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Landslides are ubiquitous within the state of Oregon, imposing an annual 

estimated cost of more than $10 million.  Weak, saturated soils at steep slopes 

combined with persistent rainfall throughout most of the year provide a 

dangerous environment for this natural disaster, particularly in western 

Oregon. This grim situation is intensified by the presence of the Cascadia 

Subduction Zone, which is capable of generating large and powerful 

earthquakes.  

This thesis presents a fully probabilistic method for regional seismically-

induced landslide hazard analysis and mapping, which considers the most 

current predictions for strong ground motions and seismic sources through 



  
 

 

deaggregation of the USGS next generation attenuation (NGA) seismic hazard 

curves in conjunction with topographic, geologic, and other geospatial 

information. The landslide triggering analysis is integrated into the probability 

chain and performed using Newmark`s sliding block method. In order to 

estimate strength parameters for each lithological unit, which are difficult to 

obtain in detail for such a large area, estimated friction angle histograms were 

derived for each unit based on the terrain slope at locations of previously 

mapped landslides within the unit. Next, predictive displacement regression 

models suitable for regional assessment were integrated into the probability 

chain to calculate the probability of exceedance for specific displacement 

thresholds (0.1, 0.3, 1.0, 10, 100 m) relevant to engineering and planning 

purposes.  

The landslide triggering probability map was validated by previously reported 

landslides (The Statewide Landslide Inventory Database of Oregon, SLIDO), 

where more than 99.8% of these landslides fall in “very high” category of 

hazard level on the landslide triggering map. The created maps are suitable 

for regional resilience and planning studies by various agencies as well as 

integration with other hazard maps for risk assessment. The maps can also be 

used to guide geotechnical investigation, but they should not be used in place 

of a site-specific analysis. 
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Probabilistic Analysis and Mapping of Seismically Induced Landslide 
Deformation in Oregon 
 

1 INTRODUCTION 

Considered as one of the most devastating natural hazards, landslides are 

responsible for tremendous societal and economic harms.  The United States 

Geologic Survey (USGS, 2013) considers landslides to be the foremost 

geologic hazard, which are exceptionally common in all 50 states of United 

States, creating an average numeral of 25 fatalities and $1-2 billion cost in a 

typical year. 

Landslides can be described as a downward movement of a mass of earth 

materials such as rocks and soils from a slope when the applied loads (driving 

forces) exceeds the strength (resisting forces) of the slope materials (USGS, 

2004).  Various factors contribute to landslide formation including: the type and 

strength of soil and rock found in the slope, subsurface lithology and geologic 

information, interbedding and interfaces between soil layers, existing slope 

gradient and slope face direction (aspect), surface topography roughness, 

presence of vegetation, ground water table and pore pressures.  Additionally, 

external sources can increase landsliding, such as persistent rainfall, seismic 

activity and human actions (e.g. over-steepening of a cliff face for highway 

construction).  Landslides are often classified by the rate of movement, 

predominant material type, failure mechanism, or triggering mechanism (e.g. 

rainfall or seismic).    
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Oregon`s climate and soil conditions are very well-suited for this disturbing 

natural hazard. Landslides are observed across the entire coast range and 

Cascades, which contains steep slopes of weak soils and rocks wetted by 

persistent rainfall during most of the year and abundant ground water. For 

example, “sunken grade” signs are frequent sights along various highways.  

The pervasive storms and precipitation (including snow melt) weather the rock 

and can generate debris flows (Burns et al., 1998b).  

Moreover, strong seismic activity instigating from sources such as the 

Cascadia Subduction Zone is capable of producing large magnitude 

earthquakes in Oregon (Goldfinger et al., 2012).  Accompanying with that are 

the prevailing landslide hazard combined with additional inertial loading, which 

may trigger new landslides or reactivate inactive existing landslides. For 

example, (Schulz et al., 2012) studied active landslides along the coast and 

discourse that these landslides were triggered by the 1700 Cascadia 

Earthquake.  

While the potential for disaster is high, quantification of hazard can lead to 

improved decision making and planning.  Disaster preparation and 

management are key actions, which can be performed when effective tools 

and accurate data are available.  A landslide hazard map enables 

governmental agencies to delineate vulnerable lifeline routes and utilities so 
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that they will be able to optimally allocate resources for mitigation, plan safer 

routes, design more resilient structures, develop disaster preparation and 

response strategies, and identify sites that warrant more detailed monitoring 

and investigation.   

This thesis presents a methodology for fully-probabilistic regional landslide 

hazard analysis and mapping.  The thesis follows the manuscript format.   

Chapter 2 presents a statistical approach to quantify the contribution of several 

causative factors in landslide hazard in western Oregon. Slope, aspect and 

vegetation index and other factors were investigated in the study. Correlation 

between these factors with lithology showed that many of the other 

parameters are a function of lithology. 

Chapter 3 depicts a methodology for a regional, probabilistic analysis for 

landslide hazard mapping. The methodology is applied to create a series of 

landslide hazard and displacement exceedance maps for the State of Oregon. 

Two displacement models were used and compared. 

Chapter 4 provides conclusions to the thesis, discussing the outcomes of 

previous manuscripts and describing the potential use of produced maps and 

results derived within this study.  It also discusses topics for future work.    
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Abstract 
 

The Oregon coast range is highly prone to landslides, which create a 

significant maintenance problem for the Department of Transportation. Many 

causative factors contribute to the failure of these slopes including slope 

angle, slope and terrain roughness, weak soils, significant precipitation, and 

high groundwater levels. These unstable slopes are further threatened by 

impending seismic hazards, such as the Cascadia Subduction Zone. These 

coast range landslides are capable of isolating communities by blocking the 

limited number of lifeline highway corridors, critical for evacuation and/or 

supply transport during emergencies. This paper presents statistical 

evaluations that geospatially characterize the influence of these causative 

factors on the potential for landslides. A methodology in a GIS environment for 

querying and analyzing the wide variety of data sources needed for these 

evaluations to characterize each major lithological unit is also presented. This 

work lays the foundation for performing regional seismic slope stability 

analysis and mapping to determine the vulnerability of these lifeline corridors 

during the next major earthquake event. 
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 INTRODUCTION 2.1

Conditions are near perfect for triggering landslides (e.g., slope angle, rough 

terrain, weak soils, significant precipitation, and high groundwater levels) in the 

Oregon coast range. A significant portion of the Oregon coast range is 

covered with weak soil and rock in which large mass movements commonly 

occur (Figure 2-1). Steep slopes, wet soils due to heavy rainfall and human 

activities, such as highway construction (i.e., embankments, cut slopes, etc.) 

exacerbate the landslide hazard in Oregon. For example, Burns et al. (2008) 

estimated as many as 9,500 landslides occurred in Oregon from a large winter 

storm in 1996-1997, most of which were located in western Oregon. In 

addition to these factors, landslides can also be triggered by earthquakes, 

such as those from the Cascadia subduction zone (Schulz et al., 2012). 

Both existing and potential new landslides threaten public safety and create 

economic problems. For example, many lifeline routes connecting coastal 

areas to the Willamette valley are threatened by landslides. Wang et al. (2002) 

estimated an average cost of approximately $10 million in damages from 

landslides in a typical year in Oregon. This shows the importance of 

developing landslide susceptibility maps for planning and preparation. A key 

part to creating these maps and performing triggering analyses is to 
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understand the correlation among contributing factors and characterize 

lithological properties.  

Although landslides are unique in each region and have site specific 

considerations, it is vital to understand the spatial relationships between the 

various triggering factors. Detailed, site-specific analysis would not be feasible 

at this scale. By using geospatial characterization and analyzing parameters 

statistically, the correlation among the causative factors to landslide 

generation can be determined (van Western and van Asch, 2006). Multi-

temporal landslide inventory maps are very efficient tools to find the suitable 

relationships towards assessing this hazard (Guzzetti et al., 2005). The 

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

been actively publishing landslide inventory and susceptibility maps for the 

state.  

