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CHAPTER ONE
INTRODUCTION
1.1.

Research roadmap
The present research seeks to provide a better understanding of ground surface deformation

processes associated with slow-moving landslides and the triggering factors in Austin City and its
environs. Austin and its suburbs have witnessed a high rate of population growth and spatial
expansion of the city in the last two decades increasing the residents’ vulnerability to the impacts
of a landslide hazard. This vulnerability was observed in the Shoal Creek area of Austin, where
two consecutive landslides occurred around Pease Park, one in May 2018 and the second in May
2019. These two landslide events indicated the possible susceptibility of parts of the Austin and
outlying areas to a landslide hazard. Hence, the city was selected in this study to demonstrate the
vulnerability of communities living in landslide-susceptible settings. Several analytic techniques
were implemented in this study to detect areas that are susceptible to future landslides events, with
emphasis on slow-moving types whose progressive movement can be detected, so that appropriate
mitigation efforts can be implemented to reduce their impacts on communities and resources.
This work is organized into six major chapters. Chapter 1 provides a background of
landslide processes, types of landslides, and various datasets and approaches used in previous
studies to map landslide susceptibility with a primary focus on GIS and remote sensing techniques.
Chapter 2 provides an overview of the study area, the objectives of the research; chapter 3
describes the climate and hydrology of the study area. In addition, detailed description of regional
and local geological units is provided.
Chapter 4 describes comprehensive information on the datasets and methodologies applied
for the landslide susceptibility and ground displacement assessment in the city of Austin and its
1

surroundings with data between 2015 and 2021. This chapter also discusses software and
techniques used along with data collection campaigns for validation and calibration purposes.
Chapter 5 is dedicated to discussing the results for the landslide susceptibility and ground
displacement assessment in the city of Austin and its surroundings. The findings and
interpretations derived using the individual methods/techniques are described separately. In
addition, the collective effects and relevance of each of the derived interpretations which
contribute to the hazard, and to the various objectives of the study are discussed as well.
Finally, Chapter 6 summarizes the findings and interpretations of the present study. The
chapter also includes recommendations regarding mitigating landslide hazard's potential effects
and ways to assess further its impact in and around the city of Austin. It also has addition/inclusion
of new datasets and observations in future studies.

1.2.

Background
A landslide is one type of mass-wasting in which a mass of rock, debris, or earth moves

down a slope driven by the force of gravity. Slope gradient is one of the crucial factors that control
the occurrence of a landslide phenomenon and additionally, it is a key component of slope stability
analysis (Dai et al., 2001; Firomsa and Abay, 2019). The slope gradient factor impacts a landslide
event whenever the downward pull of gravity (fg) exceeds the resisting forces (Wachal and Hudak,
2000). That is, a landslide could occur when the shear/driving force (fs) exceeds normal force (fn)
owing to a steeper slope or if the earth material erodes and lowers the shear strength (Figure 1)
(Johnson et al., 2017)
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Figure 1: Representation of forces acting on a block on an inclined plane. The parameter fg refers to the
force of gravity while fs and fn represent the shear/driving force and normal force, respectively (Johnson
et al., 2017)

Landslide phenomena are one of the major natural hazards that result in severe economic,
human, and environmental losses (Chalkias et al., 2014). Various types of landslides exist with the
classification being primarily dependent on the composition of the materials and the type of
movement of the materials down a slope. These include slides (debris slide, rock compound slide),
falls, slip, slump, topple, flows (Earth Flow, Debris Flow), creep, and avalanche (Varnes, 1958;
Glade et al., 2006; Yilmaz et al., 2012; Hungr et al., 2014). Though most landslides fall in one of
the above-stated landslide type categories, some landslides are expressed as combinations of
several types of slides (Figure 2a). Rock falls, topples, and debris avalanches are commonly
associated with failures in mountainous areas with harder rock compositions, whereas earth flows
and creep landslides are commonly associated with steep topographical zones composed of soft
sedimentary rock material ( Varnes, 1978; Glade et al., 2006)

3

(a)

(b)

Figure 2: (a) Types of landslides based on behavior and speed in which material moves; (b) The geometry
of a rotational landslide (Highland and Bobrowsky, 2008).

The types of landslides taken into consideration in the present study are slow-moving
landslides with emphasis on slow rotational slides. Slow-moving landslides are common in areas
underlain by or containing layers of weak, clay-rich soil and rock, and which receive high seasonal
4

precipitation (Lacroix et al., 2020). The acting forces generate a gradual movement where internal
shear stress is sufficient to cause pre-failure progressive deformation. However, shear stress is not
enough to cause an abrupt failure. Rotational slides have curved and concave rupture surfaces,
called scarps (Figure 2b), in which (rotational) failures occur along axes parallel to the slope
(Figure 2b). The optimum slope for the incidence of such types of landslides ranges from 20 to 40
degrees. The velocities of slow-moving landslides are usually extremely low but can range from
less than 10 millimeters per year up to 100 meters per year (Highland and Bobrowsky, 2008;
Lacroix et al., 2020). Rotational slides may initially exhibit a slow rate of movement, but can
become rapid movement if the slides are exposed to events that can trigger a rapid displacement
such as earthquakes or intense rainfall. In most cases, the interaction between the soft sedimentary
layers along the slip surface lying underneath a strong cap rock and the triggering factors will
aggravate the existing progressive slow deformation by accelerating failure rates (Highland and
Bobrowsky, 2008; Hungr et al., 2014; Castro et al., 2020).
Several factors and events influence/trigger the occurrence of landslide phenomena though
the nature and significance of the factors differ depending on the type of landslide. These include
slope gradient, soil/geology, earthquake events, intense precipitation, and land use and land cover
( Sarkar et al., 1995; Gökceoglu and Aksoy, 1996; Hylland et al., 1997; Wachal and Hudak, 2000).
For instance, land cover changes play a significant role in the stability of a slope because of the
fact that vegetated areas tend to increase slope stability by reducing the erosion impact and
absorbing soil moisture through roots. Areas with sparse vegetation are more prone to landslides
than areas with dense vegetation (Gökceoglu and Aksoy, 1996). The variation of seasonal events,
particularly rainfall intensity, can also trigger landslides. Infiltration and direct interaction of
rainwater, as well as the rising groundwater level with clay layers, especially high-plasticity and
expansive (swelling) members, induce pore pressure changes that may reduce the normal force
5

(and hence the shear strength) and initiate slope failure (Wachal and Hudak, 2000; Hilley et al.,
2004; Castro et al., 2020; Lacroix et al., 2020). In addition, other processes such as chemical or
physical weathering, anthropogenic-led activities such as construction, leaking pipes, and poor
drainage conditions can also contribute to slope failures. But it is worth mentioning here that most
slope failures are triggered not by a single controlling factor or event but by combinations of many
(Corominas et al., 2014; Lacroix et al., 2020; Shano et al., 2020). Assessing these factors can lead
to a more comprehensive understanding of the nature of the processes and the complex interactions
of the different factors that give rise to the formation of these hazards in any given area.

1.3.

Geospatial Datasets and Techniques for Investigating Landslide Hazards
Most landslide occurrences and their rates of displacement are characteristically difficult

to forecast and assess owing to their varying spatial scales, temporal pattern, distribution, mode of
displacement, and the complex interactions between the material and controlling factors. This
assertion particularly applies to certain types of landslides (e.g., rockfall, topples, debris flow) in
which it is not practically feasible to forecast the possibility of occurrence of the landslides
beforehand. This difficulty is mainly because the nonlinear time dependency nature of the
landslides coupled with seasonal processes/events affects the displacement, resulting in an abrupt
fast-velocity movement of the landslide material down a slope, which makes it difficult to detect
and quantify the pre-failure displacements (Crosta et al., 2003; Lacroix et al., 2020). On the other
hand, slow-moving landslide processes and interactions that can give rise to their occurrences can
be modeled, and their potential incidence can be better forecasted with some degree of certainty
because of their slow displacement rates. In such cases, the pre-failure displacement rates are
considered main precursors that indicate the potential occurrence of landslides (Lacroix et al.,
2018; Intrieri et al., 2019).
6

Several approaches and techniques have been proposed to help us understand the
mechanisms of landslide processes, as well as methods to determine areas that are susceptible to
landslide hazards (Shano et al., 2020). These techniques can broadly be grouped as landslide
distribution (inventory) data analysis, heuristic (knowledge-based) terrain and susceptibility
zoning, statistical methods, deterministic methods, and probabilistic methods (Aleotti and
Chowdhury, 1999; Guzzetti et al., 1999; Kanungo et al., 2006; Corominas et al., 2014;
Raghuvanshi et al., 2014, 2015; Ahmed, 2015; Reichenbach et al., 2018)
The growing capability of remote sensors on board satellite and aerial platforms and the
free dispensation of publicly available data with varying spatial and temporal resolution acquired
by the sensors are facilitating the use of the datasets and developed tools to investigate landslide
susceptibility as well as hazard and risk zoning on different spatial and temporal scales (Guzzetti
et al., 2012; Kirschbaum and Fukuoka, 2012). In addition, capabilities offered by Geographic
Information Systems (GIS) techniques, which analyze and integrate various datasets representing
the critical factors that directly or indirectly contribute to the formation of the landslide, are being
used to identify areas that are susceptible to the incidence of the hazards (Chalkias et al., 2014).

1.3.1. GIS for Landslide Studies
One approach widely used to assess the potential vulnerability of local- to regional-scalesize areas to the threat of a landslide phenomenon is a landslide susceptibility map (LSM)
generated using the heuristic approach. The map produced does not indicate the susceptibility of
an area for a certain type of landslide but represents general susceptibility with respect to the
different types of landslides. The heuristic method is the ideal choice for mapping landslide
susceptibility for large areas where the landslide inventory data is limited and the analyst has a
better knowledge of the landslide mechanisms of the area (Abella and Van Westen, 2008). LSM
7

products generated using the heuristic approach are nominally produced by integrating several
parameters including the classification and compositions of geologic materials/soils, soil
properties, steepness of the slope, and the occurrence of landslides in the past over the investigated
area (Manzo et al., 2013; Ahmed, 2015; Arabameri et al., 2019; He et al., 2019). The generation
of the LSM products using this approach can be facilitated through a GIS-based spatial Multicriteria Decision Evaluation (MCE) method that integrates different variables considered as factors
that control the likelihood of occurrence of landslide events over a given area (Feizizadeh and
Blaschke, 2011). A distinct aspect of the GIS-based MCE methods, which generate qualitative
results, in contrast with the other methods outlined above is that weights are assigned to the
different variables with respect to their contribution to the incidence of the hazard. In most cases,
weights are assigned arbitrarily based on the expert knowledge of the analyst of the project site.
Alternatively, weights are determined following a hierarchy of decision-making procedures, called
analytical hierarch process (AHP) method - a procedure in which sequences of pair-wise
comparisons of the controlling factors in a matrix with scores depicting the relative importance of
the factors against each other are assigned also based on the expert knowledge of the analyst
(Yalcin, 2008; Ahmed, 2015; Roodposhti et al., 2019). For instance, El Jazouli et al. (2019) used
a GIS-based spatial multicriteria approach to generate a LSM to identify landslide-prone areas in
northern Morocco. Weights were assigned to eight parameters including land cover, lithology,
distance to road, distance to fault, distance to drainage network, elevation, aspect, and slope
gradient, and were integrated to produce the LSM. Though susceptibility maps can indicate areas
where landslides could potentially occur, they cannot forecast when they will occur (Hylland et
al., 1997; Young and Norby, 2009). Similarly, Wachal and Hudak (2000) assessed the
susceptibility of Travis County, Texas, to landslide hazards. They assigned weights to several
parameters including slope, geology, vegetation, and proximity to faults based on their perceived
8

significance for triggering a landslide. Though the result indicated some of the areas that are prone
to the hazard, the quality of the generated product could be improved by incorporating datasets
with improved spatial resolution and other potential parameters that could contribute to the
triggering of a landslide phenomenon (e.g., rainfall intensity). Since LSM results indicate potential
susceptibility from different types of slides as outlined earlier, it is difficult to determine active
landslide processes that could lead to the occurrence of a landslide in the absence of ground
deformation estimates that show current active processes (Lanari et al., 2004).

