.9 

km
2
, with a mean area 0.05 km

2
 Landslide deposit polygons smaller than the mean 

area were represented with two point samples and polygons larger than the mean area 

were represented with 18 points per polygon. In total, 1720 training points were 

generated to represent the landslides. Table 2 describes the components of landslide 

inventory used in the current study. More than 87% of the total landslide deposits 

encountered complex movement type.  

Figure 4-3 shows the extent of landslide deposits and the scarp flanks along 

with the training and test samples used for the study. The validation samples were 

generated from the scarp flanks, which encompassed 4 km
2
. Individual scarp flanks 

ranged from 0.002 and 0.16 km
2
, with a mean area of 0.01 km

2
.  Because the range of 

areas is relatively small compared to the landslide deposits, each flank was represented 

with 3 point features, resulting in 837 validation samples.  
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Figure 4-4 Landslide inventory deposits and scarp flanks. Training  samples 

indicate the location of deposits and training samples indicate the  location of 

scarp flanks 

 

 ANALYZE 4.5.2

The following techniques were applied individually to generate a series of 

susceptibility maps.   

I. Frequency Ratio (FR)  

In order to compute the frequency ratio weights, the area ratio for landslide 

occurring points was identified for the class of each conditioning factor considered in 

the current study. The landslide inventory deposits polygons were converted in to a 
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raster file format and overlaid with the conditioning factors. The area ratio for the 

class of each factor to the total area was obtained. The frequency ratio weights can be 

obtained by dividing landslide occurrence ratio in a particular class to the area ratio in 

that class. Table 4-4 presents an example for calculated weights for the frequency ratio 

for the slope factor. A final susceptibility map can be produced by summing up each 

factor`s weights in a GIS domain using equation 4-3. FR weights greater than one 

indicates higher correlation of that class in triggering landslides. 

...
1 2 3

LSM FR FR FR FRwnw w w
             4-3               

Table 4-3 Frequency ratio values of slope  

 

 

 

 

 

 

 

 

 

Bins 

No of 

landslide 

points in 

the class 

Percentage 

of 

landslide 

points 

No of 

total 

points 

in the 

class 

Percentage 

of total 

points 

FR value 

0-3 908 0.46 226558 15.58 0.03 

3-6 5836 2.96 124580 8.57 0.35 

6-9 5125 2.60 73568 5.06 0.51 

9-12 5470 2.77 57139 3.93 0.71 

12-15 6024 3.05 52336 3.60 0.85 

15-18 7098 3.60 55158 3.79 0.95 

18-21 8682 4.40 59202 4.07 1.08 

21-24 10221 5.18 62701 4.31 1.20 

24-27 11696 5.93 64241 4.42 1.34 

27-30 13071 6.62 64194 4.41 1.50 

30-33 13466 6.82 62582 4.30 1.59 

33-36 13615 6.90 61157 4.21 1.64 

36-39 13543 6.86 58558 4.03 1.70 

39-42 13680 6.93 56479 3.88 1.78 

42-45 13317 6.75 54881 3.77 1.79 

45-48 12667 6.42 53780 3.70 1.74 

51-54 9943 5.04 50004 3.44 1.47 

54-57 8055 4.08 45953 3.16 1.29 

57-60 5941 3.01 40971 2.82 1.07 
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II.  Weights of Evidence method (WofE)  

In this current study, WofE was performed by overlaying each landslide pixel 

with each of the condition factor classes. Positive and negative weights of each 

landslide pixel in each class of the factor to the total area of points in that class of the 

factor are computed using equations 4-4 and 4-5(Akgun 2012).  

( )

ln

( )

B
P

DW
B

P
D

                 4-4 

( )

ln

( )

B
P

DW
B

P
D

           4-5 

Where P denotes the probability of occurrence of an event (e.g. landslides), B and B

are the presence and absence of the conditioning factors respectively. D and D  are the 

presence and absence of a landslide. The difference between these two weights is 

contrast, C, which represents the overall weight showing the spatial association of 

landslide and its conditioning factors. The landslide susceptibility map is calculated 

using equation 4-6, where Fc represents the contrast of each conditioning factor.  

n

i

i

LSM C           4-6
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where iC represents the contrast value of each conditioning factor and n defining the 

number of conditioning factors used. 

The complete analysis was performed in a GIS domain. An example for the 

weights is shown for slope map in Table 4-5. Positive correlation between the class of 

each conditioning factor and landslide is noted with positive C, while negative 

correlation is shown with negative C. For example, in Table 4-5, classes from 20 

degrees to 51 degrees in slope are noted with a positive sign, which shows a positive 

correlation of these classes with landslides. The value of these classes represents the 

strength of their contribution to landslides. Likewise, elevation values above 350 to 

450m show higher contribution to landslide occurrence. However, values above 450m 

show a negative correlation with landslides. Slope roughness shows a higher strength 

of correlation after 0 to 8 degrees but shows a negative trend after that. SPI 

demonstrates a positive correlation from 0 to 12 which decreases in values after that. 

CTI and terrain roughness show negative correlation for landslide from the minimum 

values itself. The weights from all the conditioning factors were normalized and 

summed in the raster calculator to generate the final LSM map.  
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Table 4-4 Example of weights of evidence values for slope map. Values in the 

column “C” represent the slope sections which are highly vulnerable  to 

landslides 

Class 
Number of 

pixels 
W+ W- C 

 0-3 908 -3.66 0.19 -3.86 

3-6 5836 -1.16 0.07 -1.23 

6-9 5125 -0.74 0.03 -0.77 

9-12 5470 -0.39 0.01 -0.41 

12-15 6024 -0.19 0.01 -0.19 

15-18 7098 -0.06 0.00 -0.06 

18-21 8682 0.09 0.00 0.09 

21-24 10221 0.22 -0.01 0.23 

24-27 11696 0.35 -0.02 0.37 

27-30 13071 0.49 -0.03 0.51 

30-33 13466 0.56 -0.03 0.59 

33-36 13615 0.60 -0.03 0.63 

36-39 13543 0.65 -0.03 0.68 

39-42 13680 0.71 -0.04 0.75 

42-45 13317 0.71 -0.04 0.75 

45-48 12667 0.67 -0.03 0.71 

48-51 11639 0.60 -0.03 0.62 

51-54 9943 0.46 -0.02 0.48 

54-57 8055 0.30 -0.01 0.31 

57-60 5941 0.08 0.00 0.08 

 

III. Logistic regression (LR) 

In this current study, the dependent variable is the dichotomous indicating 

presence and absence of landslide. The independent variables are continuous in nature. 

LR can be expressed with the logistic function presented in equation 4-7            

-z

1

(1 e )
P 


           4-7  
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where P is the probability of landslide occurrence which varies between 0 and 1. Z is 

defined with the linear equation (4-8), which is obtained through a logistic regression. 

...
0 1 1 2 2

z X X Xn n                                                                                  4-8               

   

 where 0  represents the coefficient of the model, and 1 , 2 ,… n n represents the 

partial regression coefficients. 1X , 2X ... nX  represent the independent variables used 

in the study. The regression parameter indicates the relative contribution of each 

independent variable towards the event happening (In this context, the event is 

considered as landslide). 

The logistic regression was performed using Stat Tools 
®
, using landslide and 

non-landslide samples that were populated with its corresponding independent 

variable values in a GIS domain. The coefficients obtained from the Stat Tools were 

used in a GIS domain to produce the final susceptibility map. From the analysis of LR, 

it can be observed that slope, elevation, slope roughness, and SPI have a significant 

role in the landslide hazard area. This can be observed from the sign of the coefficients 

in the landslide. Also, slope has the highest coefficient compared to the other factors, 

followed by slope roughness, SPI and elevation. The factor grids were normalized 

between 0 and 1 and the weights were applied on these grids to generate final 

landslide susceptibility map using equation 4-9. 
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1.34 0.1373 0.0006

0.0854 0.0029

(0.615 ) (0.434 )

z slope elevation

slope roughness SPI

CTI terrain roughness

      

   

  

     4-9

  

IV. Discriminant Analysis (DA) 

In a GIS domain, dichotomous points are selected representing landslide and 

non-landslide events. The values from the independent factors corresponding spatial 

location of the dichotomous points are used to obtain DA coefficients. DA optimizes a 

linear combination of the independent variables and the coefficients of each 

independent variable can be used in the GIS domain using the equation 4-10 to 

produce the final susceptibility map (Baeza and Corominas 2001).  

...
1 1 2 2

z a C X C X C Xn n                      4-10

   

 Where Z represents the DA score which predicts the membership of the group and “a” 

represents strength of the entire model. 

In the present study, landslide points were generated from deposits from 

landslide inventory polygons. Each cell identified each known landslide. Equal 

numbers of points were used to represent non landslide areas in the study section. The 

data base was merged and populated with its corresponding values from the landslide 

conditioning factors used in this study, such as slope, elevation, slope roughness, 

terrain roughness, SPI and CTI. Stat Tools
 ®

 was used to compute the coefficients of 

the model to produce landslide susceptibility map. The success rate curve are plotted 
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parallel to identify the model`s ability to identify the given input samples in to its 

actual group. The model with highest success rate was chosen and its coefficients were 

given as inputs for the unidentified units for the rest of the study area. This process is 

carried out in GIS domain to produce the final susceptibility map. 

V. Artificial Neural Network (ANN) 

In the current study, the ANN technique has three layers, namely the input 

layer which represents the presence and absence of landslides, hidden layers which 

represent conditioning factor values and an output layer. The back propagation 

algorithm employed in this technique enabled training by determining the weights of 

each factor. The trained model was then used for classification of the test data, which 

was omitted during training of the model. Weights are primarily determined by 

modifying the number of hidden nodes and the learning rate between the input and 

hidden layer, and between hidden and output layer. Rapid miner studio 
®
 was used to 

run neural network modeling by importing the data from a GIS domain for landslide 

and non-landslide samples. All the independent factors were used in the model for 

analysis. Table 4-6 explains the attributes used in the model. When the RMSE goal 

was not met, the model was set to terminate at 6000 epochs. The final weights are 

computed from the trained network with the highest accuracy normalized before 

applying in GIS domain to produce the final susceptibility map. Figure 4-4 shows the 

workflow of neural network implementation in the current study. 