Numerous factors such as slope gradient, aspect, Normalized Differential 

Vegetation Index (NDVI), lithological units, slope roughness, precipitation and 

land cover/land use play a significant role in landslide susceptibility (Wilson 

and Gallant, 2000). For seismic slope stability, an estimate of ground motion 

intensity such as Peak Ground Acceleration (PGA), is important. Lee et al. 

(2007) have proposed and tested a method for assessing the contribution of 

various parameters responsible for landslides using a historical database. 
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Figure 2-1: a. Study area b. Lithology map in Oregon coast c. Landslide 
inventory map. 

 METHODOLOGY 2.2

This study statistically analyzes the relationship between causative factors and 

landslide occurrence by comparing a detailed landslide inventory map (Burns 

et al., 2008) to several datasets characterizing susceptibility factors including 

slope, NDVI, aspect, precipitation, land cover, and lithology. The logic behind 

the methodology used in this paper is adapted from Lee et al. (2008): Similar 

landforms (e.g., slope and lithology) where historical landslides have 

previously been reported are most likely to experience future landslides. 

Study A
rea

a. b. c.
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Comparisons of causative factors to historical landslides were made in two 

ways. First, all historical landslides were analyzed together regardless of 

lithology, similar to (Lee et al., 2008) to evaluate the hazard frequency. 

Second, as a deviation from previous work, landslides were discretized by 

lithology to characterize each lithological unit separately to enable 

comparisons. In previous work, lithology is solely treated as another causative 

factor and handled in the same manner as other factors, such as slope. 

However, lithological units will have varying strengths and properties, and as 

such, would be expected to have different potentials for landsliding. Hence, 

the other parameters are dependent on lithological units. 

2.2.1 Data Collection and Processing 

Data were acquired from several sources. Six raster datasets were processed 

in ERDAS Imagine 2010 and Arc GIS 10.0 for the respective analysis. Table 

2-1 provides a summary of the source of raw data and the information of how 

they were acquired. For simplicity, all datasets were resampled to a consistent 

cell size of 26.7 meters using the UTM NAD83 Z10 N coordinate system. 

Digital elevation models (DEMs) were created through ASTER images from 

satellites (NASA, 2011) and then processed into derivative datasets such as 

slope maps, roughness, terrain and terrain roughness. 
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Table 2-1:  Summary of raster datasets used for the study 

Dataset Source Provider Native Resolution 

Slope Aster GDEM V2 NASA 26.7 (m) 

Aspect Aster GDEM V2 NASA 26.7 (m) 

NDVI LandSAT ETM+ USGS 14.25 (m) 

Land cover 
Raster 
Conversion 

*OGEO 26.7 (m) 

Precipitation Rain gauges 
OSU 
(PRISM) 

0.041667 (deg) 

Lithology 
Raster 
Conversion 

DOGAMI 26.7 (m) 

* Oregon Geospatial Enterprise Office     

 

 The Statewide Landslide Information Database for Oregon (SLIDO release 2) 

(Burns et al., 2008) was used as the input landslide map. This database 

includes polygons delineating landslide deposits and related features from 313 

published studies as well as 10,636 point features representing landslide 

locations compiled for the past 10 decades. These are referred as LS points in 
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this study. For simplicity, the centroid of each polygon was considered as a 

single landslide point.  

Equally important to knowing the location of where landslides occur is where 

landslides do not tend to occur. To model this, a number of random samples 

representing non-landslide (NLS) points were created inside the study area 

where landslides have not been mapped. Two constraints were applied in the 

selection of NLS points: (1) a 2 km buffer was used between the LS and NLS 

points, and (2) NLS points were at least 30 m apart.  

2.2.2 Workflow 

Figure 2-2 illustrates the geospatial processing workflow to determine 

characteristics of LS and NLS in each raster dataset using ArcGIS. First, the 

points (both LS & NLS) classified by lithological units. Next, the causative 

factor values from the raster datasets were obtained for each landslide 

location using the “Zonal Statistics” tool. Bin intervals were selected for each 

parameter, and the data were reclassified to determine the frequency of LS & 

NLS in each individual bin, producing histograms for each dataset. 

The Landslide Ratio (LSR), comparing the number of landslides (LS) in a bin 

to the total number (LS+NLS) within that bin, was then calculated by:  

LSR =                                                                                 (2-1)                              
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LSR represents a pseudo-probability for each factor. It can vary from 0 (the 

pixel is not landslide prone) to 1 (the pixel is highly prone to landslide). 

However, this parameter may not be reliable in bins with small numbers of LS 

and NLS samples. 

 

Figure 2-2: Workflow chart showing the methodology used to create 
histograms. 

 

 RESULTS 2.3

The analysis results are presented in Figures 2-3 through 2-8. Table 2-2 

presents the frequency and density of landslides in each lithological unit, 

which provides an indication of their susceptibility. LSR is plotted on a 

secondary axis, except for those factors that were discontinuous (e.g., land 

use and lithology).  

SLIDO (LS)

Random 
Samples (NLS)

Raster datasets

Lithology 
Classification

Zonal 
Statistics

Reclassify
Generate

Histograms
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Table 2-2: Frequency and density of landslides in each lithological unit. 

Lithological Unit # LS 
Coverage 

(km2) 
LS Density (#LS/ 

km2) 

Volcanic 8837 30855 0.286 

Sedimentary 6890 24109 0.286 

Surficial 
Sedimentary 

3969 14192 0.280 

Tectonic 249 948 0.263 

Plutonic 649 3651 0.178 

Metamorphic 133 2632 0.051 
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Figure 2-3: Slope histogram study area. 

 

Figure 2-4: Aspect histogram for study area. 
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Figure 2-5: NDVI histogram for study area. 

 

Figure 2-6: Precipitation histogram for study area. 

0

0.2

0.4

0.6

0.8

1

1.2

0

1000

2000

3000

4000

5000

6000

7000

N
u

m
b

e
r 

o
f 

L
a

n
d

s
li

d
e

s

NDVI range

LS NLS Landslide Ratio

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

0

2000

4000

6000

8000

10000

12000

14000

16000

18000

N
u

m
b

e
r 

o
f 

La
n

d
sl

id
e

s

Precipitation range (inches)

LS NLS Landslide Ratio



Page 16 

 

 

 

Figure 2-7: Distribution of various land covers within study area. 

 

Figure 2-8: Distribution of various lithological units within study area. 
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The following histograms highlight various contributing factors within specific 

lithology. 

Figures 2-9 to 2-14 display the number of landslides occurring in different 

lithological units within various intervals of slope, in degrees. In addition, the 

quantity of non-landslide samples is given for the same slope intervals. On the 

second axis, the landslide ratio is plotted. 

Figures 2-15 to 2-20 show the number of landslides and non-landslides in 

primary axis and landslide ratio in secondary axis for various lithological units 

with respect to bins of aspect values. 

Lastly, figures 2-21 to 2-26 exhibit the landslide points and non-landslide 

points for bins of NDVI in each lithological unit in the study area. In the same 

plot landslide ratio was plotted as a secondary axis. 
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Figure 2-9: Generated slope histogram within volcanic lithology. 

 

Figure 2-10: Generated slope histogram within sedimentary lithology. 
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Figure 2-11: Generated slope histogram within surficial sedimentary 
lithology. 

 

Figure 2-12: Generated slope histogram within plutonic lithology. 
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Figure 2-13: Generated slope histogram within tectonic lithology. 

 

Figure 2-14: Generated slope histogram within metamorphic lithology. 
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Figure 2-15: Generated aspect histogram within volcanic lithology. 

 

Figure 2-16: Generated aspect histogram within sedimentary lithology. 
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Figure 2-17: Generated aspect histogram within surficial sedimentary 
lithology. 

