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Abstract
GUIDANCE INDEX FOR SHALLOW LANDSLIDE HAZARD ANALYSIS
By: Cheila Avalon Cullen

Adviser: Dr. Reza Khanbilvardi

Rainfall-induced landslides are one of the most frequent hazards on slanted terrains. They lead
to considerable economic losses and fatalities worldwide. Intense storms with high-intensity and
long-duration rainfall have high potential to trigger rapidly moving soil masses due to changes in
pore water pressure and seepage forces. Nevertheless, regardless of the intensity-duration of the
rainfall, shallow landslides are influenced by antecedent soil moisture conditions. To the present
day, no system exists that dynamically interrelates these two factors.
This work establishes a relationship between antecedent soil moisture and rainfall expressed in
the form of a Shallow Landslide Index (SLI) at 1km2 resolution for the United States. The
proposed mathematical model is based on a logistic regression-learning algorithm that
systematically adapts from previous landslide events listed in a comprehensive landslide
inventory. Because landslides are considered to be the product of the interaction of static and
dynamic factors, static factors are examined first. Also, because significant uncertainties are
found when mapping factors in large spatial scales, buffer and threshold techniques are used to
downscale areas and minimize uncertainties. Static parameters for 230 shallow rainfall-induced
landslides in the continental United States are examined. ASTER GDEM is used as the basis for
topographical characterization of slope and buffer analysis. Slope angle threshold assessment at
the 50, 75, 95, 98, and 99 percentiles is tested locally. Further analysis of each threshold in
relation to other parameters is investigated in a logistic regression model for the continental U.S.
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It is determined that lower than 95-percentile thresholds under-estimate slope angles and best
regression fit can be achieved when utilizing the 99-threshold slope angle. This model predicts
the highest number of cases correctly at 87.0% accuracy. A one-unit rise in the 99-threshold
range increases landslide likelihood by 11.8%. The logistic regression model is carried over to
ArcGIS where all static variables are processed based on their corresponding coefficients. A
regional slope susceptibility map for the continental United States is developed and analyzed
against the available landslide records and their spatial distributions.
Consequently, a mathematical algorithm is proposed to determine landslide probability as a
function of static and dynamic factors employing accumulated water volume. As rainfall
thresholds alone do not provide information about the soil wetness profile with depth, the
Shallow Landslide Index (SLI) is intended to be an indicator of antecedent root soil moisture
and rainfall accumulation over a 1km2 pixel area. Experimentally, root-soil moisture retrieved
from AMSR-E and rainfall retrieved from TRMM are used as proxies to develop such index.
Static and dynamic conditions leading to each landslide event are examined over 60-days, 30days, 10-days and 7-days. The input dataset is randomly divided into training and verification
sets where validation results indicate that the best-fit model predicts the highest number of cases
correctly at 93.2% accuracy. The resulting equation is then incorporated in a python subroutine
that calculates the SLI for each of the 900,000-pixel points. For each pixel, the algorithm
incrementally tries values from 0 to the value that makes the event probability equal to 1.
Since AMSR-E and TRMM stopped working in October 2011 and April 2015 respectively, a
solution that works for the future is presented. Root-soil moisture retrieved from SMAP and
rainfall retrieved from GPM are used to develop models that calculate the SLI for the continental
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United States for 10-days, 7-days, and 3-days. The resulting models indicated a strong
relationship (93.4%, 93.8%, and 93.7% respectively) between the predictors and the prediction
value. Nevertheless, as of the writing of this work, the SMAP root soil moisture product has a
mean latency of 7-days hence the SLI is functional for 10 or 7 days. It is expected that as
SMAP’s latency is reduced, the SLI functionally can also be brought to a shorter period. The
resulting SLI map can potentially be used as an indicator of the total amount of rainfall needed
for a given duration of time to trigger a shallow landslide in a susceptible area.
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Introduction
Rainfall-induced landslides are one of the most frequent natural hazards on slanted terrains.
They usually result in significant economic losses and fatalities globally. Worldwide at least
32,322 deaths between 2004 and 2010 have been reported (Petley 2012), in the United States
alone, Landslides cause around $1-2 billion in damages and more than 25 fatalities in average
each year (U.S. Department of Interior 2016). Developing systems that can help reduce the
devastating consequences of these events is an imperative scientific endeavor (Teerarungsigul
2006; Y. H. Y. Hong et al. 2007; Nefeslioglu et al. 2008; Chae & Kim 2011; Kirschbaum et al.
2012; Pareta & Pareta 2012; Tien Bui et al, 2012).
Although landslides are considered to be dependent on the complex interaction of several static
and dynamic factors, slope angle has a significant influence on the susceptibility of a slope to
sliding. Increased slope angle usually correlates with increased likelihood of failure even if the
material distribution on the slope is uniform and isotropic (Dai & Lee 2002). Undeniably, many
other parameters are essential to the analysis of landslide events. For example, changes in land
use and land cover such as deforestation, forest logging, road construction, cultivation and fire
on steep slopes can have a significant effect on landslide activity (van Westen et al. 2008). Also,
forest vegetation, especially tree roots help stabilize hill slopes by reinforcing soil shear
strength. Root reinforcement is imperative on gradients where roots are long enough to extend
into joints and fractures in bedrock (Abe & Ziemer 1991; Schmidt et al. 2001). These properties
influence the soil's holding capacity and rate in which water moves through the ground. Coarse
soils are known to hold less water under unsaturated conditions than finer soils (Kitutu &
Muwanga 2009). In general, soil types and their associated geotechnical, mechanical, physical
1

and hydrological properties are essential for the assessment of landslide hazards (van Westen
et al. 2008).
Though multiple factors play a significant role in landslide occurrence, it is usually a single
dynamic factor that becomes the trigger element of a landslide event. Earthquakes, volcanic
eruptions, human activities or rainfall intensity either increase stress or reduce shear strength of
slopes materials (Aristizábal, Velez, et al. 2015). Intense storms with high-intensity and longduration rainfall have high potential to trigger rapidly moving soil masses due to changes in
pore water pressure and seepage forces (Chae & Kim 2011; Prokešová et al. 2012; Lehmann et
al. 2013). As global climate changes, it is expected that regional precipitation patterns such as
precipitation intensity will increase. As a consequence, it is likely that rainfall-triggered
landslides occurrence will rise too (Oku & Nakakita, 2013; Barbi & Ferreira 2013).
Various studies that list, define areas of susceptibility and attempt to forecast landslides have
shed some light on the conditions and mechanisms that influence slope instability ( Eeckhaut et
al. 2011; Fell et al. 2008; Ghosh et al. 2011; Pareta & Pareta 2012; Teerarungsigul 2006; Dai
& Lee 2002; Liao et al. 2010). Nonetheless, the reliability of all proposed methodologies is
dependent on the availability of adequate temporal and spatial surface data in addition to
appropriate reporting (Kirschbaum et al. 2012). At local scales, deterministic methods are
considered to be most reliable because they are founded on geotechnical properties (Tien Bui et
al. 2012). Nevertheless, deterministic methods are inadequate for the study of landslides at large
extents as geotechnical, and hydrological conditions vary persistently from location to location
(Tien Bui et al. 2012).
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Statistically based models are preferred at large scales because they have shown a good degree of
reliability correlating instability parameters to prior distribution of landslides (Fell et al. 2008).
Nonetheless, significant discrepancies arise when monitoring landslides at high spatial resolution
over a large domain. Extrapolation of available information usually results in the
misrepresentation of parameters that influence landslide occurrence. Also, accuracy is hindered
because parameters such as antecedent soil moisture in relation to rainfall as a trigger are not
included in the models (Kirschbaum et al. 2012).
This work addresses both issues. First, buffer and threshold techniques that help minimize
uncertainties of slope representation at large-extents are introduced. Precisely, the proposed
blended techniques involve a local level suitable approach that delineates areas of high
susceptibility where another method that is appropriate for large area assessment is applied. It is
then a multistage approach that is proposed here to bridge the gap between different appraisal
extents and move seamlessly from the local assessment to a more large extent.
Second, machine-learning methods are used to develop a mathematical algorithm that relates
remotely sensed antecedent soil moisture conditions to rainfall. This leads to the development of
an Index value that serves as guidance for the assessment of shallow landslide hazards with in
susceptible areas in the Continental United States. The system presents stakeholders with the
capability to foresee volumetric water conditions for susceptible locations 10 and 7 days in
advanced, facilitating then, the decision making progress to determine landslide hazard,
vulnerability, and risk.
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Chapter 1
Background
Statement of the Problem
1. Various works (Y. H. Y. Hong et al. 2007), (Baum & Godt 2009), (Kirschbaum et al. 2012)
emphasize that rainfall intensity-duration thresholds are the best tool to determine landslide
events likelihood. Nevertheless, physically-based models that simulate the soil’s hydrological
dynamics after rainfall have demonstrated that rainfall alone is not adequate to identify
instability and that antecedent soil moisture conditions are substantial for the generation of
this phenomenon (Glade et al. 2000; Liao et al. 2010; Brocca et al. 2012; Chen & Zhang
2014). Rainfall intensity-duration thresholds can be indicators of precipitation as a precursor
of landslide activity, but antecedent soil moisture conditions significantly influence landslide
initiation as gravity drainage becomes negligible when soil water content falls below the
soil's field capacity. Besides, the spatial distribution of moisture content in the soil and pore
water pressure control the dynamics of shear strength and effective stress, water pressure
within the porosity of the soil expands the pore space and reduces the frictional forces
between soil particles triggering slope instability (Lehmann et al. 2013).
Precipitation thresholds of rainfall and duration do not provide information about the soil
wetness profile with depth. Regardless of the intensity-duration of the rainfall, shallow
landslides are influenced by antecedent soil moisture conditions. For example, a substantial
precipitation episode within a dry period is not likely to trigger shallow landslides any less
than a low-intensity rainfall would within a wet period (Godt et al. 2006). Also, damp
antecedent conditions are likely to cause greater debris flow of greater magnitude during or
4

following a given rainstorm (Baum & Godt 2009). As landslide hazards related to the
frequency of landslides and the temporal distribution of triggering factors, defining a
methodology that relates antecedent soil moisture characteristics to rainfall can
significantly improve rainfall-triggered shallow landslide hazard analysis.

2. The advancement of remote sensing techniques offers a better opportunity to analyze
landslide hazard at large extents. However, considerable discrepancies arise when monitoring
landslides at large spatial resolutions over a vast domain. The current working global
landslide hazard algorithm in Hong (2007), for example, utilizes factors such as slope, soil
type, soil texture, elevation, land cover and drainage density to determine landslide
susceptibility. All parameters in this model were normalized globally, and susceptibility was
configured utilizing a weighted linear combination method. The weight of all parameters was
calculated in a heuristic manner and results were compared qualitatively to a regional North
American study (Y. Hong et al. 2007).

When validated with an inventory system,

Kirschbaum (2009) reported that slope angle values in the model were under-valued at
around 21 degrees due to averaging values over a large area. Similarly in another large-scale
work, Nadim (2006) places susceptible slope angle between 8 and 32 degrees maximum.
As slope is considered to be the most significant parameter in calculating landslide
susceptibility (Donnarumma et al., 2013; Collins & Znidarcic, 2004; Guzzetti et al., 2008;
Xiaoyi & Jianping, 2006; Korup, 2005; C. Lee et al., 2008), the misrepresentation of slope in
any proposed methodology can lead to the mischaracterization of the conditions leading to a
landslide event. Thus defining a better technique to determine susceptible slopes at large
scales, can assist to improve the analysis of landslide susceptibility, hazard, risk, or even help
5

in the prediction of the phenomenon.
Furthermore, the reliability of all proposed methodologies in the study of landslides is
dependent on the availability of adequate temporal and spatial surface data (Kirschbaum et
al. 2012). Inventories for example, usually depend on information retrieved from
newspapers, online news, and government agencies where heterogeneous reporting is
unavoidable. The inaccuracy problem increases as the extent grows making it harder to
determine the exact location and corresponding characteristics. In many instances, catalogs
lack precise spatial and temporal distribution making it hard to identify the exact conditions
involved in the development of landslide events. It is then necessary to find a method or
technique that overcomes the uncertainty issue, if not by finding the exact location, then by
process of elimination.

6

Goal
The goal of this research is to develop a Shallow Landslide Index (SLI) that can serve as
guidance for the analysis of shallow landslide hazards at estimated susceptible locations within
the United States.
Specific objectives
1. To propose a mathematical model as a basis for a machine learning algorithm with the
capacity to learn from previous landslide events and evolve into a guidance system.
2. To establish a relationship between antecedent soil moisture and rainfall at 1km resolution in
the United States expressed in the form of a Shallow Landslide Index (SLI).
3. To explore soil moisture information obtained from the new SMAP and GPM missions as
viable tools to determine a useful SLI that aids the shallow landslide hazard analysis.
4. To develop techniques that efficiently minimize slope underestimation for the study of
landslide susceptibility at large scales.
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Study Domain
The setting for this research encompasses the conterminous United States. According to the
United States Geological Survey (USGS), landslides occur in every estate in the U.S. Some
areas with distinctive characteristics are more prone than others, but landslides are a natural
hazard that causes between 25 to 50 deaths and at least $1 billion in damages each year.
In the State of California for example, widely distorted steep slopes and varied rock formations,
characterize the mountain areas. The varieties of rocks in the region include Mesozoic, granite,
and the Franciscan assemblage. Also, the complex ranges are underlined by volcanic and
Tertiary sedimentary rocks and insufficiently consolidated Quaternary deposits (Radbruch-Hall
et al. 1982). The rocks are faulted, folded and are subdivided by various historically active
northwest-trending faults such as the San Andreas Fault system. Fault scarps, cliffs, and steepsided canyons are also natural topographies within the mountain ranges of California. The
Franciscan mélange for example, presents one of the highest incidences of mudslides in the
California region where enormous volumes of debris are gradually moving down-slope. This
area is characterized by extremely soft and sheared mudstone sandstones, high-grade
metamorphic rocks, and greenstones (Radbruch-Hall, 1976).
Predominantly, debris movements in the ranges of California occur during torrential downpours
after previous steady rain. Landslides in this area are common especially when precipitation is
more than 8 to 10 inches per year (Radbruch-Hall et al., 1982). The rainfall pattern in this region
is seasonal thus, the climate ranges from very wet in northern California to arid at the southern
edge of the area. Nevertheless, the entire region experiences intense erosion, for instance, the
lower third of the Eel River drainage basin in northern California discharges 2,700 metric tons of
8

suspended deposits per square kilometer on a yearly basis (Hawley & Jones, 1969). Landslides
are the chief contributors of the debris eroded from this drainage basin as a result of torrential
downpours during rainy seasons. In the semiarid areas, erosion is only intense in the durations of
seasonal winter rains. In southern California, debris currents generated by soil slips during
rainstorms prove to be very detrimental and present great risk for the residents of the area.
Between 1962 and 1971 for instance, debris flows claimed 23 lives in the Greater Los Angeles
area (Campbell, 1975). Similarly, the central regions of the State with poorly consolidated
Tertiary rocks experience regular debris movements.
Other areas in the U.S. that have persistently experienced landslides include the Colorado
Plateau, the Southern Rocky Mountains, and the Appalachian (Radbruch-Hall et al., 1982).
Specific geologic conditions and certain rock types influence the landsliding in these regions.
Fine-grained clastic rocks, primarily consisting of clay-size and silt particles, have higher
landslide tendencies and are distinctly vulnerable if they are poorly consolidated or overlain by
more impervious but cracked permeable rocks like sandstone, basalt, or limestone (RadbruchHall et al., 1982). Poorly consolidated accumulations of the earthly surface debris slide
throughout the regions, especially during heavy and persistent precipitation.
In the Colorado Plateau region, landslides and heavy mud erosions occur due to the gently
warped and distorted landforms with interbedded sedimentary rocks of different lithological
characteristics. The mass movements in the region are closely related to the lithology, regional
geologic history, and the topographic structure of the entire Colorado Plateau. The region is
generally above 1,500 m in elevation with some parts at 8,400 m, while some summits surpass
8,700 m. Numerous very deep, steep-walled canyons engrave the Plateau, slumps, debris flows,
9

rock falls, and intricate block slides are a common phenomenon. Various sedimentary rocks have
been gently warped into basins, buttes, and left flat-topped (Radbruch-Hall et al., 1982).
Due to the mass movements caused by heavy rains, the rocks in the Colorado Plateau are
extensively fractured and erosion has cut deep canyons. The mass movements are as well partly
or wholly linked to the alterations of slope stability, arched recesses, cliff faces, edges of mesas,
and several natural arches in the entire region of the Colorado Plateau. The steep topography has
facilitated the persistence occurrence of landslides in the area and is very much associated with
fracture systems in the rocks (Radbruch-Hall et al., 1982). The San Juan Mountains regions in
the southwestern location of the State of Colorado have a high occurrence of earth flows (Howe,
1909). For instance, Slumgullion earth flows in the region, have dammed Lake Fork for a length
of more than 6.4 kilometers (Radbruch-Hall et al., 1982).
The Southern Rocky Mountain regions are made up of challenging climate and rock types. The
climate in this region ranges from very wet to semiarid, and the majority of the rocks of the
subsection have been fractured and deformed by repetitive tectonic movements (Radbruch-Hall
et al., 1982). Accordingly, the landslides observed in this are equally complex in nature. Slides
range from debris flows and slumps to rock-falls at the highest locations. They include
gravitational origin elements like "sackungen” and extensive soil slips. Adding to the
complexity, far-reaching regional combined patterns have not been adequately distinguished.
Debris flows and rock-falls are also present in significant quantities above the timberline, where
steep slopes, plentiful moisture, the absence of vegetation, and shattered rock lead to their
formation. In the Southern Rocky Mountain region, the most dangerous slope failures are debris
flows triggered by heavy rains or snowmelt in areas of deformed or broken rock, glacial debris or
10

