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ABSTRACT

Landslides in Colorado cause millions of dollars of damage, destroy homes and
infrastructure, and cause loss of life. Within the state, the town of Colorado Springs and
surrounding El Paso County has been identified as an area that needs ongoing dtterition
the severity of landslide risk. In Colorado Springs, some of the highest risk areas are expensive
houses in the foothills and on mesas. Most of these areas are either already mapped as landslide
deposits or are located on top of the Pierre Shalajtdhat is highly susceptible to landslides.

Most research into the failure mechanisms of landslides in Colorado Springs has been focused
directly on the geology, slope angle, and geotechnical data from boreholes. This study uses a
landslide database 661 events in the area to improve on previous predictive methods, and also
expands the list of potential influencing factors by including geology, slope angle, aspect, terrain
roughness, curvature, plan curvature, elevation, and topographic wetnesg ivalparameters

were placed into a binary logistic regression model to determine their significance and generate
models. The most significant parameters were curvature, elevation, slope, topographic wetness
index, and geology, with an area under curve (A0(3).9535 (Model 1). Additionally, five

more models were built from subsets of these significant parameters: slope and geology (AUC
0.9249, Model 2), curvature, elevation, and slope (AUC 0.9321, Model 3), curvature, elevation,
and topographic wetness ind@'WI) (0.9468, Model 4), slope and elevation (AUC 0.9293,

Model 5), and TWI and geology (AUC 0.9095, Model 6). Landslide susceptibility maps were
generated from each of these models, with five classifications, lownloderate, moderate,
moderatehigh, and high. The models that generated the best map were Model 2 and Model 5.
Model 5 is recommended for use because it uses parameters never used before and only uses two

simple parameters to generate the susceptibility map.
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CHAPTER 1
INTRODUCTION

Landslides are one of the most common natural disasters in the world. They cause up to
$2.8 billion dollars of damage per year, as well as being the causes0f@&aths per year
(Schuster and Highland, 2001; Chapella et2811,8). The susceptibility of landslides is defined
as fArelative tendency or pot eGurzettaetal.Z0@6yr sl ope
Highland and Bobrowsky2008; Hearn and Hart 201Grawford et al., 2021). A landslide
susceptibility map clasfies and ranks the susceptibility that a landslide will occur in a specific
area(National Research Council004; Highland and Bobrowsk2008 Crawford et al., 2021).
They are typically used for prioritizing field mapping and private and public usenfdruse

planning and development purposes (Southerland, 2019)

Landslide susceptibility maps are especially useful in areas like El Paso County, Colorado
that experience many landslides, for management of known disturbed areas and for future land
use pojects.This thesis will conduct an analysis to identify geomorphic fa¢t@tscorrelate to
landslide occurrencand develop a method poedictlandslides in Colorado Springs and the
surrounding El Paso Count&dditionally, this method seeks to generlndslide susceptibility

maps that have a new, more detailed spatial resolution than previously generated maps.

1.1  Background

Landslides in Colorado cause millions of dollars of damage, destroy homes and
infrastructure, and cause loss of life. In 198&, Colorado Geological Survey published a
Colorado Landslide Hazard Mitigation Plan to help prevent and reduce landslide losses in
Col orado by considering Coloradods political,
framework for state and locgbvernment to use for landslide mitigation (Jochim etLl888).
Within the state, the area of Colorado Springs and El Paso County has been identified as an area
that needs immediate and/ or ongoing attention due to the severity of landslide risk,(Rogers
2002).

In El Paso CountyFigurel.1 on page £ manyexpensivehouseshave been buiin the
foothills and on mesas areaghatare either mapped landslide depositararlocatean top of

the Pierre Shajea geologic unithatis susceptible to landslides (Scott and Wobus, 1973;

1



Cochran, 1997a; Trimble and Machette, 1979). Because the Pierre Sisdedmllysusceptible
to landslides where it is steeply dippiaigng the Colorado Front Rangehen there is
overburden pressufeom constructionand during large rainfall eventSolorado Springs
recently began experiencing landslides within city limits that had not previously affected
infrastructure (White and Wait, 2003). In 1995, 1997, and 1999, spring rainfalls exceeded
avera@s for the area, which caused many landslides within the area, ruining homes, entire
neighborhoods, and businesses (White and Wait, 2003).