 

Figure 2-18: Generated aspect histogram within plutonic lithology. 
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Figure 2-19: Generated aspect histogram within tectonic lithology. 

 

Figure 2-20: Generated aspect histogram within metamorphic lithology. 
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Figure 2-21: Generated NDVI histogram within volcanic lithology. 

 

Figure 2-22: Generated NDVI histogram within sedimentary lithology. 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0

500

1000

1500

2000

2500

3000

N
u

m
b

e
r 

o
f 

L
a

n
d

s
li

d
e

s

NDVI range

LS NLS Landslide RatioA. Volcanic

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0

500

1000

1500

2000

2500

3000

N
u

m
b

e
r 

o
f 

L
a

n
d

s
li

d
e

s

NDVI range

LS NLS Landslide Ratio

B. Sedimentary



Page 25 

 

 

 

Figure 2-23: Generated NDVI histogram within surficial sedimentary 
lithology. 

 

Figure 2-24: Generated NDVI histogram within plutonic lithology. 
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Figure 2-25: Generated NDVI histogram within tectonic lithology. 

 

Figure 2-26: Generated NDVI histogram within metamorphic lithology. 
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 DISCUSSION 2.4

Various trends can be observed in the histograms for each of the parameters 

analyzed, including:  

2.4.1 Slope 

Relating soil strength to slope angle at failure is not possible without a better 

understanding of geologic structure of slopes, yet in absence of such data, the 

slope at failure can provide a reasonable estimate of the soil’s shear strength 

and ability to resist landsliding. Hence, the slope histograms represent a 

distribution of likely soil strength for each lithological unit. Considering the 

slopes for all landslides, not distinguished by lithology, a LS peak is observed 

around 5° to 10° compared to 0° to 5° for NLS points. The LSR trend indicates 

an increase in landslide hazard with the rise of slope, which makes physical 

sense. In volcanic, most of the landslides fall within the span of 5° to 15°, with 

a peak between 10° to 15°. The LSR trend observed in surficial sedimentary 

signifies the fact that there are actually not many steep slopes of this unit. The 

surficial sedimentary lithology is common in valley areas and LSR 

characterizes this earth structure as a very weak unit with generally shallow 

slopes. 
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2.4.2 Aspect 

Given the climate of Oregon where storms approach from the north-west, one 

would expect more landslides on north-west facing slopes (e.g., 300°). 

However, the plots show minimal variance in LSR based on aspect. 

2.4.3 Rainfall 

An increasing LSR trend with precipitation is observed.  However, nearly the 

entire study area experiences heavy rainfall, so it is not helpful for 

distinguishing relative hazard within the study area. 

2.4.4 Land Cover 

Western Oregon is dominated by forested terrain. There are two reasons 

behind the high value of NLS points in forestry region: First, the high 

vegetation index factor can provide stability to slopes; second, most of the 

study area is covered by this type of land cover. Urban areas and agriculture 

regions also show significant landslide potential, presenting importance of 

human effect on landslide threat besides other discussed factors.  

2.4.5 Lithology 

Histograms for each lithology units correlate well with the LS density given in 

Table 2-2. From the table, it can be noted that volcanic and sedimentary units 

appear more susceptible to landslide hazard.  The Oregon coast range 
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lithology consists mostly of volcanic, sedimentary and surficial sedimentary 

material. Distinct trends can be observed in the aforementioned parameters 

between lithological units.   

2.4.6 NDVI 

The NDVI histograms for the individual lithological units vary significantly, 

particularly when compared to the whole dataset. In some lithological units, 

certain types of vegetation can stabilize the slope, while it may have little affect 

in other units. Most of the NLS points fall within regions with high NDVI values.   

 CONCLUSIONS 2.5

Lithology is commonly treated in a similar fashion to other parameters in 

landslide analysis and mapping. However, many of the other parameters are 

actually functions of the lithology; hence, improved results may be obtained by 

creating different models for each lithological unit. For example, slope angle at 

landslide failure (estimating shear strength) varies with lithology when 

comparing histograms for entire dataset and the individual lithological units, 

revealing a shift in peaks. 

This study characterizes slope stability properties of the principal lithological 

units in western Oregon. Future research will utilize higher resolution LIDAR 

DEMs in place of the ASTER DEMs to improve characterization of the terrain. 
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Finally, this data will be combined with seismic parameters for regional slope 

stability analyses.    
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ABSTRACT 

Seismically-induced landslides can be detrimental to urban communities due 

to high damage and repair costs, blocking of lifeline connection routes and 

utilities, environmental impacts, and potential for loss of life.  A consistent, 

reliable hazard map can assist agencies in allocating limited resources to 

prepare for these events.  This paper presents a methodology for determining 

probabilities of exceeding displacement thresholds (e.g. 0.1, 0.3, 1, 10 and 

100 m) for regional, seismically-induced landslide hazard mapping.  This 

approach scales site specific techniques to a regional scale evaluation by 

combining generally available data, including: previous landslide inventories, 

LIDAR and photogrammetric topographic data, geologic mapping, NEHRP site 

classification, and seismic hazard curves for the analysis.  Maps were 

generated for the state of Oregon, which contains weak, wet soils, which 

already have a high potential for landslides even without seismic activity.  

These results can then be integrated with an analysis of other hazards for 

probabilistic-based hazard evaluation and risk assessment. 
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 INTRODUCTION 3.1

Natural hazards such as landslides can have significant impact on human 

fatalities and material damages. Landslides are mainly characterized by the 

movement of earth materials such as natural rocks, deposited soils, manmade 

fills with downhill and outward failure directions (Varnes, 1958). In order to 

predict a landslide, the necessity of having an improved knowledge in the 

mechanism of landslide failure and contributing factors are apparent. 

Lithology, geologic structures, slope angle, slope geometry, land use and site 

classification are common variables for landslide occurrence (Ferentinou et al., 

2006).  

 Generally, landslides are widespread in regions with steep slopes where the 

soil is weak, weathered, saturated due to heavy rainfall, and/or the 

groundwater table is relatively high. Furthermore, landslides can be generated 

as a result of seismic activities (Gomberg et al., 2011). It has been suggested 

that many medium to vast landslides are the result of long-term rainfall buildup 

(Yu et al., 2006) or seismic impacts (Heynekamp et al., 1999). Man-made 

terrain modifications such as cut slopes, fills, excavations, and other loading 

also contribute to landslide triggering. For example, Xinpo and Siming (2009) 

discuss various types of landslides along the highways after the Sichuan 

earthquake in 2008. They note that a large portion of damages and injuries 
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from an earthquake are instigated by seismically induced landslides (Floris et 

al., 2004). Post-earthquake investigations play a critical role on having a better 

understanding and further mapping the risk accompanying with seismically 

induced landslides. A historical review has been done by Keefer (2002) in Italy 

which result in the conclusion that documentation of landslides can be 

effectively done by having comprehensive post-earthquake studies in 

combination with acquiring extensive ground based field studies. 

Various studies have been done in order to better understand the influence of 

magnitudes, distance, time and erosion parameters affecting landslides. 

(Keefer, 1994), (Keefer, 1984). 

Study of the correlation of contributing factors such as slope, geology, source 

parameters and seismic hazard curve patterns is a first step to prepare for 

seismically induced landslides. By means of remote sensing techniques, 

geospatial analysis and mapping along with seismic network density, detection 

of prone regions to seismically induced landslides is feasible  (Harp et al., 

2011). Through such approaches, vulnerable public infrastructure near steep-

slope terrains with infirm soil characteristic urges the understanding of 

historical landslides and potential shaking due to future earthquakes 

(Department of Conservation, 2011). 