thick colluvium. Recurrent flows in these regions have contributed to extensive destruction for
the mountain area residents.
Debris avalanches, debris flows, and mudflows prevail in the weathered bedrock and colluvium
of the Appalachian Highland areas. Many landslides on the Appalachian Plateau have originated
in soils generated from Permian and Pennsylvanian sedimentary rocks. The region is mostly
overlain by Paleozoic sedimentary and metamorphic rocks (Radbruch-Hall et al., 1982). The
rocks are faulted and folded while some are slightly deformed. Constant and steady rainfall
followed by sudden intense rainfall contributes to detrimental debris flows and avalanches,
mainly in Kentucky and Tennessee. In some areas, the outward gravitational motion of valley
walls has doubled the occurrences of heavy mudslides when intense downpours are experienced
after previous steady rain. Furthermore, the steep slopes have made the area very unstable,
especially soft rocks. Apart from the steep slopes, void space in the colluvium, storm intensity
and distribution, manmade changes, and vegetation cover make the area highly susceptible to
landslides (Radbruch-Hall, 1976).
In both the Blue Ridge Mountains and folded Appalachians, multiple slow-moving debris slides
originate from scree and colluvial soil present in high quantities on the metamorphic and
sandstone slopes. Shale, commonly shale-limestone and red beds, quickly disintegrate into
clayey soil once exposed. Nearly all landslides involving weathered bedrock and soil are made
up of a smooth, integrated, and thin earth-flow that is roughly 2.4 meters thick. In most cases, the
earth flow slabs move slower at a range of 1 to 2 meters per year and are usually underlain by
water containing materials. The detrimental consequences amount to millions of dollars
annually. However, since the flows move slowly, there are hardly any fatalities (Radbruch-Hall
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et al., 1982). Nonetheless, the greatest environmental destruction result from avalanches and
debris flows when steady rainfall is ensured by sudden intense rainfall. According to Schneider
(1978), one such heavy downpour can cause from 100 to more than 1,500 landslides. In 1969, for
instance, Hurricane Camille gave rise to 1,584 avalanches and debris flows in an area of 98 km2
in eastern West Virginia (Schneider, 1978). According to the journal of U.S. Geological Survey,
more than 10,000 avalanches and debris flows have been witnessed in the area during the 20th
century (Spiker & Gori, 2003).
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Chapter 2
Rainfall-induced Shallow Landslides
2.1 Characteristic and Mechanisms
The term “Landslide” describes the downward and outward movement of slope-forming
materials that include rock, earth, and debris or a combination of these. The materials may move
by falling, sliding, spreading, flowing or toppling. Varnes (1978) and consequently Cruden &
Varnes (1996) classified the great diversity of landslide events by conceptually combining the
type of materials and the type of movement involved. This classification gave rise to the formally
accepted "landslide classification" system (Cruden, D. M., & Varnes 1996).
Shallow rainfall-induced landslides particularly, are one of the most frequent hazards on sloped
terrains. Intense storms with high-intensity rainfall have high potential to trigger rapidly moving
shallow soil masses due to changes in shear strength and infiltration causes failure when
positive pore pressure increases due to static liquefaction. Rainfall-induced landslides can vary
from shallow soil slips (less than 0.3-2 m in depth) to deeper events (Aristizabal 2013). Deeper
landslides are triggered by accumulated rainfall over long time intervals causing a long-term
increase in negative pore pressure. For deep landslides, negative pore pressure causes failure
due to reduced suction (Iiritano et al. 1998; Collins & Znidarcic 2004). In the case of rainfallinduced landslides, it is recognized that the changes in pore-water pressure and seepage forces
are the culprit of slope instability as sufficient positive pore-water pressure builds and matric
suction dissipates (Chen & Zhang 2014).
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Landslide events are dependent on the complex interaction of hydrological and mechanical
processes. Where and when rainfall-induced shallow landslides occur depends on local
topography, geological composition, land use, soil type, and soil water content. The water flow
entering the soil depends on the soil’s properties such as composition and antecedent moisture,
the amount of rainfall, and the local geomorphology (Aristizabal 2013). Specifically, the pore
water pressures have tremendous effects on slope stability that triggers landslides or slope
failures particularly in unstable soils subject to heavy rainfall. Mostly, soil failures resulting to
landslides occur as a result of rainfall events combined with topographic features like potentially
unstable or unconsolidated soil slopes that are subject to surface infiltration.
Destructive landslides tend to occur in steep terrains that experience prolonged and consistent
rains that are then followed by intense rainfall events (Collins & Znidarcic, 2004). Dependent on
the intricate interaction of hydrological and mechanical processes, rainfall changes the
groundwater flow patterns with mounting pressure heads and frequently rising groundwater
table. For stretched out steep topographies, the assumption is that the underground water table is
parallel to the surface of the slope and merely increases as rainfall intensity increases thereby
reducing the stability of the slope (Craig, 1992). Thus, landslides induced by rainfall occur
because of different mechanisms including soil profiles, pore pressures, seepage forces, and soil
topography (Fannin & Jaakkola, 1999).
Various studies that utilize infinite slope analysis have demonstrated how rainfall induces
landslide activity (Collins & Znidarcic, 2004). For instance, if every slice of an infinitely
stretched slope is subject to similar intensity and amount of rainfall, a single slice can be
regarded as a one-dimensional soil column dependent on vertical infiltration. Any lateral flow
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induced by the difference of the elevation head between the neighboring slices will be equal to
the downslope and upslope boundaries of the slice. Furthermore, parallel analysis of twodimensional and one-dimensional infiltration validates that the resulting pore pressure profiles
are similar for an infinite slope (Collins, 1997).
Apart from rainfall infiltration, human land uses like cutting away of the toe, and clearance of
vegetation cover have considerably increased the incidences of landslides triggered by rainfall
(Collins & Znidarcic, 2004). Hydrostatic suctions such as upward seepage from suction induced
by evaporation or vegetation cover, and soil categories have demonstrated to influence rainfallinduced shallow landslides. Most importantly, shallow landslides that are triggered by heavy
downpour events are greatly affected by the sudden buildup of pore pressure or by the loss of
soil stability or apparent soil cohesion (Aristizabal 2013). As an outcome, a failure surface
occurs at the contact with the bedrock beneath or within the soil profile. By way of
transformation that can be as a result of dilatancy and liquefaction, the slipped mass develops in
a debris flow, which moves downwards causing erosion and increases the volume of moving
mass (Crosta & Frattini, 2003; Crosta, 1998; Wieczorek, Morgan, & Campbell, 2000).

2.2 Static Factors
Factors determining the distribution and occurrence of shallow landslides can be divided into
two major categories (Wu & Sidle, 1995). They include the almost-static variables and the
dynamic or transitory variables. On the one hand, the almost static variables encompass soil
properties (permeability and mechanical characteristics, thickness) and seepage in the
topography and bedrock (slope, elevation, areas of divergence and convergence). These aspects
contribute to the elucidations of the spatial distribution of landslides and the susceptibility of
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slope failure. On the other hand, dynamic or transitory variables encompass the degree of soil
cohesion and the saturation of the soil subject to the presence of partial saturation or the roots of
vegetation as some of the aspects controlling the triggering of slope failures in susceptible areas.
Human activities and hydrological processes are also part of the dynamic aspects that illustrate
the temporal patterns of landslides (Crosta & Frattini, 2003). Significant environmental factors
have been defined as the generative elements of landslide events, namely: slope, elevation, land
cover, and soil type.
2.2.1 Slope
Slope angle is a well-known statistical and deterministic parameter for assessing landslide
susceptibility and for the detection of potentially landslide prone areas (Donnarumma, et. al.,
2013). For instance, slope stability dynamics were used as early as the 1800s to calculate the
effects of landslides between 1811 and 1820 in Tenessee and Kentucky (Jibson & Keefer,
1989). In fact, slope angle statistical analysis is greatly utilized in the scientific literature towards
the better comprehension of the relationship between landslide events and predisposing factors.
Various models have analyzed slope angle as a discrete variable (Guzzetti et al. 2008; Xiaoyi &
Jianping 2006; Korup 2005; C. Lee et al. 2008; Collins & Znidarcic 2004), these studies reveal
that landslide evolution is widely connected to the gradient of the slope in geomorphologic
environments subject to movements.
Slope stability and angle inclination are usually correlated to the acts of gravity on the earth’s
surface (Nelson, 2013). In this relationship, gravity is categorized into two components, one that
is perpendicular to the slope (gp), and the other that is parallel to the slope (gs). On gentle slopes,
the perpendicular component is greatest and acts to hold the mass in place. On high gradient
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slopes, usually greater than 45 degrees, the parallel component to the slope acts to pull the mass
down-slope. The forces holding the earth particles together are termed as a shear strength which
includes cohesion among the particles and frictional resistance (Nelson, 2013). Whenever the
shear stress becomes greater than the joint forces holding the particles on the slope, the particles
will separate and flow or move down-slope. However, gravity alone does not influence downslope movements. Other external physical triggers must be present as well for the initiation of
slope failure. Therefore, acts of gravity explain the effect of slope angle on the susceptibility of a
slope to sliding (Nelson, 2013).
According to Donnarumma et al. (2013), slope angles are a substantial parameter in calculating
susceptibility to earth flow occurrences. In this study, the authors use various deterministic and
statistical slope angle models to calculate potential landslide prone areas or unstable areas. The
study focusses on obtaining slope angle frequency distributions from landslide sample based on
Weibull probability density distribution approach for a complex lithological setting estimated
within four groups of homogenous litho-technical sequences. Findings show that the greatest
account of landslides ranges between slope intervals of 9 to 14 degrees. The results also show
that the high frequency of instability on high gradient slopes can be justified by a shortfall of
potentially involving materials, especially because of rocky sequences (Donnarumma et al.,
2013).
In another study, Collins (1997) demonstrated that rainfall-induced slope failures can be
mitigated more clearly when slope stability issues are well understood with stability analysis.
Infinite slope analysis hence is used for evaluating stability, this particular assessment establishes
that failures habitually have small depth-to-length rations and develop failure planes parallel to
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the slope surface. The authors determine that the use of infinite slope analysis in modeling helps
describe the physical aspects and processes of slope failure initiation thereby defining slope as an
essential element in the analysis of landslide occurrence.
Stability analysis also includes the scope of seepage forces in the expression of slope stability
and pore pressure values. Collins & Znidarcic (2004) for example, shows slope stability in
connection to slope failure with a stability analysis that considers an infinitely long slope with
slope angle b, measured horizontally. The shear reaction forces N and T acting on the slice base,
and the weight of the soil W as forces acting on a vertical slice of the slope. In this scenario,
collapse happens when the failure surface is at a critical depth dcr. Hydraulic gradient is another
factor that can be derived from the stability analysis by using the head difference on the slope
surface in connection to the angle of seepage to determine the seepage force (Collins &
Znidarcic, 2004). Here, the stability concept analysis provides a definitive correlation between
slope angles, pore pressures and slope failure.
Similarly, concepts aimed at making general quantitative calculations of the initiation of rainfallinduced failures are defined based on specified slope and soil parameters. However, as much as
landslide evolution is predominantly connected to the steepness of the slope in geomorphologic
environments subject to slow movements, it is still important to note that high gradients do not
often generate earth flows. High slope areas are often connected to sliding topographies which
determine the behavior of the masses when combined with other physical forces and land-use
practices (Grelle et al., 2011).
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2.2.2 Elevation
Although there is no absolute consensus amongst the scientific community about the influence of
elevation on landslide susceptibility (Kavzoglu et al. 2013), many studies have utilized this
parameter for the modeling of landslide occurrence (Dai and Lee 2002; Erener & Düzgün 2012;
Teerarungsigul 2006). It is considered that higher elevations are more prone to landslide
occurrence (Devkota et al. 2012). This parameter is found in susceptibility studies because of its
effects on biological and natural factors. As elevation increases, temperature decrease, this, in
turn, affects the type of vegetation that grows on a slope.
According to Khezri (2006) for example, changes in elevation have a substantial influence on
three parameters including humidity, temperature, and precipitation. In this study, landslide
events were located at high elevations ranging from 1500 m to 1700 m. The type of rocks in such
elevated ranges are tuff and conglomerate with reduced vegetation cover, and as such, due to
high permeability and propensity, they become more vulnerable to slips. The study also suggests
that highly elevated regions received higher humidity thereby becoming more prone to
occurrence of shallow landslides (Torkashvand et al., 2014).
In another study, Dai & Lee (2002) categorizes elevation as one of the fundamental physical
parameters relevant to landslide occurrence. In this work, elevation plays a significant role in
calculating slope aspect of the area of study. Furthermore, higher elevations are connected to
high gradient areas like mountain summits consisting of weathered rocks with very high shear
strengths. At medium elevations, slopes tend to have thin colluvium, which is more susceptible
to landslides. At the least elevation levels, the occurrence of landslides is small since the
topography itself is gentle and is as well supported by residual soils or thick colluvium, and
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higher perched water table is necessary for slope failure to be initiated (Dai & Lee, 2002).
Similarly, Von Ruette (2015) looks at the Catchment-scale Hydro-mechanical Landslide
Triggering (CHLT) model predictions that are also elevation based. The study attempts to verify
the link between elevation H and runout distance L between deposition and initiation zones
utilizing empirical information dating back to Heim (1932). The relations are established by the
formula tanα=H/L where H and L need to be considered in relation to other topographic aspects
like landslide volume (V) in order to obtain predictions (Rickenmann, 1999). Nonetheless, it is
determined that elevation plays a significant influence in the occurrence of landslides.
Other studies utilize elevation as means to determine the conditions of other variables that
influence landslide activity. Elevation for example, is constantly used in grid-based distributed
landslide analysis that use distributed hydrological models (Crosta & Frattini, 2003). In their
respective studies for example, Aristizábal (2015), Radbruch-Hall (1982), Dai & Lee (2002),
Floris & Bozzano (2008), Von Ruette (2015), Ray (2010), and Coe (2004), highlight how
elevation ranges are used to describe hydraulic and topographic characteristics including slope
and geometry. Elevation is also used by these authors to extrapolate the elevation models of a
given map area under study to enable feasibility of future analysis of landslide-controlling
parameters over a gridded area that is subject to complex rainfall events in complex terrains.
2.2.3 Land Cover
Changes in land use and land cover such as deforestation, forest logging, road construction,
cultivation and fire on steep slopes can have a significant effect on landslide activity (van
Westen et al. 2008). Land use and constant changes are semi-static relevant parameters for the
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study of landslide hazards. Forest vegetation for example, especially tree roots, help stabilize
hill slopes by reinforcing soil shear strength. Root reinforcement is imperative on slopes where
roots can extend into joints and fractures in bedrock or into a weathered transitional layer
between the soil and bedrock (Abe & Ziemer 1991; Schmidt et al. 2001). Large root systems
help reinforce stability particularly in shallow landslides where roots cross the potential slip
surface by adding resistivity (Tron et al. 2014).
Vegetation also provides hydrological and mechanical influences to the stability of slopes (van
Westen et al. 2008). Vegetation removes soil moisture by evapotranspiration particularly
important in tropical rainy areas. Presence or absence of vegetation on a slope is extremely
influential on debris-flow events (Baum & Godt 2009). Without vegetation cover, the physical
processes of the soils are impacted even more because the earth surface is exposed to harsh
climatic and environmental conditions.
Several debris movements and soil erosions are the result of the combination of down-slope
gravitation force and physical characteristics of the topographic area. Therefore, debris flows and
earth movements mainly occur when the gravitational pull resulting from the weight of the
material is greater than the resistance force from the ground shear force (Torkashvand et al.
2014). More often than not, the resistance force from the ground shear force is intensified by the
presence of vegetation cover. Accordingly, regions lacking vegetation cover are more vulnerable
to landslide or slope failure phenomenon. Human activities such as road construction,
excavation, and deforestation have heightened the occurrences of slope failure, landslides, and
mudflows in hillside areas across various regions during the heavy rain periods. In summation,
any element that leads to reduced soil resistance against shear forces causes increased landslide
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incidence (Torkashvand et al., 2014).
The correlation between frequency of landslides and land-use type has been evaluated by various
geological scholars including (Radbruch-Hall et al., 1982), (Dai & Lee, 2002), and (Ray et al.,
2010) who conclude that the frequency of landslide on densely forested lands is lowest but
highest on sparsely forested lands. In separate investigations, extensive data have shown that
vegetation cover, mainly of woody type with large and strong roots assist to enhancing slope
stability (Greenway, 1987; MacNeil, 2001). Greenway (1987) for example, states that vegetation
provides both mechanical and hydrological effects that largely befit the stability of slopes and
cushions against debris movements.
The reduction of vegetation on slopes is widely documented as a detrimental factor influencing
landslide incidence. Spiker & Gori (2003) for example, link the numerous debris flows which
almost dammed the Colorado River and barricaded interstate 70 to the several wildfires in the
summer of 1994 that burned an extensive area of vegetation in the Western United States. When
high rainfall intensity followed after the widespread wildfires in the winter, debris flows
intensified due to lack of vegetation to help stabilize hill slopes by reinforcing soil shear
strength. Wildfires utterly destroyed vegetation, exposing the barren grounds in the western
mountain regions to torrential downpour, therefore, heightened the chances for landslide
occurrence (Spiker & Gori, 2003).
The U.S. Geological Survey mapping in the Appalachian Mountains in the eastern region as well
indicates higher landslide susceptibility in areas with reduced vegetation cover (Spiker & Gori,
2003). Moreover, the U.S. Geological survey mapping forecasted landslide hazards to be
associated with eastern Appalachian states primarily influenced by the absence of vegetation.
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The report affirms that vegetation shelters the slopes against the impact of the downpour and
provides a web of roots to hold slope material together. For this reason, planting vegetation on
the slopes has been advocated for inhibiting failure and stabilizing slopes in numerous
environmental and geological studies. Particularly, because vegetation cover consolidates soils
and improves slope drainage (Spiker & Gori, 2003).
For further evidence, Radbruch-Hall (1982) investigated the natural terrain landslides in the
Appalachian Highlands region in Pennsylvania. The studies lead to the conclusion that a sparsely
vegetated slope is most vulnerable to failure. In another example, the landslide databases
generated by the Geotechnical Engineering Office worked to determine landslide trails and
locations digitized from aerial photographs between 1945 and 1994 revealing similar results. As
observed from the aerial photographs, the landslides were distributed in regions which were
mainly bare of vegetation which was indicated by the distinctive light tone in the photographs
(King, 1999).
In another study, Jibson & Keefer (1989) similarly suggested that the recently active or few
active earth flows in the Appalachian plains took place in areas where vegetation had been
cleared. Additionally, vegetation density was one of the main considerations used in the study for
the estimation of the landslide initiation within the Appalachian plains (Jibson & Keefer, 1989).
Furthermore, in the Southern Rocky Mountain region, United Sates, the debris flows generated
by heavy rains are intensified due to the absence of vegetation (Radbruch-Hall et al., 1982).
Moreover, scientific studies that try to model landslide susceptibility have demonstrated that land
cover is crucial for modeling slope dynamics. The distributed Shallow Landslide Model
(dSLAM) by Wu & Sidle (1995), later improved by Dhakal & Sidle (2004), as the Integrated
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Dynamic Slope Stability Model (IDSSM) for example, is a dynamic and distributed physical
model of stability