1.3.2. Remote Sensing for Landslide Studies
Remote sensing is a valuable tool to assess surface displacements that occurred postlandslide event or determine pre-failure displacement patterns that may eventually result in a
complete slope failure. Various types of remote sensing datasets have been used to assess landslide
development including space-borne Synthetic Aperture Radar (SAR), optical remote sensing,
airborne, light detection and ranging (LiDAR), and ground-based SAR (Zhao and Lu, 2018; Wang
et al., 2022).
Several studies have applied various analyses techniques on remote sensing datasets for
mapping landslides or detecting pre-cursory landslide activities. In most cases, the remote sensing
datasets are used as one of the inputs in the GIS-based landslide susceptibility models (discussed
in section 1.3.1). For instance, most of the different kinds of MCE techniques incorporate remote
sensing datasets directly or use derived products such as the Normalized Difference Vegetation
Index (NDVI) calculated from optical remote sensing datasets (Pour and Hashim, 2017). Besides
being used as input in MCE techniques, multi-temporal observations of a given site using the
remote sensing datasets can be used to assess and monitor the susceptibility of a given site to
landslide hazards. Lacroix et al. (2019) applied algorithms based on Landsat-8 images acquired
9

over the desert of southern Peru to study the internal processes affecting landslide kinematics, by
quantifying the rates of slow-moving landslides over the area. On the other hand, SAR datasets
are commonly used for quantifying displacement following a landslide event, detecting slowmoving landslides, and quantifying their pre-failure rates. These results are accomplished using
different subclasses of a deformation analysis technique called Interferometric SAR (InSAR)
(Scaioni et al., 2014; Martins et al., 2020; Solari et al., 2020).
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CHAPTER TWO
STUDY AREA, OBJECTIVES, AND SIGNIFICANCE
2.1.

The study area
The area of investigation in this study is the City of Austin and its surrounding areas

(Figure 3). Austin is the state capital of the state of Texas, located in Travis County. In the past
decade, the county saw a 24.4% population growth, and the metropolitan area of Austin is the most
populated, with over 2 million inhabitants (United States Census Bureau, 2021). As noted in
similar circumstances across the world where massive population growth and urbanization are
driving communities to settle in natural hazard-prone areas (e.g., Klimeš and Rios Escobar, 2010),
the high population growth rate of the Austin metropolitan has led to population expansion into
areas that are susceptible to natural hazards (Bixler et al., 2021). Also, intense anthropogenic
activities and changes are further compounding the increasing risk of natural hazards, especially
those related to slope failures or land subsidence in some areas within the study area. For instance,
a landslide occurred repeatedly (two incidents between May 2018 and May 2019) at the Pease
Park (Austin) on a cliff that overlooks the Shoal Creek (identified by the green dot in Figure 3 and
red boundary in Figure 4) causing considerable damage to public and private property.

11

Figure 3: Location map of the study area. The green dot shows the location of the slope failure in the
Pease Park which is located along the trail of the Shoal Creek. The inset map (top right) shows in red
outline the location of Austin with respect to the state of Texas.

2.2.

Statement of the problem
Landslides have been studied extensively as one of the destructive geological hazards.

Though natural processes largely control their incidence, they can also be triggered by human
activities resulting in enormous societal and economic impacts. Due to the nature and the way
some landslide types occur, such as slow-moving slides, it is possible to detect and model the
dynamics of the pre-failure processes and their rates that eventually lead to slope failure with some
degree of certainty (Lacroix et al., 2020). As stated in section 2.1, some areas in Austin city, such
as the Pease Park along the Shoal Creek (Figures 3 and 4), have experienced slope failure events
(May 2018 and May 2019) that were preceded by slow pre-failure deformation processes and rates
(Hammons, 2018). Figure 4 shows images acquired over Pease Park preceding and following the
first landslide incident (2018) that occurred at Pease Park along Shoal Creek. Detecting and
12

mapping susceptible areas to this kind of slow-movement landslides, as well as understanding the
triggering factors that lead to those processes, is helpful in land use planning to reduce the risks
stemming from these kinds of natural hazards.

Figure 4: Google Earth images of the Pease Park located along the Shoal Creek before (a) and after (b)
the first slope failure event in 2018.

2.3.

Research Questions, Objectives, and Significance
The general scope of this study is to accomplish a functional integration of multiple

datasets coupled with field-based validation procedures for the following key objectives:
•

Identify areas that are susceptible to a landslide hazard in Austin City and its surroundings.

•

Describe the factors that control the occurrence of the hazard and assess the potential
relationship between the controlling factors. Deformation pattern and related information
observed on existing slides, such as size and geometry, will be used to model the mode of
formation of potential landslides over the study area.

•

Distinguish slow-moving landslides and quantify their rate of displacements that can be
used as input for forecasting their occurrences.

13

To attain the objectives of the research, the following research questions were addressed:
•

What is the spatial distribution of the landslide susceptibility categories in the study area?

•

What are the controlling factors that may influence the development of slope failures?

•

What is the drawback of traditional LSM models with respect to identifying slow-moving
slides?

•

How are slow-moving slides determined? What sets of criteria are used to discern slowmoving slides from fast-moving ones? What precursors can be used as indirect indicators
to discern slow-moving slides in the field?
Fulfilling the objectives and answering the research questions of the study will highlight

the importance of mapping landslides as geological hazards in the study area. It provides insights
into the processes that give rise to landslide incidences and the roles of the different triggering
factors in influencing their formation, and the evolution of slow-moving landslides from prefailure inception to sudden prompt failure. The findings of this study could be used to develop
landslide early warning system as well as provide valuable information to the community and
policymakers for land use planning and other development endeavors. In addition, the approaches
and dataset selection and integration demonstrated in this study can be used to investigate similar
problems in other areas with similar geological and environmental settings.
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CHAPTER THREE
GEOLOGIC, HYDROLOGIC, AND CLIMATIC SETTINGS
3.1.

Geography, Climate, and Hydrology
The study area is located in south-central Texas (Figure 3). The elevation ranges from 110

meters to more than 300 meters above sea level. The dominant geomorphology of the study area
includes the Balcones Escarpment - a Faultline scarp which is the surface expression of the
Balcones Fault Zone (BFZ). This zone separates two dominant landscapes belonging to different
topographic regions prevailing in the area. The eastern part is characterized by flatlands and
terraces of the Colorado River, with heavy clay and loam soils, which physiographically belongs
to the Gulf Coastal Plain. On the other hand, the western part of the study area is characterized by
its more rugged hills comprised of deeply dissected limestone with karst topography. These
western hills represent the easternmost expressions of the Edwards Plateau (Hill and Vaughan,
1902; Baker, 1975; Barker et al., 1994).
The climate of the study area is described as humid subtropical climate with long
moderately hot summers and mild winters. Records of the National Weather Service show that the
mean annual temperature is 20°C. The area receives a moderate amount of precipitation, with
average annual precipitation values ranging from 812 millimeters to 914 millimeters, during two
rainfall seasons: spring (April – June) and fall (September – October) (Brune et al., 1983; Patil et
al., 2021; Simmons et al., 2008; Prudent et al., 2016).
The study area falls within the Colorado River Basin, where the network of streams drains
from the northern hills, western, and eastern areas to the main hydrological feature of the study
area, the Colorado River (Figure 3). Three artificial lakes: Travis Lake, Austin Lake, and Ladybird
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Lake built along the Colorado River influence on the area of interest. The Mansfield Dam, Tom
Miller Dam, and Longhorn Dam help control the river waterflow to the lakes. (Mays, 1991).

3.2.

Geological Framework

3.2.1. Regional Geology
Travis County is divided into two geological provinces dissected by the BFZ. An
epeirogenic uplift as a result of extensional faulting and fracturing in the Trans-Pecos region
created the western province during the late Oligocene and early Miocene. This process is also
believed to have created the BFZ. The main geological formations of the Edwards Plateau include
Lower Cretaceous limestone and marl units deposited during a Cretaceous transgressive period.
The Edwards Plateau is considered the hilly portion of the county, representing hills with relatively
steep slopes and thin soils overlying limestone bedrock (Ferring, 2007; Housh, 2007; Clark et al.,
2020).
The BFZ marks the transition between the Edwards Plateau to the west and the Gulf Coastal
Plain to the east (Figure 5). The late Oligocene to early Miocene-aged BFZ consists of an echelon
network of normal faults dipping towards the southeast (Coastal Plain) and striking northeastsouthwest (Maclay and Small, 1983; Weeks, 1945). The Cenozoic Gulf Coastal Plain province
was developed during a prolonged period of marine regression. Organic-rich clay sediments
deposited on a continental shelf and now form the most fertile soils of this province (Ferring,
2007).
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Figure 5: Travis County (red box) reference location in physical regions of Texas (Butler, 2021).

3.2.2. Local Geology
Sedimentary rocks that range in age from Early to Late Cretaceous dominates the geology
of the study area (Figure 6). Other geological units prevailing in the area include igneous rocks,
and Quaternary unconsolidated sediments (terrace and alluvium deposits) derived from marine
sedimentary rocks, and igneous rocks transported to the study area by the Colorado River and its
tributaries (Figure 6). The Early Cretaceous sedimentary rocks, classified under the Comanche
Series, mainly consist of limestone formations comprising alternating beds of hard and soft
limestone layers interbedded with beds of marly/clayey layers. This series consists of the Trinity
Group, which includes the Travis Peak and Glen Rose formations, Washita Group represented by
the Georgetown Limestone, Del Rio Clay, and Buda Limestone formations, and the Fredericksburg
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Group consisting of the Edwards Limestone and Walnut Formation (Figure 6). The Late
Cretaceous units are part of the Gulf Series class, which includes the Eagle Ford Group consisting
of the Eagle Ford Formation, Austin Group; Taylor Group comprising the Ozan Formation, Pecan
Gap Chalk, and the Navarro Group. These formations are spatially distributed across the study
area though units of the Navarro Group are mainly observed in the northern part of the study area
(Figure 6). The main lithological units of the Gulf series include marl, marly (laminated) clays,
shales, chalk (Austin), and calcareous shale with thin interbeds of silty and sandy limestone. As
indicated earlier, the northeast-southwest trending BFZ is the primary structural zone in the study
area. This zone is spatially concentrated around the western boundary of the study area (Figure 6)
(Hill and Vaughan, 1902; Adkins and Lozo, 1951; Young, 1977; Barnes et al., 1981; Brune and
Duffin, 1983; Wachal and Hudak, 2000; Clark et al., 2016).