Page 35 

 

 

 Oregon, in particular, has a convivial climate which makes it exceedingly 

prone to landslides. The coastal mountain range in western Oregon runs near 

the Pacific Ocean and contains U.S. route 101, which is the only viable road 

linking seaside communities to each other. Various sections of this route are 

subject to closure when landslides occur, leading to significant traffic delays 

and safety concerns. In addition, there are only a few routes connecting these 

coastal communities to valleys in central Oregon. Espinosa et al (1991) 

studied effects of landslides on lifeline routes after earthquakes including 

property loss, damaged utility services, delayed recovery, and structural 

failures. Landslides are estimated to cause $10 million damage annually in 

Oregon (Wang et al., 2002). Due to the induced threat to lifeline infrastructure 

from landslide, impacts from other hazards like ground motion shaking, soil 

liquefaction, tsunami and coastal erosion will become exacerbated.  Because 

of these concerns, substantial landslide hazard mapping efforts have been 

completed in Oregon by the Department Of Geology And Mineral Industry, 

DOGAMI (Harvey and Peterson, 1998; Waters, 1973; Wang et al., 2002). The 

Statewide Landslide Information Database of Oregon (SLIDO) (Burns et al., 

2008) represented in figure 3-1 is an accumulation of reported and identified 

landslides in Oregon.  Because of the high hazard potential for seismically 

induced landslides in Oregon (as well as other regions), this paper builds on 
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these previous efforts to present a fully probabilistic landslide hazard mapping 

methodology.  

 

Figure 3-1: Historical landslide database (SLIDO) provided by DOGAMI. 

 EARTHQUAKE INDUCED DISPLACEMENT TECHNIQUES 3.2

Landslide displacements provide a better indicator of failure and damage 

potential than landslide triggering because the amount of deformation controls 

the serviceability of a slope and adjacent infrastructure after an earthquake 

(Kramer, 1996). In 1965, Newmark proposed a simple analysis procedure to 
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model a landslide as a rigid block accelerated from equilibrium by an 

unbalanced force from the seismic loading. Any earthquake excitation 

exceeding critical acceleration will overcome frictional resistance (i.e., shear 

strength) and initiate sliding of the block. Through double integration of an 

acceleration time-history (using area above the critical acceleration), 

permanent displacements can be estimated (Wilson and Keefer, 1983). 

Work has been performed to create new seismic slope displacement models 

such as simplified rigid-block, decoupled and coupled methods, or other 

complicated models.  For example, Saygili and Rathje (2008) and Miles and 

Ho (1999) empirically assess the likelihood of a seismically induced landslide 

based on this method. These relationships are typically multivariate regression 

equations of parameters calibrated to case history data including: 

 Peak Ground Acceleration (PGA), the largest absolute acceleration 

measured in a strong ground motion, 

 Peak Ground Velocity (PGV), the largest velocity measured in an 

earthquake, 

 Spectral Acceleration (Sa), the acceleration measured on an object with 

given period, 

 RMS acceleration, defined as the effective acceleration over a given 

time, 
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 Yield acceleration (ay), defined as the minimum acceleration that put 

the slope on the verges of failure, 

 Earthquake magnitude (M), the maximum trace amplitude, which can 

be recorded on various seismometers, 

 Arias intensity (Ia), a parameter representing all amplitude, frequency 

content and duration characteristics of a ground motion, 

 Predominant Period of sliding mass (T) is the period associated with the 

highest Fourier amplitude spectrum. 

 These regression equations all have a probabilistic form to calculate likelihood 

of exceeding a threshold displacement. Table 3-1 shows available empirical 

seismic displacement methods and their necessary input parameters.   

However, Strenk and Wartman (2011) evaluated 16 techniques and have 

shown that these models performed similar to Newmark’s method when 

compared to case histories.  It should be noted that in some cases, 

Newmark`s model would underestimate the actual displacement; as strain 

increases with the displacement, undrained shear strength will drop to lower 

amounts in slightly sensitive materials resulting in a reduced critical 

acceleration (Cornforth, 2005). With any technique applied to regional 

mapping, it is important to realize that various types of landslides and 

triggering mechanisms will occur.  Hence, a generalized method is preferred to 
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one that requires several parameters because detailed information is not 

available for the entire region.  

 

Table 3-1: Various empirical predictive models for earthquake-induced 
Sliding displacements of Slopes. 

Method Year ay 
amax 

(PGA) 
Ia M T Sa Neq PGV 

Makdisi & Seed 1978  
 


   

Ambraseys & Menu 1988  
      

Yegian et al. 1991  

  



 



 
Jibson 1994 

 



     
Jibson (Scalar) 2007  

      
Jibson (Vector) 2007   

    
Bray & Travasou 2007  

 


  

Saygili & Rathje 
(Scalar) 

2008  

      Saygili & Rathje 
(Vector) 

2008   
 


  



Rathje & Saygili (1) 2011  
     



Rathje & Saygili (2) 2011              

 

According to the scale of the study area and since a lot of these empirical 

relationships are developed for site specific projects, results of this study 
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should not be used for engineering design and instead can be an asset for 

monitoring criteria. 

 

 OVERVIEW OF AVAILABLE LANDSLIDE MAPPING METHODS 3.3

Various types of landslide hazard mapping are available to qualitatively or 

quantitatively investigate this threat across a regional scale, including: 

 Inventory mapping - the documentation and reporting the locations of 

historical landslides, 

 Susceptibility mapping – triggering analysis based on the soil and site, 

 Potential mapping - external impacts and triggering sources are 

incorporated in the evaluation of potential damage resulting from 

landslides. 

Further, susceptibility and potential mapping methodologies can be classified 

into deterministic and probabilistic. 

3.3.1 Deterministic Mapping 

Some mapping methodologies are deterministic, which can result in reliable 

results, but require comprehensive datasets with detailed input information 

such as hydrological and slope stability models. A combination of surface 

geology with slope gradient is used in most of landslide mapping analysis to 
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determine the appropriate hazard level (Cornforth, 2005).  Deterministic 

models involve modification and updating input parameters. While slope 

values for a large study area can be processed from a Digital Elevation Model 

(DEM) (Ferentinou et al., 2006), it is unlikely to acquire the soil thickness for 

such scale (Lee and Sambath, 2006). For regional mapping, numerous 

literature such as  Densham (1991) and Stuart and Stocks (1993) indicated 

that one would be able to depict the pore pressure threshold by combining the 

simulation of time and variance in pore pressure with the slope stability model. 

In regional mapping, effects of weathering are less significant, because of the 

variability in underground data (Xie et al., 2004). Information at each point 

such as the presence of pore water pressure, failure surface depth, strength 

parameters and limiting equilibrium slope stability information are essential for 

a deterministic analysis yet are difficult to obtain for large areas, leading to 

lower credibility in spatial variability (Jibson, 1993). Hence, a deterministic 

model, which is fully physically based, is suitable when potential failure depth, 

ground water situation and material strengths are well-known. 

Khazai and Sitar (2000a) integrated three factors to analyze seismic slope 

stability in GIS environment: (1) the concentration of shaking at the site from 

attenuation relationships; (2) yield strength of the slope through traditional 

slope stability analyses by pseudo-static approach; and (3) deformation 

calculated from Newmark`s displacement method (Newmark, 1965).  
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Jibson (1993) suggests that on a regional basis, Newmark`s method could be 

effectively applied in order to capture permanent ground deformation by either 

a double integration of the area under the accelerogram record that exceeds 

the critical acceleration or by deriving a regression equation from the ground 

motion to determine displacement. A possible downside to the second 

approach is that displacement at a particular location will not be calculated 

accurately with a mean displacement curve, and furthermore, local site 

responses are not accounted in analyses (Khazai and Sitar, 2000b). 

Khazai and Sitar (2000b) created a program that enables a user to interact, 

modify and update input parameters like slope map and estimated site 

response in order to produce a seismically induced landslide susceptibility 

map for an area. The landslide inventory map, soil map and topography were 

analyzed within a pseudo-static analysis approach in combination with 

Newmark`s displacement model.  