 



Page 121 

 

Table 4-5 Attributes used in ANN model 

Properties Values 

Learning rate 0.01 

Initial weights Random (between 0.1 and 

0.9) 

Number of epochs 6000 

RMSE 0.01 

 

 

Figure 4-5 Flowchart describing the process of ANN employed in the  current 

study. 

VI. Support Vector Machine (SVM) 

Yao et al. (2008) documented that two class SVM methods produce higher 

accurate susceptibility maps compared to the other classes. Hence, for the current 

study two class SVM methods was adopted. Xu et al. (2012)  reported that choosing of 

the kernel function is very important in SVM method. Four modeling functions are 
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linear, polynomial, radial and sigmoid. Table 4-7, show the parameters required for 

each kernel type. Detailed explanation of these kernel types can be found in many 

published research works. (Ballabio and Sterlacchini 2012; Li and Kong 2013; 

Marjanović et al. 2011; Pradhan 2013; San 2014; Tehrany et al. 2014; Xu et al. 2012; 

Yao et al. 2013; Yilmaz 2010).  

A complexity constant, C is used to set the tolerance of misclassification and is 

defined for all type of Kernels. Higher C allows softer boundaries (over- 

generalization) and lower values of C create harder boundaries (over-fitting) 

(Pourghasemi et al. 2013; Pradhan 2013). Table 4-7 describes the application of SVM 

kernels in the current study. 

Table 4-6 Variable functions used in support vector machine algorithm (modified 

from Pradhan, 2000) 

 

 

 

 

Based on aforementioned research, each kernel has different impacts on the accuracy 

of landslide susceptibility map. Hence, the current study strived to identify the suitable 

kernel for LiDAR derived DEMs and the landslide conditioning factors. FR values 

from the bivariate analysis were also combined with radial basis function kernel which 

Name of the 

Kernel 

Equation Variables 

Linear ( , ) .T

i j i jK x x x x   

,r and denote 

parameters of 

kernel functions.  

Polynomial ( , ) ( . . ) , 0T d

i j i jK x x x x r      

Radial basis 

function 

2( . )
( , ) , 0i jx x

i jK x x e





    

Sigmoid ( , ) tanh( . . )T

i j i jK x x x x r    
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is a novel ensemble method. Rapid miner studio platform was used to perform SVM 

operations and cross validation function was used to find the optimal kernel 

parameters as explained in the Table 4-8. To begin, ranges were defined for each 

kernel before running the model. Training data sets from the landslide deposits were 

used for training and test data from scarp flanks were used for cross validation.  The 

values from FR for each factor were normalized and reclassified for each independent 

landslide factor to be used as input for the SVM method. Five different output values 

were analyzed for the prediction rate and the output with the highest prediction value 

of was used for final susceptibility map. 

Table 4-7 Properties used in the SVM model 

Parameters Values 

Kernel type Radial basis function 

γ   0.3 

C 10 

Convergence epsilon 0.001 

Max iterations 100000 

 

In a landslide application, consider a set of training samples with instance label 

pairs ,i ix y  with , {1, 1}n

i ix R y    and 1,..., .i m , with x  is a vector in the input 

section that encompasses other independent variables. The presence and absence of 

landslide points are denoted by {1, 1}  in the input space. The two core concepts of 

SVM are:    
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 Distinguish the landslide and non-landslide points by developing an optimum 

separating hyper plane. 

 Use of Kernel functions to convert original nonlinear data on to linear 

separable datasets (Yao et al. 2013). 

 Yao et al. (2013) described two class SVM method as with the equation 4-11 

is used for separating hyper plane in a linear separable data with maximum gap. 

Mathematically, the orientation of the hyper plane in the feature space is represented 

by w, a coefficient vector. The offset of the hyper plane from the origin is denoted by 

b. Lagrangian multipliers are used to determine an optimal hyper plane using equation 

4-11 and is subject to the constraints mentioned in equation 4-12. 

( (
1 2|| || ) 1)
2 1

y w
n

L w
i

x bi i i    


                    4-11

( ) 1y w x b
i i

                          4-12  

Positive slack of the variables are used to for non-separable cases and is denoted by 1

(Cortes and Vapnik 1995) in equation 4- 13 

( ) 1
1

y w x b
i i

                      4-13 

Hence, for a non-separable case, equation 4-14 can be modified as  

1 12|| ||
12 1

n
L w

n i



  


                  4-14
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Where  (0, 1) accounts for misclassification (Cortes and Vapnik 1995; LaConte et al. 

2005; Schölkopf 2000).  

 

Figure 4-6 Flowchart describing the kernels used in the current study. Derivation 

of the weights from FR technique and applying it in RBF is also shown in the 

Figure which is used to develop the final output map using SVM technique 

 PRODUCE 4.5.3

Each technique resulted in a raster dataset stored in the geodatabase.  The 

landslide susceptibility maps from the six techniques were reclassified in to very low, 

low, medium, high and very high zones based on a natural break classification 

method. Figure 4-6 shows the landslide susceptibility maps produced from six 

statistical techniques. The test samples from scarp flanks are over laid on the output 

maps to visually understand the distribution of landslide samples on the hazard zones. 
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Figure 4-7 Landslide susceptibility maps by six statistical techniques. Test 

samples derived from scarp flanks are overlaid on the output files. This visual 

interpretation helps to see the test samples falling under high  hazard zones in 

the models.   

 VALIDATE 4.5.4

In order to evaluate compare the mapping methods, several validation 

techniques were implemented including: 1) receiver operating characteristic (ROC), 2) 

Area Under Curve (AUC), and 3) a histogram analysis.  
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4.5.4.1 The Receiver Operating Characteristic (ROC) 

The Receiver Operating Characteristic (ROC) describes the true positive and 

false positive proportion along with the quality of the deterministic and probabilistic 

methods (Swets, 1988). A ROC curve is shown with sensitivity and specificity values. 

Sensitivity is the proportion of landslide points correctly classified as susceptible 

areas. Specificity is the proportion of non-landslide points correctly classified as 

landslide free zones. ROC can be constructed using training samples or test samples. 

Training samples are used to identify the model of fit and test samples are used for 

prediction skill of the model (Van Den Eeckhaut et al. 2009).  In this current study, 

ROC was calculated for validation samples to determine the prediction rate. For a 

model to classify the landslide and non-landslide samples correctly, the proportion of 

true positives should be higher than the proportion of false positives.  

TN
Specificity =1-

TN+FP

TN
Sensitivity

TP+FN


                   4-15

  

4.5.4.2 Area under curve (AUC) 

The area under curve (AUC) is a quantitative measure of the model 

performance and can be computed from the ROC tests to understand the ability of the 

model.  AUC ranges between 0 and 1, Swets (1988) considers a model with AUC 

value greater than 0.90 as a highly accurate classification model and value below 0.5 

or closer to 0.5 indicate poor classification. The higher the AUC, the higher the 
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accuracy of the model (Althuwaynee et al. 2014; Pourghasemi et al. 2012; Pradhan 

2013; Pradhan et al. 2014; Yalcin et al. 2011). Reliability and accuracy of the models 

were validated using the test sample which did not take part in the numerical 

calculations.  

4.5.4.3 Histogram Analysis 

A histogram analysis was done using the test samples which were generated 

from the scarp flanks. The equivalent numbers of non-landslide samples were 

generated from undisturbed morphological study sections. Values from the output 

susceptibility maps were extracted on the spatial location of landslide and non-

landslide samples, which was then reclassified in to five bins.  

4.6 RESULTS  

The landslide susceptibility maps from six techniques were reclassified in to 

very low, low, medium, high and very high zones based on natural breaks method 

(Figure 4-6). The validation results for each mapping method are presented below. 

 ROC 4.6.1

Figure 4-7 shows the ROC plot with false positive rate on the x axis and true 

positive rate on the y axis.  The plots clearly indicate that classification of the 

techniques used in this study is above 0.5. This shows the ability of the output maps 

from these techniques for predictive mapping. 
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Figure 4-8 Area under the curve (AUC) for the landslide susceptibility maps by 

all six models - prediction rate graphs. The numbers corresponding to the models 

are shown in the right side of the figure along with ROC values. 

 AUC 4.6.2

Figure 4-8 and Table 4-9 indicate that all the six models used in the current 

study have a reasonably good accuracy in predictive mapping using high resolution 

DEM derivatives. 
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Table 4-8 Computed AUC values for predictive mapping for statistical 

techniques used in this study 

Number Modeling techniques AUC values 

1 Frequency ratio 0.79 

2 Weights of Evidence 0.84 

3 Logistic regression 0.77 

4 Discriminant analysis 0.80 

5 Artificial neural network 0.72 

6 Support vector machine (FR+RBF) 0.89 

 

 HISTOGRAM ANALYSIS  4.6.3

From Figure 4-9, it can be seen that ANN technique has classified landslide 

samples in stable zones unlike the other methods where these samples are minimum in 

number. The ROC values from the success rate validation also indicate the relatively 

lesser classification strength of ANN.  
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Figure 4-9 Histogram exhibiting distribution of landslide and non- landslide 

points in various methods 
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 VISUAL ANALYSIS 4.6.4

Visual analysis also indicates unstable zones represented from scarp test 

samples are classified as stable zones in ANN method. The area of the scarp polygons 

in the study area is 4 km
2
. FR, WofE, LR, DA and SVM identified more than 3.5 km

2
 

of scarp as high hazard zones where as ANN method picked up only 2 km
2
 of scarps 

as high hazard. 

4.7 DISCUSSION 

 Based on the weights obtained from the all the methods, slope was identified 

as the most influential factor in the current study. The FR method helps in 

understanding the contribution of each class in a factor to landslides. Slopes ranging 

from 21 to 60 degrees were found to contribute relatively higher to landslide density. 