'El Paso’ County, Colorado
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Figurel.1 Shaded relief map &l Paso CountyThe mountain front to the immediate west of
the county is the zona steeply dipping bedrock where most landslides have occurred.
In 1995, after two homes were destroyed and one was damaged by two landslides, the
city adopted a Geologic Hazard Ordinance. This requires that all areas must be reviewed for
geologichazardsy t he Col orado Geol ogi cal Surveyods (C

multiple landslides in Spring 1999, a Presidential Disaster Declaration was issued for Colorado



Springs. Due to this, research on the landslides in Colorado Springs was furided-bygleral

Emergency Management Agency (FEMA), including research into the instability of the Pierre

Shale. Although the City of Colorado Springs is actively experiencing landslide movement, the
damage to homes caused by this movement is not generalg coed by homeowner 0s
Most property owners are unaware of the landslide risk to their homes and property, despite a

mandatory landuse review by engineering geologists at CGS (Henry et al. 2017).

1.2  Previous Landslide Studies in Colorado Sprigs

Most research into the failure mechanismg&df P Rrsdslides has been focused directly

on the Pierre Shale, since this is where landslides typically initiate (White and Wait, 2003), and
slope angle, as steeper slopes logically are at higher ritknidslidesA few studies have used
geotechnical data from boreholes, however, this often created biased data due to some areas
having clusters of boreholes, while some areas have no boreholes. This creates poor interpolation
of data and inaccurate retul
1.21 Map of potential areas of landslide susceptibility in Colorado Springs, El Paso

County, Colorado (White and Wait, 2003)

The MS 42 study created a susceptibility map using data as described below:
City and park boundaries
Photogrammetric-2Xoot contours
Street centerlines
Orthorectified air photos (1995 and 1998)
5-foot pixel DEM
Slope gradient grid
Slope aspect grid
Geologic Map of the Pikeview Quadrangle, El Paso County, Colorado
Geologic Map of the Colorado Springs Quadrangle, El Easmty, Colorado
Geologic Map of the Cheyenne Mountain Quadrangle, El Paso County, Colorado
Geologic Map of the Cascade Quadrangle, El Paso County, Colorado
Geologic Map of the Manitou Springs Quadrangle, El Paso County, Colorado
El Paso County 1041 GeologHazards Map

= =4 4 A4 A4 -4 -5 -4 -5 -5 -2 -5 -2



1 USGS Geologic Maps by Trimble and Machete 1979

This project then followed a flow chart using this data to identify if an area is susceptible to
landslideqFigurel1.2). The primary focus of this susceptibility map is slope, geology, aspect,
and geomorphic landslide features (White and Wait, 2003).

FLOW CHART PROJECT STEPS
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4

Final Landslide * Paer roview * Edit coverage by field chack
Suscaptibility Coverage of map and sterac photo analyses.

Figure 1.2Flow chart used to map landslide susceptibility in Colorado Springs (White and
Wait, 2003).



1.2.2 GIS- based landslide susceptibility analysis of southwestern Colorado Springs, El
Paso County, Colorado (Garrett, 2013
Thi s pr oj e c tthewisaby Jo@an Garrett akthedslorado School of Mines in 2013
(Garrett, 2013). This project aimed to perform a Geographic Information System (&8l
analysis of landslide susceptibility in the southwestern portion of Colorado Springs. This project

used two analysis techniques:

1 One Dimensional (1D) infinite slope analysis (ISA)

T Two Dimensi onal (2D) Bishopoés simplified

This project acquired data from topographic maps, geologic reports and maps, geotechnical
reports, aerial phography, and digital elevation models. The data extracted from these sources
include unit weight, depth to slide plane, cohesion, saturated unit wight, friction angle, and slope
angle. It is discussed within the thesis that data acquisition was the plirmigation. Much of
the data acquired was proprietary, with large clusters of data in some areas, and limited to no
data in other areas. This inconsistency reduced the accuracy of the map (Garrett, 2013).

1.2.3 Landslide susceptibility mapping using a Igistic regression approach: a case study
in Colorado Springs, El Paso County, Colorado (Southerland, 2019)

This project was a masterods thesis by Lauren
2019 (Southerland, 2019). This project aimed to perfologiatic regression (logit) analysis to
create a landslide susceptibility map for Colorado Springs using a geslogg logit model and

a boreholeslope logit model. Table.1identifies each model and the inputs.

Table 1.1 ogit model and geomorphic inputs

Geology slope model Geology and topography

Borehole slope model Cohesion, friction angle, unit weight,

groundwater depth, topography

Although this analysis was deemed successful, there was a limitation of interpolating
borehole data. Like the Garrett (2013) thesis, some areashigldl @ensityof data, whileother

areashad limited to no data. The interpolation of borehole data dexti¢he accuracy of the



susceptibility models. Additionally, this project was limited to a six square mile area of
southwestern Colorado Springs (Southerland, 2019).