Lee et al (2008) introduced a Landslide Susceptibility Index (LSI) for each 

pixel using a summation of factors weighted linearly. In this study, which was 

done in Taiwan, event based landslide inventory map were created in addition 

to triggering elements. Co-relation of the factors in susceptible and not 

susceptible regions to landslides was calculated by statistically testing of 

factors and analyzing their weights using discriminant analysis. 
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3.3.2 Probabilistic Mapping 

Despite the fact that deterministic methodologies are the most common in 

typical hazard mapping, spatial analyses and advanced procedures are being 

developed in the generating of probabilistic mapping in order to capture 

uncertainty associated with geotechnical, geological and geomorphological 

data. Van Westen et al (2006) defined hazard as the probability of occurrence 

within a time period which is a function of both spatial likelihood and temporal 

probability influenced by static environmental factors like slope angle and 

dynamic factors such as rain input and drainage. Probabilistic models take 

numerous variables such as acceleration, strength parameters, pore pressure, 

distance and magnitude as random variables (Khazai and Sitar, 2000a). 

Geologic maps can be updated by geotechnical parameters gathered from 

laboratory tests (Refice and Capolongo, 2002). In geologic maps, lithological 

factors are not available causing to have poor positional accuracy in defining 

the spatial distribution (Miles and Ho, 1999). Therefore, it is reasonable to 

expect better-quality results from probabilistic values rather than particular 

deterministic values. By determining the impact of ground motion parameters 

in slope failure along with the slope displacement corresponding to existing 

geometrical and seismic properties, one could develop a probabilistic model 

(Bray and Travasarou, 2007). 
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Jibson (1998) produced an earthquake triggering landslide susceptibility map 

for Northern San Fernando Valley and Santa Susana Mountains. The 

Northridge earthquake in 1994 had all the datasets needed to conduct the 

regional analysis. Harp and Jibson (1996) used 200 strong motion records all 

over the region, DEMs, geologic maps and engineering properties of geologic 

units to analyze seismically triggered landslides. They introduced a dynamic 

model based on Newmark`s deformation analysis to calculate the landslide 

displacement in each pixel. Refice and Capolongo (2002) introduced a 

simplified Newmark`s Slope stability model on pixel by pixel basis. They used 

a Monte Carlo technique to simulate necessary samples from probability 

density function in all stages of the work. They developed a series of function 

in Matlab to read the raster matrices and tabulated numerical values 

containing the statistical parameters of involved variables. The combination of 

the latter with the Monte Carlo simulation and Newmark`s equation generated 

the probabilistic map (Refice and Capolongo, 2002). The output was quite 

valuable in areas with common seismic activity. 

 PROPOSED MAPPING METHODOLOGY CHARACTERISTICS 3.4

While previous work takes significant steps towards the improvement of 

landslide mapping, the available methods do not achieve all of the objectives 

desired for this study to produce a methodology which is: 
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 Fully Probabilistic: The method includes the whole probability chain 

from strong ground motion, physical characteristics to the type of 

landslide, its deformation and native soil strength. 

 Consistent: The method can be implemented throughout other regions 

and across a wide range of scales without requiring significant 

modification. Results from one location should be able to be directly 

compared with results of a second location.   

 Simplistic: The method should be based on readily available data 

while being interactive and user-friendly.   

 Extensive: The approach can be applied across a large area without 

problems.  Hence, it cannot be reliant on detailed time histories for site 

response characteristics.     

 Reliable: The method can be verified by an existing available reported 

landslide database. 

 Cost-efficient: It does not rely on limited, expensive data like 

boreholes and in-situ or laboratory testing of soils, which are not 

available for a region.  

 Compatible: This method can be integrated with other datasets and 

analysis (e.g., lateral spreading, flooding and settlement) for a complete 

hazard analysis. 
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 Expandable: The living maps can easily be updated when new 

information and data are available. 

 STUDY AREA 3.5

The state of Oregon has a climate highly susceptible to landslides, which 

create problems throughout the state.  Particularly, western Oregon contains 

weak soils that experience heavy rainfall.  For example, a large  storm event in 

February 1996 individually led to $4 million damage to the Portland urban area 

(Burns et al., 1998a); (Burns et al., 1998b). Oregon also has high seismicity. 

For example, the Scott Mills (M 5.6) earthquake, a shallow, crustal 

earthquake, resulted in  $30 million in damages (Wong et al., 2001). However, 

the most severe earthquakes in Oregon are derived from Cascadia subduction 

zone (James et al., 2000), which resulted in an earthquake on January 26, 

1700 with an estimated moment magnitude of 9.0. It has been estimated that 

there is a 40% chance of occurrence of such earthquake within the next 50 

years (Goldfinger et al., 2012). Furthermore Cascadia subduction zone can 

create large magnitude earthquake producing inertial loading which may result 

in the initiation of a landslide on slopes or reactivate existing landslides. 

Figure 3-2 displays the study area that is bounded by the northern and 

southern borders of the state. Tectonic plates and volcanic activities formed 

the state, resulting in a western section, which receives heavy rainfall 



Page 47 

 

 

compared to the eastern section, consisting of high desert country mostly as 

plutonic rocks. In between the coast range (sedimentary rock) and Cascades 

(volcanic rock), lies the Willamette Valley, which consists of alluvium with 

sedimentary or surficial weak soil deposits.   The Tyee formation spans much 

of the coast range, which consists of very weak sedimentary materials.   

 

 

Figure 3-2: a) Extends of state of Oregon selected as the study area, b) 
Created slope map from hybrid DEM in the region, c) Lithology map 
within the ranges of state of Oregon. 
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 DATA SOURCES 3.6

In landslide studies, there are several geospatial, geological, and geotechnical 

data sources which need to be considered to determine hazard levels, 

including:  topographic information (e.g. slope angle, land-cover), sub-surface 

data, ground water levels, soil properties, intensity and probability of triggering 

sources such as earthquake and rainfall (Soeters and van Westen, 1996).  For 

this project, the necessary datasets were acquired from numerous sources, 

which are summarized in this section (Table 3-2).   

Table 3-2: Datasets used for the landslide analysis and their source, 
provider and resolution. 

Dataset Source Provider 
Native 
Resolution 

Algorithm 
Resolution 

Hybrid 
Slope 

(a)National 
Elevation 

(a)USGS (a)26.88 (m) 

30 (m) 
(b)LIDAR DEM (b)DOGAMI (b)1 (m) 

PGA 
Exceedance 
probabilities  

De-aggregated 
Seismic Hazard 
Curves 

USGS 0.05 (deg) 
Bilinear 
Interpolation 

NEHRP Site 
Class 

Resilience study* DOGAMI 
Polygons 
1:20,000 

100 (m) 

Lithology OGDC v 5.0 DOGAMI 
Polygons 
1:20,000 

100 (m) 

*The Oregon resilience plan (OSSPAC, 2013) 
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These datasets include: 

3.6.1 Digital Elevation Model (DEM) 

The DEM consisted of LIDAR data, where available from the Oregon LIDAR 

consortium, DOGAMI (2012), and the USGS National Elevation Dataset 

(NED), USGS (2006), for the remainder of the state.  The original resolution 

for LIDAR DEMs was 1 meter which was then resampled to 26.7 meter pixel 

size to match the USGS NED DEM. Slope was derived from the DEM for a 30 

m pixel size. 

3.6.2 Lithology Map 

The lithology map was obtained from the Oregon Geologic Data Compilation 

(OGDC v 5.0), DOGAMI (2009), which provides the most current geologic and 

lithological mapping in the study area. Because the numerous geologic units 

were difficult to statistically quantify (e.g., soil properties) for such a large area 

given the limited number of landslides, lithological units were used to simplify 

the mapping procedure. However, should one be able to characterize 

individual geologic units, improved results can be obtained. 

3.6.3 SLIDO Database 

Historical landslides in the Statewide Landslide inventory Database of Oregon 

(SLIDO) (Burns et al., 2008) containing approximately 10,000 landslides.  