that works with a constant dynamic vegetation root strength model

(Aristizábal et al., 2015). On this regard, Aristizábal (2015) notes that vegetation root strength
could improve the implementation of the SHIA_Landslide model as an early warning system.
Primarily, overestimations observed in the model are a result of eliminations of other factors
especially the effects of vegetation in the geotechnical constituent (Aristizábal et al., 2015). On
this account, Aristizábal (2015) acknowledges the need to include vegetation cover in landslide
forecasting and models which merely denote the significant effect of vegetation cover on
landslide activity.
Remotely sensed information has also been sought to study land cover relation to landsliding.
The Advanced Microwave Scanning Radiometer (AMSR-E) soil moisture model categorized as
an advanced tool with the potential to distinguish soil moisture profile in landslide susceptible
regions, has been shown to involve remote-sensing calculations that include the effects of dense
vegetation among other topographic features (Ray & Jacobs, 2007; Gao, 2006; Walker, Houser,
& Willgoose, 2004).
2.2.4 Soil Type
Soil types and their associated geotechnical, mechanical, physical and hydrological properties
are essential for the assessment of landslide hazards as rainfall intensity and duration affect soil
saturation (van Westen et al. 2008). Hydraulic characteristics and matrix suction properties of
soil are crucial in the study of rainfall triggered shallow landslides (Aristizabal 2013). The
soil's hydraulic properties such as saturated hydraulic conductivity and water retention capacity
become paramount because of the intricate relationship between precipitation and variation of
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soil's pore pressure (Cho 2014). Previous studies have determined that soils with high hydraulic
conductivity (Ks) usually fail by suction reduction under heavy rainfall as water infiltrates and
raises the water table. Contrarily, low Ks soils are not affected by groundwater level, but by pore
pressure values (Aristizabal 2013).
Highly porous soils have greater water storing capacity hence higher pore pressure thresholds
and so, the spatial distribution of water content and pore water pressure in the soil control the
dynamics of shear strength and effective stress. Water pressure within the porosity of the soil
expands the pore space and reduces the frictional forces between soil particles triggering slope
instability (Lehmann et al. 2013). Capillary forces in the soil are reduced with the increase of soil
water content and positive pore water pressure under saturated conditions reduces soil’s shear
strength leading to liquefaction (Lu et al. 2010; Lehmann et al. 2013). In addition, when
landslides occur in highly porous soils, they carry extra water content in addition to the displaced
material. This allows them to travel faster and reach larger areas (Mukhlisin et al. 2006).
Soil type influences saturation conditions of the soil, this makes it an imperative parameter in the
modeling of slope stability (K. Mitchell et al., 2004). Secondary aspects such as root cohesion,
which usually enhances soil shear strength as a resisting force against earth movement, are
dependent on the soil type. Perhaps, it is the reason why root strength and cohesion varies from
one type of soil to another (Sidle & Ochiai, 2006). Other secondary elements determined by soil
type include soil porosity and soil moisture, as every soil type has a distinctive friction angle and
soil cohesion values based on its structural characteristics. Therefore, to a great extent, the type
of soil effects secondary aspects that in turn may induce slope failure or debris movements (Ray
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et al., 2010; Deoja, et. al., 1991). Base on these qualities, the physical features and approximated
safety factors in landslide’s mapping are calculated using soil type values.
For example, soil type is a fundamental component utilized for the evaluation of base and
subsurface flows. Soil properties are highly related to the rock types thereby allowing for the
assumptions used in the geotechnical and hydrological parameters used in hydrological models
(Aristizábal et al., 2015). According to Kubota & Sivapalan (1995), the type of soil defines the
necessary geotechnical, physical, and hydrological characteristics for landslide occurrences,
especially mudflows, and soil slips. Particularly, because soil type influences the proportion of
water entering or permeating through the soil and the volume of water which can be sustained by
it (Kubota & Sivapalan, 1995; Aristizábal et al., 2015).
In the CHLT model for example, von Ruette et al. (2015) consistently measured the type of soil
as an essential parameter so as to find the most consistent landslide characteristic concerning
earlier landslide inventories. The maps of the simulated earth movement and debris flows
determined by the CHTL model showed that differences in soil types (loam, sandy loam)
affected root strength and soil cohesion. In sandy loam soil, cohesion and root strength were
slackened, and the vice versa was the case for loam soil (von Ruette et al., 2015). Some studies
(Cascini, et. al., 2005), (Chacón, et. al., 2006) and (E. Lee & Jones, 2004) have demonstrated
that some regions with recurrent landslides usually have relatively comparable if not similar
types of soils. A similar reference point is utilized and plays a central role in the global landslide
catalog (GLC) that aims to better characterize the geomorphologic variables that are considered
most vital to computing landslide susceptibility (Kirschbaum, Stanley, & Zhou, 2015).
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Based on these research studies, it is sound to conclude that different soil types can determine
landslide-prone areas (J. Mitchell, Seed, & Seed, 1990). Sandy soils, for instance, may present
the worst-case scenarios for landslides since it responds to water very fast. When it rains on a
hillside with sandy soil, sand quickly flows due to its grainy and loose characteristics. Sandy soil
reaches water carriage capacity limit very fast and thus the excess hydraulic carriage will initiate
movement. Loam soil averagely responds to the rainfall due to its medium permeability and
water retention capability. Loam soils sometimes seem to be completely overwhelmed by water
carriage capacity. Clayey soils take even longer to gain the full water carriage capacity due to
stronger bonding, but once it is hardened, the soil particle begins to slide down the slope in large
clumps (J. Mitchell et al., 1990).

2.3 Dynamic Factors
2.3.1 Rainfall
Rainfall events have fundamental effects on landslide initiation. Under the dynamic variables,
rainfall is cited as one of the triggering and controlling factors on landslide-prone areas
(Aristizábal et al., 2015; Crosta & Frattini, 2003). A good number of physical and conceptual
models have determined occurrences of shallow landslides and debris flows triggered by rainfall
events. Rainfall affects the morphodynamic processes and the hydrological and geotechnical
factors of the soil profile (Aristizábal et al., 2015). Therefore, most hydrological and physical
models used in evaluating, estimating, forecasting, and calculation landslide initiation utilize
rainfall as a critical parameter (Crosta & Frattini, 2003; Aristizábal et al., 2015; Dai & Lee, 2002;
Coe et al., 2004; Floris & Bozzano, 2008).
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Rainfall events are characterized by a wide scope of mechanical and physical properties that
determine infiltration and flow formation. When rainwater falls on the land surface, it fills up
voids within the soil particles while some filter into the ground (Saxton & Rawls, 2006). There
are significant changes in soil structure and hydrology due to the general changes in the soil’s
water content and increased volumetric water content at this level (Sassa et al., 2005). The water
molecules increase soil mass and hydraulic conductivity and reduce the permeability of the soil.
These structural changes then build up secondary porosity which considerably increases
subsurface flows and flow paths due to a rapid increase in saturation and builds up to pore
pressure. On this account, shallow landslides arise in the form of liquefied soil masses such as
mudflows or soil slips because of the mounting soil density and pore pressure (Sassa et al.,
2005).
Shallow landslides failure mechanisms (usually termed as soil slips) are particularly induced by
rainfall as failure mechanisms occur because rainfall increases the density of the soil particles
and lessens the hydraulic conductivity of the weathering profile with growing depth (Crosta &
Frattini, 2003; Collins & Znidarcic, 2004). In such cases, rainfall rate usually surpasses the
percolation rate bringing about a perched subsurface flow of water in the residual soil analogous
to the slope. As a result, failure occurs because of increased pore pressure as an effect of the
rapid reduction of shear strength induced by rainfall wetting (Collins & Znidarcic, 2004).
In hydrological model analysis employed in determining landslides occurrences, the computation
process involves the estimation of the rainfall amount entering the soil’s static storage.
Hydrological models utilize the ratio of rainwater content to deliver accurate results. Vélez
(2001) for example, proposed a hydrological approach for measuring shallow landslides
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triggered by the rainfall element in rainy environments. His approach evaluates the water volume
variations during a particular period during rainy seasons and also evaluating how it affects soil
moisture content.
In a similar study, the SHIA_Landslide model for forecasting the temporal and spatial
occurrence of shallow landslides triggered by rainfall confirms a correlation between landslide
occurrence and heavy downpour after a period of consistent rainfall (Aristizábal et al., 2015).
The model shows that areas that were unconditionally stable before the rainfall event became
susceptible and landslides were initiated by rainfall under saturated conditions. The stability
condition for the areas was determined based on the cohesion of the soil particles, soil’s weight
unit, friction and shear forces, and failure surface depth (Aristizábal et al., 2015). Furthermore,
the findings established that the rainfall generated the changes in pore water pressure and formed
the perched water table that affected stability.
In another study, Dai & Lee (2002) reports that landslides in mountain areas frequently occur
during or after heavy rainfall. Numerous small streams at hill slopes generate debris flows and
earth movements; these streams usually flow only during or after heavy or extended rainfall. In
general, the assessment revealed that the groundwater table in the rainy period is either within
the overlying saprolite or the weathered bedrock.
The works of Crosta (1990), Bandis et al. (1996) and Govi et. al. (1982) affirm to have found a
strong correlation between extreme rainfalls and landslides. Furthermore, the works of Ibsen &
Brunsden (1996), Flageollet et. al. (1999) and Maquaire (1994) found links between long-term
wet periods (seasons or years) and landslides. Some of these authors noted that the hydrological
characteristic of water content in the slope, that is the soil water content, is closely associated
29

with the long-term displacement aspects and potential landslide events (Matsuura, Asano, &
Okamoto, 2008).
Regardless of location, rainfall has been proven to be the most common triggering factor for the
incidence of landslides. In Europe for example, Prokešová et al. (2013) emphasizes that rainfall
should be viewed as the most frequent trigger of slope failure. Prokešová et al. (2013) conducted
a study in central Slovakia Neogene Volcanic Field (CSNVF), near the Ľubietová village, at the
farthest edge of the Poľana stratovolcano where landslides mainly evolved as a consequence of
intense and continued rainfall. Landslides in CSNVF were initiated on slopes with a thick
buildup of Quaternary colluvial deposits after persistent and heavy rains (Ondrasik, 2002).
Numerous landslides in Slovakia have happened in this region including the greatest and most
overwhelming landslide in the Western Carpathians in December 1960 destroying more than 150
residences (Prokešová et al., 2013). Then, the Ľubietová landslide was the most detrimental of all
events at the end of February 1977 after a prolonged rainfall period. Total rainfall was recorded
to have reached nearly 190% of long-term average between November 1976 and February 1977.
The authors echo that the landslides in the CSNVF regions were primarily triggered by porewater pressure increase on the account of intense and continued rainfall combined with the
melting of the glaciers.
In the United States, an experimental warning and monitoring system that was jointly operated
by the National Weather Service (NWS) and U.S. Geological Survey (USGS) from the 1980s to
1995 in the San Francisco Bay area to measure the susceptibility of landslides presented similar
results (Spiker & Gori, 2003). The system used rain gages from the USGS and NWS to measure
rainfall and the monitoring models to track soil moisture characteristics. The results revealed that
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the rainfall thresholds for triggering landslides were on the basis of the practical correlation
between the occurrence and duration of landslides and rainfall intensity (Spiker & Gori, 2003).
In New Zealand, landslides initiated by rainstorms were a nationwide problem leading to loss of
lives and serious economic losses (Eyles, 1983). Based on numerous studies carried out in the
area, high regional rainfall thresholds were associated with every landslide event on the basis of
daily and long-term rainfall records. The rainfall data was provided by the National Institute of
Water and Atmospheric Research Ltd (NIWA) and the regional assessments were conducted for
three distinctive landslide-prone locations including Wellington, Hawke’s Bay and Wairarapa.
The resulting correlations between recorded landslide-triggering rainfall and daily measured
rainfall showed landslides that were potentially triggered by elevated rainfall magnitude
averaged at a daily minimum of 20 mm (Glade, 1998).
In the basin of Laktrashan in Tonekabon, studies show a relationship between mass movements
and precipitation. An empirical evaluation of the basin area shows that the greatest landslides
and soil slips were witnessed during the highest rainfall class between the months of April and
May with a record of 32.82% in the ranges of 450 mm to 300 mm (Torkashvand et al., 2014).
Further, Espizua & Bengochea (2002) echos that precipitation intensity and duration plays a
principle role in the occurrence of landslides in the area. Rainfall rate affects permeability and
most slopes become weak after heavy rainfall. This leads to secondary porosity which influences
slope instability due to changes in rock masses (Espizua & Bengochea, 2002).
According to Larsen et al. (2001), intense rainstorms have encouraged thousands of landslides
along the Vargas, Cordillera de la Costa, and Venezuela which has claimed the lives of more
than 30,000 people. Also, similar results are presented by Coe et al. (2004) regarding the ratios
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signifying the preferentially susceptible areas to landslides during Hurricane Mitch. Rainfall data
showed that the areas were considerably preferentially prone to landslides because they
experienced higher amounts of rainfall compared to other regions. The ratio grid used to
compute the landslide-initiation percentage illustrated proportional levels of susceptibility during
and shortly after the heavy rains from Hurricane Mitch (Coe et al., 2004).
2.3.2 Soil Moisture
Increments in soil moisture content drastically change soil rheological properties. Previous
studies have demonstrated that rainfall alone is not sufficient to identify slope instability (Baum
& Godt 2009), initial soil moisture conditions play a significant role in triggering shallow
landslides (Ren et al. 2011; Galeandro et al. 2013).
Various studies have investigated the relation between antecedent soil moisture and landslide
occurrence. Models (Ponziani et al. 2011; Ray et al. 2011; Yeh & Lee 2013) , in-situ derived
soil moisture data (Greco et al. 2010; Lehmann et al. 2013), and satellite data have been
employed (Brocca et al. 2012; Wasowski et al. 2012). Typically, the type of analysis involving
computing soil moisture conditions in correspondence to the widespread occurrence of landslide
events outlines the fundamental role of antecedent moisture conditions for inducing landslides
(Hawke & McConchie, 2011). Many studies (Godt et. al., 2006; Pelletier, et. al., 1997; Baum &
Godt, 2010; Segoni et al., 2009) involving soil moisture estimations have shown strong
correlation in landslide hazard assessment and in landslide warning systems. Most probably this
is the reason soil moisture estimations are integrated into simulation modeling, in situ
measurement models and remote sensing techniques (Capparelli & Versace, 2011; Ray et al.,
2010; Ray & Jacobs, 2007).
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Landslide hydrological models employ a ratio of water content to maximum capacity or
volumetric soil moisture content, to establish root strength, saturation point, and soil root depth
(Aristizábal et al., 2015). Arnone et. al. (2011) for example, applied an infinite slope module and
a distributed hydrological model called TIN-based Real-Time Integrated Basin Simulator
(tRIBS). This model was used to measure the lateral moisture transfer in the saturated and
unsaturated zones and runoff routing. It was determined that the moisture content plays an
important role in detecting soil movement characteristics, in this manner, potential failure can be
determined in areas where moisture content amounts are higher than the critical hydraulic
threshold.
Similarly, Ponziani et al., (2012) demonstrated a strong relationship between antecedent soil
moisture content and rainfall thresholds that initiated landslide events, a clear linear trend was
established between the initial moisture conditions and rainfall thresholds with a correlation
coefficient of 0.60 (Ponziani et al., 2012). The methodology employed analyzed antecedent soil
moisture conditions prior to the widespread occurrences of landslides for the periods between
1991 and 2001 as listed in the Italian Vulnerable Areas (AVI) database. The model was
employed to experiment the peculiarity of soil water balance such as evapotranspiration,
infiltration, and percolation. The output of the model allowed for the estimation of a soil
moisture index and for approximation of the relative soil wetness conditions before rainfall
(Ponziani et al., 2012). On this basis, integration of the soil moisture conditions in the model
produced better results in the implementation of the hydrogeological risk prevention in the
Umbria region.
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At regional levels, soil moisture data from remote sensing methods can be used to provide
accurate information regarding both the spatial and temporal aspects. At this spatial level,
remotely sensed soil moisture data can permit for consistent information about the slope
conditions mandatory for landslide forecasting (Ray et al. 2010). Brocca (2012) for example,
concluded reasonable accuracy (r = 0.821) in the prediction of landslides utilizing satellitederived root-zone soil moisture. Advanced SCATterometer (ASCAT) root-zone soil moisture
was derived utilizing an “exponential filter” method that uses time scale variations of soil
moisture retrieved by the satellite at the surface and relates them to the moisture content in the
soil profile. Previous application of this methodology has yielded up to 95% accuracy when
compared to gravimetric field data where the soil moisture content can be estimated with a rms
error of less than 6.4% volumetric units for the 0-100 cm layer (Wagner et al. 1999).
Modeling techniques have been developed to estimate root-zone soil moisture from satellites
demonstrating strong regression-based relationships. Satellite-based studies have assessed the
reliability of soil moisture algorithm estimations from sensors such as ASCAT and AMSR-E.
The Vienna University of Technology (TUWIEN) and the Land Parameter Retrieval Model
(LPRM) NASA algorithms were compared to in-situ data in Europe resulting in a high degree of
correlation between the observed data and the LPRM AMSR-E soil moisture result (Brocca et al.
2011).
Observations between advanced microwave-scanning radiometer (AMSR-E) and variable
infiltration capacity (VIC-3L) for modeling landslide susceptibility maps in California, at the
Cleveland Corral landslide area, a strong relationship between soil moisture and landslide
occurrence is verified. Both the qualitative results of the VIC-3L and the AMSR-E unveiled a
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relatively similar extent of soil moisture effects on the landslide-prone locations. The VIC-3L
soil moisture standard deviation (0.09 cm3/cm3) and mean (0.21 cm3/cm3) were close to the
standard deviation (0.02 cm3/cm3) and to the mean (0.17 cm3/cm3) estimated by the AMSR-E
model. Under the maximum saturation scenario, 0.49% and 0.42% of the study location were
extremely susceptible using VIC-3L and AMSR-E soil moisture models, respectively (Ray et al.,
2010). Furthermore, Pelletier et al. (1997) suggests that constant remote sensing of soil moisture
together with a digital elevation model is an instrumental constituent of a successful landslide
hazard mitigation framework (Pelletier et al., 1997). The author recommends replacing wetness
indices with real soil moisture conditions for landslide observations and in the analysis of slope
stability as well as during soil wetness estimations.