18

Figure 6: Spatial distribution of the geological units and faults in the study area retrieved from the
Geologic Atlas of Texas: Austin Sheet (Barnes, V.E. et al., 1981).

This study focuses on the Del Rio Clay Formation and Buda Formation. Both formations
are weak and the dominant formations in the Pease Park located along the Shoal Creek (Figure 7),
which has repeatedly experienced landslide events. The Del Rio is mainly a laminated, calcareous,
and gypsiferous clay and claystone with locally present pyrite (Hill, 1977). The clay exhibits a
shrink-swell behavior and dominantly contains montmorillonite and kaolinite, and minor amounts
of illite (Garner et al., 1976; Young, 1977). Plummer (1949) stated that up to 12 meters of Del Rio
clay crop out on the west bank of Shoal Creek. Hill and Vaughan (1902) also stated that the Del
Rio Clay is typically found along Shoal Creek, where the thickness ranges from 24 to 30 m. The
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Del Rio overlies the limestones of the Georgetown Formation (Early Cretaceous) and underlies
the Buda Limestone (Late Cretaceous) with unconformable contact (Bullard, 1953; Hill, 1977)
(Figure 8).

Figure 7: Massive Block of the Buda Formation on top of the Del Rio Formation (part of the material
from the slope failure incident on Pease Park).

Hill (1977) described the Buda Formation, termed the “Shoal Creek limestone in early
literature (Hill and Vaughan, 1902), as a fine-grained, bioclastic, commonly glauconitic,
pyritiferous, hard, massive limestone (Figure 7). The Buda limestone crops out intermittently in
areas throughout the BFZ (Figure 6). It overlies the Del Rio Formation (Figure 7) and a thin clay
layer of the Eagle Ford Formation overlays it. Overall, the Buda Formation is very thin having a
maximum thickness of 14 meters (Hill and Vaughan, 1902) (Figure 8).
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Figure 8: Diagram of Cretaceous lithologic units and zonal stages of formations in Texas. Note that the
Buda Formation overlies the Del Rio Formation (taken from R. A. Denne, 2022, unpublished data).
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CHAPTER FOUR
DATA AND METHODS
4.1.

Overview
An integrated study approach comprising several datasets and techniques was used to

investigate each of the study objectives. Initially, the incorporation of several
datasets/parameters that constrain the occurrence of the events identified landslide-prone areas.
A close investigation of the landslide events (May 2018 and May 2019) that occurred in the
Pease Park of the Shoal Creek area was undertaken to test the accuracy and reliability of
datasets obtained from different sources. The incidence of the event was also used to test the
validity of the hypothesized mechanism of formation of landslides in the study area that this
research presents. The result obtained using the susceptibility mapping procedure was not
restricted to mapping areas prone to slow-moving slides, but also includes the susceptibility to
fall and other types of fast-moving slides. Hence, a secondary approach that isolates and detects
slow-moving slides whose occurrences can be forecasted based on their trajectories and rates
of displacement is required.
An InSAR technique was applied on remote sensing datasets to supplement the result from
the susceptibility mapping. This technique becomes particularly useful in isolating areas
experiencing slow displacement. The presence of several limitations that could affect the
accuracy of the results obtained using the InSAR method dictates the need for the integration
of auxiliary datasets to calibrate and validate the analysis result. In addition, other ancillary
datasets, such as soil textural analysis results, as well as the 3D model of the landslide at the
Pease Park generated by using the Structure from Motion (SfM) algorithm applied on aerial
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photographs acquired by Unmanned Aerial Systems (UAS), provided for further validation
and interpretation of the results.
A detailed description of the datasets and approaches employed in each of the above-stated
procedures are outlined below.

4.2.

Landslide Susceptibility Mapping (LSM)
In this study, the (heuristic) MCE method was employed to qualitatively assess the

landslide susceptibility of the study site. Each of the controlling factors presumed to influence
the incidence of the landslide over the study area categorized into different classes of
susceptibility (Ayalew et al., 2004), followed by the assignation of weights to each variable
based on their perceived level of relative importance (Kritikos and Davies, 2011). The
Weighted Linear Combination (WLC) model (Malczewski, 2000) was used to combine all
weights and variables and generate a landslide susceptibility index (LSI) indicating the level
of susceptibility in different parts of the study area for the landslide hazard.

4.2.1. Controlling Factors
Six potential landslide causative factors were identified in this study, and conventional
thematic data representing these factors were used for data analysis: slope gradient, land cover,
geology and structures, drainage network, and precipitation. These controlling factors were
considered based on the local conditions and the potential factors that led to slope failure at the
(Pease Park) Shoal Creek site. The datasets representing the controlling factors were acquired in
varying spatial resolutions and extents. The initial step (pre-processing) of assessing the individual
controlling factors was resampling the spatial resolution of all the individual datasets to the
resolution of the fine-scale thematic dataset and clipping them to the extent of the study site. This
step is followed by the classification of the thematic layers into different categories. Analysis tools
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in Environmental Systems Research Institute (ESRI)’s ArcGIS software were used for the preprocessing of the datasets, analyses of the individual controlling factors, and the final susceptibility
product generation.

i. Slope Gradient
The change in the slope gradient across the study area, given in degrees, is considered in
this study as one of the controlling factors for the incidence of a landslide event over the study site.
The slope map for the study site was created by using Digital Elevation Model (DEM) data, a
digital representation of the elevation representing the topography in an area and stored in a raster
format. The DEM data for the slope analysis was acquired by the Light Detection and Ranging
(LIDAR) sensors with a pixel size resolution of 1 meter. The dataset was obtained from the Texas
Natural

Resources

Information

System

(TNRIS)

online

data

distribution

platform

(https://data.tnris.org). The slope tool in the ArcGIS software was used to calculate the slope as
the maximum rate of change in vertical value between each pixel and its immediate neighbors.
The ranges of values obtained were then classified into four categories based on the steepness or
flatness of the slope angles.

ii. Land Cover
The land cover information was included in this study as an important causative factor that
controls the incidence of landslide events. Several landslide susceptibility analyses have indicated
that barren lands or areas with low vegetation density are prone to erosion and slope failure.
Mechanical reinforcement of soils through plant roots helps stabilize slopes, though the effect of
the strength on the slope stability varies depending on the vegetation type. Man-made activities,
such as road and other construction work, or natural processes that change the land cover
conditions from dense vegetation to light vegetation, also have a direct effect on slope stability
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(Stokes et al., 2008; Mao et al., 2014; Reichenbach et al., 2014; Firomsa and Abay, 2019; Liu et
al., 2021). The land cover data used for this study, the 2019 National Land Cover Database
(NLCD), was developed by the United States Geological Survey (USGS). The NLCD was
developed based on Landsat 8 imagery and has a spatial resolution of 30 m (Pourpeikari et al.,
2022). The land cover data was resampled to obtain a 1-meter spatial resolution for compatibility
with the slope gradient and other datasets.

iii. Local Geology and Geological Structures
The geology/soil composition strongly affects slope stability (Çellek, 2020). Hence,
specific attention was given to the geology and soil composition of the area, as the strength,
cohesion, and permeability of rocks and soils may vary depending on the variability of the
lithological composition of the materials in the area. Generally, areas with a higher percentage of
unconsolidated material have less cohesion developing less shear strength than consolidated rocks.
In addition, the presence of weak materials with clay-rich zones/layers in the lithological units also
creates favorable settings for initiating landslides, particularly slow-moving slides. The clay-rich
layers in these instances act as sliding surfaces or failure zones (Lacroix et al., 2020).
The distance to faults and other geological structures (of an area) plays a key role in the
stability of a slope. Psomiadis et al. (2020) stated that with increasing distance from faults and
other geological structures, there is a reduction in the probability of landslide events happening.
The effect of faults and other geological structures on landslide events is two-fold: (1) stress
buildup in active geological structures induces slope instability by disturbing and weakening the
cohesion of the geologic material leading to reduced shear strength (Wachal and Hudak, 2000;
Abedini and Tulabi, 2018; Lacroix et al., 2020), and (2) the geological structures may act as
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conduits to transfer water from the surface to layers at depth, whose interaction with water may
initiate processes that ultimately result in slope failure (Psomiadis et al., 2020).
The lithological and geologic structure data of the study area were obtained from a
1:250,000 map downloaded from the TNRIS data distribution platform (https://data.tnris.org).
Complementary mapping of geological structures over the study area was undertaken by using
SAR datasets. The purpose of the delineation exercise was to extend the susceptibility mapping to
areas where geological structures were not defined/identified using conventional methods in earlier
mapping exercises/studies. The methodology outlined by Tagnon et al. (2020) for evaluating linear
structures associated with faults and fractures was adopted for delineating the features. In this
method (Tagnon et al., 2020), the geological features are delineated manually by observing the
change in the backscatter intensity of SAR images acquired over the area after applying adaptative
filters. The use of the filters allows to remove speckle and other noises and increase the sharpness
and details of the SAR images to highlight lineaments that could be interpreted as fractures or
faults. Sentinel-1 (level-1) datasets were processed using the open-source software Sentinel
Application Platform (SNAP) to delineate the tectonic features in the study area by using the
approach outlined earlier. The high-spatial resolution DEM data (1-m resolution) of the study area
was integrated in this procedure to further supplement and refine the SAR-based structural
mapping technique.
Once the lineaments were identified, the existing structural map became a tool to visually
compare if there is a spatial correspondence with the patterns identified as fractures using the SARbased technique. The premise here is that, if there is a spatial correspondence between the existing
faults in both maps (structures from the geological map and the SAR-derived structural map), it
corroborates the reliability of the method, validating the accuracy of the mapped structures in other
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parts of the study area. Finally, buffer zones generated using incremental distances away from the
geological features were used to assess the impact of the features with respect to contributing to
triggering landslide events. Generally, areas proximal to geological faults constitute more fractured
and unconsolidated materials and are thought to be more susceptible to slope failure.

iv. Drainage Network and Precipitation Data
In this study, the distance to the drainage network and precipitation were also considered
as triggering factors for a landslide incidence. Both factors can have a profound impact on the
effective stress state in earth materials influencing hillslope stability (Iverson and Major, 1987;
Terzaghi et al., 1996). This impact is accomplished either by raising the pore pressure on the failure
plane through direct infiltration of water or raising the groundwater levels and interaction with
weaker units at depth, or through direct aggressive weathering effect of the waterways/drainage
networks on the slopes. Both processes reduce the effective normal stress and frictional resistance
( Iverson and Major, 1987; Tong and Schmidt, 2016; Abedini and Tulabi, 2018; Castro et al.,
2020). Areas with high precipitation rates, when coupled with other factors that facilitate the
occurrence of a landslide event are more vulnerable to landslide occurrence. The spatial
distribution of drainage networks and their distances from landslide-prone areas and the incidence
of landslide events have an inverse relationship – that is, increases in the distance of the drainage
networks from landslide-prone localities underlain by weak units decreases the possibility of a
direct effect on the slopes or infiltration and interaction of water with the materials at depth and,
subsequently, the potential for a landslide incidence decreases (Dai et al., 2001; Yilmaz et al.,
2012; Firomsa and Abay, 2019).
The drainage network data of the study area was extracted from the same 1-meter spatial
resolution DEM that was used for the slope gradient analysis. The hydrology tool in the ArcGIS
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software was used to extract the drainage network from the DEM. The influence of the spatial
distribution of the drainage networks in initiating the occurrence of landslides over parts of the
study area was assessed by generating a series of buffer zones indicating the proximity of the areas
with respect to the drainage networks. Additionally, long-term daily rainfall datasets (1980–2019)
retrieved from the Parameter-elevation Regressions on Independent Slopes Model (PRIMS)
Climate Group (Daly, 2006) were integrated in the analysis. The spatial resolution of the PRISM
gridded data is 4 km. The entire extent of the study area was covered by four grid cells. The daily
precipitation values for each of the grid cells were converted into yearly average (annual mean)
precipitation values. The results of the mean annual precipitation value for each grid cell center
were used to generate a raster surface that takes the effect of the surrounding grid
centers/precipitation values on each of the individual grid center values into account using the
Inverse distance weighted (IDW) interpolation tool in the ArcGIS software.