While the database includes many polygons digitizing the extents of the 
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landslides, most consist of only a single point to represent the location of the 

landslide.   

3.6.4 Seismic Hazard Curves 

The USGS de-aggregated seismic hazard curves (USGS, 2008). Plot the 

mean annual rate of exceedance (versus peak ground acceleration (PGA) 

for various VS30 measurements (180, 259, 360, 537 and 1150) NEHRP site 

classifications were provided at 0.05 degree increments throughout the entire 

study area. An example of these curves is shown in Figure 3-3.  C++ routines 

were written to convert the available gridded text file to a GIS floating point 

grid format and separate various PGA intervals within the study area for 

efficient computation.  During the probabilistic landslide analysis, bilinear 

interpolation is used for the finer cell increments.   

3.6.5 NEHRP Site Class 

NEHRP site classification, which is based on the soil shear wave velocity in 

the upper 30 meter (Vs 30) and average properties of soil in the upper 30 

meters, provided by the Oregon Resilience Plan (OSSPAC, 2013).  

Both the NEHRP site classification and lithology datasets were polygon vector 

files mapped at a scale of 1:20,000. They were converted into a grid format 

(with 100 meter pixel size) to improve computation speed at the expense of 

requiring additional disk storage space. 
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Figure 3-3: Example of seismic hazard curve from the study area. 

3.6.6 Friction Angle Histograms 

Because the extents of the study area are too large to obtain necessary 

geotechnical information such as soil strength, the soil strength was estimated 

by determining the slopes at each of the landslides in the SLIDO database 

categorized by each lithological unit (Chapter 2). This correlation results in an 

estimated soil strength distribution (normalized by the total number of 

landslides in each unit) for each lithological unit based on the assumption that 

the slope at each of the failure sites gives an indication of the maximum soil 
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strength (φ), such as the curve shown in Figure 3-4 for the sedimentary 

lithological unit. In areas where lithological units have been characterized 

through detailed testing, the actual soil strength distribution curves obtained 

from the testing can be used.  Shear strength values are generally low 

compared to what would be expected for these materials (Montgomery, 2001), 

(Schmidt and Montgomery, 1995).  However, substantial weathering from 

heavy precipitation combined with the effects of inter-bedding of weak clay 

seams leads to significantly reduced strength in these units.     

 

Figure 3-4: Friction angle distribution in sedimentary lithological unit 
with 1 degree bins.   
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 METHODOLOGY 3.7

The primary goal of this study is to quantify the likelihood of seismically 

induced landslide occurrence and the probability of exceeding certain 

thresholds of ground displacement given all possible earthquakes in the study 

area. To facilitate the ability to quickly create new maps when new data are 

available (e.g., updates to the seismic hazard curves), code was developed in 

C++ to efficiently process the probabilistic calculations for such a large area.  

This enables the code to be flexible such that one can run it for fully 

probabilistic calculations or for scenario events.  Following creation of the 

maps from the analysis, they can be brought into a GIS platform for further 

analysis and visualization.    

There are three main factors contributing to the landslide hazard, including 

slope, friction angle and peak ground acceleration. According to the chain rule 

in probability theory, conditional probabilities are used over all possible 

member of joint distribution of a set of random variables (slope, PGA and 

friction angle) to calculate the aggregated probability of a landslide. The 

following expression can be used to calculate the probability of a landslide at a 

given location: 

         ∑ ∑                         
 
   

   

                                 (3-1) 
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Where: 

i is the number of PGA bins,  

P(LS) is the probability of happening a seismically-induced landslide at      

a location x,y, 

βx,y is the slope angle at location x,y, 

PGA is the peak ground acceleration from corresponding seismic 

hazard curve (based on site classification) at a location x,y 

ay is the minimum pseudo-static acceleration required to produce 

instability the sliding block (yield acceleration), calculated using 

Newmark’s method (downhill equation), 

    ay = tan (   - βx,y) × g 

g is the acceleration due to gravity of Earth, equal to 9.81 m/s2 

                   is the probability of happening an earthquake with 

peak ground acceleration exceeding yield acceleration given the 

condition representing pixel located at x,y with slope of β degree 

and friction angle of φ from corresponding histogram. (could be 1 or 

0), 
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P(φj) is the probability of  the soil having a given strength (friction angle 

ranging from j = 0 to 90 degrees), obtained from the histograms 

such as that shown in Figure 3-4, 

P(PGAi) is the annual interval probability of having an earthquake 

producing a peak ground acceleration from seismic hazard curve 

(based on site classification) for the location x,y calculated by: 

P = 1 – e-λ 

Calculations were done for each 30 m x 30 m pixel (representing 900 m2) in 

the state of Oregon.  A related approach was used for liquefaction and lateral 

spread hazard mapping in Utah, Olsen (2005), Erickson (2006) and Gillins 

(2012). Figure 3-5 depicts the methodology in a flowchart format.  
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Figure 3-5: The methodology displayed as flowchart with simplified 
pseudo-code for stability evaluation.  

Extract Slope

Find Site Classification 
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Determine 
Lithological Unit

Get appropriate 
Φ́ distribution
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Displacement 

Models
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and 
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(x,y)

Extract seismic 
hazard curve

Loop through PGA bins for soil profile
{ 

For Lithology type
{ 

Evaluate stability 
Calculate incremental P(LS)
Calculate incremental P(D>xi)

}
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Simultaneous with the landslide triggering analysis, probabilities of exceeding 

displacement thresholds of (0.1, 0.3, 1.0, 10, and 100 m) are determined since 

they provide a better indicator of damage potential.  The first threshold was 

selected as 0.1 m, which represents the lower threshold of Saygili and Rathje 

(2008) regression model describing the initiation of landslide producing 

minimal damage which is easily repairable. The next threshold is 0.3 m, which 

is where significant damage may occur to structures (Olsen et al., 2007). 

Exceeding 1 meter threshold will create serious damage which would bring 

considerable consequences and extensive problems for lifeline utilities. The 

next two thresholds represent larger displacement as high as 10 and 100 

meters, which have more serious impact when they are close to lifeline 

corridors with extremely low chance of happening. Exceeding a 10 or 100 

meters threshold show a catastrophic situation produced by a large moment 

magnitude earthquake from Cascadia subduction zone. 

When performing regional analysis over a large area, a simple displacement 

approach is needed since parameters such as number of cycles, predominant 

period, and arias intensity are not easily obtained for such a large area or 

require significant assumptions and computations to acquire, reducing their 

reliability.  Hence, Ambraseys and Menu (1988) and Saygili and Rathje (2008)  

were two selected methods among the available models discussed previously 
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because they required only critical acceleration (ay) and peak ground 

acceleration (amax) to calculate permanent displacement (see Table 3-1). 

Ambraseys and Menu (1988) showed that if upslope movements are not 

considered (landslide case), for smaller value of ay/pga shape of input motion 

will be influenced and strong ground motion will produce permanent 

displacement (in centimeters) calculated from following expression: 

Log DL = 0.9 + log [(1- (ay/PGA))2.53×(ay/PGA)-1.09 ]  logDL= 0.30               (3-2) 

Where: 

DL  is the amount of permanent displacement, in centimeters, 

ay is the Newmark`s yield acceleration defined as the minimum pseudo-

static acceleration to create instability in sliding block, in g, 

PGA is the peak ground acceleration of the input motion, in g, 

logDL is the standard error for the above regression equation, where DL 

is in centimeters. 

Rathje and Saygili created various scalar and vector models through the years 

from 2008 to 2011. Scalar displacement models are regression over a single 

ground motion parameter whereas vector models need multiple motion 

parameters. The scalar model developed by Saygili and Rathje (2008) was 



Page 59 

 

 

chosen in order to estimate the permanent displacement from the landslide for 

the same second displacement map: 

ln DL = 5.52 – 4.43 (ay / PGA) – 20.39 (ay / PGA)2 + 42.61 (ay / PGA)3 

 – 28.74 (ay /PGA)
4 +  0.72 ln(PGA)                     lnDL= 1.13                            (3-3) 

Where: 

DL is the amount of permanent displacement, in centimeter, 

ay is the yield acceleration, in g, 

PGA is the peak ground acceleration of the input motion, in g, 

lnDL is the standard error for aforementioned regression equation, in 

centimeters. 