2.4 Methods for assessing rainfall-induced landslides
Various methodologies are utilized to understand, model and predict landslide events. These
methods can be summarized into four categories:
Heuristic methods. Heuristic methods are based on a priori knowledge of the area under study.
This methodology mostly depends on the expertise of the scientist carrying the analysis, making
it a method that mostly relies on subjective analysis. Even though geomorphological conditions
of the study area are considered for the development of susceptibility or hazard analysis, it is the
scientist who attributes weight values to the input parameters that lead to the final assessments.
Statistical methods. Statistically based methods are based on the analysis of the relationship of
instability factors and landslide inventories. They rely on the information retrieved from past
events. Therefore, they require the collection of large amounts of data to produce reliable results
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(Pradhan 2010). Various statistical approaches have been utilized for the study of landslides,
amongst the most popular are bi-variate analysis, multivariate analysis, Boolean analysis, and
neural networks. The limitation of this type of mythology lays on the reliability of the landslide
inventory from where all information is retrieved (Fell et al. 2008).
Deterministic methods. Deterministic methods apply classic slope stability mechanics theory and
principles. These methods utilize very specific geotechnical and hydrological properties of the
area of study that result on a determined factor of safety that in turn, results in susceptibility and
hazard classification. These methods are considered to be very accurate for relatively small areas
of study as geomorphological, and hydrological conditions vary from location to location (Tien
Bui et al. 2012).
Knowledge-based methods. Knowledge-based methods also known as “data mining” methods
rely on computer modeling systems that learn patterns from a landslide database. Patterns are
later analyzed for all pixels in the area of study then the pixel with similar characteristics are
cataloged as landslide prone areas (Fell et al. 2008).
It is very important to highlight that landslide inventories are the basis for all type of
methodologies as they are considered to be a crucial insight in the spatial and temporal incidence
of landslide events. Several efforts have been developed to standardize landslide inventories such
as (UNESCO-WP/WLI 1990), (Cruden, D. M., & Varnes 1996), (UNESCO-WP/WLI 1993).
2.4.1 Large and Local Extents
Methodologies to study landslides have been sought at various extents. Nevertheless local
studies are most common.
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Local areas. A good example of this scale is a model designed for the Java Island in Indonesia.
This particular early warning system integrates three main elements: 1. A susceptibility map
component based on topographical information and local landslide inventory, 2. A satellite-based
precipitation forecasting model and 3. A physically bases, rainfall-induced landslide prediction
model (SLIDE) that links water content in the soil column to rainfall. This particular system
utilizes a modified physical model to calculate a factor of safety that takes rainfall infiltration
and partial saturation into account as factors that influence the shear strength of the soil in
topographically complex terrains (Zonghu Liao, 2009).
In this prototype, remote sensing technology such as 30m ASTER DEM, NASA TRMM has
been coupled to the SLIDE model that obeys differential equations that determine slope failure
motions (Zonghu Liao, 2009). According to the author, this model had successfully predicted
two landslides on the dates of the real events with only 3 hours difference. Although this system
seemed to have had some level of success, the model does not account for other significant
parameters that can greatly affect soil stability and therefore influence landslide occurrences.
Parameters such as geological structure information may accelerate the slope failure and
interaction between different soil layers may interfere with soil strength at the time of saturation.
Also, the model should be validated in other locations different than the Java Island to acquire a
better comprehensive understanding of the model performance and accuracy. Lastly, as with any
remote sensing model, the author recognizes the importance of in-situ measurements such as
detailed soil information and water infiltration rates.
This particular experiment did not have ground in-situ data to corroborate to findings
groundwater measurements were used instead, but since snow blocks the Advanced Microwave
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Scanning Radiometer - Earth Observing System (AMSRE) accuracy, good results cannot be
achieved unless in-situ, and remote sensing methodologies are used in snowy areas. In general,
the models and AMSRE untouched data seem to have a somewhat “strong” correlation despite
the limitations of lack of in-situ measurements, snow presence, and small investigation area. The
author suggests that these reduction methods can be more successfully if applied to more areas,
and emphasizes that although governments may be looking for a 100% accuracy to act on
disaster prevention. He also considers that the 74% obtainable chance in this composite model,
maybe good enough to take action, specialty in places where in-situ measurements can be hard to
acquire.
In another local prototype, Ray (2010) presented a study in Cleveland, California that combined
two different models to determine landslide susceptibility: the modified infinite slope stability
model, which includes the vadose zone soil moisture and groundwater effects and the land
surface model or hydrologic model encompassing surface runoff generation and soil moisture
profiles. In the stability model, ASTER is downscaled to 1km spatial resolution utilizing a linear
or non-linear regression approach and by using Normalized Difference Vegetation Index (NDVI),
albedo and LST. This particular case study investigates a 616-km2 area with a catastrophic
landslides history. In-situ measurements were obtained from USGS at various ground stations
(Ram L. Ray, 2010).
A regression model for the soil moisture observations was achieved by utilizing the techniques
mentioned above. In their observations, soil moisture increased as the vegetation index
increased; wetter soils were associated with higher albedo and higher temperatures in contrast to
observed relationships. Although the model and AMSRE’s variations were similar, there is a
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week time lag with the model that is attributed to input data or the percentage of regression
tightness (Ram L. Ray, 2010).
In another local experiment, a landslide susceptibility analysis is attempted in Jeju Island, South
Korea. The analysis incorporates seven critical parameters: slope, aspect, soil type, geological
type, rainfall intensity, forest and land cover, and each one's relevance is weighted through AHP
(Analytic Hierarchy Process) and ANN (Artificial Neural Network) methods (Quan & Lee
2012). Slope and aspect related parameters such exposure to sunlight, winds, rainfall and
discontinuities were calculated from a 20 x 20 meter DEM utilizing Geo-Information Systems
(GIS). The geological type of the area was determined through a preconceived geological map
that delineated Jeju Island being composed of basalt, Trachyte, Sedimentary, andesite and sand
dunes. The soil type that helps determine drainage conditions of the area was subdivided into
four different levels from excellent drainage to very bad respectively. The forest type was
completely cataloged for the island based on the tree diameter. Land cover classification was
derived from RM methods, and rainfall intensity was determined through a probabilistic –
intensity formula for every 50 years (Quan & Lee 2012).
Each landslide scenario presents an entirely different scenario. The AHP and ANN methods most
give objective “importance” to each one of the seven parameters in relation to the locality. For
the AHP method, the author utilized statistical data extracted from the Yongin area in Korea and
the “importance” of each factor is obtained from a pair-wise comparison matrix table. For the
ANN method, the author utilized samples from the Yongin area in Korea and applied to the
study area of Jeju. A flowchart of ANN training for weight determination based on Kayzoglu
(2001) was utilized and 50,000 circulation times were proceeded to achieve a designed error
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value of 0.01 (Quan & Lee 2012).
Both methods demonstrated very similar results when determining the importance of factors: the
AHP (85%) and ANN (74.13%) systems shown that slope, rainfall intensity, soil, and forest were
the most important factors to analyze landslide susceptibility. When the author analyzed the
accuracy of each one of the two systems to build a better susceptibility map, the AHP method
recognized 7 out of 12 areas where field data was collected, and the ANN method recognized 9
out of 12. The author concludes that although both methods can be utilized in the creation of
susceptibility maps, ANN is more accurate.
Also at the local scale and utilizing the same approach of ANN, Bui 2012, studied a case of
susceptibility mapping in the Hoa Binh province of Vietnam. The author investigated events
occurring in the past ten years; SPOT satellite images identified the events at a spatial resolution
of 2.5 m, field surveys, and existing literature (Tien Bui et al. 2012). As in the previous case,
various parameters were input in a neural network analysis: slope, soil type, rainfall, distance to
roads, rivers and faults. The parameters are not the same as the previous study mentioned in this
document but are used in the same fashion to obtain synoptic weights of relevance.
Two algorithms were used to “train” the network: Levenberg–Marquardt and Bayesian
regularization. The first method as described by the author, is a modification of the Newton
algorithm for finding optimal solutions to a minimization problem, The second method, utilizes
the Bayes’ theorem into a regularization scheme in order prevent over-fitting, a common issue
when working with ANNs (Tien Bui et al. 2012). The results were imported to GIS and landslide
susceptibility maps were constructed. The prediction accuracy of landslide susceptibility
produced by the Bayesian regularization neural network was 90.3% and the Levenberg–
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Marquardt neural network resulted in 86.1%. Hence demonstrating that the LevenbergMarquardt network model is more robust for the creation of landslides susceptibility maps.
Large extents. Best examples of large extent landslide methodologies are those carried out at the
global scale. Studies at these extents are largely affected by uncertainties, over-estimations, and
over-simplifications. Global methodologies are either static (Nadim et al. 2006), utilize a
heuristic approach (Hong et al., 2007), or lack important parameters. For example, Hong (2007)
developed a global scale prototype using a GIS-based weighted linear combination method. The
model was constructed without a global landslide occurrence inventory and validated with only
25 events. Furthermore, each parameter in the model was assigned a qualitative weight, and it
was then normalized globally. Kirschbaum et al. (2009) introduced rainfall estimates in the Hong
et al. (2007) Model, but validation with landslide databases indicated that the global
susceptibility model had insufficient performance in certain locations due to the qualitative
weighting and lack of parameters.
Nadim (2006) utilized statistical analysis to estimate landslide hazards on a global scale using
inputs such as slope angles, extreme monthly precipitation, seismic activity, lithology, mean
temperature and hydrological conditions. The model demonstrated a fair agreement between
areas that are known to be prone to landslides and those predicted by the model (Nadim et al.
2006). Nevertheless, the analysis provides a static outcome and the coarse resolution of the
inputs results in over generalizations of hazards.
In future plans, NASA’s SERVIR initiative for Landslide Hazard Assessment and Forecasting
for Mesoamerica and the HKH regions attempts to provide, in a near future, a system based on
satellite images and analysis of landslide prone areas. The program is expected to work at a
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regional level integrating rainfall and soil moisture to establish real-time predictions (NASA
2016a) The global landslide catalogue that feeds into this system lists landslide events over the
world as reported in newspapers, online reports, and news broadcasts. The original catalogue
started in 2003 and continues to report to present day, it is available to the public on-line at
http://ojo-streamer.herokuapp.com/.
The overall system is not yet available, but studies related to landslide modeling at large scales
for determining variable importance has been attempted in the Caribbean and Central American
regions as highlighted by Kirschbaum et al. (2015). This particular study utilizes a fuzzy overlay
methodology to estimate landslide susceptibility with the flexibility to evaluate multiple
variables at a range of spatial scales (D. Kirschbaum et al. 2015). Slope, topsoil clay content,
presence of roads and distance to fault zones are amongst these variables but does not include
triggering factors such as rainfall and soil moisture. In addition, the fuzzy methodology is
relatively subjective making it hard to replicate for the same area or other areas.
2.4.2 Susceptibility, Hazard, and Risk
A clear understanding of these terminologies in the study of landslides is imperative, as they tend
to be used interchangeably in common day-to-day language.
Susceptibility. Susceptibility is related to the area, spatial distribution and rating of the area based
on its predisposition to initiate landslides. Susceptibility is dependent on static factors such as the
geotechnical and geological properties, vegetation and anthropogenic influences. In other words,
susceptibility is the likelihood of landslides occurring in an area by of local terrain conditions.
Basically, the “Where” landslides happen (van Westen et al. 2008; Cascini 2008).
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Hazard. Hazard is related to the frequency of landslides and temporal distribution of triggering
factors. Landslide hazard analysis builds on the outcomes of landslide susceptibility mapping
and assigns a frequency to the potential of landslides (Cascini 2008). In other words, landslide
hazard analysis is the probability of occurrence in a specified period and within a particular area
having the potential to cause a damaging landslide, the “When” landslides happen (Guzzetti et al.
2005).
Risk. Landslide risk studies take into consideration elements at risk and their temporal-spatial
vulnerability. By its nature, risk analysis requires being updated on a regular basis as elements at
the elements at risk also change on a regular basis. In other words, landslide risk analysis
encompasses and takes into consideration the “Who” will be affected by the landslide event (Fell
et al. 2008).
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Chapter 3
Geospatial Information for Static and Dynamic Factors
The advent of satellite technology opened the availability of high-resolution data from all over
the globe (Metternicht et al. 2005). Various remote sensing instruments have been utilized in
order to monitor land conditions and for deriving various parameters related to factors that
control the development of landslide events: LIght Detection and Ranging (LiDAR), Differential
SAR Interferometry (DInSAR), Interferometric Synthetic Aperture Radar (InSAR), Système
Pour l'Observation de la Terre (SPOT), Landsat Thermal Mapper (TM) and Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER) (Boettinger et al. 2008).
These instruments provide the capability of observing and studying parameters such as soil type,
soil moisture, rainfall, land use, land cover, structure, topography, etc. all parameters are known
to have effects on the development of landslides.
The spatial and temporal distribution of landslide events around the globe is vast and hard to
grasp with the “naked eye”. Remote Sensing (RM) techniques and technological advances can
be a very useful tool for monitoring, studying and predicting these events in regional and global
scales. The implementation of spatial information data for the understanding of landslides has
been practiced since the late 70’s, Brabb et al. (1978) and Carrara et al. (1977) are amongst the
pioneers in the field. Nowadays, recent technological advances in remote sensing techniques
have proven useful for monitoring, studying and developing methods that can help predict
landslide events at various scales as remote sensing has increasingly made it easier to spatially
and temporally sense landslide displacements at local and territorial level with enhanced
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resolution and accuracy (Metternicht, Hurni, & Gogu, 2005), (Erener & Düzgün 2012),
(Bianchini et al. 2013), (Mondini et al. 2013), (Crosetto, Monserrat, Iglesias, & Crippa, 2010).

3.1 Static Factors
The ASTER Global Digital Elevation Model (GDEM2) is used in this work as a topographic
representation of the study area. Soil type was obtained from the Harmonize World Soil
Database Version (HWSD) 1.2. This dataset combines existing regional and national updates of
soil information from around the world and incorporates them into the Food and Agriculture
Organization of the United Nations (FAO-UNESCO) Soil Map of the World at a 1km resolution.
Land cover was retrieved from the FAO Global Land Cover-SHARE database at 1km resolution.
This dataset integrates local and global land cover information. Local information is derived
from datasets such as Africover and Corine LC and global data is derived from the Moderateresolution Imagine Spectroradiometer (MODIS) Vegetation Continuous Fields VCF2010 (Land
et al. 2014). A systematic inventory of landslide events assists in quantifying the relationship
between landslide occurrences and remote sensing data. D. Kirschbaum et al., (2009) listing
thousands of events globally since 2003, created the inventory used in this study.
3.1.1 ASTER Global Digital Elevation Model
The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) is a joint
effort between Japan Ministry of Economy, Trade and Industry (METI) and the National
Aeronautics and Space Administration (NASA). ASTER is an imaging instrument onboard
Terra, American satellite part of the Earth Observing System (EOS) mission to create detailed
maps of land surface temperature, reflectance, and elevation. The ASTER instrument captures
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high spatial resolution data in 14 bands ranging from the visible to the infrared wavelengths
(Abrams, Michael Hook 2011).
A Digital Elevation Model (DEM) is a 3-dimensional digital representation of the Earth. The
data can be used to derive topographic and hydrological parameters such as elevation, slope
gradient, slope direction, plan curvature, aspect, flow paths, flow direction, river network basins
amongst others (van Westen et al. 2008). ASTER’s Global Digital Elevation Model (GDEM2)
was released in October 2011. It presents coverage and correction improvement to the GDEM1
released in 2009. Improvements include vertical accuracy as compared to GPS benchmarks and
other DEMs such as the National Elevation Dataset (NED), Shuttle Radar Topographic Mission
(STRM) DTED2, and horizontal accuracy and resolution similar to SRTM DETD2. Statistical
analysis demonstrates that GDEM2 more closely matches SRTM DTED2 when comparing
elevations post to post and provides higher latitude extensions going from 60 to 83 degrees
(Meyer 2011). ASTER GDEM2 is composed of 22,702 1! by 1! tiles. The product has an
overall accuracy of around 17 m at the 95% confidence level covering earth’s surface between
83! 𝑁 and 83! 𝑆 (NASA 2011a).
The ASTER product was obtained courtesy of the NASA EOSDIS Land Processes Distributed
Active Archive Center (LP DAAC), USGS/Earth Resources Observation and Science (EROS)
Center, Sioux Falls, South Dakota (lpdaac.usgs.gov, 2015).
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Figure 1. GDEM Global product

3.1.2 The Harmonized World Soil Database (HWSD)
The Food and Agriculture Organization of the United States (FAO) and the International
Institute for Applied Systems Analysis (IIASA) together with the World Soil Information
(ISRIC), the European Soil Bureau Network (ESBN) and the Institute of Soil Science, Chinese
Academy of Sciences sought to estimate soil properties as an urgent need to update worldwide
soil information. The product aims to be useful and practical to modelers studying food security
issues, agro-ecological zoning, and other climate impacts (FAO, IIASA, ISRIC, ISSCAS 2012).
The harmonization and data entry was assured by the IIASA and verified by all partners. At a 1
km (30 arc seconds by 30 arc seconds) resolution, the resulting raster dataset involves 221
million grid cells covering the global land territory. The database recognizes over 16000
47

different soils mapping units that are linked to the harmonized attribute data. The standardized
structure of the database allows for characterization of soil parameters such as: organic Carbon,
pH, water storage capacity, soil depth, cation exchange capacity of the soil and the clay fraction,
total exchangeable nutrients, lime and gypsum contents, sodium exchange percentage, salinity,
textural class and granulometry (FAO, IIASA, ISRIC, ISSCAS 2012).
Soil units in the database are listed in 3 distinctive blocks of data:
1. General information on the soil mapping unit composition (Topsoil texture, Soil depth,
Drainage class, Available water storage (AWC) capacity mm/m).
2. Soil phases and additional information (Phase 1 and 2, Obstacles to roots, Impermeable layer,
Soil water regime, other properties).
3. Physical and chemical characteristics of the topsoil (0-30 cm) and subsoil (30-100 cm)
(Gravel content, Sand fraction, Clay fraction, Top USDA texture, Bulk density, pH, etc.).

Figure 2. HWSD soil classification and distribution
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Table 1. Major Soil Groupings in HWSD.
NAME
ACRISOLS (AC):
ALISOLS (AL):
ANDOSOLS (AN):
ANTHROSOLS(AT):

DESCRIPTION
Soils with subsurface accumulation of low activity clays and low base
saturation
Soils with sub-surface accumulation of high activity clays, rich in
exchangeable aluminum
Young soils formed from volcanic deposits

ARENOSOLS(AR):

Soils in which human activities have resulted in profound modification of
their properties
Sandy soils featuring very weak or no soil development

CALCISOLS(CL):

Soils with accumulation of secondary calcium carbonates

CAMBISOLS(CM):

Weakly to moderately developed soils

CHERNOZEMS (CH):

GLEYZEMS (GR):

Soils with a thick, dark topsoil, rich in organic matter with a calcareous
subsoil
Deep, strongly weathered soils with a chemically poor, but physically stable
subsoil
Young soils in alluvial deposits

GREYZEMS (GY):

Soils with permanent or temporary wetness near the surface

GUPSISOLS (GY):

Acid soils with a thick, dark topsoil rich in organic matter

HISTOSOLS (HS):

Soils with accumulation of secondary gypsum

KASTANOZEMS
(KS):
LEPTOSOLS(LP):

Soils which are composed of organic materials

FERRALSOLS (RF):

LIXISOLS (LX):
LUVISOLS (LV):

Soils with a thick, dark brown topsoil, rich in organic matter and a calcareous or
gypsum-rich subsoil
Very shallow soils over hard rock or in unconsolidated very gravelly material
Soils with subsurface accumulation of low activity clays and high base
saturation
Soils with subsurface accumulation of high activity clays and high base
saturation

NITISOLS (NT):

PODZOLUVISOLS
(PD):
REGOSOLS (RG):

Deep, dark red, brown or yellow clayey soils having a pronounced shiny,
nut-shaped structure
Soils with a thick, dark topsoil rich in organic matter and evidence of
removal
of carbonates
Soils with a bleached, temporarily water-saturated topsoil on a slowly
permeable subsoil
Wet soils with an irreversibly hardening mixture of iron, clay and quartz in
the subsoil
Acid soils with a subsurface accumulation of iron-aluminum-organic
compounds
Acid soils with a bleached horizon penetrating into a clay-rich subsurface
horizon
Soils with very limited soil development

SOLONCHAKS (SC):

Strongly saline soils

SOLONETZ (SN):

Soils with subsurface clay accumulation, rich in sodium

VERTISOLS (VR):

Dark-coloured cracking and swelling clays

PHAEOZEMS (PH):
PLANOSOLS (PL):
PLINTOZOLS (PT):
PODZOLS (PZ):
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Table 2. Soil Units as listed in the HWSD
KS

KASTANOZEMS

LV

LUVISOLS

LX

LIXISOLS

HS

HISTOSOLS

KSh

Haplic

LVh

Haplic

LXh

Haplic

HSl

Folic

KSl

Luvic

LVf

Ferric

LXf

Ferric

HSs

Terric

KSk

Calcic

LVx

Chromic

LXp

Plinthic

HSf

Fibric

KSy

Gypsic

LVk

Calcic

Lxa

Albic

HSt

Thionic

LVv

Vertic

LXj

Stagnic

HS i

Gleic

LVa

Albic

LXg

Gleyic

LVj

Stagnic

LVg

Gleyic

CH

CHERNOZEMS

PL

PLANOSOLS

AC

ACRISOLS

AT

ANTROSOLS

CHh

Haplic

Ple

Eutric

Ach

Haplic

ATa

Aric

CHk

Calcic

PLd

Dystric

Acf

Ferric

ATc

Cumullic

CHl

Luvic

PLm

Mollic

Acu

Humic

ATf
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3.1.3 FAO Global Land Cover-SHARE
The Global Land Cover-SHARE (GLC-SHARE) is a new 1 km spatial resolution land cover
database at the global level created by FAO. It provides seven eleven major thematic land cover
layers resulting by combining the best available high-resolution national and regional land cover
databases. The database preserves the land cover information available at the country level
obtained by spatial and multi-temporal source data integrated at a global level. Information for
the continental United States is based on MODIS 250 m resolution and FAO Land Cover
Classification System (LCCS) information. The GLC-SHARE database supersedes medium
resolution satellite products such as the Medium Resolution Imaging Spectometer (MERIS) or
MODIS with a pixel resolution of 250-300 m.
The GLC-SHARE database includes 11 land cover classes representing major land cover types
defined by the FAO LCCS, which is designed for efficient assessment and comparison of land
cover classes. The system is a standardized a priori classification system designed to facilitate
mapping at any scale. The 11 major classes and their definition can be seen in table 3.
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Table 3. Land Cover Classes GLC-SHARE
Land Cover types

Artificial Surfaces

Label

01

Description
The class is composed of any type of areas with a predominant
artificial surface. Any urban or related feature is included in this
class, for example urban parks (parks, parkland, and sport
facilities). The class also includes industrial areas, waste dump
deposit and extraction sites.
Herbaceous Crops: The class is composed of a main layer of
cultivated herbaceous plants (graminoids or forbs). It includes
herbaceous crops used for hay. All the non-perennial crops that
do not last for more than two growing seasons and crops like
sugar cane where the upper part of the plant is regularly
harvested while the root system can remain for more than one
year in the field are included in this class.
Woody Crops: The class is composed of a main layer of
permanent crops (trees and/or shrub crops) and includes all
types of orchards and plantations (fruit trees, coffee and tea
plantation, oil palms, rubber plantation, Christmas trees etc.).