4.2.2. Landslide Susceptibility Index
Using the WLC technique outlined earlier, an index of susceptibility was calculated by
integrating the raster-based thematic data representing the various landslide controlling factors and
the assigned weights described above in a GIS setting. Each of the controlling factors was clustered
into four categories/classes and rated with values ranging from 1 to 4 assigned to each of the
categories. A value of 1 indicated low significance of the condition within each of the controlling
factors for initiating a landslide hazard, whereas a value of 4 represented a higher influence of the
conditions stated in the category for the occurrence of slope failures. Besides rating the classes,
each controlling factor was assigned a weight based on the perceived level of importance of the
controlling factor in initiating a landslide hazard. The susceptibility index is calculated using the
WLC technique shown in equation (1) below (Rahim et al., 2018):
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LSI = ∑𝑛𝑖=0 𝐹𝑖 ∗ 𝑊𝑖 (Equation 1)
Where LSI is the landslide susceptibility index, F is the rating value of the individual controlling
factors, and W is the weight assigned to each of the controlling factors.

4.3.

Detecting and Quantifying Slow-Moving Landslide
4.3.1. SAR Datasets
In this study, techniques applied on multi-temporal SAR images were used to detect and

quantify slow-moving slides. SAR datasets are acquired by side-looking radar systems, which emit
electromagnetic signals in various microwave wavelength ranges (bands) (Fitch, 2012; Moreira et
al., 2013). Some of the operational bands of past and current sensors onboard satellite and aerial
platforms are shown in Table 1. SAR systems are classified as active remote sensing tools because
of their operational capabilities to generate their own energy, which gives them the ability to
acquire Earth observations during day and night. In addition, SAR signals can propagate through
dense cloud and vegetation cover conditions to image the surface depending on the type of band
used by the sensor (Blumberg, 1998; Garello, 2010; Helz, 2021).

Table 1: Most commonly used microwave bands in past and current SAR sensors with correlated
frequency, wavelength, and known applications (modified from https://www.earthdata.nasa.gov/).

Band Frequency Wavelength Typical Application
X
8–12 GHz 3.8–2.4 cm
High resolution SAR (urban monitoring, ice and
snow, little penetration into vegetation cover; fast
coherence decay in vegetated areas)
C
4–8 GHz
7.5–3.8 cm
SAR Workhorse (global mapping; change detection;
monitoring of areas with low to moderate
penetration; higher coherence); ice, ocean maritime
navigation
S
2–4 GHz
15–7.5 cm
Little but increasing use for SAR-based Earth
observation; agriculture monitoring
L

1–2 GHz

30–15 cm

P

0.3–1 GHz

100–30 cm

Medium resolution SAR (geophysical monitoring;
biomass and vegetation mapping; high penetration,
InSAR)
Biomass, vegetation mapping and assessment.
29

The surveillance geometry of a side-looking radar on a spaceborne system moves along a
path with a certain velocity at altitude h, sending a short microwave pulse to the Earth’s surface
through its antenna attached to the platform to transmit and receive the electromagnetic signals
(see Figure 9). The pulse length that instantaneously illuminates the area on the ground is generally
known as the antenna footprint (as denoted by the gray area in Figure 9). The spatial separation of
two acquisition spots of the satellite at different times is known as the baseline. The perpendicular
projection of the spatial baseline (from the first satellite position) to the Line of Sight (LOS) of the
second position is called the perpendicular baseline (Hanssen, 2001; Lu et al., 2007; Prati et al.,
2010; Gebremichael et al., 2018).
The radar signals bouncing back from target surfaces in response to the initial transmission,
called backscatter, are recorded by the sensor in the form of amplitude (A) and phase (Ø) of
received signals as a function of time (Cutrona, 1990). The amplitude shows the strength of the
return signal, while the phase component measures the relative distance between the sensor and
the target (sensor-to-target distance) (Moreira et al., 2013). The strength of the backscattered signal
collected at the sensor varies as a function of the physical and electrical properties of the target
surface. These properties include the geometry, roughness, and dielectric properties of the target
surface. In addition, radar system properties such as variation in wavelength also affect the
properties of the backscatter signal (Walker et al., 2004; Sadeh et al., 2018). The flight path of the
satellite or aircraft carrying the SAR sensor onboard is known as along-track or azimuth direction,
and the (slant) range is the direction that is perpendicular to the azimuth direction (Figure 9)
(Bamler and Hartl, 1998; Oliver and Quegan, 2004; Moreira et al., 2013).
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Figure 9: SAR image acquisition geometry. The radar sensor flights along the azimuth direction at an
altitude H observing the Earth's surface at an oblique look angle θt. The illuminated footprint size is based
on the antenna Beam width β, and the distance from the sensor to the ground R (Flores-Anderson et al.,
2019).

Fifty-three Interferometric Wide swath (IW) mode level-1 Single Look Complex (SLC)
SAR imagery (March 2015–January 2021) acquired by the Sentinel-1 mission (Table 2), operated
by the European Space Agency (ESA), were used in this study for quantifying subtle rates of
deformation emanating from slow-moving slides. The images were acquired along ascending
flight path 107 and frame 93 (Table 2). The images were downloaded from the National
Aeronautics and Space Administration (NASA) Alaska Satellite Facility (ASF) SAR Distributed
Active Archive Center (DAAC) (https://asf.alaska.edu/). The Sentinel-1 mission comprises the
Sentinel-1A and 1B satellites that were launched in 2014 and 2016, respectively. At the time of
writing (April 2022), this mission remains the only source of open-access SAR data. The Sentinel1 mission operates in the C-band (5.6 cm wavelength), having an operational mode of wide swath
with a 250 km swath at 5 m by 20 m spatial resolution, high geometric and radiometric resolution,
and short revisit time (6–12 days) (Crosetto et al., 2016; Lu et al., 2018).
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Table 2: Sentinel-1 scenes used in this study that were acquired along orbital track 107. The super
reference scene (2019-02-25), which all the other images were aligned to (a procedure called
coregistration – discussed below) is shown in a dark gray background.

Time-Position Plot

Acquisition Date

0
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37

20150318
20150821
20170424
20170518
20170611
20170717
20170822
20170915
20171114
20171208
20180101
20180125
20180218
20180314
20180407
20180501
20180525
20180712
20180805
20180910
20181004
20181028
20181121
20181227
20190120
20190225
20190321
20190414
20190508
20190601
20190625
20190719
20190812
20190905
20190929
20191023
20191116
20191210
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Time-Position Plot

Acquisition Date

38
39
40
41
42
43
44
45
46
47
48
49
50
51
52

20200103
20200127
20200315
20200408
20200502
20200526
20200619
20200725
20200818
20200911
20201005
20201029
20201122
20201228
20210121

4.3.2. Surface Deformation Estimation using InSAR
A sub-class of the InSAR technique (discussed below) using the Sentinel-1 SAR datasets
as input was used in this study to estimate the surface deformation rates resulting from the slowrate landslide displacements. InSAR technique can detect and measure large/regional-scale vertical
surface deformation and change processes at a spatial resolution of tens-of-meters (Massonnet and
Feigl, 1998; Lu et al., 2007). Displacement rates are estimated based on the relative movement of
the targets with respect to the satellite/sensor. Due to the high accuracy and fine-scale displacement
measuring capabilities, these techniques are widely used for detecting slow-moving landslides and
quantifying the ground displacement velocities of the slides. InSAR techniques require the phase
information stored from the radar imaging to assess the distance between the sensor and the surface
or target. When two radar images of the same target are acquired at different times, and from
different orbit positions, the respective electromagnetic waves at a given point interact (Figure 10).
This interaction is a phenomenon known as interference, where the waves will either be combined,
resulting in their intensification, or they will cancel each other out. InSAR capitalizes on the
interference information resulting from the interaction of the two waves to measure distance from
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the satellite antenna to ground surface targets (Lu et al., 2007; Prati et al., 2010; Helz, 2021). The
resulting product in which the interferences are depicted as a series of fringes/pattern is called an
interferogram and the method, suited for quantifying large-scale displacements resulting from
major processes that induce massive surface deformation, such as large earthquakes, is called
Differential Interferometric Synthetic Aperture Radar (DInSAR) (Bamler and Hartl, 1998; BlancoSànchez et al., 2008; Wieczorek and Snyder, 2009; Zhou et al., 2009; Flores-Anderson et al., 2019)

A

B

Figure 10: InSAR deformation geometry. In A (Pass/flight 1), a ground surface is imaged. In B (Pass 2),
the satellite passes over the same area. If a ground deformation incident (e.g., from an earthquake) occurs
between flights, the change in phase, which is proportional to the ground deformation between passes
along the radar bean’s Line-of-Sight (LOS) direction, is used to calculate the rate of displacement
(NASA, 2020).