The probability of displacement exceeding a threshold value P [DL > t] is 

computed within each cell by looping through possible acceleration intervals 

from the seismic hazard curve for that location and critical acceleration. The 

standard errors of the regression models of A&M and S&R were used to 

calculate the probability of exceedance for given values of ay and pga. 

Equations 2 and 3 were used to estimate DL and exceedance probabilities 

were calculated from equation 4: 

P [(DL>t) | ay, PGAi ] = 1 – Fz(z)                                         (3-4) 
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Where: 

t is a threshold value, equal to 5 different value 0.1, 0.3, 1.0, 10 and 100 

m discussed below, 

Fz(z) is cumulative density function (CDF) for the standard normal 

variant, z, which can be calculated or taken from a CDF table of 

standard normal distribution in either general statistics textbooks or 

Table C-1 in Kramer 1996, p. 593) 

z can be computed from equation 5a or 5b depending on the selected 

regression model: 

log( )

log( ) log( )

L

L L

D

D t D
z



 
                     (3-5a) 

l ( )

ln( ) ln( )

L

L L

n D

D t D
z



 
                                     (3-5b) 

Where: 

log(DL) is the logarithm of the estimated displacement by the 

Ambraseys and Menu (1988) model, 

ln(DL) is the natural logarithm of the estimated displacement by Saygili 

and Rathje (2008) model, 
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log(DL = t) is the log of the selected threshold displacement, t, 

ln(DL = t) is the natural log of the selected threshold displacement, t, 

log(DL) = 0.30, the standard error for the Ambraseys and Menu (1988) 

regression model, 

ln(DL) = 1.13, the standard error for the Saygili and Rathje (2008)  

regression model. 

In order to calculate the exceedance probabilities equations 1 and 4 can be 

merged representing the following expression: 

P [(DL>t)] x,y = P [(DL>t) | ay, PGAi ]  × P (LSx,y |    , PGAi ,      )                 (3-6) 

A similar equation was developed in Rathje and Saygili (2011) for a site 

specific analysis. The probability that DL exceeds a given threshold can be 

calculated with equation 6, which is a summation of PGA and friction angle 

with given slope and computed yield acceleration in a particular cell. After the 

aggregation of all PGA values on the seismic hazard curve, the mean annual 

rate of exceedance of several displacement thresholds will be produced, 

resulting in the creation of a series of hazard maps, which will be discussed in 

the following section. 
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 RESULTS AND DISCUSSION 3.8

Figure 3-6 presents the landslide triggering map using equation 1.  The upper 

and lower extends of legends in the maps introducing red and green are 

varying according to the type of map, exceedance threshold and the method.  

Figures 3-7 through 3-11 show maps for the five displacement threshold 

exceedance probabilities using the Saygili and Rathje (2008) model (SR).  

Figures 3-12 to 3-16 show the displacement threshold exceedance 

probabilities using the Ambraseys and Menu (1998) model (AM).  

The produced landslide hazard map given in Figure 3-6 provides detailed 

information regarding the regions in Oregon and delineates domains extremely 

susceptible to landslide. While the hazard is very high, this map shows 

reasonable probability results when it is compared with landslide inventory 

datasets (SLIDO) (Figure 3-1). Note that SLIDO database has some limitation 

including that it does not address all landslides which actually happened in 

Oregon. On the other hand, most of the reported landslides in SLIDO were 

triggered by rainfall rather than earthquake. Most of the regions where it is 

estimated to have a high level of hazard, already frequently experience 

landslides without significant seismic activity. In most cases, the high hazard 

level prediction inside the map is in accordance with active landslides and 

some are dormant steep slopes, which have historically failed. The 
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displacement (calculated using SR) maps in Figures 3-7 to 3-11 show a 

rational, decreasing order of likelihood of failure with increasingly detrimental 

deformations.  

The results may be over conservative in eastern Oregon because the soil 

strength estimates were determined in western Oregon (where most of the 

landslides were documented and mapping is completed more rigorously), 

which experiences significantly more weathering due to increased rainfall.  

However, such an approach is a conservative approach.  If appropriate 

information were available to compare lithological units between eastern and 

western Oregon, one could develop and apply a scale factor for soil strength in 

eastern Oregon. 

Figure 3-10 and 3-11 represents larger displacement thresholds. Such 

displacements can only be triggered by large earthquakes; hence, the areas of 

higher probabilities are in close proximity to the Cascadia Subduction Zone 

and there is less influence from local faults.  However, these exceedance 

probabilities are extremely low due to the fact that these thresholds can only 

be met once a catastrophic earthquake happens, which has a lower probability 

of occurrence. 100 meter threshold maps are created in order to provide 

reference validation. Caution need to be implemented when using these maps 

since 100 meter threshold is outside the bound regression models. 
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Figures 3-12 through 3-16 use the displacement regression model of 

Ambraseys and Menu (1988), which all follow the same trend of decreasing 

chance of exceeding higher displacement thresholds. However, the AM model 

predicted much higher probabilities of exceeding displacement compared to 

Saygili and Rathje (2008) model, particularly at small thresholds. Although the 

color trend shown by AM maps is reasonable and similar to what SR maps 

represent, the magnitude of probability values are much higher. Table 3-3 and 

3-4 represent statistical parameters between the differences of two methods, 

showing that the results of two methods will converge in similar amounts within 

large thresholds of displacement, while the most discrepancy is witnessed 

below the 1 meter displacement threshold.  

Overall, both methodologies tend to have lower discrepancy in high seismic 

regions (the Oregon coast range, in particular). In such regions, at higher 

displacement very minimal differences were observed.  On the other hand, 

eastern Oregon depicts the largest differences between the approaches and 

these discrepancies tend to increase in higher distance threshold maps.  

Appendix A provides detailed maps showing the percent differences 

throughout the state between the analysis results using each displacement 

equation for all of the displacement thresholds.    
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Table 3-3: Statistical parameters for normal displacement differences 
between A&M maps and S&R maps in different thresholds. 

Displacement 
threshold (m) 

0.1 0.3 1.0 10 100 

Mean 0.45 0.56 0.60 0.30 0.00027 

Min 0.00 0.00 0.00 0.00 0.00000 

Max 0.77 0.95 0.99 0.50 0.00045 

Std.Dev 0.29 0.37 0.39 0.20 0.00018 

 

Table 3-4: Statistical parameters for percentage displacement 
differences between AM maps and SR maps in different thresholds. 

Displacement 
threshold (m) 

0.1 0.3 1.0 10 100 

Mean 280 1412 10540 567993 2174950 

Min -10 -31 -57 -91 -100 

Max 2917 7426 32947 4243635 18428114 

Std.Dev 72 417 4463 453621 2304796 

 

 



Page 66 

 

 

 

Figure 3-6: Fully probabilistic landslide hazard map for state of Oregon. 
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Figure 3-7: 10 centimeter displacement exceedance hazard map for state of Oregon with Saygili and Rathje 
predictive displacement regression model (2008). 
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Figure 3-8: 30 centimeter displacement exceedance hazard map for state of Oregon with Saygili and Rathje 
predictive displacement regression model (2008). 
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Figure 3-9: 1 meter displacement exceedance hazard map for state of Oregon with Saygili and Rathje 
predictive displacement regression model (2008). 
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Figure 3-10: 10 meter displacement exceedance hazard map for state of Oregon with Saygili and Rathje 
predictive displacement regression model (2008). 
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Figure 3-11: 100 meter displacement exceedance hazard map for state of Oregon with Saygili and Rathje 
predictive displacement regression model (2008). 
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Figure 3-12: 10 centimeter displacement exceedance hazard map for state of Oregon with Ambraseys and 
Menu predictive displacement regression model (1988). 
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Figure 3-13: 30 centimeter displacement exceedance hazard map for state of Oregon with Ambraseys and 
Menu predictive displacement regression model (1988). 
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Figure 3-14: 1 meter displacement exceedance hazard map for state of Oregon with Ambraseys and Menu 
predictive displacement regression model (1988).  
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Figure 3-15: 10 meter displacement exceedance hazard map for state of Oregon with Ambraseys and Menu 
predictive displacement regression model (1988). 
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Figure 3-16: 100 meter displacement exceedance hazard map for state of Oregon with Ambraseys and 
Menu predictive displacement regression model (1988). 
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 VALIDATION 3.9

The SLIDO was used for validation of the created landslide probability map. 