Evaluating the individual FR values of each factor indicates that slope has the higher 

contribution for landslide in the study area, followed by elevation and SPI.  The WofE 

method allows statistical criteria to understand the relationship between the 

conditioning factors and landslides. It helps to understand the strong predictive 

features using the C value as shown in the Table 4-5.  Based on the C value, slope 

ranging from 20 to 60 degrees represented maximum susceptibility based on landslide 

inventory, similar to what was found for frequency ratio. The first group of SPI had 

the highest value of C, while the last group of SPI had the lowest value of C.  

Bivariate analysis showed that landslides are prevalent irrespective of steepness of the 

slope in the study area. 



Page 133 

 

The weights from LR and DA also indicated that slope has a strong correlation 

with landslide occurrences. These two methods, not only help in understanding the 

correlation of the parameters and landslide occurrences, but also in identifying the 

statistically significant parameters. All six parameters used in this study were found to 

be statistically significant, which points towards a notable contribution of all the six 

factors for the performance of the model. 

 In soft computing techniques, ANN and SVM were used for landslide 

susceptibility mapping. In SVM method, the details of other factors like SPI and CTI 

can be seen in the output map. The details of the features involved in the grids in 

landslide modeling are captured in SVM outputs. This will help in visual 

understanding of the spatial distribution of landslides. From the other models, the 

slope pattern and elevation can be seen. However, the involvement of other factors 

could only be seen in terms of numbers or graphs. In SVM technique, this shortage is 

solved which identifies the details on all the factors. This strength is attributed to the 

algorithm RBF and FR use to generate the output map.  

 From the histogram analysis (Figure 4-9), it is can be noted that ANN 

technique needs more ancillary datasets for susceptibility mapping. Except for ANN, 

all the models classified more than 75 % of the test samples in to high and very high 

zones. In terms of classification statistics (Figure 4-7), the outputs did not vary 

substantially between the methods, with the exception of ANN. However, significant 

visual differences can be observed.  Bivariate analysis helped in clear understanding of 
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the details of classes in each of the conditioning factors which was well reflected in 

the output maps as well. The multivariate output maps had the ability to highlight 

susceptible regions near the streams even in almost flat regions. The ANN technique 

produced a smooth output with limited details to delineate the hazard zones. Once 

again, it reflected the need of more ancillary data to train the model using ANN. AUC, 

a popular method to assess the efficiency of the output maps also indicated that ANN 

has the lower value in success and predictive mapping in this study.  

4.8 CONCLUSION 

The primary aim of this paper is to analyze powerful statistical techniques 

using only LiDAR derived topographic variables in predictive mapping. Most notably, 

the current research showed the advantage in terms of selection of fewer critical 

conditioning factors for landslide susceptibility mapping from a LiDAR DEM. The 

results were promising that LiDAR DEM and derivatives by themselves could be used 

effectively and reliably in landslide mapping using bivariate, multivariate, or soft 

computing techniques without requiring additional detailed datasets that may be 

difficult to obtain.  

With the exception of ANN, all techniques appeared to produce statistically 

similar and reliable results, despite some minor differences.  Using the study area in 

northwest Oregon, the SVM technique performed relatively well in susceptibility 

mapping compared to FR, WofE, LR, DA and ANN. The overall performance of ANN 

in landslide susceptibility mapping was low. The need of ancillary data to train the 
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datasets and to generate the weights is the reasons for the poor classification of 

landslide and non-landslide samples in ANN.  

However, it should be noted that all statistical techniques are sensitive to 

quality of the inventory dataset used for calibration, as well. The current study used a 

LiDAR derived inventory which is highly reliable and accurate, are believed to 

strengthen the results. Hence, it is highly recommended to use steadfast inventory 

when using fewer conditioning factors derived from LiDAR bare earth models.  

The information derived from this study can assist researchers, planners and 

government organization to use minimum conditioning factors for landslide 

susceptibility mapping with the applied statistical techniques. While the current study 

indicates that for the study area, use of a few conditioning factors from LiDAR can 

enable fast and reliable generation of susceptibility maps, it is recommended to use 

sufficient validation techniques in other locations before using it solely for disaster 

mitigation purposes.   
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5.1 ABSTRACT  

In western Oregon, landslides are widespread and account for major direct and 

indirect losses of over $10 million in a typical year. Of particular concern in Oregon is 

the impact of landslides on the few lifeline corridors connecting the Oregon coast with 

the Willamette Valley.  A variety of factors lead to landslides, which makes them 

difficult to analyze at a regional scale. Further, impending seismic hazards such as the 

Cascadia Subduction Zone can retrigger existing landslides and trigger additional 

landslides.  For this study, a state-wide landslide inventory map was statistically 

compared (using a multivariate, ordinary least squares approach) to various data 

sources, including combinations of topography (slope, aspect), lithology, vegetation 

indices (e.g. NDVI), rainfall, seismic sources (e.g., PGA, distance to fault), and land 

use to determine the relative contributions on each parameter on landslide potential in 

western Oregon.  The output map was reclassified into five levels of vulnerability 

(very low, low, medium, high, and very high). Results of the analysis showed that 

slope, precipitation, PGA and PGV were the strongest indicators of landslide 

susceptibility. The output maps were then validated against a set of landslides that 

were previously mapped by the Oregon Department of Geology and Mineral 

Industries (DOGAMI) using LiDAR, which showed that 92% of the previously 

delineated landslide areas by DOGAMI were classified in the high or very high 

vulnerability levels in the analysis maps. Further, a majority of the areas that have 

high or very high susceptibility are covered by forests (65,000Km
2
).  Finally, a fuzzy 

logic approach was implemented to create a lifeline corridor hazard map (as a GIS 
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layer) for integration into a statewide resilience plan, which indicates sections of 

transportation routes that are likely to be impacted by landslides.  This map can then 

be used in planning and emergency response efforts by various state agencies.         

5.2 INTRODUCTION 

Coastal communities in Oregon are highly dependent on only a few lifeline 

highway and utility corridors which periodically route across the coast range, 

connecting them with the cities in the Willamette Valley and the Interstate 5 lifeline 

corridor. Unfortunately, these routes are constantly threatened by landslides, which 

can damage the roadway, block traffic, and threaten life safety. Understanding how 

landslides can impact these routes is important for planning, preparation, and 

resilience purposes. To this end, we analyzed the contribution of numerous factors to 

landslide triggering by using multiple linear regression analysis. During the analysis, 

factors were evaluated for their level of correlation with previously mapped landslides 

by developing automated, batch processing tools in a Geographic Information System 

(GIS) domain.  Several factors were evaluated from: (1) vector datasets, such as 

highway locations, faults, folds, geology/lithology, streams, and land use; and (2) 

raster datasets, such as slope, aspect, slope roughness, terrain (elevation) roughness, 

peak ground acceleration (PGA) and peak ground velocity (PGV) from a Cascadia 

subduction zone scenario earthquake, and annual precipitation averaged over the past 

30 years.   
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Afterwards, a single regression equation to estimate the probability of a 

landslide triggering in the study area was selected from several models created from 

factors identified as most influential to predicting previously mapped landslides in the 

coastal region of Oregon.  Factors in this equation are slope, PGA and PGV from a 

Cascadia subduction zone scenario earthquake, and precipitation.  The influence of 

other factors was generally minimal, in comparison; hence, they were left out of the 

final equation.  The new equation was then applied to generate probabilistic landslide 

triggering maps of the study area.   

Given the wide variety of parameters, data accuracies, and variability across 

the study area, we used several techniques to validate the map, including a validity 

index, which compares the percentage area of occurrence of landslides from the 

inventory maps derived from LiDAR data with the susceptibility map.  

Finally, using tools in GIS, raster data from the maps were generalized along 

lifeline corridors to improve visualization of the potential landslide hazard. To provide 

context to the potential impact of the landslide on the highway, the “fuzzy AND” 

technique was used to classify each pixel on the basis of its relative position to the 

highway and within the susceptibility map.  
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5.3 PURPOSE 

The principal objectives of this analysis were to: 

 Compile the available geospatial data for landslide studies in to a Geographic 

Information System (GIS) in order to identify vulnerable lifeline routes. 

 Analyze the influence of different factors contributing to the landslide hazard 

using multivariate techniques. 

 Create automated tools for efficiency such that maps can be easily updated 

when improved data becomes available. 

 Provide a series of probabilistic landslide triggering maps for the study area.   

 Support transportation professionals by depicting the landslide hazard from the 

maps along critical transportation routes and corridors. 

5.4 BACKGROUND 

Knowledge of the geographic and geologic conditions of the study area is 

necessary to understand the instability factors responsible for landslides. This study 

uses instability factors including locations of faults, folds, geology/lithology, stream 

proximity, land use, slope, aspect, slope roughness, terrain (elevation) roughness, 

precipitation, and peak ground acceleration  ( PGA) and peak ground velocity (PGV) 

from a Cascadia scenario event (Madin and Burns, 2013). Landslide inventory maps 

including the Statewide Landslide Inventory Database for Oregon (SLIDO; Burns and 

others, 2011) and the ODOT unstable slopes databases (unpublished database obtained 

in 2011) were incorporated as both training and validation datasets. Although there are 
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many ways to map susceptible zones, this study has adopted a multivariate approach, 

which is a type of indirect quantitative method, to effectively use the available 

parameters for regional mapping and to analyze their relative contributions.  It should 

be noted that each of the data layers used in the multivariate analysis have variable 

levels of accuracy, resolution, consistency, and completeness.  Sometimes, these 

factors may also vary widely within a single layer. Hence, there may be regional 

variations in the multivariate analysis resulting from data quality issues. 

Quantifying the landslide susceptibility of highway routes with limited 

information has always been a challenge for agencies which directly or indirectly 

work for the safety of the community (Aleotti and Chowdhury 1999). Generally, there 

are multiple methods used to map the vulnerable routes based on zoning of the 

susceptible regions. The primary goal is to evaluate the relative contribution of 

numerous available factors, including: locations of faults, folds, geology/lithology, 

proximity to streams, land use, vegetation, slope, aspect, slope roughness, terrain 

roughness, precipitation, and peak ground acceleration (PGA) and peak ground 

velocity (PGV) from a Cascadia subduction zone scenario earthquake (OSSPAC, 

2013). Using ordinary least squares (OLS) regression analysis, these multiple factors 

were analyzed as predictor variables of previously mapped landslides from existing 

landslide inventory maps, including the Statewide Landslide Inventory Database of 

Oregon (SLIDO) from the Oregon Department of Geology and Mineral Industries 

(DOGAMI) and the Oregon DOT Unstable Slopes databases. Afterwards, an empirical 

model can be developed using the best predictor variables to predict and map the 
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probability of the triggering of  landslides in susceptible areas (Van Westen 1993). 