The interferogram generation requires multiple observations using the same sensor through
complex multiplication to measure the similarity of two images, known as interferometric
correlation, or coherence. Coherence, values ranging from 0 to 1, is a measure of the quality of
the interferogram formed from each pair of coregistered complex images. The value of coherence
decreases with increasing system noise, if there are changes in the scattering properties of the target
surface, and increasing spatial and temporal baselines (Zebker and Villasenor, 1992; Zhou et al.,
2009). Key processing steps of the DInSAR technique described by Okeke, (2006) include:
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• Pre-processing - includes data search and selection as key steps to obtain reliable and good
quality ground displacement results. Several factors influence the accuracy and reliability of
the deformation result, such as: SAR data availability, spatial and temporal baselines between
the acquisitions, and the sensor’s band of operation.
• Coregistration - refers to the process of superimposing two or more SAR images with an
equivalent acquisition geometry to align the samples for phase differencing. The primary
(reference) and secondary SAR images will be compared to make sure that pixels in the
corresponding images represent similar ground target.
• Interferogram generation - is achieved through the cross-multiplication of the primary
image with the complex conjugate of the secondary image. The recorded amplitude of both
images is multiplied whereas phase values are differenced forming the interferogram (Pepe
and Calò, 2017). The resulting complex interferogram (Ø𝑐𝑜𝑚𝑝 ) comprises several
components as shown below:
Ø𝒄𝒐𝒎𝒑 = Ø𝒇𝒍𝒂𝒕 + Ø𝒕𝒐𝒑𝒐 + Ø𝒅𝒊𝒔𝒑 + Ø𝒂𝒕𝒎 + Ø𝒐𝒓𝒃𝒊𝒕 + Ø𝒏𝒐𝒊𝒔𝒆 (Equation 2),

where Ø𝑓𝑙𝑎𝑡 refers to the flat earth phase, Ø𝑡𝑜𝑝𝑜 is based on the topographic phase or
surface elevation, Ø𝑑𝑖𝑠𝑝 refers to the displacement phase that represents the displacement of the
ground between observations, Ø𝑎𝑡𝑚 is the atmosphere phase, Ø𝑜𝑟𝑏𝑖𝑡 is the contribution due to
changes in the satellite’s orbit and Ø𝑛𝑜𝑖𝑠𝑒 is the phase noise (Aly et al., 2009; Crosetto et al., 2016;
Pepe and Calò, 2017; Höser, 2018). The displacement phase has to be isolated from the other phase
components by using various datasets and algorithms (discussed below) to estimate the ground
deformation rate between observations (Pepe and Calò., 2017).
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• Phase unwrapping – restores the correct multiple of 2π to each point of the interferometric
phase image to obtain quantitative interpretation (Reigber and Moreira, 1997; Costantini,
1998; Werner et al., 2002).
• Geocoding – refers to the projection of the deformation analysis result into a geographic
coordinate system (Small and Schubert, 2008). This step is useful as it allows for further
analysis and interpretation of the result by integrating with other relevant geocoded datasets
and results through the overlay analysis and visualization in a GIS environment (Vallone et
al., 2008).

4.3.3. Small Baseline Subset (SBAS)
Though the DInSAR method and the resulting interferogram, derived from two SAR
images acquired at different times with the same geometry, is best suited to detect moderate
(centimeter)- to large-scale (meter) surface deformation rates resulting from earthquakes and other
processes that induce high magnitude displacements, it is not able to discern and quantify slow
(millimeter-scale) rates such as slow-moving landslides (Gabriel et al., 1989; Crosetto et al., 2005).
Also, the applicability of the method for quantifying landslide velocities is further constrained by
the coarse resolution of the DInSAR product and by factors that can affect the interferometric
coherence value such as changes in land cover. As a result, some surface features may not be
detected because of poor interferometric coherence; hence, their velocities could not be estimated
using the DInSAR method (Lanari et al., 2004; Mantovani et al., 2019).
The SBAS technique (Berardino et al., 2002) is an InSAR time series surface deformation
inversion method aimed at reducing spatial and temporal decorrelation by selecting image pairs
with small spatial orbital separation and temporal baseline for interferogram generation. The
technique mitigates some of the limitations posed by the DInSAR method including spatial
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decorrelation, phase noise, and the ability to detect subtle (mm-scale) surface displacement rates.
This technique was adopted in this study to detect and quantify slow-moving landslides in the
study area because of these capabilities. The SBAS method stacks multiple interferograms
generated by multi-temporal SAR imagery separated by a threshold-specified spatial and temporal
baseline (Berardino et al., 2002; Lanari et al., 2007; Crosetto et al., 2016). The interferograms are
multilooked to increase signal-to-noise (SNR) ratios and then unwrapped in space. The
interferograms are then stacked together, and pixels that are spatially coherent in most of the
interferograms are inverted to estimate displacement rates (Lanari et al., 2007; Zhou et al., 2009;
Li et al., 2021).
The SBAS workflow within the SARscape Module of ENVI 5.5 was used for data
processing and result (displacement rate) generation. In the first step of the SBAS workflow, a
connection network based on the 53 Sentinel-1 images (Table 2) was created (Figure 11)
demonstrating the image pairs that will be used for interferogram generation. The connectivity
between the interferometric pairs was defined by taking the maximum spatial and temporal
baseline threshold values into consideration. In this study, maximum temporal and spatial baseline
values of 720 days and 190.9 m were used respectively as cutoff values to create the image pairs
required for the subsequent steps. A super reference image (acquired on February 25, 2019) was
automatically selected (identified by the yellow dot in Figure 11, and by the dark gray background
in Table 2) in this step that was used for coregistering all other images against the geometry of the
image in the subsequent steps.
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Figure 11: SBAS Interferometric images connection graph, time, and position plot derived from the 53
Sentinel-1 images acquired over the study area. The yellow dot signifies the super reference image,
selected by the software, that was used as a reference for the coregistration procedure.

The second step involves the coregistration of the individual images against each other,
and with the super reference image. This procedure was followed by the generation of differential
interferograms based on the network of pair images established in the first step. Filtering, flattening
(flat-earth phase removal) using a 1-arc-second resolution DEM acquired by the Shuttle Radar
Topography Mission (SRTM) (Farr and Kobrick, 2000), and phase unwrapping procedures were
also executed in this step. Residual non-deformation phase ramps introduced on each of the
unwrapped differential interferograms were then estimated and removed in the orbital refinement
and re-flattening step. Two inversion steps follow. In the first, the initial estimate of the average
displacement rate and residual topography value was calculated. In addition, the interferograms
were also unwrapped again to remove any residual topography signal in the final deformation
estimate. Displacement time series estimation using the unwrapped interferograms derived in the
first inversion step, followed by atmospheric filtering to remove the contribution of atmospheric
artifacts on the deformation estimate, was carried out in the second inversion step. The geocoding
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of all the processing results by projecting them into a selected cartographic system is performed in
the last step. Positive displacement rates signify the movement of the target towards the satellite
(uplift), whereas a negative rate implies movement away from the satellite (subsidence) in the
repeat observations. A schematic demonstration of the key data processing steps of the SBAS
workflow in the SARscape Module of ENVI is shown in Figure 12.

Figure 12: SBAS data processing flowchart (Chen et al., 2021).

4.3.3.1. Calibration and Validation - Global Navigation
Satellite System (GNSS) Data
As stated in sub-section 4.3.2, InSAR techniques are prone to many errors from a variety
of sources. Although most of the errors are removed through the procedures outlined earlier,
residual errors remain that could degrade the quality and accuracy of the deformation estimate.
Consequently, calibrating the result with other geodetic techniques improves its accuracy and
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validity. Satellite-based geodetic technique has been historically used to track and observe the
behavior of mass movements during a landslide as well as other surface deformation processes
(Gili et al., 2000; Lazar et al., 2003). This method uses satellite-based GNSS constellation systems
to provide positioning, navigation, and timing (PNT) services on a global or regional basis
(Langley et al., 2017). As complementary data for calibrating/validating the SBAS result, two
GNSS datasets obtained through different geodetic techniques were used. The first set of geodetic
data for the study area was acquired from permanent GNSS stations. These stations continuously
quantify displacement rates over a wider time scale and can detect subtle (mm-scale) deformation
rates. Due to cost and other limitations, the spatial distribution of permanent GNSS is limited in
the study area, as well as globally (Carafa et al., 2020). This limitation justifies the need for other
options to acquire geodetic datasets in areas where there are no permanent GNSS stations.
Campaign displacement measurements were undertaken in areas where there are no
permanent stations to calibrate ongoing active deformation processes driven by slow-moving
landslides. Site selection was facilitated by collating the LSM and the SBAS analysis result and
identifying potential sites that fall within the high landslide susceptibility zone and exhibit slow to
moderate deformation rates. Sites surrounding the Pease Park landslide area that fulfilled these
criteria were selected for the campaign investigation.

i. Permanent stations
Permanent GNSS stations, administrated and managed by the National Oceanic and
Atmospheric Administration (NOAA) and the National Geodetic Survey (NGS) under the
Continuously Operating Reference Stations (CORS) Network, were integrated with the SBAS
analysis result to calibrate the deformation rate derived from the SBAS observations. For this
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study, displacement rates of the permanent stations named TXAU (Figure 13) obtained from the
Nevada Geodetic Laboratory online platform (Blewitt et al., 2018) were used to calibrate and
correct the SBAS-based estimates. The TXAU station was selected due to its long period of daily
position data (1996–present), and because it is located within the boundaries of the study area. The
procedure outlined in Emil et al. (2021) was used to calibrate the SBAS rates using the average
vertical displacement rates from the TXAU station. In this method, the average of the SBASderived displacement rates of the pixels found within 500 meters radius of the TXAU station were
compared with the average long-term displacement rate of the TXAU station. The SBAS rates
were then calibrated based on the difference of the values between the average SBAS-derived and
GNSS-derived rates.

Figure 13: TXAU station daily position data graph from (1996–present).

ii. Campaign measurements
One of the most widely used and reliable geodetic methodologies for tracking mass
movement and ground surface deformation rates over time is the multi-temporal Real-Time
kinematic (RTK) GNSS survey approach (Rawat et al., 2011). It increases the efficacy to collect
larger numbers of high-precision survey position measurements and has been widely used as cross41

validation and calibration for studies using remote sensing techniques (Carlà et al., 2019; Gili et
al., 2000). The RTK system provides signal correction through continuous radio communication
between a base station and the roving antenna in the field. This system allows to process and view
corrected measurements with centimeter to millimeter accuracy in real-time (Lauer, 2021).
For this study, data acquired in two RTK GNSS campaigns further validate the accuracy
of the result obtained using the SBAS technique. The focus of the measurements were parts of the
study area where active deformation processes have been observed, but permanent GNSS stations
were absent. The first measurement campaign was held in August 2021 followed by a second
campaign in March 2022. The Emlid Reach RS2 GNSS unit comprising a base station and rover
receivers was used for this purpose. Two displacement measurements were made, using the rover
receiver, on the steep slopes proximal to the sides of the landslide that occurred along the Shoal
Creek Trail in the Pease Park (Figure 14). The reference base station measurement was acquired
in a stable zone distant from the unstable slope.
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Figure 14: RTK GNSS measurements during the second campaign (March 2022)

4.4.

Ancillary Data and Methods
Several data analysis methods were applied on ancillary datasets collected from field

surveys to validate the accuracy of the datasets/data descriptions from earlier studies and
complement the assessment that is based on remote sensing-based assessment and relevant
datasets. These include assessing the lithology and texture of the geologic units as well as the
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geometry and features of the slope failure at the Pease Park to help with formulating hypotheses
that can explain the mechanisms of the landslide formation process over the study area.