Cropland

02

Grassland

03

Tree Covered Areas

04

Multiple or Layered crops: This class combine different land
cover situations: Two layers of different crops (woody +
herbaceous): A common case is the presence of one layer of
woody crops (trees or shrubs) and another layer of herbaceous
crop, such as for wheat fields with olive trees in the
Mediterranean area and intense horticulture, oasis or typical
coastal African agriculture were herbaceous fields are covered
by palm trees, etc.
Presence of one important layer of natural vegetation (mainly
trees) that cover one layer of cultivated crops: A typical
example are coffee plantations shadowed by natural trees in the
equatorial area of Africa.
This class includes any geographic area dominated by natural
herbaceous plants (grasslands, prairies, steppes and savannahs)
with a cover of 10% or more, irrespective of different human
and/or animal activities, such as: grazing, selective fire
management etc. Woody plants (trees and/or shrubs) can be
present assuming their cover is less than 10%.
This class includes any geographic area dominated by natural
tree plants with a cover of 10% or more. Other types of plants
(shrubs and/or herbs) can be present, even with a density higher
than trees. Areas planted with trees for afforestation purposes
and forest plantations are included in this class. This class
includes areas seasonally or permanently flooded with fresh
water. It excludes coastal mangroves (>07).
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Land Cover types

Label

Shrubs Covered Areas

05

Herbaceous vegetation

06

Herbaceous vegetation

06

Mangroves

07

Sparse vegetation

08

Baresoil

09

Snow and glaciers

10

Water bodies

11

Description
This class includes any geographical area dominated by natural
shrubs having a cover of 10% or more. Trees can be present in
scattered form if their cover is less than 10%. Herbaceous plants
can also be present at any density. The class includes shrub
covered areas permanently or regularly flooded by inland fresh
water. It excludes shrubs flooded by salt or brackish water in
coastal areas (>07).
This class includes any geographic area dominated by natural
herbaceous vegetation (cover of 10% or more) that is
permanently or regularly flooded by fresh or brackish water
(swamps, marsh areas etc.). Flooding must persist for at least 2
months per year to be considered regular. Woody vegetation
(trees and/or shrubs) can be present if their cover is less than
10%
This class includes any geographical area dominated by woody
vegetation (trees and/or shrubs) with a cover of 10% or more
that is permanently or regularly flooded by salt and/or brackish
water located in the coastal areas or in the deltas of rivers.
This class includes any geographic areas were the cover of
natural vegetation is between 2% and 10%. This includes
permanently or regularly flooded areas.
This class includes any geographic area dominated by natural
abiotic surfaces (bare soil, sand, rocks, etc.) where the natural
vegetation is absent or almost absent (covers less than 2%). The
class includes areas regularly flooded by inland water (lake
shores, river banks, salt flats etc.). It excludes coastal areas
affected by the tidal movement of salt water.
This class includes any geographic area covered by snow or
glaciers persistently for 10 months or more.
This class includes any geographic area covered for most of the
year by inland water bodies. In some cases the water can be
frozen for part of the year (less than 10 months). Because the
geographic extent of water bodies can change, boundaries must
be set consistently with class 11 according to the dominant
situation during the year and/or across multiple years.
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Figure 3. Glob-SHARE land cover database

3.1.4 Landslide Inventory
Developing an approach for local and regional monitoring of landslides is possible when a large
and comprehensive record of landslides events is available, this represents the main limitation of
this work. Obtaining event data or a consolidated landslide inventory at large scales is extremely
challenging due to heterogeneous reporting and data availability even for a country such as the
United States. The United States Geological Survey (USGS) is currently compiling a listing of
global and local events (U.S. Department of Interior 2014) but uniform reporting is not available
yet. In addition, events listed in the State geological surveys, in many instances, lack precise
spatial and temporal distribution.
To this day, the most uniform and comprehensive landslide inventory found by the authors is
being developed at the National Aeronautics and Space Administration (NASA) and explained in
Kirschbaum (2009). The inventory is a systematic landslide catalog that lists around 1,600
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landslides globally and 270 for the Unite States for the years 2003, 2007, 2008 and 2009. The
inventory summarizes rainfall-triggered landslides and debris flows reported in newspapers,
online news, and government agencies. Landslide events are reported with an accuracy of 24
hours, and in the case of multiple landslides occurring during one rainfall event, the first
landslide is designated as the event time.
This particular inventory stands out from other listings because two qualitative indices were
designated to represent locality and size uncertainties that are otherwise kept undefined in other
inventories. Index 1: Confidence radius, represents general location accuracy, and Index 2: Size
radius, differentiates small from larger events as well as minor events from catastrophic events.
Both indices range on a scale between 0 and 5 where 5 represents the most accurate location and
the biggest event respectively as seen in Table 4 (Kirschbaum et al. 2009). Figure 4 shows
landslide events listed in the inventory for 5, 25 and 50 km confidence radius events in the U.S.
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Table 4. Landslide Inventory
Landslide
location
classification

Radius of Confidence in landslide
location

3

25-50 km

4

5-25 km

5

<5

km

Reporting of landslide location
Cannot locate city or village where event
occurred but can identify geographic
coordinates of nearby cited location
Landslide location known within the extent of
city or village
Exact or near exact location within city or along
road

Landslide size
classification

Relative landslide size

3

Multiple sliding events over a region,
medium to large event affecting a
large area or population

Multiple events within an area; multiple events
along road cuts

Large to massive landslide, many
landslide which affected one general
area
Massive event or multiple large
events, often causing fatalities

Landslide affected an entire village, city, or
series of villages

4
5

Reporting of landslide size

Affected an entire region

Figure 4. Landslide inventory map.
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3.2 Dynamic Factors
The Multi-satellite Precipitation Analysis (TMPA) part of The Daily Tropical Rainfall
Measuring Mission (TRMM) at a 0.25 o x 0.25 o spatial resolution is used in this work to obtain
daily values of rainfall intensity. The 2-Layer Palmer Water Balance Model from the Land
Parameter Retrieval Model (LPRM)/ The Advanced Microwave Scanning Radiometer for the
Earth Observing System (AMSR-E)/Aqua surface soil moisture retrievals is used for daily root
zone soil moisture values.
Furthermore, root soil moisture information from the Soil Moisture Active Passive (SMAP) and
rainfall from the Global Precipitation Model (GPM) at daily average resolutions are adapted.
3.2.1 Daily Tropical Rainfall Measuring Mission (TRMM)
The TRMM is a joint mission between NASA and the Japan Aerospace Exploration Agency
(JAXA) with the purpose to study rainfall for weather and climate research. From its launch date
in 1997 to its last day of the mission on April 15, 2015, TRMM delivered the best quality rainfall
and lightning information collected from space (NASA 2016b). Currently, The Global
Precipitation Measurement Mission (GPM) has taken over the building on TRMM’s highly
successful rain-sensing package. GPM enhanced features include a wider globe coverage that
includes the Antarctic and Arctic circles (NASA 2016b).
TRMM observed rainfall rates utilizing the first precipitation radar flown into space and
covering the planet’s Tropics and Subtropics. In addition to the radar, TRMM carried a
microwave imager, a Visible and Infrared Scanner (VIRS), a Lightning Imaging Sensor (LIS),
and a Clouds and Earth’s Radiant Energy System (CERES) (NASA 2016b). TRMM’s legacy
57

includes a wide research spectrum that ranges from the measurement of precipitation itself to
monitoring of flooding, drought, diseases even landslide hazards (NASA 2013).
The Multi-satellite Precipitation Analysis (TMPA) products are part of the TRMM mission
drawing information from several data providers at a spatial coverage ranging from 50o S to 50o
N. These data consists of three products at different temporal resolutions: 3-horurly (3B42),
daily (3B42 derived), and monthly (3B43), all at a 0.25 o x 0.25 o spatial resolution. TMPA
Version 7 algorithm is derived from the original 3-hourly TRMM 3B42 product. The 3B42
algorithm produces TRMM and rain gauge-adjusted multi-satellite precipitation rate in
(mm/hour). For every data-day, eight 3B42 files are accumulated and the result is scaled so that
the resulting units are mm/day (GSFC DAAC 2010). These data is easily accessible at the
Goddard Earth Sciences Data and Information Services Center (GES DISC 2015).
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Figure 5. Rainfall - LRP/TRMM

3.2.2 Global Precipitation Mission (GPM)
GPM is a joint venture between NASA and JAXA as an international network of satellites that
builds on TRMM for the measurement of precipitation of rain and snow continuing sampling
from a non-Sun-synchronous orbit and extents coverage to higher latitudes. The GPM core
carries a Dual-frequency Precipitation Radar (DRP) and a multi-channel Microwave Imager
(GMI) operating at 13.6 GHz Ku-band and a 35.5 GHz Ka-band. These two bands can provided
new information on particle drop size distribution and better sensitivity than TRMM (NASA
2011b).
Information retrieved from the instruments is then processed by the Precipitation Processing
System (PPS) which function is to analyze and archive data from the GPM system providing
validation and making data accessible to the public (Goddard 2016a). The Integrated Multi59

satellite Retrievals for GPM (IMERG) is PPS’s algorithm used to calibrate and merge all satellite
passive microwave precipitation estimates. The “realtime” product is created within hours after
the satellite information is collected and it is intended for the monitoring of disasters such as
flooding or landslide risk assessment. The “research” product is intended for meteorological and
climatological analysis. IMERG information is conveniently available in HDF5 and GIS formats
in a global grid that covers (90oS to 90oN and 180oW and 180oE) at a 0.1o resolution (Goddard
2016b).

Figure 6. Rainfall – GPM-IMERG
Initially, GPM used TRMM as a calibrator and reprocessing will be finalized in 2017,
nevertheless, the “final” run products are readily available and are being tested in comparison to
the TMPA algorithm. For example, the IMERG final products have been compared to the TMPA
monthly products by Huffman et al. (2015c) scoring agreeable results over land, but the “early”
run products which are used in flooding and landslide applications need to be tested further (Liu
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2015). Even so, IMERG products available to the public are released based on critical feedback
from user groups and TMPA is still available for users that require long record data (Huffman et
al. 2015).
3.2.3 Advanced Microwave Scanning Radiometer Earth Observing System (AMSR-E)
AMSR-E was a multi-channel passive microwave radiometer onboard the Aqua satellite which
primary mission is to gather information related to the water on Earth. AMSR-E was launched in
May 2002 and was operational until October 2011 (NASA 2001). The sensor possessed 12
channels and six frequencies including 6.9 GHz (C-band), 10.7 GHz (X-band) and the 36.5 GHz
(Ka-band) and observations were made in vertical and horizontal polarizations and expressed as
brightness temperature (NASA 2001).
Soil moisture retrieval of the surface soil centimeters is based on the Land Parameter Retrieval
Model (LPRM) as described by Owe (2008). The model uses a global database of soil physical
properties and a soil dielectric model to derive soil moisture from the optimized dielectric
constant. Most reliable information is estimated during the nighttime as thermal equilibrium
conditions of the near-surface air, canopy, and surface soil is increased. These conditions are
more difficult to estimate during the day as there is more intense surface heating (Owe et al.
2008).
One of the most significant challenges utilizing remotely sensed soil moisture data for the
analysis of landslides results from the satellite’s limitation to that of the first 5 cm of topsoil. For
now, the solution to this problem relies on the use of modeled root-soil moisture information.
AMSR-E’s daily root-zone soil moisture provides derived information to up to 1 meter in depth
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derived from readings on the surface. The Daily root-zone soil moisture product is derived from
the C-band retrievals into the 2-Layer Palmer Water Balance Model from the LPRM/(AMSRE)/AQUA surface soil moisture retrievals using a 1-dimensional, 30 member Ensemble Kalman
filter (EnKF). This model optimally combines soil moisture information derived from the model
forecast and satellite retrieval, it then extrapolates surface soil moisture retrievals into deeper
root zone soil moisture predictions. The data is provided on a daily basis covering the period
from June 2002 to December 2010 at a spatial resolution of 0.25 degrees available in a NetCDF
format (USDA Agricultural Research Service 2012).
The ENKF prediction reliability depends on the errors forecasted at the surface soil moisture
satellite retrievals, nevertheless, validation results of the EnKF conclude that it provides a more
accurate root-zone soil moisture prediction when compared with the baseline 2-Layer Palmer
Model predictions, particularly in sparsely vegetated areas (USDA Agricultural Research Service
2012).
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Figure 7. AMSR-E LPMR algorithm
3.2.4 Soil Moisture Active Passive (SMAP)
The SMAP is the future of soil moisture information as AMSR-E stopped working in 2011. The
SMAP mission was launched in January 2015 with the specific purpose of providing estimates of
soil moisture that are spatially and temporally complete. The sensor measures land surface
microwave emissions of brightness temperature at 1.41 GHz and backscatter radar at 1.26 and
1.29 GHz. The SMAP’s L4_SM algorithm was developed to provide information at a 9 km
spatial resolution (downscaled from 36 km by the L2_SM_AP algorithm) and a 3-hour temporal
resolution.
SMAP’s Level-4 soil moisture product (L4_SM)
The L4_SM algorithm provides estimates of root zone soil moisture for the first 1 m of the soil
column and uses the ensemble Kalman filter (EnKF) that merges SMAP observations with
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NASA’s catchment land surface model. The L4_SM algorithm is composed of two important
elements, a catchment land surface and microwave radioactive transfer model Goddard Earth
Observing System model (GEOS-5), and an Ensemble-based land data assimilation Algorithm,
also (GEOS-5).
On the one hand, the land surface model is based on surface meteorological forcing data which
includes precipitation and surface processes such as the vertical transfer between the surface and
root zone reservoirs, then the model interpolates and extrapolates the satellite observations in
time and space. The model and the products are compared to various in-situ observations where
the model proves of superior quality than using satellite measurements only. The ensemble-based
land data assimilation system on the other hand, is the tool that merges the satellite’s
observations to the estimates from the land model.
Regretfully, due to SMAP’s radar failure during the early mission stages, the current algorithm
only adopts the SPL1CTB radiometer brightness temperatures and does not include information
regarding freeze or thaw data. Nevertheless, validation of the L4_SM product demonstrates that
it meets the expected accuracy requirement with an ubRMSE of 0.024 m3/m3 for root-soil
moisture, which is well bellow the 0.04 m3/m3 requirement. These values are considered to be an
improvement from a model-only SMAP version which corroborates to the importance and
influence of brightness temperature data (Reichle et al. 2016).
Root-soil moisture uncertainties
L4_SM product uncertainties vary dynamically and geographically because they represent the
standard deviation of a given output varying accordingly with time and location, also, it is
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important to note that bias and other structural errors are not computed. Nevertheless, root soil
moisture uncertainty is always less than that of surface soil moisture (typical values range from
0.003 m3m-3 to 0.025 m3m-3) and it is also significantly different around the globe. Driest areas
for example, are associated with low values of uncertainty given that the deeper layer of soil
moisture is mostly constant. High uncertainty values are found in southern China where root soil
moisture is known to be highly variable but SMAP observations cannot be incorporated. Hence,
validation demonstrates that root zone soil moisture estimates are always better than surface
moisture readings because there is less variability in soil moisture content in deeper soils
(Reichle et al. 2016).
According to the algorithm validations, the data is mature enough for scientific applications
however, assimilation diagnostics of the L4_SM model reveal that it under or overestimate
brightness temperature errors at a regional level. In addition, all testing is performed against in
situ measurements which themselves are prone to errors therefore, it should be understood that
the RMS represents the difference between the model estimates and those in situ values. Future
improvements to the system are on the way, amongst these are the reduction of bias and
algorithm calibration, corrections to ensemble perturbations, expanded site locations and addition
of record length (Reichle et al. 2016).
Data footprint
SMAP was build to deal with radio-frequency interference (RFI) and it mostly provides nearglobal coverage. However, the model requires information regarding the L-band brightness
temperature climatology in order to determine observation-minus-forecast biases, this
climatological information is derived from the Soil Moisture Ocean Salinity (SMOS) mission
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which does not provided good quality information in areas where RFI is high therefore, no data
are assimilated in vast areas of eastern Europe and southern Asia. Furthermore, no SMAP
brightness temperature is assimilated in mountainous areas such the Rocky and Andes mountains
or near large water bodies such as northern Canada, the Amazon and the Congo rivers.
Nevertheless, the L4_SM product provides global soil moisture estimates based on information
provided by the model and forcing data even if assimilated SMAP observations are not available
(Reichle et al. 2016).