The resulting mapped probabilities can then be classified into different categories from 

very low, low, medium, high and very high.  As discussed in Chapter 3, there are 

multiple approaches to map landslide susceptible zones Table 5-1 summarizes 

common approaches. 

Table 5-1  Summary of common techniques for landslide susceptibility analysis 

and mapping (modified from (Roa-Loba, 2007) 

 

A disadvantage to the direct method is that it requires expert opinion about the 

area of interest.  This can lead to unacceptable outputs and has shown problems in 

subjectivity of the weighting of parameters. It also is problematic for application 

across a very large study area where it can be difficult to have the appropriate depth of 

knowledge.  Deterministic methods determine safety factors of the variable over the 

study area using slope stability approaches. Hence, it is well suited for the areas where 

Types Approach Ideas Authors and Year

Heuristic approach landslide density factors DeGraff et al. (1988)

Geomorphic analysis  Geomorphology maps Leroy (1996)

map combinations Terrain maps reclassification van Western (1993)

Qualitative map combinations Multi Criteria Evaluation Roa (2007)

Statistical method
point based data with descriptive 

details

Yang et al. (2007), 

Carrara et al. ( 1977)

Susceptibility mapping Yin and Yan (1988)

Weight of evidence modelling Bonham- Carter (1994)

Likelihood ratio Carrara et al. (1978)

Information value approach Chung and Fabbri (1999)

Ordinary least squares Gorsevski et al. (2000)

Discriminant function analysis Lee et al. ( 2008)

Artificial neural network Aleotti et al. (1996)

Deterministic 

method Static, pseudo static and dymanic 

conditions

Integration of geotecnical and 

geometrcial data to ascertain 

stability conditions

Bishop(1956), 

Newmark(1965), 

Sarma (1979),

Multivariate approach

Indirect method

Direct method

Bivariate method
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fundamental properties are homogenous. However, two main drawbacks of this 

method is the data availability is prohibitive and over simplification of the data when 

it is incomplete (Turner and Schuster 1996; Yilmaz 2009). The indirect or statistical 

techniques, in contrast, tend to overcome the deficits to certain extent, but still require 

large amounts of systematic data to give steadfast results. Often, this method uses 

sample data, and generates its relationship with the parameters inducing the events, 

thereby helping to understand characteristics that contribute to the presence and 

absence of a landslide.  As such, this study has adopted the multivariate approach 

(logistic regression) which is a type of indirect quantitative method and is readily 

implement the available data for regional mapping.  

A wide spectrum of literature on approaches as well as strengths, and weakness 

of multivariate and other mapping techniques can be found in previous works (Carrara 

et al. 1990; Chung and Fabbri 2003; Guzzetti et al. 1999; Guzzetti et al. 2005). 

According to (Dai et al. 2001), the multivariate technique, a quantitative approach is 

wide spread for susceptibility analysis, which is applied and tested in many works 

(Carrara 1983; Guzzetti et al. 1999; Jibson et al. 2000; Lee 2008). The multivariate 

technique can be defined as a statistics method which involves simultaneous 

observation and investigation of more than one outcome variable (Zar and Breen 

1986). Multivariate techniques are both robust and flexible, which is important when 

working with a wide variety of data sources with varying quality (Lee and Min 2001; 

Lee and Sambath 2006)  However, as with any technique, results obtained with 
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multivariate techniques are dependent on the quality, quantity, and availability of the 

data.   

Logistic regression is a type of multivariate regression that is suited for a 

dichotomous dependent variable for the outcome (e.g., either there is a landslide, or 

there is not a landslide).  It is similar to ordinary least squares (OLS); however, OLS 

assumes a normal distribution and the dependent variable is continuous. The objective 

of OLS is minimize the sum of the square of errors; whereas, the objective of logistic 

regression is to maximize likelihood.  Both methods determine statistically significant 

parameters, perform diagnostics to verify assumptions and can provide a coefficient 

and standard error for each of the predictor variables.      

 DATA  5.4.1

The landslide hazard depends on many factors, which can be integrated into a 

GIS environment.  Chapter 5 provides additional details on these datasets and other 

datasets used for the entire project. For the analysis in this chapter, the following data 

were considered:  

 Slope gradient, slope roughness, terrain (elevation) roughness, and aspect data: 

derivatives of a digital elevation model (DEM) created by combining the U.S. 

Geological Survey National Elevation Dataset (USGS, 2013) with available 

LIDAR data (Oregon LIDAR Consortium, 2013), down sampled to a cell size 

resolution of 30 m (Gesch 2002; Gesch 2007)(Madin and Burns, 2013). 
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 Normalized Difference Vegetation Index (NDVI) map: generated from 

Landsat7 ETM + using the near-infrared and red bands (Huete et al. 2002); this 

resulted in indices varying from –0.8 to 0.7, indicating that the vegetation is 

dense in most parts of the study zone.  

 Landslide inventory data (SLIDO R2; Burns and others, 2011): over 30,000 

mapped landslides in Oregon. It should be noted that the parts of this database 

not mapped with LIDAR base maps may only capture as few as 12% of 

existing landslides. Additionally, the vast majority of those points represent 

relatively small debris flow or road cut/culvert failures that occurred during a 

few severe storms in 1996 and 1997, 

 Unstable slope data (ODOT, 2011).   

 30-year annual average precipitation data: obtained from Parameter-elevation 

Regressions on Independent Slopes Model (PRISM 2004) for the 

climatological period 1981-2011. As the entire study area received a similar 

level of high rainfall, this dataset did not correlate well with landslide locations 

within the study area. However, if a study were completed across the entire 

state of Oregon, this data would be vital to analyze.  

 PGA and PGV estimates: from magnitude 9.0 Cascadia earthquake scenario 

maps (Madin and Burns, 2013).  

 Lithology data from the Oregon Geologic Data Compilation (OGDC- V5; Ma 

and others, 2009).  Note that the scale, scope, accuracy, and purpose of the 

geologic maps in OGDC vary widely across the state. This dataset enabled 
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correlations of all of the other parameters to be developed within each 

lithological unit (Sharifi-mood et al. (2013). Given the large number of 

geologic units (thousands), it was not possible to develop correlations for each 

geologic unit. Hence, generalized lithology was used for the study.  

The following feature datasets, all accessible at the Oregon Geospatial Data 

Enterprise (GEO 2009) : 

 Highways plotted at 1:24,000 provided by Oregon DOT (2011), 

 Rivers and streams plotted at 1:100,000,   provided by WDFW, IDFG, and ODFW 

(2001), and  

 Faults and folds (OGDC- V5; Ma and others, 2009). 

 METHODOLOGY  5.4.2

With the landslide inventory data and several other data sets provided in a 

spatial domain, a multivariate approach is well-suited for this type of study (Lee et al. 

2008). Ordinary least squares (OLS) analysis, a type of multivariate discriminant 

analysis, is a flexible approach that can simultaneously analyze a variety of predictive 

variables (factors triggering landslides) without requiring them to be normally 

distributed (Lee and Sambath 2006). In this study, a hybrid approach was 

implemented where factors derived from an OLS analysis to predict a continuous 

variable Z, were incorporated into a logit function equation.  Pure logistic regression 

was conducted; however, OLS produced superior results. Following generation of a 
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logit function using coefficients from the OLS analysis, it is possible to classify 

landslide susceptibility into different categories: very low, low, medium, high, and 

very high (Guzzetti et al. 1999; Lee and Min 2001; Nandi and Shakoor 2010). The 

working procedure for landslide susceptibility mapping (LM) is illustrated in Figure 5-

1. The approach first considers the previously mapped landslide events (or landslide 

samples, LS) as well as generates samples in areas without landslides (non-landslide 

samples, NLS) for use in the analysis (Figure 5-2).   

 A defined protocol is needed to mark the occurrence and non-occurrence. 

Since this will have an impact in the  regression relation and accuracy of the estimates 

(Atkinson and Massari 1998). NLS points are taken from areas that are not mapped as 

landslides in SLIDO or the ODOT database within the study area. Given that many 

landslides were mapped as point features rather than as polygons delineating landslide 

extents, 2-km buffers were applied to both landslide points and landslide polygons. 

NLS points were chosen from areas outside the buffered areas to reduce the influence 

of landslides. The intent of this approach is to create a spatial database from which 

locations with and without landslides can be correlated to each of the aforementioned 

parameters to identify their contribution to the triggering of landslides. For example, it 

would be expected that the landslide samples should generally occur on steep slopes 

and that non-landslide samples should typically occur on shallower slopes.  However, 

given the wide variability of other contributing factors, there still are a significant 

amount of landslides that have occurred on relatively shallow slopes (Sharifi-Mood et 

al. 2013).   
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Figure 5-1. Work flow for automated map generation, validation, and  output 

lifeline route susceptibility to landslides. 

In this study, the sample set included a total of 42,000 point features (21,000 

LS and 21,000 NLS points), each occupying a pixel and given a dichotomous value of 

1 (LS) or 0 (NLS). Note that this is less than the total number found in the DOGAMI 

database because (1) the present study is for western Oregon only and (2) several 

(approximately 9,000) point landslide features fell within the polygons, so only the 

point features were used to avoid redundancy.   
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Figure 5-2.  Non-landslide sample points generation protocol. 