4.4.1. Soil Texture Analysis
Soil texture, defined by its particle size (such as clay, silt, and sand), can play an important
role in the slope stability and ground deformation processes (Sidle et al., 1985; Lee et al., 2017).
Understanding the complexity and the influence that soil rich in clays may have directly or
indirectly while interacting with other factors, allows to observe areas that are more susceptible to
the occurrence of slow-moving landslides.
Soil textural analysis method was undertaken in this study to obtain granulometry
information of the samples selected from the Pease Park landslide’s material and quantify its clay
content in the geological formations present. The clay particle size content may significantly
contribute to the incidence of a landslide due to the presence of clay layers. Calculating the
percentage of clay particles in the samples can be used as a proxy to understand the impact of
shrinking and swelling of the clay layers present in the area. The clay content in the geological
units could affect the rheology of the units, influencing the degree of swelling and plasticity when
exposed to water (Andrade et al., 2011).
A total of 10 soil samples were collected from the Pease Park area for soil textural analysis.
The analysis was undertaken following the hydrometer method (using an ASTM 152H-type
hydrometer) outlined by Gavlack et al. (2005). In this procedure, the samples were first dried by
placing them in a hot air oven at 40°C for 24 hours. After drying, each sample was reduced to
small particle size through manual pulverization using a porcelain mortar and pestle. The resulting
material was sieved through a 2 mm mesh size (US No. 10 mesh), which is the standard for most
soil testing methods (Sikora and Moore, 2014). Thirty grams of the sieved material was then added
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to a graduated cylinder of 1000 ml to determine the amount of sand, silt, and clay present in the
sample. The particle size segregation was estimated by measuring how fast the material settled out
of a water-based solution based on the three main size classes of soil particles: sand (50–2000 µm),
silt (2.0–50 µm), and clay (< 2.0 µm). The results were plotted in the Soil Textural Triangle to
collet relative proportions of sand, silt, and clay in the samples.

4.4.2. Unmanned Aircraft Systems (UAS)
As a result of the large spatial scale of the landslide event that occurred in the Pease Park
coupled with the inaccessibility of the area, it was not possible to observe the entire area to get
detailed information on the scarp, crown, and other geometric information to accurately understand
the formation mechanism of the event. A close investigation of the area was made possible through
the generation of a 3D model of the landslide geometry by using the SfM algorithm applied on a
high-resolution image acquired by the DJI Spark UAS. The SfM procedure was facilitated using
the cloud based DroneDeploy software. In addition to providing a closer look at the geometry of
the slope failure at Pease Park, the 3D model also helped for having a closer look at the fractures
and other geological features that directly or indirectly contributed to the occurrence of the event.
Also, it assisted in visually corresponding the lithology of the scarp and the geological material
observed at the foot of the hill during field visits.
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CHAPTER FIVE
RESULTS AND DISCUSSION
5.1.

Overview
This chapter provides a detailed and comprehensive perspective of the results produced

using the datasets, methods, and tools (software) that were outlined in detail in chapter four. Also,
in-depth discussions on the interpretation of the results and the relationship between the individual
results derived from different approaches, and their overall collective influence on landslide
susceptibility of Austin City and its surroundings is provided.

5.2.

Analyses of Factors Controlling Landslide Susceptibility
The six factors that were considered in this study as controlling factors for the incidence of

landslides over the study area (sub-section 4.2), namely slope gradient, land use, geology,
geological structures, drainage network, and precipitation were integrated to determine the
susceptibility of the different parts of the study area for landslide hazards.
The slope gradient was considered to play an important role in this study since most
landslide occurrences across the globe are related to the slope angle. The slope gradient map of
the study area (Figure 15) shows that the angle values range from less than 5° to 87°. The slope
gradient was classified into four groups ((<5°), (5–14°), (14–37°), and (37–87°)). This is done
based on a combination of the natural distribution and classification of the data (natural break's
classification scheme) as well as considering classification schemes in previous studies in the study
area and elsewhere (Wachal and Hudak, 2000; Canavesi et al., 2020; Sifa et al., 2020). For
example, Pachauri and Pant (1992) noted that there is a strong correlation between the frequency
of occurrences of landslides and steeper slope angles (> 35°). In this study, areas with slope angle
less than 5° are classified as the flattest terrain with low susceptibility to landslide incidence,
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whereas terrains with slope angles higher than 37° are considered highly vulnerable to slope
instability. This vulnerability is because slope steepening leads to an increase in the shear force
and a decline in the normal force (Figure 1) that may give rise to a slope failure (Bizimana and
Sönmez, 2015; Johnson et al., 2017). Most areas within the study area lie on a gentle slope (less
than 5°). Steep slope angles (> 37°) are noted in sites close to drainage networks, in areas with
abrupt elevation changes probably resulting from differential erosion (such as in terraces), and in
the western hilly terrains of the study area (Figure 15). The Pease Park area, where the recent
landslides occurred, and the surrounding areas (shown in a red-outlined box in Figure 15) lie on a
moderate to steep slope terrain (> 14°).

Figure 15: Slope analysis map of the study area derived using high-resolution LiDAR DEM.
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The second controlling factor considered in this study was the land cover type (Figure 16).
The study area was classified into four major groups based on the type of ground cover present at
the time of data acquisition (land cover). The NLCD land classification data was re-classified from
the original sixteen classes into four new classes taking the dominant vegetation types and land
cover conditions of the study area into consideration. The four classes are forest/woodland,
shrubland/grassland, cropland, and urban/bare soil classes (Figure 16). The purpose of the reclassification procedure was to accomplish two major considerations outlined by Wachal and
Hudack’s (2000) analysis. First, areas with scattered vegetation are more susceptible to the
occurrence of a landslide than areas with a higher density of vegetation. It has been proven that
vegetation root networks help support slope stability through mechanical reinforcement of the
slope, and the removal of water from the soil and geologic units through evapotranspiration ( Wu,
1984; Moresi et al., 2020). Therefore, areas with sparse vegetation tend to be more susceptible to
landslides than areas with dense vegetation. Additionally, areas that are intensely urbanized and
have agricultural development are more susceptible as a result of the alteration of the natural
properties and conditions of the soil (Giordan et al., 2017). Second, urbanization processes and
agriculture activities can cause slope disturbances as well as aggravate slope weathering and
erosion processes thereby creating a conducive setting for slope failure incidence (Hung et al.,
2016). Croplands and urban/bare soil cover make up about 63% of the study area. Most of the
northern, western, and southwestern parts of the study area fall into the urban/bare soil category,
followed by the spots of croplands distributed mostly in the northeast and southeast regions (Figure
16). Areas with moderate to dense vegetation, considered less likely settings for landslide
occurrence, are sparsely distributed across the study area including the northwestern, eastern, and
southern parts of the study area (Figure 16).
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Figure 16: The spatial distribution of the different land cover types of the study area.

The third controlling factor considered was the geology of the study area. The fifteen
lithological units prevalent in the study area (Table 3, Figure 17) were classified into four different
classes, namely strong, slightly strong, moderate, and weak, based on their composition,
comparative cohesive strength, and stability as measured by the degree of weathering and impact
by BFZ and other tectonic structures in the study area (Table 3). The detailed lithological
descriptions of the units in the study area provided by the USGS (https://mrdata.usgs.gov/) and
other previous studies (e.g., Young, 1977) were assessed to categorize the units into four classes.
In addition, the classification approach outlined by Wachal and Hudak (2000) was also considered.
In that study (Wachal and Hudak, 2000), the geology of Travis County was classified into four
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classes in which limestone units were considered the most stable lithology of the area, followed
by the marls, shales, and finally, the most unstable units that comprise unconsolidated materials or
weathered and fractured rocks. In this study, the unconsolidated material, which includes the
Quaternary alluvium, terrace deposits, and high gravel deposits, the fractured and weathered
limestones of the Buda and Eagle Ford formations, the Del Rio Formation and the fractured
limestone from Georgetown Formation, and the mudstone-claystone from the Neylandville and
Marlbrook formations were classified as “weak” material. These units are dominantly observed in
the area surrounding the BFZ (including the Shoal Creek area), along the lower sections of the
Colorado River, and pockets spread across the study area with significant distribution noted in the
western and southwestern sections of the study area (Figure 17). The “moderate” class constitutes
the alkalic basalt and pyroclastic rocks altered to clay from the Cretaceous igneous rocks, the
siltstone-mudstone and incidental limestone from the Navarro and Taylor Group, and the
mudstone-claystone from the Ozan Formation. The geologic units in the southern and eastern
sections of the study area fall under this category (Figure 17). The Austin Chalk and Navarro
Group, comprising marlstone, chalk, and limestone, were classified as “slightly strong”. This class
is notably observed in northern and northeastern parts while small patches of the class are noted
in the southern part of the study area (Figure 17). Units categorized under the “strong”
classification include the limestone units from the Edwards Limestone, the Fredericksburg Group,
the Glen Rose Limestone, and the Pecan Gap Chalk. These units are mainly distributed in the
western section of the study area and on the west side of Lake Walter E. Long (Figure 17).
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Table 3: Lithological Classification of the study area (modified from Wachal and Hudak (2000)).
Geology
Description
Classification
Alluvium

flood plain deposits: sand, silt, clay, and gravel

Weak

Terrace Deposits

sand, silt, clay, and variable size gravel

Weak

High gravel deposits

high gravel deposits

Weak

Igneous rocks

pyroclastic altered to clay

Moderate

Pecan Gap

chalk

Strong

Ozan

marl and clay

Moderate

Navarro/Taylor

marl and clay

Moderate

Austin

chalk and marl

Strong

Eagle Ford/Buda

shale and limestone

Slightly strong

Del Rio / Georgetown

clay and marl

Weak

Fredericksburg

limestone and marl

Strong

Edwards

limestone, dolomite, and chert

Strong

Glen Rose

limestone, dolomite, and marl

Strong

Neylandville /Marlbrook

shale and marl

Slightly strong

Navarro/Marlbrook

limestone and marl

Slightly strong
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Figure 17: Classification of the geological units in the study area based on the perceived cohesive
strengths and stability of the units.

For assessing the influence of faults and fractures on landslide susceptibility, a series of
buffered zones were created based on the proximity of the zones (areas) to the nearest tectonic
feature. Four zones with 500-meter incremental Euclidean distances from the features were created
(Figure 18). Areas located within 500 meters from the nearest faults and fractures were considered
the most susceptible material with a higher impact on landslide generation. The following zone
was considered with distances between 500 and 1000 meters as the second most susceptible areas,
whereas areas between 1000 and 1500 meters and greater than 1500 meters were considered as
moderate and least susceptible areas, respectively.
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Figure 18: Fault and fracture buffer zones indicating the susceptibility of areas to landslide based on their
proximity to the structures. Areas located within 500-m radius of the features are considered highly
susceptible to landslide hazards. The white-outlined box demonstrates the dense network of tectonic
features noted close to the BFZ.