1.2.4 Landslide inventory and susceptibility for El Paso County, Colorado (Lindsey,
unpublished)

This report was created by Kassandra Lindsey for the Colorado Geological Survey and is
currently unpublished (Lindsey, unpublished). Lindsey updated the landslide inventory for El
Paso County, using previously mapped landslidedaaraslides mappeoly LIDAR ona 1-
meter DEM. A landslide susceptibility map was created based on modified criteria from Wilson
and Keefer (1985), Ponti and others (2008), and Wills and others (2011). The slopes classes from
Wilson and Keefer (1985) were modified to congalasses 1 and 2, making a total of 7 slope
classes (Tabl&.2). The susceptibility rank for the geology and slope intersections were also
modified based on the geology and landslide occurrence in El Paso County. The geology was
divided into three groupsased on relative rock strendiased on rock typ@able1.3 onpage
7). Group Ahadthe highest relative rock strength, Group@&imoderate rock strength, and

Group Chadthe lowest relative rock strength.

Table 1.2The landslide inventory arglisceptibility developed for El Paso County, Colorado
(Lindsey, unpublished)

Slope Class | Group A Group B Group C
1 (0:5°) 0 0 0

2 (510°) 0 Vv Vil
3(1015°) |0

4(1520°) |0

5(2030°) | VI

6 (3040°) |Vl

7 (>40°)




Table 1.3Relative rock strength groups and the geologic units assigned to each group (Lindsey,

unpublished).

Group A (High Strength)

Group B (Moderate Strength)

Group C (Low Strength)

Black Squirrel Formation

Castle Rock Conglomerate

Conglomerate of Larkspur
Butte

Dakota Group

Dawson Formation (some
members)

Denver Formation

Denver and Dawson
formations, undivided

Dikes and plugs

Fountain Formation

Fremont Limestone,

Harding Sandstone, and

Manitou Limestone,

Undivided

Hardscrabble Member of
Leadville Limestone and
Williams Canyon
Formation, undivided

Leadyville Limestone,
Williams Canyon
Formation, Peerless
Formation, and Sawatch
Formation, undiided

Jimmy Camp Formation

Lyons Sandstone (@ud.
Lower, Middle, and
Upper)

Sawatch Formation

Wall Mountain Tuff

White River Formation

Carlile Shale, Greehorn
Limestone, and Graneros
Shale, undivided

Fox Hills Sandstone

Manitou Limestone

Manitou Limestone and
Sawatch Sandstone, undivid

Dawson Formation (some
members)

Carlile Shale

Dakota Sandstone and Purgatoi
Formation, undivided

Fountain Formation, Glen Eyrie
Member

Graneros Shale

Greenhorn Limestone

Laramie FormationL(ower,
Sandstone, and Upper
members)

Lykins Formation

Mine tailings and mine waste

Morrison and Ralston Creek,
undivided

Niobrara Formation (iciud.
Smokey Hill Member)

Pierre Shale (iclud. Apache

Creek
Sandstone, con@-cone zone,
Sharon Springs Member,
Teepee zone, and Lower
Transition Member)

Purgatoire Formation

While this project provided an updated landslide inventory and created a landslide

susceptibility map, it relied only on slope and geology to creatiatioslide susceptibility map.

While these are strong indicators of landslides in El Paso County, they possibly are not the only




onesand there could be a benefit to a method that incorporates more predictive parameters
Additionally, the slope map was geated using a Xh DEM, and more detailed analysis could

be performed with a-in DEM or a resampled-fin DEM.

1.3  Logistic Regression

Logistic regression is a common statistical tool that estimates the probability of the
occurrence of an event based on predictor variables. It is probabilistic methodology for landslide
susceptibility modeling, being used in many studies found in literéRegmi et al. 2014;
Crawford et al., 2021; Schicker and Moon, 2012; Umar et al., 2014; Chem et al., 2016; Zhang et
al., 2016; Ayalew and Yamagishi, 2008an Den Eeckhaut et al., 200& takes the statistical
relationship of the geomorphic parametegsAieen mapped landslides and areas mapped as
Anelnandsl|l i deso to identify what factors are co

occurrence in the future (Crawford et al. 2021; Regmi et al. 2014).

The parameters used for the landslide susaéptilogistic regression input can be any
measurable variable that distinguishes landslide fror laodslide areas. The logic regression
inputs require twoesponse variables this casd for alandslide and @or anon- landslide.