The independent variables from the other data sources were used as predictors 

(Yesilnacar and Topal 2005), and values for each of the variables were extracted or 

calculated at each LS and NLS location. This resulted in a Table consisting of the 

sample ID, corresponding dichotomous value (P = 0 or 1), slope, slope roughness, 

aspect, precipitation value, NDVI, PGA, PGV, and the various measured distances 

from the polyline features. The Table was then input into an OLS scripting module, 

which compared the values for each parameter with the dichotomous value to 

determine the contribution of each parameter to landslide susceptibility. This analysis 

was then placed in a probabilistic equation of the form:  

1

1 Z
P

e



                                  5-1 



Page 150 

 

Where: 0 1 1 2 2 n n B  B X B X ... B XZ      , the dependent or predicted variable 

(representing the dichotomous cases), and X1, X2..Xn are the independent variables 

(factors triggering landslides), B1, B2..Bn are the regression coefficients, and  B0 is an 

intercept for the model. 

This equation was then applied using a raster calculator operation in GIS to 

perform a stability analysis across the study area, resulting in a probability map of 

landslide susceptibility with a 30 m pixel size. A focal statistics operator in GIS was 

used to calculate the average probability across a 300 m × 300 m window to account 

for the potential for landslides in neighboring pixels. The resulting map is shown in 

Figure 5-3.  The raster was then clipped to a 1-km buffer from the highway, shown in 

Figure 5-4. Finally, to improve readability of the final map the probabilities (expressed 

as floating point values from 0 to 1.0) were reclassified into five bins: very low (0-

0.2), low (0.2-0.4), medium (0.4-0.6), high (0.6-0.8) and very high (0.8-1.0) (Irigaray 

et al. 2007; Jiménez-Perálvarez et al. 2009).  

In order to limit over prediction of landslide potential in flat areas (such as 

parts of the valley), that may experience high levels of ground motion, we used a filter 

similar to the focal relief filter in Burns et al. (2012); however, the filter has been 

adapted for the spatial scale and DEM resolution.  This filter limits the maximum 

value of landslide probability to 0.1 if the following conditions are met: 

 The pixel is not within 300 m of a SLIDO polygon, 
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 The elevation range is no more than 5 m within a 300m by 300m window, 

centered at the pixel, 

 The slope range is no more than 2 degrees within a 300m by 300m window, 

centered at the pixel, and 

 The slope at that pixel is less than 2 degrees.  

Note that these locations may still be susceptible to lateral spreading or other 

hazards. They also may be impacted by neighboring steep slopes.  Aside from a few 

coastal valleys, most of the area modified by this procedure was in the Willamette 

Valley that was already in the low bin.   

Because this study was focused on impact to highways, especially those routes 

designated as lifeline corridors (HILL 2012), a fuzzy overlay (“AND”) technique 

(ESRI 2011) was used to find locations along highways particularly vulnerable to 

landslides. The raster was clipped to a 1km buffer from the highway. To enable use by 

a variety of people, the final map was exported as a keyhole markup language (KML) 

file, which can be viewed within Google Earth or other software capable of reading 

KML.  

 RESULTS 5.4.3

Based on focus groups of factors to analyze (Table 5-2), s series of regression 

equations (Table 5-3) and maps were generated from combinations of the evaluated 
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factors. The map provided in this paper was generated using model D5, which showed 

the highest degree of accuracy in the validation process (discussed in the next section): 

3.6379 20.7068* 0.2023*

0.02862* * 0.01646*

Z PGA PGV

SLOPE PRECIPITATION

   

         5-2 

where slope is expressed in degrees, PGA is in percent of gravity, PGV is in 

centimeters per second, and precipitation is in centimeters per year. This model was 

determined to be statistically significant at the 0.05 level. Note that while all variables 

are positively correlated except PGA, this does not indicate that there is a negative 

correlation of PGA with landslide potential. Both PGA and PGV are correlated 

variables and, when considered jointly, they still produce a positive correlation.  

When PGA is considered without PGV or PGV without PGA, the models 

produced unsatisfactory results because they eliminated the contribution of slope. 

Addition of other factors tended to produce very similar results compared to this 

model and hardly improved predictions.  Hence, in favor of a simplistic model 

requiring fewer inputs without compromising reliability, these factors are considered 

extra and were eliminated from the model. 
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Table 5-2.  Focus of model groups analyzed.   

 

Model Primary factors analyzed 

A 
Individual topographic or geographical 

factor 

B Combination of factors 

C PGA with 2 % exceedance in 50 years 

D PGA and PGV from ORP 

E Precipitation 

F Erosion 
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Figure 5-3.  Landslide susceptibility map using multivariate techniques 

considering slope, PGA, PGV, and precipitation for a M9.0 CSZ scenario event.  



Page 156 

 

 

Figure 5-4.  Landslide susceptibility map (focused on highways) using 

multivariate techniques considering slope, PGA, PGV, and precipitation in a 

M9.0 CSZ scenario event.  
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 MODELS FOR AUTOMATIC MAPPING 5.4.4

To automate the generation of susceptibility maps and influence of parameters, 

tools were generated using the model builder® in ArcGIS.  Jimenez et al. (2009) 

developed similar models for landslide susceptibility analysis based on GIS matrix 

method and made available for the GIS users to develop landslide susceptibility maps. 

There are three models namely, “array,” “architect” and “authentication” placed inside 

a tool box called “Automatic mapping.tbx.” Each model requires the input of the data 

from the user and stores the output in the default database unless otherwise mentioned 

by the user.  

The “Array” module generates the distribution of LS and NLS samples in each 

raster dataset with the flexibility of deciding the bin sizes (e.g., 1 degree versus 5 

degrees for slope) by the user.   

The “Architect” module extracts values at each of the LS and NLS points from 

each of the raster datasets and performs the regression.  The output Table (Table 8-3) 

provides the coefficients for each variable which are fed in raster calculator, thus 

producing the potential map in the range between the probability values of 0 and 1.  

The “Authentication” module uses the subset of LS and NLS which did not 

participate in the calculation for purposes of validation. 
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5.5 VALIDATION: 

Validation of the hazard maps can be ascertained by two different techniques: 

(1) using the same data samples used to find the significant factors, and (2) using a 

different “training set” of data which was not employed in the process (Guzzetti et al. 

2005).  There are multiple methods which recommends the usage of the data for 

validation (Irigaray et al. 2007).  For example,  

 The primary historical dataset can be divided in to two groups: one of which 

could be used for analysis and another one for validation. 

 The study area can be divided in to two sectors: one part is where analysis is 

done and tested on the other part where landslide areas are known.  

 The landslide events with in certain time period are used for analysis and the 

remaining is reserved for validation 

 In this study, existing landslides delineated by LIDAR were used to check the 

accuracy of the output (Burns 2006; Lewis 2006). 

  HISTOGRAM ANALYSIS 5.5.1

The landslide susceptibility category at the location of each LS and NLS point 

from the maps created using each model was extracted. From this, histograms were 

generated to show the number of LS and NLS points inside each category bin. The 

histograms were based on the landslide samples used for the input in to regression 

model. Intuitively, a model that performs well will show a significant portion of the 
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landslides plotting in the higher susceptibility bins.  Conversely, a satisfactory model 

will also show a significant portion of the non-landslide points plotting in the lower 

susceptibility bins. Figure 5-5 provides examples of validation histograms for four of 

the models. This will determine the capacity of the model to discriminate the between 

the two groups.  

 

Figure 5-5:  Example histograms used for validation. 
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 MODIFIED VALIDATION INDEX 5.5.2

A common validation index (Dai and Lee 2002)(Dai and Lee 2002)(Dai and 

Lee 2002)(Dai and Lee 2002)(Dai and Lee 2002)(Dai and Lee 2002)(Dai and Lee 

2002)  is defined as the number of landslides falling under the category of high and 

very high divided by the total number of landslide samples. However, this approach 

does not consider the non-landslide sample and hence fails to answer for the overall 

fitness of the model. A second validation technique was completed to calculate the 

frequency ratio of landslide sample points occurring in the high and very high bins 

compared to the landslide samples occurring in the low to very low bins. The higher 

the frequency ratio, the better the model performed.  This determines the overall 

fitness of the model. The modified validation index is calculated as: 

# #

# #

H VH L VL
LS NLS

LS NLS
MVI C C

LS NLS

                                                                 5-3 

By calculating the correctly categorized landslides and non-landslides 

separately before combining into the MVI, one can see if a model is over predicting 

the hazard for the NLS samples or under predicting the hazard for the LS samples.  

The MVI was useful to distinguish between useful to distinguish the usefulness of 

parameters.  For example, Model A had the highest MVI of 0.31 and other models 

such as C and D, which included additional parameters, had similar MVIs of 0.30. 

Hence, they were insignificant to the model based on the currently available data.  

However, in the future with improved LIDAR mapping of landslides, one should 
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verify that this is still true.  Note that while many of the models properly categorized 

the landslide points, they failed to properly categorize the non-landslide points.   

Interestingly, the models incorporating the PGA and PGV from the ORP 

tended to perform better than those without those parameters and considering 

precipitation alone.  This may suggest that many of those landslides were triggered by 

earthquakes; however, a more detailed analysis would be required to confirm this.   

 AREA UNDER THE RECEIVER OPERATING CHARACTERISTIC CURVE (AUC) 5.5.3

A critical component of judging relative validity among models is the area 

under the receiver operating characteristic curve (AUC) which is calculated using the 

receiver operator characteristic curve which plots the percentage of predicted 

occurrences that match actual occurrence samples versus the percentage of predicted 

occurrences that do not match.  More specifically, The AUC compares the likelihood 

that the probability of landslide occurrence predicted by the model will be higher in a 

location shared by an actual landslide occurrence than a random location with no 

landslide occurrence (Convertino, 2013). The AUC of the selected model was 0.7, the 

highest of any of the models with seismic factors. 

 LANDSLIDE RATIO ANALYSIS 5.5.4

A third validation technique was completed to calculate the landslide ratio 

(ratio of landslide locations to non-landslide samples) in each hazard bin and ensure 

that a clear, increasing trend occurs with the landslide ratio with increasing hazard 
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bins. Further, a balanced model would balance such that the points would lie at the 

centroid of each bin.  The LR validation for the final model is shown in Figure 5.6. 

Note that for this model, the fit is good, except for the very low bin where the 

landslide ratio is relatively high. This indicates that the model underestimates the 

landslide hazard in that bin.   