The area surrounding the Balcones fault (Figure 18) includes a series of geological
structures and features such as normal faults, grabens, and horsts (shown in a white-outlined box
in Figure 18). This highly fractured and faulted zone is spatially concentrated in the western portion
of the study area (Figure 18) where some of the geological units closer to the fault and fracture
system distinctly exhibit higher levels of weathering and fracturing making the materials lose their
cohesive strength (Ferrill and Morris, 2008). Some of the lithological units are those categorized
under the Del Rio and Buda Formations. Additional fractures were inferred using techniques
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applied on Sentinel-1 SAR imagery as discussed earlier (sub-section 4.2.1). The delineated
structures (shown in dashed black and red lines in Figures 18 and 19, respectively) were mostly
concentrated in the eastern and northeastern quadrants of the study area (shown in yellow-outlined
boxes in Figures 18 and 19). Buffer zones demonstrating the proximity of areas to these structures,
as was done to the existing tectonic features (reported in the literature), were also created for the
newly mapped structures.

Figure 19: Inferred tectonic features of the study area based on Sentinel-1 SAR image and DEM
data.

The last two factors considered in this study with respect to their influence on the incidence
of slope failures were the distance to drainage channels and the amount of precipitation received.
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To investigate the role of distance from drainage networks on landslide susceptibility, four buffer
zones were created by setting incremental distances from each one of the drainage networks in the
study area (Figure 20): distances from 0 to 200 meters, 200 to 800 meters, 800 to 1,400 meters,
and greater than 1400 meters. As stated earlier, the susceptibility of areas to landslide hazards is
inversely proportional to their location with respect to the networks. That is, buffers with a greater
distance from the drainage networks have the lowest impact on landslide triggering factors, and
buffers closer to the networks were attributed to areas with a higher level of vulnerability. Several
studies noted that areas located within a distance of 200 meters are susceptible to landslide hazards,
though aquifer properties control the rate and extent of the water flow within the units, given that
other conditions that induce the hazard are met (e.g., Moharrami et al., 2020). The notion behind
setting the cutoff value in this study was that the dense network of faults and fractures across the
study area could create favorable conditions for the water to propagate through units found
proximal to the networks (Hauwert and Vickers, 1994) and may induce landslide in the nearby
areas through processes and interactions outlined in sub-section 4.2.1.
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Figure 20: Drainage buffer zones indicating the susceptibility of areas to landslide based on their
proximity to drainage networks.

The mean annual precipitation values over the study area were calculated based on the
PRISM gridded data (1981–2019). A mean annual precipitation value raster surface was generated
using the Inverse Distance Weighted (IDW) interpolation method. The precipitation data, as the
other controlling factors analyzed previously, was classified into four classes based on the natural
break classification scheme: 852–863 mm/yr; 863–870 mm/yr; 870–877 mm/yr; and greater than
877 mm/yr (Figure 21). Overall, the precipitation data across the study area does not show a
significant change between each of the four grids. The difference in the mean annual precipitation
value between the lower limits of the class with lower the higher precipitation annual value haves
is a mere 25 mm/year (Figure 21). This difference shows that if other conditions that may induce
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landslide susceptibility are met, almost all areas within the study area could be prone to the hazard
considering the precipitation variable. It is also possible that though the mean annual rainfall over
a given area might be slightly lower than the surrounding, isolated episodes of intense precipitation
may drive slope failure events as was the case in the Pease Park area.

Figure 21: Classification of the study area based on the amount of mean precipitation received
(1981–2019)
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5.3.

Landslide Susceptibility Map
The defined classes of each of the controlling factors described above were given a rating

value, ranging from 1 to 4, and weight values signifying the level of importance of the controlling
factor in initiating a landslide hazard were given following the approach outlined in sub-section
4.2.2. The assigned rating system per class in each of the controlling factors and the assigned
weight of each of the controlling factors are shown in Table 4. The weight assignment took local
conditions and the perceived influences of the different factors in instigating the landslide event in
the Pease Park (Shoal Creek) area into consideration. As described above, part of the Shoal Creek
trail (Pease Park) where two recent landslides were recorded (May 2018 and May 2019) lies on a
moderate to steep slope (> 14°) that receives a moderate amount of annual rainfall. Also, the site
is located proximal to a drainage network, is heavily dissected by a network of tectonic features,
and is underlain by weak geologic units. An empirical assessment of the relative influences of the
factors was made and weights were assigned as a result. In addition, assessments during field
investigations, as well as approaches outlined in earlier studies (Sarkar et al., 1995; Wachal and
Hudak, 2000; Loucks, 2018) to identify the significance of the different factors were used to assign
weights for the controlling factors. The slope gradient was assigned the highest weight (25%),
while the other five factors were applied equal weights (15%), owing to the change in slope angle
being the most critical controlling factor that may initiate a slope failure. With increasing slope
angles, the shear stress on the slope material will also increase (Yalcin, 2007), which may lead to
slope failure when coupled with the other controlling factors and processes that result in decreased
shear strength of the materials. The LSI values were then calculated by combining the assigned
weights and rating values using the WLC approach (sub-section 4.2.2).
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Table 4: Weight and rating assigned to each of the controlling factors. The slope gradient was assigned a
higher weight (1.5 times higher than the weight assigned to the other factors).

Controlling Factors

Weight

Slope (degrees)
0–5
5–14
14–37
37–86
Land Cover
Forest/Woodland
Shrubland/Grassland
Cropland
Urban/Bare Soil
Geology
Limestone
Shale
Marl
Unconsolidated
Distance to Fault/fractures (m)
>1500
1000–1500
500–1500
<500
Precipitation (mm/yr)
852–863
863–870
870–877
–> 877
Distance to Drainage (m)
>1400
800–1400
200–800
<200

25%

Rating
1
2
3
4

15%
1
2
3
4
15%
1
2
3
4
15%
1
2
3
4
15%
1
2
3
4
15%
1
2
3
4

The resulting LSI values were classified using the natural break classification scheme into
four susceptibility groups to generate the LSM of the study area (Figure 22). The categories were:
(i) null to low susceptibility, (ii) medium susceptibility, (iii) medium-high susceptibility, and (iv)
high susceptibility.
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Figure 22: Landslide susceptibility map of Austin City and surroundings.

A simple statistical analysis of the percentage distribution of the different landslide susceptibility
categories over the study area (Table 5) shows that 16.8% of the study area falls under the high
susceptibility category, medium-high susceptibility is 31%, while the percentages of parts of study
area falling under the medium and low categories stand at 33.1% and 19.1, respectively (Table 5).
Table 5: Analysis indicating the area and percentage coverage of the landslide susceptibility categories.

Susceptibility Index
Low
Medium
Medium-High
High

Coverage (km2)
112.7
195.2
183.1.5
98.9

Percentage (%)
19.1
33.1
31
16.8
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Areas categorized under the medium susceptibility class have lithology dominated by the
Marl and Limestone from the Navarro Group, Navarro and Taylor; Neylandville and Marlbrook
Marls, and the Ozan Formations (Figures 6, 7, and 22; Table 3). Parts of the study area falling
under the low susceptibility category correspond spatially with the geological units that exhibit
cohesion and strength and that were earlier classified as ‘strong’ geological units (Figures 17 and
22; Table 3). That is, the most stable areas in the study area, in part or fully, are overlain by the
Glen Rose Formation, Fredericksburg Group, Pekan Gap Chalk, Austin Chalk, and the Edwards
Limestone units (Figures 6 and 22). Even areas lying on steep slopes but dominated by these units
exhibit low susceptibility to landslide hazards (Figures 6, 17, and 22). But it would be inaccurate
to assume that there is a linear relationship between geology (composition, strength, stability) and
landslide susceptibility since the other controlling factors also influence the outcome of the
suitability analysis over a given area. The medium and low susceptible classes are spatially
distributed across the study area with high prevalence noted in the north, northwestern, and
southeastern parts of the study area (Figure 22). Areas classified under the medium-high
susceptibility category are underlain by weak to moderate units such as terrace deposits, gravel
deposits, and patches of the Glen Rose Formation and the Fredericksburg Group (Figures 6, 17,
and 22). This medium-high susceptibility category is concentrated in the central, southern, and
southeastern parts of the study area. The highest susceptibility class represents areas with the
greatest vulnerability to the impacts of landslide hazards. Areas falling under this category,
dominantly observed in the western and southwestern parts, lie on moderate to steep slopes (> 37°)
with the land cover types that are predominantly urban/developed or bare soil with a low vegetation
index. The principal lithological units that make up this category include the fractured and
weathered limestones from the Eagle Ford, Georgetown, and Buda Formations, clay and other
units of the Del Rio Formation, and patches of gravel and terrace deposits. The sites in this category
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lie proximal to geological structures and drainage networks with maximum distances of 500 m and
200 m, respectively. In addition, these areas get a mean annual precipitation value of more than
870 mm. The Pease Park area falls under the high susceptible category (Figure 22).
It is hypothesized in this study that the landslide processes in the study area are slowmoving types (discussed in sub-section 5.4), but intense rainfall or flooding episodes amplify the
probability of occurrence of landslides in the high susceptible areas that are dissected by a network
of tectonic features. The successive slope failure events that transpired at the Pease Park along the
Shoal Creek following the reported prolonged intense rainfall (Shoal Creek Conservancy, 2020)
attest to this hypothesis. It is suggested in this study that the mechanism of the slope failure in the
area was initiated through the percolation of rainwater through the network of faults and fractures
in the overlying Buda Formation. The subsequent interaction with the swelling, plastic Del Rio
clay at depth created conductive setting for the landslide events to occur. The hydration of the
montmorillonite and kaolinite minerals that exist in the Del Rio formation (Garner and Young,
1976) leads to changes in the molecular structure of the mineral. This changes are because when
water gets absorbed within the layers of the clay, the mineral structure expands causing swelling,
especially in montmorillonite clays, and increases the shear stress on the slope material (Yalcin,
2007; Earle, 2015; Soto et al., 2017; Iqbal et al., 2018). As a result, shear strength is reduced and
the clay layer acts as a slip surface causing slope failure (Yalcin, 2007; Chandler, 2020). It is
postulated in this study that the event that led to the formation of the Shoal Creek landslide events
occurred following the processes outlined above through years of gradual displacement of the
material (discussed below), but the displacement rates and the subsequent failures were enhanced
by the intense precipitation episodes. Besides the two relatively massive episodes of slope failure
in the area, it has been reported that similar precipitation events have induced landslides in the past
(Shoal Creek Conservancy, 2020).
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The 3D model generated using the SfM algorithm applied on the data acquired by the UAS
(Figure 23) supports the above-stated assessment on the mechanisms of the slope failure at the
Pease Park. A closer investigation reveals a rotational type of slide (Figure 23) whose occurrence
was likely facilitated by the percolation of (rain)water through the preferential pathways (fractures
– shown by red lines) in the weathered and fractured Buda Formation and the ensuing interaction
with the underlying Del Rio Formation (Figure 23).

Figure 23: A 3D model of the Pease Park (Shoal Creek) landslide created using data acquired by
the UAS. The fractured and weathered Buda limestone is shown overlying the Del Rio clay. The fracture
paths within the limestone layer through which water from the surface percolates into the subsurface and
interact with the Del Rio clay layer are shown in red. The inset on the right side is a zoomed-in view
showing the contact between the limestone from the Buda Formation and a softer greyish stratum from
the Del Rio Formation.