Figure 8. SMAP L4_SM algorithm
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Chapter 4
Methods
Rainfall-induced shallow landslides are the result of static and dynamic factors. In this work,
static factors will be considered first as significant discrepancies arise when monitoring
landslides at high spatial resolution over a large domain. First, buffer and threshold techniques
that help minimize uncertainties of slope representation at large-extents are introduced to
determine landslide susceptibility at large scales. Then, dynamic factors are examined and
machine-learning methods are used to develop a mathematical algorithm that relates remotely
sensed antecedent soil moisture conditions to rainfall. This leads to the development of an Index
value that serves as guidance for the assessment of shallow landslide hazards with in susceptible
areas in the Continental United States. The system is intended to presents stakeholders with the
capability to foresee volumetric water conditions for susceptible locations 10 and 7 days in
advanced, facilitating then, the decision making progress to determine landslide hazard,
vulnerability, and risk. Figure 9 below shows the workflow schematics of this work.
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Figure 9. Shallow Landslide Index Workflow
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4.1 Static Factors
4.1.2 Buffer and Threshold Sensitivity Analysis
In this study, the landslide inventory’s two qualitative indices (Index 1: Confidence radius,
represents general location accuracy, Index 2: Size radius, differentiates small from larger events
as well as minor events from catastrophic events) are adopted. Size radius is incorporated as a
measure of landslide size and confidence radius as an extent of uncertainty. Only confidence
radius of 5, 25 and 50 km are considered as they represent the exact or near the exact location of
the event. This radius indicates a location known to the extent of a city or nearby coordinates of a
village respectively. Confidence radiuses greater than 50 km are described in the inventory as
events occurring somewhere within a country or large region making the uncertainty area too
large and, therefore, are excluded from the analysis. The resulting 230-landslide events in the
U.S. are distributed between Longitudes 60W and 130W and Latitudes 30N and 60N resulting in
a suitable representation of the locations and characteristics that are known to be prone to
landslides in the continental U.S. as per Radbruch-Hall et al. (1982).
Buffers equivalent to the extent of the confidence radius are created around each landslide event.
This process helps reduce the area of study to that of the buffer and therefore, it is reasonable to
assume that the buffered area includes all possible places in which the event might have
occurred. By this means, it is possible to statistically analyze the characteristics of the terrain that
could have led to the rain-triggered landslide. Buffer extraction from the original dataset is
carried on by an itinerating algorithm that correlates the spatial coordinates of each event to the
coordinates in the dataset. Consequently, subsections corresponding to each buffered area are
extracted from each dataset and pixel values for each area are converted into ASCII files. Each
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file corresponds to one buffer or one event, resulting in 230 files for each dataset type.
4.1.2.1 Slope
Rainfall-induced shallow landslides occur as relatively shallow (0.3-2 m) failure surfaces parallel
to the slope in landslide-prone slants. In the case of rainfall-induced landslides, slope angle is the
underlying factor in downslope movement after gravity forces acting parallel to the slope have
superseded friction and cohesion forces. It is undeniably possible that some events could have
happened at less steep slopes as gravity alone does not determine downward movement,
nevertheless, the likelihood is higher as slope angle increases. This work develops under this
premise.
In this work, slope angle values for all 230-landslide events in the continental U.S. are derived
utilizing the mosaicked DEM. Assuming that landslides take place when the critical slope angle
is exceeded, percentiles of slope values are tested in order to find this critical value slope.
Statistically, percentiles partition the sorted data in ascending order, into 100 groups each
containing 1% of all the data. Values are organized in rank order from lowest to the highest, the
lowest score is in the 1st percentile and the highest score is the 99th percentile. The percentile
represents the value below in which a given percentage of observations lies (Triola 2013). For
example, if a slope value is in the 99th percentile, it is higher than 99% of the other slope values.
Percentiles are then used as thresholds in each buffer zone, values laying bellow the specific
percentile are considered stable, and values laying above the percentile are considered unstable.
Thresholds for the Tpoint = Pixel Point, T50 = 50, T75 = 75, T95 = 95, T99 = 99 and T100 =
Max, are tested for all buffers. This technique leads to the assessment of the slope percentiles
70

that result in under-estimations and over-estimations. Buffers for 3 landslide events and their
corresponding T99 threshold can be seen in Figure 10. Three different events with buffers of 5,
25 and 50 km and their corresponding slope, elevation, land cover and soil type are represented.
Percentile threshold T99 is highlighted in red in each histogram as well as in each buffer.
4.1.2.2 Elevation
This study examines whether there is a significant contribution of elevation to landslide
occurrence in the continental U.S. Altitude values corresponding to the T99 percentile threshold
for all 230-landslide buffers are selected. As with the slope buffers, 230 extractions from the
DEM are converted into ASCII files. Analysis of the mean, the standard deviation and other
statistical moments is investigated.
4.1.2.3 Land Cover
Land cover classes are represented by numerical values in each dataset; these values are
extracted for each buffer and then converted into ASCII files. Because land cover classes are
categorical no other statistical moment besides the mode is tested. The corresponding mode for
the T99 percentile threshold for each buffer is selected as the prominent land cover value
within the buffer.
4.1.2.4 Soil Type
The HWSD lists 36 different soil types and their corresponding physical-chemical properties.
Textures, soil drainage, available water storage capacity, soil phase amongst many other
characteristics for each soil are described in the database. Classes found within each buffer are
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examined and the mode corresponding to the T99 percentage threshold range is selected as the
representative value for each buffer as shown in Figure 10.
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Figure 10. Buffer and threshold analysis for 5, 25 and 50 Km
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Threshold values for each file are calculated. A complete flow chart for the analysis framework
is illustrated in Figure 11.

Figure 11. Threshold sensitivity analysis schematic
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4.1.2 Machine learning methods
Since its introduction more than three decades ago, the field of Machine learning studies the
computational processes that underlie learning in machines and humans. If we define “learning”
as the improvement of performance in an environment as a result of knowledge based on the
experienced gained in that environment, machine learning can be seen as “one paradigm for
research and development” (Langley 1996).
Machine learning is influenced by the degree of supervision during the learning process, the
regularity of the environment, and order of training (Langley 1996). A machine-learning task can
be either supervised or unsupervised, supervised learning involves direct feedback about the
learning performance contrary to unsupervised learning, which is completely absent of any
feedback. Complexity of the target environment influences learning by either making the
learning process easier or more difficult. In addition, relevance of features or attributes can
contribute to the difficulty of the learning system. Order in which training cases are given also
affects the process of training, all information can be given at once, or it can be “online”, one at
the time.
When speaking of machine learning, we refer to algorithms that can transform training data into
knowledge and hence automate the process of knowledge acquisition. Machine learning uses the
theory of statistics to build mathematical models hence, it needs representative data samples of
the variables involved in the analysis and adequate size. Computers are programed to optimize
knowledge acquisition based on sample data of past experiences (Alpaydin 2014). Regression
models, neural network models and Stochastic models are amongst the most common machine
learning methods, these models can be predictive, descriptive or both.
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As statistically based models are preferred for the study of shallow landslides at large scales,
logistic regression is one of the most common statistical methods used for landslide assessments
(Glade et al. 2000; Dai & Lee 2002; Nefeslioglu et al. 2008; Pradhan 2010; Eeckhaut et al. 2011;
Jaedicke et al. 2013; Nourani et al. 2013).
4.1.2.1 Logistic Regression
Logistic methods are a multivariable analysis technique where the dependent variable is not a
continuous parameter and where the result is a binary probability of values between 0 and 1
(Nefeslioglu et al. 2008). Logistic regression (LR) is one of the most common statistical methods
used for landslide assessments (Glade et al. 2000; Dai & Lee 2002; Nefeslioglu et al. 2008;
Pradhan 2010; Eeckhaut et al. 2011; Jaedicke et al. 2013; Nourani et al. 2013). It finds the best
fitting relationship of multiple independent variables to a dependent variable and does not
require normally distributed landslide conditioning parameters. The advantage of logistic
methods over regression analysis and discriminant analysis for the study of landslides is the fact
that the dependent variable has the probability of only two values: an event happening or not
happening (0 or 1) (Ayalew & Yamagishi 2005), (Zhu & Huang 2006).
The LR method is based on the generalized linear model that can be expressed as Probability of
Landslide (Pl):

Pl =

1
−Z

1+ e

Eq. 1

Where Pl is the probability of a landslide event expressed in a dichotomous way of 0 and 1, set
by a classification cutoff point value selected to maximize fit (more correct classifications). The
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logit Z is assumed to contain the independent variables on which the landslide event may fall.
The Z term is expressed in the linear form as:
𝑍 = 𝛽! + 𝛽! 𝑋! + 𝛽! 𝑋! … + 𝛽! 𝑋!

Eq. 2

Where 𝛽! represents the intercept of the model, 𝛽!, 𝛽! …𝛽! the partial regression coefficients,
𝑋!, 𝑋! …𝑋! represents each of the independent variables.
In addition to the 230 rainfall-induced shallow landslide events, 230 random points that do not
overlap with actual events are used to represent the absence of landslides as areas of “non-event
yet” are created. Buffers and thresholds are not applied to random points because statistically,
these points have an equal probability of representing an event as much as a non-event. In this
case, the pixel values are selected as representative values for random points.
The regression model calculations are performed using SPSS (IBM 2013) statistical software.
Various models are examined utilizing all threshold percentages. The best fitting threshold is
selected. The likelihood-ratio for all variables is evaluated and variables are set for removal
when their contribution to the model is minimal. Contribution is deemed minimal if the observed
significant level is greater than the probability for remaining in the model. In this study, such
value is placed at the 0.05 level of significance.
Logistic regression holds true on the basis of the following assumptions:
a. Data- The dependent variable should be dichotomous (for binary logistic regression) or
multinomial (i.e., more than two categories for multinomial logistic regression) in nature.
b. Error- The error term is assumed independently and identically distributed.
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c. Linearity- No linear relationship is assumed. However, between the odds ratio and the
independent variable linear relationship is assumed. (Here Odds Ratio is a measure of
association between a pixel, having a coarse soil for example, and an outcome occurring,
a landslide event).
d. Outliers- It is assumed that after buffer and threshold analysis there are no outliers in the
data.
e. Large Sample- Logistic regression uses the maximum likelihood method that requires a
large sample size assumption.
f. Homoscedasticity: The variance around the regression line is the same of the predictor
variable (X).
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4.2 Dynamic Factors
It is well established that antecedent soil moisture conditions significantly influence landslide
initiation as the spatial distribution of moisture content in the soil and pore water pressure control
the dynamics of shear strength and effective stress, water pressure within the porosity of the soil
expands the pore space and reduces the frictional forces between soil particles triggering slope
instability (Lehmann et al. 2013). Therefore, it is crucial that antecedent soil moisture
characteristics are included in the development of the shallow landslide index. As the
landslides used for the algorithm in this work are past events, and the event time is an estimate,
it is necessary to find a value of soil moisture that describes the conditions of humidity at the
time of event. Exploration of the information has to be performed in a 24-hour time span in
order to fulfill the conditions of the time description provided in the landslide inventory.

4.2.1 Exploratory Data Analysis
After the static parameters that conditioned the 230-landslide events were determined, now,
dynamic variables and their relationship to the events are explored as seen in Figure 12. Daily
information from AMSR-E and TRMM for the time span of 2003 to 2009 is obtained, processed
and analyzed. Various statistical modes and variable correlations are defined, different time
lapses with relation to the date of the reported event are examined: 7 years, yearly over 7 years,
seasonal, 60 days and 10 days.
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Figure 12. Schematic of dynamic variables processing

Once the static parameters that conditioned the 230-landslide events were determined, now,
dynamic variables and their relationship to the events are explored as seen in Figure 13. Daily
information from AMSR-E and TRMM for the time span of 2003 to 2009 is obtained, processed
and analyzed. Various statistical modes and variable correlations are defined, different time
lapses with relation to the date of the reported event are examined: 7 years, yearly over 7 years,
seasonal, 60 days and 10 days.
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Figure 13. Rainfall - Soil Moisture – Slope

In order to gather a better understanding of soil moisture distribution with relationship to other
factors, moisture conditions for all events is sought for soil types, land cover, and slope.
Visualization can be seen in Figure 14.
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Figure 14. Moisture relation to land cover and soil type

Soil moisture volumetric values range from completely dry = 0.0 vol. to complete saturated wet
= 80 vol. in a yearly bimodal cycle of dry and wet, therefore, soil moisture information for each
point is divided in two periods:
Table 5. AMSR-E Seasonality
Dry
July
Aug
Sep
Oct
Nov
Dec

Wet
Jan
Feb
Mar
Apr
May
June

The dry and wet periods represent the conditions in which each pixel spends the most time.
Then, for each geographic pixel, the seven-year Mode represents the most common moisture
stage for a given location for the dry and wet periods. Figure 15 shows soil moisture distribution
over 4 years for both dry and wet periods. It can be seen that geographically, pixels tend to
maintain the same wetness characteristics over time.
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Figure 15. Soil Moisture over time

The 230 landslide events are distributed amongst specific types of soil type and land cover
classes, these types and classes serve as the basis for establishing a connection between static and
dynamic factors. Logically, a specific soil type is likely to have one or some land cover classes,
both, as previously discussed, influence the behavior of water content in the soil.
In this work, soil type is the mayor category from where land cover classes are defined.
Consequently, slope angles within the area of each land cover are classified and the soil moisture
associated to each slope angle is determined. More clearly, for each one of the eight identified
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soil types, there are five land cover classes. For each land cover class, there are many slope
angles that vary geographically within the soil type area, each slope value is associated with its
corresponding soil moisture value as seen in Figure 16.

84

Figure 16. Variables Schematic
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4.2.2 Rainfall Critical Thresholds
Rainfall events can be analyzed to define statistical or empirical correlations between rainfall’s
intensity and duration to shallow landslide occurrence. This relationship is often expressed in a
mathematical law that defines a rainfall threshold based on the assumption that past relationships
between rain and landslides are valid for the future. When conditions exceed the threshold,
landslides should be expected (Segoni et al. 2014). Caine (1980) described the relationship
linking rainfall intensity (I) and duration (D) as a power law (𝐼 = 𝑎𝐷!! , where I is the rainfall
mean intensity, D is the duration of the rainfall event 𝛼 is the scaling constant and b defines the
slope). The concept has been successfully applied for various studies at various scales.
Various studies around the world have focus their attention on working with rainfall thresholds
to define or assess the prediction of landslide occurrence (Floris & Bozzano, 2008; Brunetti et
al., 2010; Giannecchini et al., 2012; Papa et al., 2013; Segoni et al., 2014; Kirschbaum et al.,
2015). Nevertheless, these rainfall thresholds do not consider antecedent soil moisture conditions
on the ground. It is well established that even though rainfall is a triggering factor, it is not the
sole culprit of slope instability, increase pore pressure generates landslides in the soil, therefore,
assuming that higher rainfall intensity results in higher failure probability is not always proper
(Aristizábal, Velez, et al. 2015).
Rainfall intensity-duration thresholds can be indicators of rainfall as a precursor of landslide
activity but, antecedent soil moisture conditions have a significant effect on landslide initiation
as gravity drainage becomes negligible when soil water content falls below field capacity.
Precipitation thresholds of rainfall and duration do not provide information about the soil
wetness profile with depth. Regardless of the intensity-duration of the rainfall, shallow landslides
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are influenced by antecedent soil moisture conditions. For example, a heavy rainfall event
within a dry period is not likely to trigger shallow landslides any less than a low-intensity
rainfall would within a wet period (Godt et al. 2006, Baum & Godt 2009). Hence, this work
presents not a rainfall threshold per-se, but a relation of antecedent soil moisture to rainfall
accumulation that determines saturation as a cause of landslide occurrence.

4.3 Shallow Landslide Index
As rainfall thresholds alone do not provide information about the soil wetness profile with depth,
the Shallow Landslide Index (SLI) is intended to be an indicator of antecedent root soil moisture
and rainfall accumulation as representation of total water volume over a 1km2 pixel area and 1m
depth.
Previous studies have relied on antecedent daily precipitation in order to model antecedent soil
moisture indices (Cozier, M.J., and Eyles, R.J. 1980) nevertheless, other studies (Ray et al. 2011,
Brocca et al. 2012) recommend that these values be replaced by actual soil moisture observations
as indices and actual observations are poorly correlated. Here, remotely sensed daily soil
moisture values are adopted, and as previously determined by Glade (1997), Kanungo & Sharma
(2014) and Cain (1980) who demonstrated that at shorter durations rainfall does not result in
sufficient water depth to change pore water conditions in the soil, a 10-day time lapse analysis is
used.
Then, experimentally, the SLI expresses the relationship of soil moisture to rainfall accumulation
over a 10-day period as:
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Volumetric soil moisture content (θ) plus rainfall volume during the event day, plus the 9
preceding days
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Eq. 5

Where 𝛽 is the percentage of water percolating in the soil which is intrinsic to the conditions
established by each static variable, soil type, land cover and slope, and their combination.
Figure 17. Shallow Landslide Index (SLI)

Thus, each landslide event is expressed as a function of static and dynamic parameters:
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Event (E) = f (Soil type (ST), Land cover (LC), Slope (S), SLI)

Eq. 6

4.3.1 Assumptions and Limitations
1. There are two known failure mechanisms associated to infiltration processes, in the first
mechanism pore pressure increases due to liquefaction of the material, in the second
mechanism, the soil remains in an unsaturated state but failure happens due to reduced
suction (Aristizábal, García, et al. 2015). This model assumes the first mechanism.
2. As a data driven model, 𝛽, the percentage of percolation is assumed to be intrinsic to all
variables in the model. It is assumed that the satellite values represent the actual moisture
content in the soil after being affected by all the processes related to runoff, evaporation,
suction and percolation.
3. Daily rainfall and soil moisture temporal resolutions are assumed because there is a date,
not a time stamp for landslide events listed in the inventory used in this study. At the
moment, it is not possible to obtain a better temporal accuracy to build a large extent
model based on the inventory limitations.
4. Root soil moisture (1 m) for AMSR-E and SMAP is the assumed soil moisture depth for
this study.
5. The L4_SM algorithm does not provide brightness temperature readings from SMAP in
mountainous regions such as the Rocky Mountains or near water bodies. In areas where
SMAP is not able to acquire data, root soil moisture values are the result of forcing data
and the catchment model as described in section 3.2.4 alone.
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4.3.2 Shallow Landslide Index modeling
Random points and corresponding parameters need to be included in the training phase of the
logistic regression model. In order to overcome the randomness associated with spatial
heterogeneity of a large-extent study, an appropriate technique of sampling that results in proper
representation of each of the zones is necessary. Various approaches have been applied to
defining proper random sampling; usually, equal proportions of 1 (event) and 0 (non-event) are
generally recommended in the logistic approach, nevertheless, many works have used unequal
proportions. For example Dai and Lee (2002) used training data originating from a percentage of
the area under investigation but used an equal number of pixels, Atkinson and Massari (1998)
also used training data from a percentage of the study area but unequal number of 1 and 0 pixels.
In this work, given the extent of the study area, and that soil type is the mayor category from
where all other classes branch, sampling for each soil type is defined by its corresponding
landslide density as seen in Table 6.
Table 6. Random Points
Soil Type
Cambisols
Luvisols
Acrisols
Phaeozems
Kastanozems
Andosols
Podzols
Regosols

Event #
65
60
44
17
13
12
10
9

Area Km2
120,000
300,000
700,000
100,000
100,000
150,000
300,000
500,000

Shape Area
718,950
2,953,072
1,746,111
1,188,000
2,427,042
318,317
699,157
761,849