 

Figure 5-6:  Landslide Ratio Validation for selected model. Ideally, each point 

would be in the centroid of each of the colored boxes.   

 LIDAR-DERIVED LANDSLIDE POLYGONS 5.5.5

In order to validate the model using sample sets that were not included in the 

regression analysis, LIDAR-derived landslide polygons (Burns et al. 2013)(Burns et 

al. 2013)(Burns et al. 2013)(Burns et al. 2013)(Burns et al. 2013)(Burns et al. 
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2013)(Burns et al. 2013) were used to check the accuracy of the map.  2,067 polygon 

features covering 82 sq. km were masked with the susceptibility map. Landslide 

polygons smaller than 0.1 km
2
. (300 m x 300 m) were excluded because they are 

smaller than the smoothing and other filters applied previously in the creation of the 

map. The resultant shapes were reclassified, and it was found that 58 of the 82 sq. km 

were classified under high and very high level of susceptibility, representing an 

accuracy of 70%. However, it should be noted that the landslides mapped using 

LIDAR could have been triggered by other factors than seismic activity.  Further, after 

a landslide occurs it will likely be in a more stable condition compared to its condition 

prior to the landslide. When visually validating the map with the LIDAR polygons, it 

was observed that many of the polygons that showed a lower-level of hazard were 

adjacent to areas with a higher hazard, suggesting that the landslide deposit would be 

more stable than the uphill scarp.  Thus, model is validated by checking the goodness 

of the fit and discrimination on a different set of dataset which was not included in the 

numerical calculation. 

5.6  DISCUSSION AND CONCLUSIONS 

The chronic, widespread nature of landslide movements within the state of 

Oregon is of extreme concern, particularly when land sliding is exacerbated by seismic 

activity. Although the landslide susceptibility maps in this study may be conservative, 

they agree well with recent LIDAR-based map analyses by DOGAMI (Burns et al., 

2013) (Burns et al. 2013) (Burns et al. 2013) (Burns et al. 2013) (Burns et al. 2013) 
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(Burns et al. 2013) (Burns et al. 2013) (Burns et al. 2013). LIDAR-based mapping, 

which can identify 3 to 200 times more landslides than other techniques and can 

accurately portray the spatial extents of existing landslides (Burns, 2007), has led to 

the discovery of many new landslides and shows the magnitude of this problem not 

only in the Coast Range but throughout the state. Continued LIDAR-based mapping 

will help overcome shortcomings of the current non-LIDAR-based landslide 

inventories. Replacing the non-LIDAR-based inventories used for the initial 

calculations in this study would improve quantification of the various parameters 

analyzed as well as improve selection of non-landslide points. In many cases, it is 

likely that the NLS points used in this study fall within locations that are actually 

landslides but have not yet been mapped.    

With the potential of Cascadia subduction zone and other seismic sources in 

Oregon to create large-magnitude earthquakes, which can result in additional 

landslides, it is essential to mitigate the potential for damage at vital structures, 

utilities, and lifeline corridors that fall within high and very high probability landslide 

hazard areas. One limitation in applying this method for regional seismic slope 

stability analysis in Oregon is that there are no databases providing information 

regarding seismically-induced landslides versus landslides triggered by other sources. 

Although Oregon is densely vegetated with high NDVI, the landslide samples and 

NDVI trend did not help in understanding the pattern of occurrence. Hence, choosing 

the right parameters for a prediction model is important for an efficient overall fitness 

of the model.  
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At the regional scale, the results are very similar to the Oregon Resilience Plan 

(Madin and Burns, 2013) landslide probability maps.  Note that because of the 

differences in methodology, the ORP maps are scaled to a maximum of 30% 

probability, compared to 100% in this study.  Nonetheless, when comparing the 

relative hazard, both maps predominately show high hazards in the coast range and 

cascades, with lower probabilities in the Willamette Valley.  In particular, the NW and 

SW sections of the coast range show the highest level of hazard.  The SE section, in 

both maps, shows a lower level of hazard.  The ORP maps tend to show a higher 

hazard in the western portion of the Valley.  However, when evaluating the 

displacement maps produced in the ORP, the western portion of the Valley tend to 

show fewer hazards.   

When the “fuzzy AND” overlay technique is adopted to determine which 

lifeline routes are most vulnerable, it shows that 14% (958 km) of the entire road 

system inside the study area is classified under very high and 13.8% (947 km) under 

high probability of landslides. A similar technique can also be used to categorize other 

features of interest (e.g., cities) that lie within susceptible zones, for additional uses in 

planning and development. 
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6 SUMMARY AND RECOMMENDATIONS 

This final chapter summarizes the results obtained from the analysis and 

modelling. The vital part of the dissertation with limitations of the studies and further 

research are documented. 

6.1 SUMMARY 

Research was conducted with the objectives to identify the optimum spatial 

resolution from different sensors required for landslide mapping. The second main 

objective was to analyze the performance of landslide mapping using fewer critical 

landslide conditioning factors from the LiDAR 10 m DEM. (The LiDAR 10 m bare 

earth model was found to be performing relatively well from the first objective). The 

third objective was application based research which involved in performing landslide 

susceptibility mapping for a regional level analysis from the observations and 

experience gained from the first two studies.  

A summary of specific objectives and results are described in the following 

sections. 

 INFLUENCE OF SPATIAL RESOLUTION FROM DIFFERENT SENSORS ON 6.1.1

LANDSLIDE MAPPING 

The first two objective of this research were (a) to identify the optimum spatial 

resolution from three sensors namely ASTER, NED and LiDAR for landslide 

susceptibility mapping (b) to analyze the impact of the different spatial resolutions in 
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landslide susceptibility mapping. The spatial resolution of bare earth model from each 

of the sensors was resampled to 10 m, 30 m and 50 m. Slope angles and aspect were 

derived from each of the spatial resolutions. The other parameters such as distance to 

fault and rivers were also resampled to its 10 m, 30 m and 50 m. Geodatabases were 

created for each of the resolutions to be used in GIS. Arc Map10.1 
®
 was used to carry 

out the analysis. Each of the resolution from each sensor was tested under semi 

qualitative, quantitative and hybrid environments to produce landslide susceptibility 

maps. The maps were validated using Cohen kappa index and confusion matrix 

methods for its predictive accuracy and classification ability.  

 Landslide susceptibility maps produced from LiDAR 10 m dataset showed 

relatively higher accuracy than the rest of the spatial resolutions from LiDAR and 

from other sensors. The result was true in the three tested statistical environments. 

LiDAR 30 m showed slightly higher rate of misclassification than LiDAR 10 m. 

Landslide susceptibility maps produced from LiDAR 10 m showed prediction 

capability in relatively smaller landslides in the landslide inventory. It was also noted 

that finer spatial resolution not necessarily results in higher accuracy in landslide 

predictive mapping. In this context, NED 10 m and ASTER 10 m resulted in higher 

misclassification in the output maps than LiDAR 30 m.  
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 EVALUATION OF USING FEWER CRITICAL CONDITIONING FACTORS DERIVED 6.1.2

FROM LIDAR 10 M FOR LANDSLIDE SUSCEPTIBILITY MAPPING. 

The third objective of the research was to evaluate the landslide susceptibility 

maps produced from landslide conditioning factors derived from LiDAR 10 m bare 

earth models. Six statistical models were used to test applicability of the landslide 

conditioning factors in landslide modelling. Frequency ratio and Weights of Evidence 

were used in bivariate analysis. In multivariate analysis, Logistic regression and 

Discriminant analysis were used to produce landslide susceptibility maps. Artificial 

neural network and Support vector machine algorithms were used to generate 

landslide maps in soft computing techniques. This gives a broad array of results to 

conclude the applicability of these landslide conditioning factors.  

The LiDAR 10 m bare earth model was used to derive slope angles, slope 

roughness, terrain roughness compound topographic index and stream power index. 

These landslide conditioning factors were used in statistical analysis to produce 

landslide susceptibility maps. The output maps were validated against the landslide 

inventory deposits and scarp flanks. Areas under curve and histogram analysis were 

used as validation techniques. 

The results indicated that fewer critical landslide conditioning factors could be 

applied successfully for landslide predictive mapping. However, amongst all the six 

methods employed, artificial neural network showed relatively lesser accuracy in 

landslide susceptibility mapping. This showed the need of ancillary datasets when 
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artificial neural network is used for landslide predictive mapping using fewer 

conditioning factors derived from LiDAR. 

Landslide inventory had landslide deposits and scarp flanks. Training samples 

and test samples are derived from the landslide deposits and scarp flanks respectively.  

 SEISMIC SLOPE STABILITY ANALYSES USING MULTIVARIATE REGRESSION 6.1.3

MODELS. 

The last aim of the research was to apply multivariate technique to identify the 

vulnerability of the lifeline routes using GIS. With the availability of landslide 

inventory data for the entire study area, other landslide conditioning factors were 

obtained and processed in GIS domain. Ordinary least square analysis was carried out 

to produce landslide susceptibility maps using different combinations of landslide 

conditioning factors. The susceptibility maps were then validated using histogram 

analysis for prediction and success rates. The model with slope, precipitation, peak 

ground acceleration and peak ground velocity exhibited relatively higher accuracy 

than the rest of the models used in this study. Automated tools were generated using 

model builder and python scripting to produce landslide susceptibility maps. The tool 

also identifies the vulnerable lifeline routes for landslides and the accuracy can be 

improved by using updated datasets for the model. The results showed that 14% (958 

km) of the entire road system inside the study area is classified under very high and 

13.8% (947 km) under high probability of landslides. The methodology can also be 
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used to categorize other features of interest (e.g., cities) that lie within susceptible 

zones, for additional uses in planning and development. 

 RECOMMENDATIONS FOR FURTHER RESEARCH 6.1.4

The research conducted in this dissertation has resulted in new and useful 

outcomes in landslide mapping using high resolution datasets. However, new 

questions have risen during the process of the research. Additional research has to be 

conducted to address those questions. Some relevant questions are listed below. 

 Standard procedures for validation and sensitivity analysis should be 

developed. The true positive and true negative values which are used 

commonly for validation can be biased because of the methodology adopted 

and datasets used. Although, ground truthing is expensive and labor intensive, 

it could be used a tool for initial assessment.  