While these landslides do not represent seismically induced landslides, they 

provide an indication of where landslides would be expected to occur (i.e., 

seismically induced landslides will re-trigger existing landslides).  An ArcGIS 

Zonal Statistics function was used to extract the landslide triggering probability 

value at the locations of all landslides in SLIDO, which were classified into 5 

different landslide hazard level of very low, low, medium, high and very high 

(Table 3-5). Almost all the reported landslides fall in very high category. This 

result suggests that future landslides which would have similar characteristics 

within this region will be well predicted by presented hazard map. In addition, 

none of the landslides from the database falls in very low or low hazard level, 

also indicating a high accuracy for the map. The lowest calculated mean 

annual rate of exceedance for previously reported landslides was 0.56, which 

is within the medium level.  
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Table 3-5: Validation information of produced landslide probability map 
with SLIDO database. 

Hazard Level Annual Probability #LS Percentage 

Very Low 0.0 - 0.2 0 0% 

Low 0.2 - 0.4 0 0% 

Medium 0.4 - 0.6 11 0.1% 

High 0.6 - 0.8 4 0.04% 

Very High 0.8 - 1.0 10,317 99.85% 

 

  CONCLUSION 3.10

3.10.1 Oregon`s Situation 

The chronic, widespread nature of landslide movements within the state of 

Oregon is of extreme concern, particularly when exacerbated by seismic 

activity. While the soil strength estimate approach may be conservative, it 

agrees well with recent map analyses by DOGAMI using LIDAR technology, 

which has led to the discovery of many new landslides (Madin and Burns, 

2006). 

The Cascadia subduction zone is located approximately within 90 km of the 

coast and is capable of creating large magnitude earthquakes with return 

period of 300 to 500 years. Given the fact that last approximate occurrence of 
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such earthquake was in January of 1700, it is extremely essential to prepare 

and reinforce vital structures, utilities, and lifeline corridors in high probability 

landslide hazard areas.  

3.10.2 Methodology Findings 

A very significant limitation of performing a landslide regional assessment is 

the collection of accurate, detailed data. It is quite challenging to use available 

data and systematically evaluate stability analysis and incorporate site specific 

displacement regression models into regional analyses. 

 This study applies many of the site specific rigors (e.g. Saygili and Rathje 

model) to a regional assessment. It is thus critical to note that at the time of 

application, values from these maps should not be used for engineering 

design in site specific projects, but rather as a relative screening criterion for 

when more detailed site investigations and design analyses should be 

completed. Further, earthquake shaking characteristics (e.g. peak ground 

acceleration and arias intensity or predominant period) are important 

parameters; hence, the expected motion in Oregon might differ with input 

motions used in empirical predictive displacement models, which will result in 

aleatory variability.  Finally, the methodology was shown to produce consistent 

results with the best available landslide inventories for comparison.   
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3.10.3 Future Work 

Several improvements can be made to the methodology, which is expandable, 

by design.  One can include other factors (e.g., probability of soil being 

sufficiently saturated for a landslide to occur).  Another complementary future 

work would be to reinforce the strength estimation in lithological units by trying 

repeating the process over a larger landslide database containing landslides 

reported all over the state rather than solely in the western Oregon. 

The probabilistic seismic hazard routines written in C++ can be also 

implemented consistently where similar datasets are available.  (Note that 

most of these datasets are available across the US).  However, as more high-

resolution LIDAR data are collected, they can be easily integrated into the 

analysis.   

The developed map series can further be used in disaster management to 

minimize damages from landslides posing a hazard to the State of Oregon. 

For example, Oregon DOT will use the results of this study, in conjunction with 

consideration of other variables, to determine priority lifeline corridors for 

resource allocation.    The probabilistic nature of these maps enables them to 

be combined with other hazards for a more complete hazard analysis.   
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4 CONCLUSION 

This thesis has developed a methodology to determine the potential for 

seismically induced landslides within a probabilistic framework. The 

methodology enables one to determine the probability of landslides (across a 

region) exceeding displacement thresholds considering a variety of seismic 

sources. 

This study was performed to understand the potential impacts of seismically-

induced landslides throughout Oregon.  Within Oregon, as with many other 

states, various costs and harm are generated by interference to transportation 

networks created by the burdens of debris and soils blocking the road. Due to 

the presence of Cascadia subduction zone, large earthquakes are likely in the 

region, causing response and recovery to have extremely vital role in soothing 

the harm induced by landslides within the coast range. This is particularly vital 

since there are only a few lifeline roads linking the populations of the 

Willamette valley and coastal communities.  

The first chapter provides the problem statement of this thesis related to 

landslide hazard quantification in the state of Oregon. The importance of the 

study is illustrated and an overview of the thesis is given.  

The second chapter addresses data collection procedures and the necessary 

geospatial processing of related data in order to further perform the suggested 
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methodology. Available, collectable datasets needed for the study is 

introduced along with the proposed methodology to process the datasets. 

Previously reported landslides aggregated in a database were used to relate 

slope at failure to the soil strength distribution of various lithological units and 

investigate the effect of various causative factors in landslide occurrence. It 

has been concluded that lithology should guide the quantification of other 

factors, rather than being treated alongside other factors.   

The third chapter presented the fully-probabilistic methodology developed for 

regional seismic slope stability analysis. The landslide triggering probability 

map has been validated by using the reported landslide database, SLIDO, 

where approximately 99.8 percent of the reported landslides were 

characterized in the map at a very high hazard level. Further, displacement 

maps were created using two different displacement predictive models: 

Ambrasey and Menu (1988) and Saygili and Rathje (2008). According to the 

displacement map a decreasing trend of rate of exceedance is witnessed with 

increasing displacement thresholds. Large displacements can only be 

triggered by significant strong ground motions which limit to the cascades 

range. 

As a contribution to disaster management studies, this thesis provides 

numerous, helpful maps which can be used to prioritize any needed actions in 
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order to mitigate the hazards created by the landslide phenomena. For 

example, the Oregon Department of Transportation can use these maps in 

hardening unstable slopes located near vital lifeline road corridors, which 

might be blocked after landslides are generated from other hazards such as 

earthquake or tsunami. Proper use of this information will empower disaster 

management agencies to respond quicker and more effectively. 
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APPENDIX B – ELECTRONIC APPENDIX 

All the input data and the executable file of the code which represents the 

methodology to produce the probabilistic mapping of landslide hazard and 

deformation analysis in Oregon done by Mahyar Sharifi Mood are given in this 

disk as an electronic appendix. Question regarding the contents of this disk 

should be directed to Mahyar Sharifi Mood at: sharifim@onid.orst.edu. 

Inside this disk are all the input data files including: 

 Lithology Grid (100 m) 

 Slope Grid (30 m) 

 NEHRP Site Class Grid (DOGAMI) (100 m) 

 USGS Seismic Hazard Curves data for the conterminous US.  

The executable version of the code is provided inside this disk which can be 

implemented to the region to update the maps once newer and updated data 

are available. 
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