Random Points
400
591
110
202
316
25
23
14

All events are associated to a specific date of occurrence, random points are not, finding an
appropriate time relation for random points is challenging as they are widely geographically
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distributed all over the area of study and no time stamp is associated with them. Furthermore,
physically speaking, soil moisture and rainfall patterns are very different from coast to coast.
Therefore, a system that represents the amount of moisture present in the soil with relation to the
received rain is necessary. Hence we assume that for any given day in which the landslide may
have occured, the initial moisture content is assigned to the value of moisture condition of the
10th day before the event. Then, the sliding factor for the event day will include this moisture
content plus the accumulated rainfall depth during the 10-days period.
This can be easily visualized in Table 7 where the 10-day shifted soil moisture and the 10-day
rainfall depth (moving sum) are represented by SM10 as the 10-day shifted soil moisture value
and RM10 is the running sum of the 10-day rainfall.
Table 7. Soil Moisture and Rainfall Accumulation
DATE
SM
RM SM10 RM10
Day-1
20
10
Day-2
15
15
Day-3
25
0
Day-4
30
0
Day-5
40
2
Day-6
40
3
Day-7
41
15
Day-8
42
17
Day-9
43
0
Day-10
44
1
20
63
Day-11
46
3
15
56
Day-12
25
4
25
45
Day-13
53
7
30
52
*SM = Soil Moisture, RM = Rainfall
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Figure 18. Logistic regression model structure
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4.3.3 Model Evaluation
As random and real events are established, model evaluation performance is an essential part of
the model elaboration procedure. Evaluating model performance with data used for training is
not acceptable in machine learning algorithms because it can result in over-fitting, therefore
methods that use a test set of data to evaluate the model performance are used. In this case, the
Hold-Out method is used. The Hold-Out method randomly divides the data into a training set,
which is the dataset used to build the predictive model, and a validation set, which is the dataset
used to asses the performance of model derived from the training set.
In this work, events and non-events are divided into two: training and verification dataset where
70% of data is training data and 30% of data is verification data as shown in Table 8.
Table 8. Training and Validation Data
Total cases

1753
No

Total %

Cases

of data

141
1122
1263
No
Event Cases
1
63
0
427
490

8
64
72

Event
1
0

% Total
3.6
24.3
27.9

% Event model
% Cases modeled
141/1263 = 11
1122/1263 = 89

cases
141/204 = 69
1122/1549 = 72

No of cases
1263
72%

% Event
% Cases validated validated cases
63/490 = 12.8
63/204 = 31
427/490 = 87.2
427/1549 = 27.6

No of cases
490
28%
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4.3.4 Confusion Matrix
A matrix that shows both predicted and actual classifications is known as confusion matrix
(Kohavi and Provost, 1998). A confusion matrix might be of size nXn, where n is the number of
different label values. If we think about a two-dimensional table then ‘n’ stands for number of
row values and number of column values.
Table 9. Confusion Matrix n=2
PREDICTED
ACTUAL

Negative

Positive

Negative

a (TN)

b (FP)

Positive

c (FN)

d (TP)

a = Number of correct predictions that an event/ outcome is negative [TN: True Negative]
b = Number of incorrect predictions that an event/ outcome is positive [FP: False Positive]
c = Number of incorrect of predictions that an event/ outcome negative [FN: False Negative]
d = Number of correct predictions that an event/ outcome is positive [TP: True Positive].
Table 10. Estimates from a Confusion Matrix
Estimate

Explanation

Mathematical Formulation

Accuracy

How often is the classifier correct

𝑎+𝑑
𝑎+𝑏+𝑐+𝑑

Misclassification
Rate

How often is it wrong

𝑏+𝑐
𝑎+𝑏+𝑐+𝑑
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Estimate

Explanation

Mathematical Formulation

True Positive Rate
or Sensitivity/
Probability of
Detection/ Hit Rate

When actually positive, how often it is
predicted as positive

𝑑
𝑐+𝑑

False Positive Rate/
False Alarm Rate

When actually negative, how often it is
predicted as negative

𝑏
𝑎+𝑏

True Negative Rate
or Specificity

When actually negative, how often it is
predicted as negative

𝑎
𝑎+𝑏

False Negative Rate

When actually positive, how often it is
predicted as negative

𝑐
𝑐+𝑑

Precision

When is predicted positive, how often it is
really positive

𝑑
𝑏+𝑑

Prevalence

How often does the positive condition
actually occur

𝑐+𝑑
𝑎+𝑏+𝑐+𝑑

4.3.4 Cut-off probability
The classification threshold or cut-off value for logistic landslide analysis is usually selected
utilizing different methodologies and typically, it is not straightforward. Receiver-operating
characteristic plots (ROC) are considered to be an alternative for model performance evaluation
as they build on the sensitivity (true-positive) and the specificity (false-positive) of the model.
Hence, the area-under-ROC (AUC) statistical analysis allows the threshold independent
evaluation of the model (Guns & Vanacker 2012).
The ROC curve is a very useful tool in the sense that it helps to understand the performance of a
confusion matrix or classifier. It shows a classifier’s over all possible thresholds and is shown by
a curve known as ROC curve. ROC curve helps understand the tradeoff between sensitivity and
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specificity. The relationship between sensitivity and specificity is such that a decrease in
specificity accompanies any increase in sensitivity.
The area under the ROC curve measures the accuracy of a classifier. An area of 1 represents a
perfect test whereas an area of .5 represents a worthless test.
Table 11. Classifier’s standard as per area under the curve
Area Under the Curve
(AUC)
.90-1

Classifier’s
Standard
Excellent

.80-.90
.70-.80

Good
Fair

.60-.70

Poor

.50-.60

Fail

4.3.6 SMAP & GMP
AMSR-E and TRMM are used in this work to learn and explore the feasibility of a system that
can serve as a guide for antecedent moisture and rainfall triggers of shallow landslides.
Nevertheless, as AMSR-E and TRMM stopped working on October 2011 and April 2015
respectively, a solution that works for the future is needed. Since SMAP’s launch in January
2015 at least 46 rainfall-induced landslides have been recorded for the United States in NASA’s
landslide inventory. These landslides and corresponding number of random events are used to
recreate the model with the new information. Table 12 illustrates the number of random points
included in the model and Figure 19 shows a composite of SMAP, GPM and the 2015 landslide
events.
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Table 12. SMAP & GPM Random Points
SOIL TYPE EVENT #
Cambisols
15
Luvisols
11
Acrisols
6
Kastanozems
6
Andosols
8

AREA Km2
81,000
300,000
700,000
100,000
150,000

Shape Area
718,950
2,953,072
1,746,111
2,427,042
318,317

Random Points
133
108
15
146
17

Figure 19. 2015 Landslides, SMAP, GPM
Based on SMAP 7-day latency and GPM 6hrs lag, 10-day, 7-day, and a 3-day shifted soil
moisture and corresponding rainfall moving sums are evaluated. However, only the 10 and 7-day
values can be used as guidance. It is expected that as SMAP latency is reduced, a 3-day guidance
can be issued. Nevertheless, for the case of forecasting the devastating effects of landslide
disasters, a 7-day guidance can be very significant for the stakeholder’s decision process.
The algorithm is evaluated for each one of the 900,000 pixels that contain static and dynamic
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information in a python subroutine that calculates the SLI. For each pixel, the algorithm
incrementally tries values starting at 0 until it finds the value that turns the logistic equation = 1.
In other words, the value that makes the “probability” of the event become equal to 1. Then, this
value is the representative of the total amount of water by means of antecedent soil moisture and
rainfall depth for that pixel that will most likely trigger a landslide event.
Figure 20 depicts the flow process used in this work to determine the Shallow Landslide Index
(SLI) value derived from SMAP and GPM data.
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Figure 20. Shallow Landslide Index SMAP/ GPM
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Chapter 5
Results
5.1 Static Factors
5.1.1 Buffer and Threshold Sensitivity Analysis
Buffers and thresholds were designed to present a feasible approach to address misrepresentation
of slope angle when monitoring landslide activity at high spatial resolution over a large domain.
Improper identification of parameters, particularly for slope, often results in a misrepresentation
of areas at risk. The development of this approach is only possible due to the availability of a
comprehensive record of landslides events that represent the dominant characteristics of
landslide-prone areas in the continental United States. A more extensive landslide record with
the same characteristics is not available at the present moment, but using the buffer and threshold
techniques in more data points can help minimize overestimation of susceptible areas at the large
scale.
This work assumes that landslide risk is greater as slope angle increases. As the landslide
inventory does not list the slope angle of the event because the locality is an estimate, slope
values in each buffer area are tested. Comparison of slope percentile thresholds demonstrates
that values below the T75 percentile threshold misrepresent areas of susceptibility by not
including slope angle values higher than 35 degrees, in this manner agreeing with previous
studies (Kirschbaum et al. 2009; Nadim et al. 2006). Values below this threshold range between
0 and 35 degrees, this could result in susceptibility over estimations. In addition, this threshold
does not account for higher slopes present in the area possibly resulting in a misrepresentation of
100

reality as it is well known that landslides occur in a wider range of slope angles (van Westen et
al. 2008; Pareta & Pareta 2012; Wu et al. 2013; Pourghasemi et al. 2013; Chen & Zhang 2014).
This same comparison demonstrates that values above the T95 threshold percentage encompass a
wider range of slope values, but it is not clear whether these thresholds include over-estimations
such as the inclusion of outliers. Therefore, the T99 threshold is investigated. Nevertheless, it is
important to consider that threshold percentages above T95 could potentially represent better
susceptible slope angle values, for this reason, each threshold is examined in a logistic regression
analysis. Distribution for Tpoint, T95, and T99 thresholds can be seen in Figure 21.

Figure 21. Slope angle distribution for threshold sensitivity analysis
Further analysis of each threshold percentage is tested in a logistic regression model, it is
determined that threshold T99 is the most suitable value because it produces the most
representative range of slope values and it yields the best fitting model. In addition, results are
consistent with local slope instability studies around the world (Dai & Lee 2002; Van Westen et
al. 2008; Pareta & Pareta 2012; Wu et al. 2013; Pourghasemi et al. 2013; Chen & Zhang 2014).
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Moreover, the highest amount of variation in the dependent variable is explained by the strongest
relationship between the predictors and the prediction at 94.3%. This slope threshold is a
conservative assessment that no does not under or over-estimate slope angle susceptibility. The
performance of each model describes how well each variable describes the phenomenon as seen
in Figure 22.

Figure 22. Percentage thresholds and their accuracy
5.1.1.1 Elevation
The involvement of elevation in landslide susceptibility analysis is associated to its biological
and natural factors as it plays a significant role in vegetation, humidity and precipitation (Khezri
et al., 2006), (Torkashvand et al., 2014). Elevation also becomes very in physical studies when
hydraulic and topographic characteristics of the slope geometry of the area of study need to be
defined (Aristizábal, Vélez, J, Martínez, & Jaboyedoff, 2015), (Radbruch-Hall et al., 1982), (Dai
& Lee, 2002), (Floris & Bozzano, 2008). Nevertheless, this work demonstrates that at this
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specific scale, elevation becomes insignificant for susceptibility mapping.
At this scale, the elevation factor may not be independent from the land cover factor.
Furthermore, the logistic regression analysis proves that elevation’s contribution to the model is
minimal. Likelihood-ratio for all variables is evaluated for removal when the contribution is
minimal. Contribution is deemed minimal if the observed significant level is greater than the
probability of remaining in the model. In this study, elevation’s contribution to the tested models
was deemed insignificant; therefore elevation is excluded at this point from any further analysis.
5.1.1.2 Prominent Soils
Geographical distribution of landslides and correlation to each soil type as described in the
HWSD database results in 8 soil classes with 6 prominent as most susceptible to landslides.
Characteristics of these soils are described by the USDA (United States Department of
Agriculture) soil taxonomy index and the ISRIC (World Soil Information) and summarized
below.
Acrisols: This particular group classification represents soils that are characterized by
accumulation of low activity clays and a low base saturation level (USDA 1999). Acrisols
correlate with “Red and Yellow earths” and with several subgroups of Alfisols and Ultisols in
the USDA soil taxonomy index. Acrisols are known to be strongly weathered acid soils as a
result of acid rock weathering, they are found mostly in old land surfaces with hilly or undulating
topography in subtropical climates and with light forest vegetation.
It is understood that under a shielding forest cover, Acrisols have a porous surface, if the forest is
cleared, the A-horizon degrades and slakes resulting in a hard crust that does not allow water to
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penetrate causing devastating surface erosion and therefore low stability (IUSS Working Group
WRB 2014).
Andosols: This particular group is catalogued as Andisol in the USDA soil taxonomy index. It
categorizes soils developed from volcanic materials like volcanic ash, tuff, pumice, cinder and
other volcanic materials. Andosols are mostly found in mountainous and undulating terrains with
a wide range of climates and vegetation, in the case of the United States, Andosols soils are
found in the Rocky Mountains and Alaska.
There is a wide range of specific types of Andosols depending on their volcanic parent material,
but most Andosols have excellent internal drainage due to their high porosity and usual presence
in high terrain positions. Nevertheless, hydrated types that dry out after deforestation crumble to
hard granules that are easily removed with surface run-off water. In addition, when excessive airdrying irreversibly damages the soil’s moisture holding properties, the soil becomes very
susceptible to wind erosion.
Cambisols: The USDA soil taxonomy index classifies this group as “Inceptisols”; they are
encompassing soils with incipient soil formations. They derive from a wide range of rocks
mostly in colluvial, alluvial or eolian deposits, characterized by weathering of parent material
and the absence of appreciable quantities of illuviated clay, organic matter and aluminum or iron
compounds. Cambisols are very common being found in a great range of locations and slopes
ranging from flat to mountainous terrains.
Cambisols characteristics vary upon location therefore it is not possible to summarize all
physical and chemical characteristics of Cambisols. However, most Cambisols are known to be
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medium-textured, high porosity, have good structural stability, good internal drainage and water
holding capacity. Regardless, it is crucial to understand that these generalizations are subject to
the specific conditions to the environment in which the soil is found.
Luvisols: These soils are usually known as Pseud-podzolic soils, or as Alfisols in the USDA soil
taxonomy index. Luvisols are found in gently sloping land and have a good internal drainage
based on their granular and porous make up. In highland areas, Luvisols are associated with
Cambisols and when high silt content, are sensitive to slaking and erosion. Luvisols located in
upper slopes are used for extensive grazing or tree crops.
Podzols: These soils are characteristic of regions in the northern hemisphere in level to hilly land
usually covered by coniferous forest. The USDA soil taxonomy index refers to these soils as
Spodosols. Podzols are mostly composed of unconsolidated weathered of siliceous materials.
Podzols have a low water holding capacity, have a sandy texture and weak aggregation.
Although hydromorphic Podzols are structurally wet due to terrain or climate conditions, if the
soil has a dense illuviation horizon, water movement can be impaired.
Regosols: Regosols are unconsolidated mineral materials not including coarse textured materials
or materials with fluvic. These soils are usually described by the properties they lack and not
their specific qualities. In the USDA soil taxonomy index, Regosols are correlated to Entisols
(incipient soils formation). Regosols are known to be present in all climate zones and all
elevations but mostly in arid areas and in mountain regions.
Geographical distribution of each soil can be seen in Figure 23.
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Figure 23. Events prominent soils

5.1.2 Logistic regression
The independent variables in logistic regression can be characterized as useful predictors if the
classification accuracy rate is substantially higher than the accuracy attainable by chance alone.
SPSS calculates this chance accuracy criterion as the first step by not including any variables in
the model. As a result, the accuracy rate computed for chance is 50.9% and the accuracy rate
computed for the model is 97.2%. This demonstrates that the variables included in the model
significantly enhance the outcome. Table 13 shows the model’s coefficients for each variable
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that is found to be significant. Slope and Land cover are significant variable predictors with pvalues < 0.01 while soil type is less significant predictor with p-value < 0.001. Slope’s
significance as a predictor in the model, emphasizes the importance of its proper initial
representation.
Table 13. Variables in the Equation
Variable

B

S.E.

Wald

df

Slope

.422

.056

57.186

1

SoilType

-.009

.046

.042

1

LandCover .928

.232

16.021

1

Constant

1.549

10.464

1

-5.012

As validation, the data was divided randomly on a 70-30% ratio for subsets as “model obtaining”
and “validation” subsets respectively. Furthermore, the data was partitioned in 20% subsets for
cross-validation. Five rounds of cross-validation were performed using different partitions.
Validation results represented by the average of the five rounds indicate that this model predicts
the highest number of cases correctly at 97.2% accuracy.
A confusion matrix helps determine details about the performance of the model. The ability of
the model to correctly identify the events is represented by True Positive. Events that are not
correctly identified are represented by False Negative, and over predictions are represented by
False Positive (Triola 2013).
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Table 14. Susceptibility Confusion Matrix POD and FAR

Landslide
Not
landslide
Total

Landslide Event
Predicted
Not Predicted
220 true
6 false
positive
positive
7 false
227 true
negative
negative
227
233

Probability of Detection =

False Alarm Rate =

Accuracy =

!"

Total
226
234
460

!!"

=
= 0.97
!"!!" !!!!"
!"
!"!!"

!

= !!!!" = 0.026

!"!!"
!"!!"!!"!!"

!!"!!!"

= !!"!!!!!!!" = 0.971

The logistic regression model is carried over to ArcGIS 10.2. All variables are processed based
on their corresponding coefficients. The resulting map in Figure 24 is classified into 2 categories:
a) Not Probable (0-0.50), b) Probable (0.501-1) based on the model’s predicted probabilities. As
defined by Fell et al. (2008), this map does not include a time frame or frequency of landsliding
nor it includes any triggering factors. It is important to emphasize that at this point, no dynamic
variables are included in the model.
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Figure 24. Landslide Susceptibility

5.2 Dynamic Factors
5.2.1 Shallow Landslide Index - AMSR-E/TRMM
Logistic regression calculates the probability or odds of the outcome being an event or a nonevent, then, the estimated coefficients related to each independent variable, represent the rate of
change on the “log odds”. These coefficients are estimated via the Maximum Likelihood
Estimate (MLE) method, which finds the coefficients that make the log of the likelihood function
as large as possible or 2-times the likelihood function as small as possible. Then, the Z factor for
the logistic regression for the model becomes:
Z = ((.581*Slope)-(.460*Soil Type) + (1.660*Land Cover) + (1.989*SLI) -21.88)

Eq. 7
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While positive coefficient values represent that the occurrence of an event is positively related to
that variable, negative coefficient values represent a negative relationship with the occurrence of
an event, in this case for example, soil type has a negative influence on event’s occurrence. In the
same manner, slope, has the highest coefficient value, which in turn represents that this is the
most influential variable in the development of an event.
As validation, the data was divided randomly on a 70-30% ratio for subsets as “model obtaining”
and “validation” subsets respectively. Validation results indicate that this model predicts the
highest number of cases correctly at 89.0% accuracy. Table 15 shows confusion matrix for this
model.
Table 15. AMSR-E – TRMM Confusion Matrix POD and FAR

Landslide
Not landslide
Total

Landslide Event
Predicted
Not Predicted
116 true
8 false
positive
positive
12 false
1103 true
negative
negative
128
1111

Total
128
1111
1239

The area under the curve (AUC) as a measure of model performance, presents the trade-off
between true and false positive proportions. Here, the AUC represents accuracy without
sensitivity to changes in class distribution. The resulting AUC for the 0.5 cut-off value is 0.927
for the training set and 0.89 for the validation set, hence, the 0.5 cut-off value is the selected
threshold for the event and non-event decision.
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Training 0.927

Validation 0.89

Figure 25. AUC cut-off value
Equation 7 above is then incorporated in a python subroutine that calculates the SLI for each
pixel point, 900,000 points to be precise. For each pixel, the algorithm incrementally tries values
from 0 to the value that turns Equation 1 = 1, or better said, makes the “probability” of the event
become equal to 1. Then, this value is the representative of the total amount of water by means of
antecedent soil moisture and rainfall value for that pixel.
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Figure 26. AMSR-E SLI
In the map above, areas in red and orange represent less water volume to trigger a landslide
hence those areas would be considered for further analysis expected precipitation is monitored.
5.2.1.2 SLI and the Landslide Record
Initially random cases not included in the validation dataset are evaluated against the landslide
record. Consequently, all landslide events and their corresponding water volume conditions are
compared are compared to the predicted SLI for such event as seen in Figure 27 and figure 28.
The RMSE is used to understand the difference between the events and the predicted SLI value,
as the RMSE is scale dependent, 0.83 is considered low error in the SLI scale of 1-13.
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RMSE = 0.83

event
Figure 27. The landslide record VS. the predicted SLI
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Figure 28. Landslide Events Vol. Accumulation
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5.2.2 Shallow Landslide Index – SMAP/GPM
Given the short period of time the satellites have been in operation, seasonal trends are not
identified as of the time of this work. Nonetheless, SMAP and GPM information is expected to
be functional in almost “real-time” seasonal averaging becomes unnecessary as antecedent root
soil moisture and rainfall can be can be obtained for analysis as soon as 7-days prior to date. It is
important to have in mind that this work uses not just soil moisture, but root soil moisture
because it encompasses the volumetric soil moisture for a 1m-soil column. As of the writing of
this work, this SMAP product has a mean latency of 7-days (Entekhabi et al. 2014).
Three time intervals are tested: 10-day, 7-day and 3-day in logistic regression. The significance
relationship between the dependent variable and combination of independent variables is
expressed on the statistical significance of the model chi-squared as seen in Table 16.
Table 16. Chi-squared
Model

Chi-square

Df

Sig.