 Land use and land cover are used as one of the factors in many landslide 

application models. It will be useful to have a standardized notation on how 

each segment of this will contribute to landslide. Although, it varies globally, 

basic normalization will enable improved risk assessments. 

 LiDAR applications can be further extended to study the landslide 

susceptibility in vegetated and forested environment as well. This will be very 

economic friendly and considerable time can be saved in data collection and 

processing. 
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 LiDAR surface models can be used to identify building footprints. The 

analysis can be extended to compute the number of buildings in each hazard 

zone without any requirement of satellite data or manual input. 
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Overview 

As previously discussed, there are several important factors that need to be 

considered in seismically-induced landslide hazard analyses and mapping. For this 

project, data for these factors were collected from several sources and organized into a 

geodatabase structure within ArcGIS 10.  A geodatabase (Figure A-1) is an efficient 

format for storing and compiling geospatial data into a single folder and file structure.  

Geodatabases support tabular data, vector data (e.g., points, lines, polygons), raster 

datasets (e.g., images, DEMs), and relationships between the datasets.  Table A-1 

summarizes the primary data sources used in this project.  Table A-2 summarizes 

processing software used to prepare the data.   

Properties of the primary coordinate system used are listed below: 

Name: NAD 1983 UTM Zone 10 N 

Projection: Universal Transverse Mercator 

Datum: North American 1983 

Units: Meters 

 

Most raster grids were resampled to a cell size of 30 m to be consistent with 

the DEM used for the study.   

 

Figure A-1 File geodatabase contents (ESRI model) 
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Table A-1 Summary of primary data sources  

 

Table A-2 Summary of the parameters used and its processing  methodology 

 

Topography 

Several DEM sources were used in this study, including DEMs from NASA’s 

ASTER program, USGS National Elevation Dataset (NED) and LIDAR topographic 

data.  Because the LIDAR dataset was not available until over halfway into the 

project, initial results in Chapter 6 were derived using the ASTER or NED DEMs 

since they were readily available. Overall, trends are very similar regardless of the 

DEM used; however, the results from the hybrid DEM appear to have less uncertainty.      

ASTER 

The initial topographic base map was generated by processing the Advanced 

Space borne Thermal Emission and Reflection Radiometer Global Digital Elevation 

Classes  Layers Source Data format

Topography Digital Elevation Model (DEM)NASA

Slope

Aspect

Slope roughness

Terrain roughness

Geology Lithology OGDC Vector(polygon)-Categorical

Fault pattern Polyline feature

Land cover Land use GEO Vector(polygon)-Categorical

NDVI NASA Raster- Continous

Hydrography Streams GEO Polyline feature

Precipitation PRISM Raster- Continous (inches)

Geomorphology Landslide distribution DOGAMI Vector(polygon)-Categorical

Raster- Continous (degrees) 
Functions of DEM

Software used

conversion tool 

in ArcGIS 10
uses online data source and ASCII to Raster tool

NDVI

PGA

Precipitation

Parameters Calculation techniques

uses DEM and inbuilt slope tool

uses DEM and inbuilt aspect tool

uses slope map and focal statistics tool

uses DEM and focal statistics tool

uses LANDSAT ETM+ and model maker

3D analyst in 

ArcGIS 10

Spatial analyst 

in ArcGIS 10

uses online data source from USGS and mosaic 

tool

ERDAS Imagine 

2010

Slope

Aspect

Slope roughenss

Terrain roughness
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Map (ASTER GDEM) photographic datasets freely obtained from the USGS website 

(http://demex.cr.usgs.gov/DEMEX/). The ASTER satellites were built by the Ministry 

of Economy, Trade and Industry (METI) of Japan and launched by NASA. The 

following paragraph explains the specifications of the satellite images and why this 

imagery is reliable compared to other imageries. ASTER GDEM V2 was made 

available on October 17, 2011.   

1. ASTER has fourteen spectral bands with resolutions ranging between 15 and 

90 meters. (Table A-3).   

2. Elevation data are available at 30 m resolution. 

3. It has 3 sensors, each covering a swath of 60 kilometers 

4. The along track scanner uses the NIR and stereo images acquired by the nadir 

viewing and backward viewing telescopes. 

5. The data are provided in GeoTIFF format in either geographic coordinates (1 

arc second) or projected into Universal Transverse Mercator (UTM) 

coordinates.     

6. The coverage extends between 83 degrees in latitude north to south and covers 

99% of the earth’s land mass. 

7. The ASTER GDEM V2 has an estimated vertical accuracy of 8.68 m (RMS) 

for the continental US.  It is a known fact that any GDEM will project residual 

anomalies and artifacts(Tachikawa et al. 2011) 

8.  The ASTER data were downloaded in 1 x 1 degree tiles, were mosaicked in 

ERDAS IMAGINE 2010 computer software, re-projected into UTM Zone 10 

North coordinates and resampled using cubic convolution interpolation 

techniques. 

  

Table A- 3 Specifications of ASTER sensors (SIC 2011 

  VNIR SWIR TIR 

Bands 4 6 5 

Resolution 15 m 30m 90m 
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USGS National Elevation Dataset 

The USGS National Elevation Dataset (NED) seamlessly integrates elevation 

data for the entire US from a variety of sources derived through several techniques 

(typically photogrammetric) (Gesch et al. 2009).  As new data are made available, the 

seamless map is continually updated with the improved elevation data.  Characteristics 

of the data include: 

1. The data are provided in geographic coordinates (decimal degrees)  

2. Horizontal coordinates are referenced to the horizontal North American Datum 

of 1983 (NAD 83).  

3. Elevation values in meters are referenced to the North American Vertical 

Datum of 1988 (NAVD 88).  

4. NED data are available nationally (except for Alaska) at resolutions of 1 arc-

second (about 30 meters) and 1/3 arc-second (about 10 meters) 

5. In some locations (typically metropolitan locations), data are available at 1/9 

arc-second (about 3 meters).   

6. Nationally, this dataset has a determined vertical accuracy of 2.44 meters 

(RMSE). However, given that the elevation data comes from a variety of 

sources, accuracy can vary substantially depending on the location.   

This dataset represents the most commonly used data source in the US.     

 

HYBRID LIDAR and USGS dataset 

As part of the development of the Oregon Resilience Plan (Madin 2012), 

DOGAMI created a 30 m DEM for the state of Oregon by combining resampled 

LIDAR data, where available, with the USGS NED to create a topographic map across 

the entire state at 30 m resolution.  

The LIDAR data has high vertical accuracy (5-15 cm RMSZ) and native 

resolution (typically 8 points/m
2
 processed into a 1 m grid) compared to ASTER and 

NED and has shown improved capabilities for landslide detection (Burns and Madin, 

2009). However, using the data at the highest resolution (1m) creates several 

challenges, including:   
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 Data are typically divided into 10 km x 10km tiles to limit file size so that 

computers are able to efficiently process them.  Using a 1m grid across the 

entire state of Oregon (~250,000 km
2
) requires at least 1TB of memory to be 

able to process (assuming a 4 byte floating point value per grid cell).   

 Using too high of a resolution DEM will contain very steep slopes on relatively 

small, localized features such as drainage ditches. This may, in turn, result in 

over-prediction of landslide hazard at those locations.  For this type of regional 

assessment, an overall, general terrain slope grid would likely perform better 

where the terrain elevation is averaged over a larger cell size (e.g., 30 m).     

As a result, a 30 m pixel size was used for this study to balance resolution, file 

size, and slopes that would contribute to landslide hazard.  Appendix B evaluates the 

influence of cell size and DEM type on this mapping effort.   

Derivative topographic datasets 

Slope 

Slope can be defined as the rate of change in elevation values, usually 

expressed in degrees ranging from 0 to 90 degrees (ArcGIS 2010). There are a variety 

of GIS-based techniques to calculate slopes using a grid-based DEM. The approach 

employed by ArcGIS uses the following process to determine slopes considering 

adjacent cells in all directions: 
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Figure A- 1 Process used to calculate slope based on neighboring pixels.   

Using the z values from the adjacent grid cells A-2, the slope is calculated as 

follows: 
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Figure A-2 Slope map for the study area.  
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Slope roughness 

Slope roughness can be defined as the variation of slope throughout a local 

neighborhood (ArcGIS 2010). This is achieved by using the focal statistics tool in 

ArcGIS 10.0 with a kernel of 3 by 3 to calculate the standard deviation of slope within 

the kernel as the slope roughness value for each cell.  Note that there are a wide 

variety of other slope-based roughness metrics.   

Terrain (elevation) roughness 

Terrain (elevation) roughness can be defined as the variation of elevation 

throughout a local neighborhood (ArcGIS 2010).This is also calculated using the focal 

statistics tool in ArcGIS 10.0 with a kernel of 3 by 3 to calculate the standard 

deviation of elevation values within the kernel as the terrain roughness value for each 

cell. Note that there are a wide variety of other elevation-based roughness metrics.   

Aspect 

The primary direction of change of a DEM is represented as the Aspect, 

expressed in degrees ranging from 0 to 359.9 in clockwise direction from north 

(ArcGIS 2010). The aspect map is grouped into classes, as shown below:  

 

Table A- 4 Classifications used in the aspect map 
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Figure A- 3  Aspect map for the study area.  
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Geology 

The Oregon Geologic Data Compilation (OGDC V5, 

http://www.oregongeology.com/sub/ogdc/) is an effort to integrate the best available 

geologic mapping (consisting of parts or all of 345 separate reference maps with scales 

ranging from 1:12,000 to 1:500,000) available across the state into a single GIS 

database.     

Given the wide range of geologic units across the entire state, the geologic 

database was simplified into six lithological categories:  metamorphic, plutonic, 

sedimentary, and surficial sedimentary, tectonic and volcanic.  This was necessary 

since it was not possible to statistically quantify strength parameters for each geologic 

unit.   

The OGDC database also contains mapped fault locations throughout Oregon.   