To validate the composition of the material whose interaction with water presumably
induced the landslide at the Pease Park site, soil samples were collected from the failure material
and a complementary soil textural analysis was undertaken. The results of the analysis show a high
percentage of clay- and silt-sized-particles (Figure 24).
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Figure 24: Soil texture triangle depicting the textural composition of the samples collected from
the Pease Park (Shoal Creek). The plot was constructed using the U.S. Department of Agriculture’s
Natural Resources Conservation Service (NRCS) platform (https://www.nrcs.usda.gov/)

5.4.

SBAS
Because the LSM shows the probability of occurrence of all types of landslides, it is

important to supplement the analysis with the integration of other datasets and methods to identify
slow-moving slides and quantify their displacement rates, which would be crucial for earlywarning and disaster mitigation purposes. The evaluation of displacement rates was carried out by
using the SBAS analysis technique applied to SAR data sets. The SBAS analysis technique was
applied on fifty-three Interferometric Wide Sentinel-1 SAR datasets acquired from March 2015 to
January 2021 (Figure 8). The result was calibrated using the deformation rate (-0.89+/-0.54 mm/yr
(1996–2021)) retrieved from the (TXAU) permanent GNSS station (shown in red fill star with
black outline in Figure 25) The ground deformation velocity values across the study area (Figure
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25a) range from –9.35 to 10.31 mm/yr (positive displacement rates signify uplift while negative
rates represent the movement of the target away from the satellite (subsidence) - subsection 4.3.3).
The majority parts of the study area exhibit a stable to uplift (> -1 mm yr) deformation pattern
(Figure 25a). Small clusters of high rates of subsidence values (< -3.07 mm/yr) (shown in dark
orange colors in Figure 25a) were noted in the north and northeastern parts of the study area.
Representative sites (randomly) were selected for field investigation (shown in boxes highlighted
in red (sites A, B and C) in Figure 25a) to determine the possible causes of the high rates of
subsidence observed and to assess whether the processes were related to landslides activities. As
a result, areas under construction (or recently completed construction) where new soil materials
were added to the sites and the landscape changed dramatically between 2015 and 2021. The timelapse (2016 and 2021) Google Earth images of the sites (Figure 25b) depicted the land surface
changes that occurred in these areas during the investigated interval. These surface modifications
generated strong subsidence signals in the SBAS analysis. It is possible that accelerated
compaction of the newly added soil material resulted in the observed high rates of subsidence over
these areas. Hence, it was concluded that the processes and rates observed in these areas were not
related to landslide activities. This displacement rates indicates that not all displacement signals
shown in Figure 25a should be interpreted as areas experiencing slope failure. Hence, high
subsidence rates (< -3.07 mm/yr) were excluded from the slope failure analysis.
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(a)

(b)

Figure 25: (a) Surface deformation analysis of the study area derived using the SBAS technique
applied on SAR datasets. The three sites that were selected for field assessment to determine the causes of
the high subsidence rates are shown in red-outlined boxes. The Pease Park area where recent landslides
have occurred is shown in a black-outlined box; (b) Time-lapse (2015–2021) Google Earth images of the
investigated sites (A, B, and C) were visited. The red star polygon with a black outline indicates the
location of the GNSS station (TXAU) that was used for calibration purposes.
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In this study, small to moderate subsidence rates (-1 to -3.06 mm/yr) were taken as a
measure of (identifying) slow-moving slides. Hungr et al. (2014) suggested that slow-moving
slides, especially rotational slides, may initially exhibit a slow rate of movement but this can
change into a rapid movement in the occurrence of triggering events such as earthquakes or heavy
rainfall. But it should be noted again that not all observed low rates of displacement were attributed
to landslide processes. A comparison of the LSM (Figure 22) and the SBAS deformation analysis
result (Figure 25a) reveals a pattern of spatial correlation between the two results along the
medium-high and high susceptibility areas (Figure 22), and the moderate subsidence rates (Figure
25a) in the north and northwestern parts of the study area. For example, the LSM map indicated
high levels of landslide susceptibility for the Pease Park area. The deformation analysis of the area
(shown in the black-outlined box in Figure 25a) showed low to moderate subsidence rates (-1 to 3.06 mm/yr) that indicate an active slow-moving landslide activity. Field investigations
corroborated this assessment that the ground surface in the area is in a continuous motion. For
instance, tilted trees or trees with bent stems were observed in parts of the Pease Park area
surrounding the previous slope failure (Figure 26).
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Figure 26: Areas surrounding the Pease Park landslide show signs of active displacement activity
(tilted trees on the left, and bent stem on the right) that supports the slow rate of displacement estimated
using the SBAS technique (Figure 25).

In addition to the visual observations, the analysis results of the multi-temporal GNSS RTK
measurements collected from the area (Pease Park) showed an ongoing displacement activity.
Though some sites where initial measurements (August 2021) were taken were inaccessible due
to floods during the second visit (March 2022), GNSS measurements were made at a single site
and corresponded with the earlier result. The result indicated a higher displacement rate (up to –
17 mm/month) between the two intervals (Table 6). Though the result showed a relatively higher
displacement/subsidence rate than that was reported by the SBAS analysis, that may be due to
atmospheric conditions during the second measurement, or a high displacement rate induced by
intense precipitation episodes in the days before the field visit, it nevertheless showed the presence
of an ongoing activity around the creek area as demonstrated by the SBAS result.
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Table 6: Displacement rate (given in mm/month) calculated using multi-temporal (7-month
interval) GNSS RTK measurements.
Positioning Point Longitude (decimal Latitude (decimal
Elevation (m)
Elevation
degrees)
degrees)
change
(mm/month)
DATE 1: 08-11-2021
Point_A
-97.75100997
30.29192035
126.307
-17
DATE 2: 03-11-2022
Point_A
-97.75101006
30.29192036
126.190

Though intense rainfall was considered in this study as the main trigger that enhances the
displacement rates of slow-moving slides and results in slope failures, a thorough assessment of
other potential factors that directly or indirectly contribute to this process should be made in future
studies. Particularly, the influence of anthropogenic activities on inducing slope failures should be
investigated. The effects of land cover change, largely caused by anthropogenic activities, were
partly investigated in this study, but a more in-depth assessment of this and other anthropogenicrelated factors using datasets with inherent uniform and improved spatial resolution (without
resampling) would be beneficial. This factor is important, as the city of Austin and its surroundings
are experiencing rapid development without a detailed assessment of anthropogenic changes on
landslide processes. As a result, the landslide hazards repercussion on communities and resources
could not be avoided.

69

CHAPTER SIX
CONCLUSION

During the past decade, the City of Austin and its surroundings have undergone massive
development in terms of urbanization and population growth. The high population growth rate has
led to population expansion into areas that are susceptible to natural hazards. Landslide is one of
the hazards that parts of the city experienced in recent years. In addition to the natural factors and
processes that induce landslides, the intense anthropogenic activity that accompanied urbanization
also impacts this phenomenon, increasing the community’s susceptibility to the hazard.
In this research, LSM was generated using various relevant datasets integrated and
analyzed in a GIS environment. The LSM was accomplished by evaluating six controlling factors
including slope gradient, land cover, geologic units, geologic structures, distance to the drainage
network, and precipitation. The controlling factors were classified, rated, and assigned weights
based on their role in initiating landslides in the study. The resulting LSM map indicated that the
sections of the western and southwestern parts of the study area, comprising about 16.8% of the
study area, are highly susceptible to a landslide hazard. These high landslide susceptible areas
receive moderate amounts of precipitation (mean annual precipitation > 870 mm), lie on moderate
to steep slopes (> 37°) that are proximal to geological structures and drainage networks, and have
low to moderate levels of vegetation cover. The fractured and weathered limestones from the Eagle
Ford, Georgetown, and Buda Formations, clay from the Del Rio Formation, and patches of gravel
and terrace deposits underline these areas. The cumulative effects of percolation of water through
the network of faults and fractures in the Buda Formation and interaction with the swelling
montmorillonite- and kaolinite-bearing Del Rio Clay at depth and the resulting changes in shear
strength of the slope material were credited in this study as the main mechanism of formation of
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landslide in the study area. The proposed hypothesis was tested through the analysis of the UAV
data-derived 3D model of the landslide that occurred in the Pease Park along the Shoal Creek trail.
The composition of the material from the slip surface was also analyzed to validate the clay
lithology of the material (Del Rio Formation) that induced the slope failure.
SBAS deformation analysis using fifty-three Sentinel-1 images was undertaken to identify
active slow-moving slides and quantify their displacement rates that would be crucial for earlywarning and disaster mitigation purposes. The result was calibrated and validated using results
from a permanent station and multi-temporal RTK-GNSS measurements. The slow-moving slides
in the study area exhibited a deformation rate ranging from -1 to -3.06 mm/yr. A comparison of
the spatial distribution of the slow-moving slides derived using the SBAS technique with the LSM
result showed a pattern of spatial correlation between the medium-high and high susceptibility
areas and the slow-moving slides in the north and northwestern parts of the study area.
The methods and techniques demonstrated in this research can be used by the community
and policymakers as input to investigate similar problems in other areas that are at risk from the
threats of landslide hazards to develop landslide early-warning systems.
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Recently, the city of Austin and its suburbs have witnessed high population growth that
has driven communities to reside in areas susceptible to landslide hazards. This study integrated
multiple datasets using different techniques to assess the landslide hazards susceptibility in the
area, as well as slow-moving slide identification areas and their displacement rate quantification.
The results are: (a) a landslide susceptibility map (LSM) derived by combining six factors and
variables that could influence the incidence of landslides indicates that 16.8% of the study area is
highly susceptible to the hazard. These areas lie on moderate to steep slopes (> 14°) proximal to
geological structures and drainage networks, have low to moderate vegetation cover, and receive
moderate amounts of annual rainfall (> 870 mm). The main geologic units include the fractured
and weathered limestones from the Eagle Ford, Georgetown, Buda Formations, the Del Rio
Formation, and patches of gravel and terrace deposits; (b) Small Baseline Subset (SBAS)
interferometric analysis technique was applied on fifty-three Sentinel-1 images, the results
calibrated and validated using permanent and campaign Global Navigation Satellite System
(GNSS) datasets, to detect slow-moving type landslides and quantify their rates. The results
indicate that the slow-moving slides across the study area move at displacement rates ranging from
-1 to -3.06 mm/yr. The analysis shows a high spatial correlation between the medium-high and
high landslide susceptible areas delineated using the LSM and SBAS method in the north and
northwestern parts of the study area; (c) the findings of the present study indicate that the
interactions of water percolating through the fractured Buda Formation with the montmorillonite-

and kaolinite-bearing Del Rio Formation resulted in a buildup of shear stress and initiated the
displacement of the slope material. Intense rainfall episodes hastened the displacement rates and
eventually led to the slope failures. The slope failure mechanism put forward in this study was
assessed through a close investigation of the Pease Park (Shoal Creek) landslide through lithologic
sample analysis and a 3D model derived using data acquired using Unmanned Aerial Vehicle
(UAV).