10-days

155.484

4

.000

7-days

156.208

4

.000

3-days

156.552

4

.000

As the significance for all models is <0.001, less than or equal to the level of significance of
0.05, all variables are deemed significant in all models. The null hypothesis that there is no
difference between the model with only a constant and the model with independent variables is
rejected. Therefore the existence of a relationship between the independent variables and the
dependent variable is supported. Nevertheless, the predictor ranking or variable importance is
also significant for understanding the influence of the each variable on the model.
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Table 17. Variable Predictor Ranking
Variable

SLI-10

SLI-7

SLI-3

Slope

.536

.587

.380

Soil Type

.164

.128

.198

Land Cover

.115

.243

.137

SLI

.185

.142

.285

The relevance of the variables reassures the conceptual basis for the occurrence of landslides
induced by rainfall. Mechanisms that include soil profiles, pore pressures, seepage forces, and
soil topography are involved in these results. As anticipated, Slope is the variable with most
influence over the model and soil moisture content and rainfall in the form of SLI follow. This
can support the theoretical basis that soil failures resulting to landslides occur as a result of
rainfall events combined with topographic features like potentially unstable or unconsolidated
soil slopes that are subject to surface infiltration. Soil type and its properties are also involved in
the development of landslides and come third in importance in the model. It is the soil’s
properties such as composition that relate to the amount of soil moisture and cohesion among
particles that influence landsliding. Specifically, the pore water pressures have tremendous
effects on slope stability that triggers landslides or slope failures particularly in unstable soils
subject to heavy rainfall. Land cover characteristics such as tree roots for stabilization and other
hydrological and mechanical influences are also related landsliding, the model uses this variable
in almost equal importance to soil type.
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Figure 29. Predictor variables ranking
Although there is no close analogous statistic in logistic regression to the coefficient of
determination R2, the Pseudo R2 or Nagelkerke R2 (that ranges form 0 to 1) for each model
describes the goodness of fit for each logistic model, in this case, all models are close to 1,
therefore indicating a strong relationship (93.2%, 93.5% and 93.7% respectively) between the
predictors and the prediction.
Table 18. Nagelkerke R2
Model

Nagelkerke R2

10-days

.932

7-days

.935

3-days

.937

For both predicted and actual classification, the confusion matrix in Table 19 shows POD and
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FAR results for all models.
Table 19. SMAP/GPM Confusion Matrix POD and FAR
SLI-10
10-day model
Landslide
Not landslide
Total

Landslide Event
Predicted
Not Predicted
4 false
26 true positive
positive
1 false
221 true
negative
negative
27
225

Probability of Detection =

!"

30
222
252

!"

=
= 0.962
!"!!" !!!"
!"

False Alarm Rate =

Total

!"!!"

!

= !!!" = 0.148

!"!!"

Accuracy =

!!"!!"

= !!"!!!!!!" = 0.98
!"!!"!!"!!"

SLI-7

7-day model
Landslide
Not landslide
Total

Landslide Event
Predicted
Not Predicted
3 false
26 true positive
positive
1 false
222 true
negative
negative
27
225

Probability of Detection =

False Alarm Rate =

Accuracy =

!"
!"!!"

!"
!"!!"

Total
29
223
252

!"

= !!!" = 0.962
!

= !!!" = 0.11

!"!!"
!"!!"!!"!!"

!!!!!"

= !!!!!!!!!" = 0.98
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SLI-3

Landslide Event
Predicted
Not Predicted
Total
26 true
1 false
Landslide
positive
positive
27
3 false
222 true
Not landslide
negative
negative
225
Total
29
223
252
!"
!"
Probability of Detection =
=
= 0.962
!"!!" !!!"

3-day model

False Alarm Rate =

Accuracy =

!"
!"!!"

!

= !!!" = 0.034

!"!!"
!"!!"!!"!!"

!!!!!"

= !!!!!!!!!" = 0.98

The area under the curve (AUC) as a measure of model performance represents accuracy without
sensitivity to changes in class distribution. The resulting AUC for the 0.2 cut-off value is the
selected threshold for the event and non-event decision.
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Training

Validation
SLI 10 = 0.957
SLI 7 = 0.952
SLI 3 = 0.951

SLI 10 = 0.787
SLI 7 = 0.776
SLI 3 = 0.768

Figure 30. ROC – AUC 10,7,3 days
The resulting equations for the models are:
Z10-day = ((2.4*Slope)-(1.425*Soil Type)+(5.136 *Land Cover)+(4.414*SLI) -46.6)

Eq. 8

Z7-day = ((2.6*Slope)-(1.657*Soil Type)+(5.609*Land Cover)+(5.051*SLI) -50.2)

Eq. 9

Z3-day = ((3.1*Slope)-(2.452*Soil Type)+(6.793*Land Cover)+(6.793*SLI) -56.4

Eq. 10

Each equation is then incorporated in a python subroutine that calculates the SLI for each one of
the 900,000 pixels. For each pixel, the algorithm incrementally tries values from 0 to the value
that turns Equation 1 = 1, or better said, makes the “probability” of the event become equal to 1.
Then, this value is the representative of the total amount of water by means of antecedent soil
moisture and rainfall value for that pixel.
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Figure 31. 10-day SLI
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Figure 32. 7-day SLI
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Figure 33. 3-day SLI
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5.2.2.1 SMAP - TRMM SLI and the Landslide Record
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Event 10 Vol.
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SLI 7

Event 7 Vol.
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RMSE = 0.84

6
4
2
0
1

2

3

4

5

6

7

8

Event

Event 3
SLI 3
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10
8

RMSE = 0.97
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4

5

6

7

8

Event

Figure 34. SMAP vs. Landslide record
Initially random cases not included in the validation dataset are evaluated against the landslide
record. Consequently, all 2015 landslide events and their corresponding water volume conditions
are compared are compared to the predicted SLI for such locations as seen in Figure 34. The
RMSE is used to understand the difference between the events and the predicted SLI value, as
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the RMSE is scale dependent, RMSE = 1.08, 0.84, 0.97 are considered low error in the SLI scale
of 1-12.
5.2.2.2 Comparing AMSR-E/TRMM and SMAP/GPM
Both models, AMSR-E and SMAP, are built with the same static variables predefined and
prepared as described in section 4.1. Soil moisture and rainfall estimates differ on both models as
they are retrieved from different satellites. Regretfully, there is no overlap between AMRS-E and
SMAP, AMSR-E was discontinued in October 2011 and SMAP was launched in January 2015.
Similarly, TRMM stopped functioning on April 2015 and GPM took over on 2015. Furthermore,
non-bias comparison is truncated, as sample sizes of each instrument are very different. In this
study for example, 7 years of AMSR-E and TRMM data are used where as only 9 months of
SMAP and GPM information are utilized.
Nevertheless, it is important to highlight the instrument’s characteristics to form an
understanding of relative performance to each other. In the case of soil moisture, on the one
hand, AMSR-E’s daily root-zone soil moisture product is derived from the C-band retrievals into
the 2-Layer Palmer Water Balance Model from the LPRM/(AMSR-E)/AQUA surface soil
moisture retrievals using a 1-dimensional, 30 member Ensemble Kalman filter (EnKF). This
model optimally combines soil moisture information derived from the model forecast and
satellite retrieval, it then extrapolates surface soil moisture retrievals into deeper root zone soil
moisture predictions. AMSR-E did this at a 0.25-degree spatial resolution.
SMAP on the other hand, provides estimates of root zone soil moisture for the first 1 m of the
soil column using the ensemble Kalman filter (EnKF) that merges SMAP observations with
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NASA’s catchment land surface model. This land surface model is based on surface
meteorological forcing data which includes precipitation and surface processes such as the
vertical transfer between the surface and root zone reservoirs, then the model interpolates and
extrapolates the satellite observations in time and space. The model and the products are
compared to various in-situ observations where the model proves of superior quality. Also,
SMAP’s root soil moisture information is provided at a 9 km spatial resolution and at 3-hour
temporal resolutions.
In the case of rainfall, GPM builds, on TRMM, expanding on spatial footprint and improving on
spatial resolution going from 0.25-degrees to 0.1-degrees resolution. In addition, GPM improves
on TRMM with the Dual-frequency Precipitation radar and the multi-channel microwave imager
that provided higher sensitivity than TRMM.
Here we present the statistical analysis of the both model performances AMSR-E 10-day and
SMAP 10-day. Table 20 shows the Descriptive statistics for 3837 random pixels that were
selected for evaluation.
Table 20. SLI-10 & AMSR-E Descriptive Statistics
Descriptive Statistics
N
Min. Max.
Mean
Std.
Std.
ST
ST
ST
ST
ST
Error
SLI_10_Day 3837
6
13 9.48 0.025 1.54
AMSR-E
3837
1
13 9.08 0.026 1.63

Var.
ST
2.373
2.656

Skewness
Std.
ST
Error
0.222
0.04
-0.803
0.04

ST – statistic
A T-test that measures the significant difference between the two models is performed as shown
in Table 21 with a significance of 0 demonstrating a significant difference in means
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corresponding to the two models.
Table 21. SLI-10 & AMSR-E t-test

Models

Mean

Std. Dev.

Std. error mean

t.

Df.

Sig.(2-tailed)

.39927

1.356

.0218

18.238

3836

.000

Significant variances between the two models are calculated with the F-test, which simply
divides the two variances as shown in equation 10. F-critical at a 95% significance confidence
level is equal to 1.054, as F calculated is greater than F-critical, it is concluded that there is
significant variance, making both models significantly different.
!.!"!

𝐹 = !.!"! = 1.12

Eq. 11

These findings show that both SLI maps, AMSR-E 10-day and SLI 10-day are significantly
different and should not be used interchangeably.
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5.2.2.3 SLI Application
Numerous studies have confirmed that the landslide event that is triggered by rainfall is affected
by two sets of parameters. Static parameters such as slope, soil type and land cover, which are
the measure of the susceptibility of the area to a possible landslide, and dynamic parameters such
as soil moisture and rainfall, which effect will trigger the landslide.
The work presented here, models the effect of these two parameters on what is called the
Shallow Landslide Index (SLI). The SLI is built to include the effect of the initial moisture
content of the soil and the rainfall depth that is accumulated in a certain periods (days). This
period is assumed as the number of days after which the effect of accumulated rainfall will
trigger the land slide taking into consideration the initial moisture.
Time spans of 10, 7 and 3 days are used to build SLIs relevant to each time. For the 10-day time
lapse for example, in a given day in which the landslide may occur, the initial moisture content
was selected as the one exists in the soil 10-days before the event, where the sliding factor for
this day will include this moisture content plus the accumulated rainfall depth during the 10-days
period from the initial day to that of the event day.
Each SLI map serves the user as a guide of the minimum water volume necessary to trigger a
landslide in a susceptible area. As a dynamic system, the SLI ideally will retrieve direct
information from SMAP to account for current soil moisture conditions and rainfall forecasts for
up to 10-days can be included to calculate the current SLI.
At this point, it is important to stress the limitations of this work. The landslide record in which
this system was built does not provide time of event information. Therefore daily averages of
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antecedent root soil moisture and rainfall are used. Furthermore, antecedent root soil moisture
itself is a model approximation that was not tested in this study. Reliance on the information was
assumed based on the success of the model described in the literature review.
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Chapter 6
Conclusions
Rainfall-induced landslides are one of the most frequent natural hazards on slanted terrains
resulting in significant human and economical damages. Many studies of landslides are carried
on a local extent as geomorphological and hydrological characteristics greatly vary from
location to location. Nevertheless, the advancement of remote sensing techniques offers a better
opportunity to analyze landslide hazard at large extents.
This work proposes a system that interrelates static and dynamic factors for the analysis of
rainfall-triggered landslides at large extents. However, considerable discrepancies arise when
monitoring landslides at large spatial resolutions over a vast domain. Therefore, the first step is
to overcome this challenge by reducing uncertainties. This is achieved by utilizing buffer and
threshold techniques to minimize uncertainty at the local scale so further analysis can be done
on a larger scale. Various threshold percentages corresponding to 230 shallow landslides in the
continental United States are tested in a logistic regression analysis. Findings are as follows:
a. Buffer analysis is efficient at narrowing vast areas to more manageable scales. This, of
course, depends on the original availability of a well-constructed landslide inventory that
provides information on the event’s locality.
b. Slope threshold percentage techniques confirm that slope susceptibility is misrepresented
when performing analysis at large scales. Most slope values for thresholds lower than
T75 do not include slopes higher than 35o, this results in the overestimation of susceptible
areas and a misrepresentation of reality as landslide-prone slopes have a greater range.
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c. It is determined that the threshold percentage T99 is a conservative assessment that
includes a wider range of slope angles and successfully excludes outliers.
d. A regional logistic regression model demonstrates that utilizing the threshold percentage
T99 to model slope instability at large scales results in an accuracy rate of 97.2%.
e. Likelihood-ratio for all variables is evaluated in the logistic model, elevation’s
contribution was deemed insignificant therefore excluded from the model.
f. Using the buffer and threshold techniques in more data points can help minimize
overestimation of susceptible areas at the large scale.
g. Eliminating uncertainties at the local level improves the large scale modeling accuracy.
The second step builds on the resulting susceptibility assessment and incorporates dynamic
variables into the analysis. Intense storms with high-intensity and long-duration rainfall have
high potential to trigger rapidly moving soil masses due to changes in pore water pressure and
seepage forces. Nevertheless, regardless of the intensity-duration of the rainfall, shallow
landslides are influenced by antecedent soil moisture conditions. As landslide hazards related to
the frequency of landslides and the temporal distribution of triggering factors, defining a
methodology that relates antecedent soil moisture characteristics to rainfall can significantly
improve rainfall-triggered shallow landslide hazard analysis.
Such methodology is introduced here as the Shallow Landslide Index (SLI). The index is
intended to be an indicator of antecedent root soil moisture and rainfall accumulation as a
representation of total water volume over a 1km2 pixel area. Machine-learning methods are used
to develop a mathematical algorithm that relates these two remotely sensed factors. AMSR-E and
TRMM information are used at first as proxies for model development from where findings are
131

as follows:
a. The AMSR-E model predicts the highest number of cases correctly at 92.7% accuracy.
b. The RMSE between the resulting SLI and the actual events is 0.83 in a scale from 1-13.
c. The resulting index map is useful to have an understanding of hazardous areas as
precedent soil moisture conditions and rainfall are taken into consideration. Nevertheless,
as AMSR-E is not longer functional, current and future guidance is not possible.
AMSR-E and TRMM are used in this work to learn and explore the feasibility of a system that
can serve as a guide for antecedent moisture and rainfall triggers of shallow landslides.
Nevertheless, as AMSR-E and TRMM stopped working on October 2011 and April 2015
respectively, a solution that works for the future is presented. New functional satellites SMAP
and GPM are used to retrieve daily-modeled root soil moisture and rainfall respectively. The SLI
is modeled for three time intervals 10-day, 7-day and 3-day and results are as follows:
a. Variable relevance in the 3 models is the same. Slope is the variable with most influence
followed by soil moisture content and rainfall in the form of SLI, soil type and land cover
are subsequently in importance.
b. The pseudo R2, the Nagelkerke R2 fit for a logistic regression model for each model, 10day, 7-day, 3-day, indicate a strong relationship (93.2%, 93.5% and 93.7% respectively)
between the predictors and the prediction.
c. The optimal cut-off value for these logistic regression models as indicated by the AUC is
0.2.
d. The RMSE is used to understand the difference between the events and the predicted SLI
value for the 3 models, as the RMSE is scale dependent, RMSE = 1.08, 0.84, 0.97 are
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considered low error in the SLI scale of 1-13.
e. Comparing AMSR-E’s performance to SMAP’s is not possible even though both models
are built with the same predefined static variables predefined. There is no overlap
between AMRS-E and SMAP, and the sample sizes of each instrument are very different.
7 years of AMSR-E and TRMM versus 9 months of SMAP and GPM. Nevertheless, the
t-test of significant difference means and the f-test for significant variance result in
significant differences.
A Shallow Landslide Index (SLI) is developed as an indicator of antecedent root soil moisture
and rainfall accumulation as representation of total water volume over a 1km2 pixel area for a
given time. This index can serve as guidance for the assessment of shallow landslide hazards
within susceptible areas in the Continental United States. The system presents stakeholders with
the capability to foresee volumetric water conditions for susceptible locations 10 and 7 days in
advanced, facilitating then, the decision making progress to determine landslide hazard,
vulnerability, and risk.
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6.1 Recommendations for Future Work
Future work is related to overcoming the limitations encountered during this research. First and
foremost, accuracy of the landslide inventory for the time of event could have a significant
impact on the whole model. GPM does provide rainfall information every 3-hours, if an
inventory that provides a time of the event is incorporated into the model, the temporal resolution
could also be brought to 3-hours, probably improving accuracy.
Second, given SMAP’s biases and ongoing recalibration with the newly available Modern-Era
Retrospective analysis for Research and Applications (MERRA-2) reanalysis, a comparison
between the information used to build this system and the recalibrated data could be useful to
determine accuracy. In addition, it is expected that the assimilation of SMAP’s temperature
brightness into the L4_SM model for mountainous areas will become available at some point. At
the moment, these information are modeled, caution should be practiced. Nevertheless, as the
new information is available it is expected that the SLI index model will also improve in
accuracy.
Third, all the information about the variables used in this work is available globally. Rainfalltriggered landslides are one of the most dangerous natural hazards around the world, gloomily, it
is expected that as precipitation increases in the future, landslide events will increase too (Oku &
Nakakita, 2013). As previously stated, there is no system that interrelates static and dynamic
variables at large scales for the study of rainfall-triggered landslides. It is suggested that the SLI
index be expanded to a global level to support and guide stakeholders in their risk analysis and
risk prevention endeavors.
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It is suggested that the SLI be extended to other areas on a regional level. Threshold and buffer
techniques should be applied first as uncertainty at large-scales is inevitable. This process has
been proven to reduce uncertainties and maximize the use of static variables at large extents.
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