Figure A-4 depicts the lithology and Figure A6 depicts the spatial distribution of the 

faults in the study area.   
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Figure A -4 Lithology units throughout the study area 
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Figure A- 5 Spatial distribution of faults in the study area 
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Landslides 

Landslide data were acquired from two sources: The State-wide Landslide 

Information Database of Oregon (SLIDO) and the ODOT Unstable Slopes database. 

This section will discuss these two datasets.   

SLIDO 

SLIDO Release 3 was obtained DOGAMI in digital, vector format This 

database is a collection of the most current landslide data available and includes point, 

line and polygon feature classes created in ArcGIS 10.0 with Oregon Statewide 

Lambert NAD 1983 HARN as the coordinate system.  As previously discussed, 

DOGAMI is currently active in landslide inventory mapping using LIDAR datasets, 

which provide improved resolution to determine landslide locations compared to 

previous techniques.  As such, future releases will include many more landslides than 

those cataloged in SLIDO R2.   

The point feature dataset includes historic landslides, grouped in four year 

intervals since 1931. The attributes include date, landslide mapping method, name of 

the landslide, adjacent slope angle in degrees, factors responsible for the movement, 

type of slide material, size, volume, length, and width in feet.  

The polygon feature dataset represents the visible spatial extent of the 

landslides.  The attributes include   age, movement classification, material type, 

confidence of map identification, geologic unit, and the change in elevation from 

bottom to the top of head scarp and from top to toe of the fan. Also, the horizontal 

distances between the head scarp and the various internal scarps, the calculated 

horizontal distance between the internal scarps, and the size and volume of the 

landslide deposits are included.  

The polyline feature dataset is used to represent the scarp features.  The 

attributes include a description of the geometry type, length of the shape, and unique 

code assigned to each original reference map. Further metadata details can be found in 

the webpage: http://www.oregongeology.org/sub/slido/metadata.htm 

http://www.oregongeology.org/sub/slido/metadata.htm
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Figure A-6 Study extents showing locations of previously mapped landslides in 

the SLIDO database. Base map from LandSat. 
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Unstable Slopes 

In addition to the SLIDO 2 database, data from the ODOT Unstable Slopes 

database was collected.  This database locates landslides affecting the highway system 

in Oregon.  Attributes include the name of the adjacent highway, id, geographical 

coordinates, elevation, and type of landslide hazard.  Some features have detailed 

benefit-cost ratio information for repair. The emphasis of this database is in rating the 

overall risk from each of the landslides, rock falls, and other types of slope failures 

causing damage to the highway infrastructure. This data was of primary importance, 

since this study is focused on the impacts of landslides to the lifeline corridors. Note 

that there are several redundancies between the landslides recorded in the SLIDO and 

Unstable Slopes database. Refer to Figure A-6 for depiction of the inventoried 

landslides from the SLIDO and Unstable Slope databases.   
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Figure A-7 Spatial distribution of landslide points from SLIDO and  unstable 

slope database 
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Seismic 

USGS Seismic Hazard Curves 

To study seismically-induced landslides, peak ground acceleration (PGA), in 

conjunction with mass, is commonly used to define the lateral forces from an 

earthquake and is often represented as equivalent static forces in seismic 

codes(Oliveria et al. 2006). Seismic hazard curve data were acquired from the 

National Seismic Hazard Map (NSHM) program of the USGS 

(http://earthquake.usgs.gov/hazards/products/conterminous/2008/data/).   

In addition to PGA estimates, spectral accelerations at various periods are 

available at this website, gridded at 0.05 degree increments across the entire US 

(USGS 2010).   

The following data sources were used for this study. 

1. PGA values (in %g) with a 2% probability of exceedance in 50 years.   

2. A series of complete Next Generation Attenuation (NGA) (Petersen et al., 

2008) seismic hazard curves with mean annual rates of exceedance for 19 PGA 

bins based on average shear wave velocities in the upper 30 meters of the soil 

profile (VS30), equal to 180, 259, 360, 537, and 1,150 m/s.  Because the data 

are available as text files that cannot be immediately input into GIS, the PGA 

files were converted in to grid format using the ‘Bin N Grid’ software program 

(Olsen 2011). A separate C++ program was developed to convert the seismic 

hazard curve data into a series of floating point grids (flt) organized by VS30 

and PGA bins.   

Using information from recent earthquakes (e.g., Chile and Japan) and new 

scientific findings, the USGS is currently updating the seismic hazard data and 

models, scheduled for release in 2014. These new seismic hazard data will include 

new models for the CSZ based on rupture geometries and rates using recent turbidite 

studies (Goldfinger et al. 2012).  These efforts will include new ground motion 

prediction equations, directivity and directionality of ground motions, and new site 

amplification recommendations 

 

Oregon Resilience Plan 

Peak Ground Acceleration (PGA) and Peak Ground Velocity (PGV) estimates 

for the state of Oregon were derived for a scenario event of the CSZ M9.0 earthquake 

http://earthquake.usgs.gov/hazards/products/conterminous/2008/data/).
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were obtained from a recent analysis completed as part of the Oregon Resilience Plan 

(Madin and Burns., 2013).   

To create the PGA map (Figure A -8), the following steps were completed by 

Madin and Burns (2013).  First, the USGS provided PGA estimates gridded at 0.02 

degree spacing for bedrock conditions (VS30= 760 m/sec).  Next, a shear wave 

velocity (VS30) estimate map was created by combining geologic information with 

shear wave velocity measurements.  Site amplification factors were calculated across 

the entire study area using the Boore and Atkinson (2008) procedure.   Finally, the 

bedrock PGA map was multiplied by the site amplification factor map to create the 

PGA map for the state of Oregon.     

Madin and Burns (2013) then created the PGV map (Figure A -10) with the 

following steps.  First, the USGS Cascadia M9.0 Shake Map was used to calculate 

bedrock 1 second period spectral acceleration (SA01) values for each pixel.  Next, site 

amplification factors were applied.  Finally, the Newmark and Hall (1982) equation 

was used to estimate PGV from the SA01 values.   



Page 205 

 

 

Figure A- 8 PGA estimates for a M9.0 CSZ earthquake scenario event.   
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Figure A -9 PGV estimates for a M9.0 CSZ earthquake scenario event.   
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NEHRP Site classification 

As part of the Oregon resilience plan, Burns and Madin (2013) also created a 

statewide National Earthquake Hazard Reduction Program (NEHRP) site 

classification map based on evaluating VS30 measurements within generalized 

geologic units. The NEHRP site classifications are presented in Table A-4 and the 

map is presented in Figure A -10.   

Table A-5 NEHRP site classifications and corresponding VS30 values.   
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Figure A -10 ORP NEHRP site classifications for the study area 

 



Page 209 

 

Geotechnical reports 

Initially, it was hoped to find geotechnical investigations to quantify soil 

properties in the coast range in an approach similar to Olsen (2005) for liquefaction 

hazard mapping.  However, given the scarcity of available data in the coast range and 

difficulty in acquiring such data for the entire study area, the research team decided to 

pursue an alternate approach to estimating soil strength to ensure timely completion of 

the project.  DOGAMI is currently compiling geotechnical data throughout the 

Portland area in a 3D database that may prove valuable to quantifying soil strength 

and other properties of geologic units. However, it will be some time before that 

database is available.  In particular, the necessary soil information for this study must 

be manually populated from boring logs which are only available as pdfs.     

Land Cover 

The land use and land cover shape file available from the Oregon Geospatial 

Data Enterprise This shape file was grouped in to six major categories: Vegetation, 

Coastal, Non-resources, Rural commercial and residential, Urban commercial and 

residential, and water.  

NDVI 

The Normalized Difference Vegetation Index (NDVI) is used to represent the 

relative amount of biomass and provides an indication of vegetation type. NDVI is 

determined based on the fact that the red band of the electromagnetic spectrum is 

absorbed by the chlorophyll pigment while near-infrared (NIR) is highly reflective.  

The Landsat Enhanced Thematic Mapper (ETM)+ satellite has 7 multi spectral bands.  

The NIR band with a spectral range of 0.75-0.90 micrometers and the red band (0.63-

0.69 micrometers) are used   to calculate NDVI at a resolution of 30 m.  The Landsat 

data was downloaded from the satellite imagery data provided by the USGS 

(http://eros.usgs.gov/#/Find_Data/Products_and_Data_Available/TM).  Landsat data 

are available from 1972. Figure A12 shows the processing and calculation procedure 

to find NDVI.  This process also includes a haze correction.  Figure A13 depicts 

NDVI for the study area.  Low vegetation will have an NDVI = -1, whereas high 

vegetation will have an NDVI = +1. 

http://eros.usgs.gov/#/Find_Data/Products_and_Data_Available/TM
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Figure A-11 Logistics applied to generate NDVI map 
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Figure A-12 NDVI map created for the study area 
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Hydrography 

Rivers and Streams 

The Oregon rivers and stream dataset available from the Oregon Geospatial 

Data Enterprise was used in this study.  These rivers have been mapped to a scale of 

1:250,000. Figure A-13 shows the spatial distribution of major rivers and streams.   

Precipitation 

The Parameter elevation Regressions on Independent Slopes Model (PRISM) 

precipitation model, developed by researchers at Oregon State University, provided 

the average (1971-2010) annual precipitation dataset.  To create a continuous grid,   

PRISM combines point data (e.g. discrete precipitation measurements) with DEM, and 

expert knowledge of complex climatic extremes rather than standard interpolation 

techniques.   The precipitation values obtained from PRISM are in units of millimeters 

times hundred (PRISM 2004). Figure A-14 depicts the average rainfall from 1980-

2010 for the study area. 

Highways 

The Highway Network 2011 dataset, available from the Oregon Geospatial 

Data Enterprise), was used in this study. This dataset includes all state 

owned\maintained highways, connections, frontage roads, temporary traveled routes, 

and lines.  It has been mapped to a scale of 1:24,000.  The database is maintained by 

the Geographic Information Services Unit, Oregon DOT.  The major routes are 

identified in each of the maps in this section. 
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Figure A-13 Rivers and Streams map for the study area. 
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Figure A-14 Average annual rainfall from 1980-2010 for the study area.  

 Precipitation data provided by the OSUPRISM climate group. 