The results fromhe logistic regressiomodelwi | | derive, 1) a b value,
response, 2) awalue whichindicatesthe significance of each variablend 3) a prediction

eqguation that is used to predict the susceptibility of landslides in a spatidlaraeet al, 2014;

Crawford et al. 2021Ayalew andYamagishj 2005. Parameters that have a rsignificant p

value (>0.5) are removed and the mladeun again without these parameteéising the

prediction equation from the model results, an output is given with each pixel assigned a

numerical value ranging fromD, with 0 indicating no landslide susceptibility and 1 indicating

highest landslidsusceptibility. This data is then used to create a landslide susceptibility map. A
Receiver Operating Characteristic (ROC) curve is used to evaluate the accuracy of the model
(Umar et al., 2014; Crawford 202¥an Den Eeckhaut et al., 2006



CHAPTERZ2

STUDY AREA

The study area consisted of the entirety of El Paso County, Colorado on the Front Range

of the Rocky Mountains.

2.1 Geologic Setting

While thegeologic unitf El Paso County and Colorado Springs are relatively
straightforward, the struatal geology addsomplexty through various faults and foldshe
county is inthe middle of the Colorado Piedmont portion of the Rocky Mountains and the High
Plains (White and Wait, 2003). The ground elevatiokldaso Countyanges from 19
14,111feet above sea level. On thastern side of El Paso Countglling hills of the High
Plains are prevalent. On the West side, the elevation rises into Pikes Peak, Cheyenne Mountain,
and the Rampart Range (White and Wait, 2003).

The Eastern Edge of the Front Rang&l Paso Countys marked bythe Rampart Range and
Ute Pass, which are two higangle reverse fault zoneghese zonewere active during the
Cenozoic Laramide Orogeny. Uplift from this orogeny occurred into the (aayePeriod
(White and Wait, 2003). These faults converged, and evidence of this is seen at Garden of the
Gods in Colorado Springs and Manitou Springs. Late Paleozoic and Mesozoic rock formations in
the foothills ofEl Paso Counta r e At i |- dippidg, even tveetieapand/overturned rock
formations formed by upliftand thrust aul t dr ag 0 ( WhThd yeungeroack Wa i t ,
formatiors, specifically in the Cretaceous and Cenozoic Formations found in Colorado Springs,
appear farther east and hawach lower dip angle@Vhite and Wait, 2003).

The Pierre Shale and other Cretaceous clayshales prevail over the westerk pRasof
County. These rocks were blanketed by thousands of feet of rock and sedimesihg them to
become overconsolidate@ver time, the rock and sediment erodexposing the clayshales to
the surfaceThis has caused largecale unloadingnd relief joints which makes these
formations highly sensitive to any type of overburden pressure (White and Wait, 2003). Due to
this, these formationareoftenunstablevhen eroded, whethey arecut into, and whethey are
built on. When this occurs, the formatisinength decreaséisa s t he f abri c underg



and rel axati ono (EWwsianofien extendatoWlayertofunstalleGrad) .

swelling clay, often an olive or pegreen color that is soft and friable (Morgan et al, 2003).

The claystone bedrock Bl Paso Countys often capped by sand and gravel. The sand and
gravelweredeposited by Tertiary and Pleistocessglimentatiomprocesses. These processes
occur in the Colorado Piedmont, where the basement rock is eroded from the Front Range, then
sediment is moved frotihe mountains, where it is finally deposited and overlays the clayshales,
including the Pierre Shale (White and Wait, 2003). During the Late Pleistocene to the Holocene,
Aer osi on alincded these pedinmentsmiagd underlying bedrock, forming mayrel
capped mesas from the pediment remnants that
2003).

Around the mountain front, continued deposition of alluviatfaolluvial fans, and debris
flows occur today. The steep slopes of the mesas are shicépvarioustypes of mass
wasting, especially during periods of intense precipitation (White and Wait, 2003). This process
is natural and has been occurring to create the landscape of the Colorado Foothills, including the
foothills in EI Paso CountyWhite and Wait, 2003).

2.2  Landslide History

Most landslides occurring in Colorado Springs are slow moviriD(@m/ month), with the
earliest records dating back to 1959. This makes landslides difficult to notice until there is
property damage or thereadarge weather event that accelerates the rate of movement. In 1974,
one of the first publications to describe the Pierre Shale instability and its potential to initiate
landslides on steep and gentle slopes was published (Hill, 1974). Cochran (19759etissiope
stability and mapped potentially unstable slopes in Colorado Springs. In 1985, a map that
identified landslideprone areas was published at a 1:171,480 scale that was for an
Environmental Hazards of Colorado Springs report for City Local &ff@runtfest and Huber,
1985).

In the 1990s, the landslide hazard in Colorado Springs became better known after a large
precipitation event triggered a fortgcre landslide in 1993 at the Broadmoor Golf Course that
grew to 200 acres by 1999. Additionigl in 1995 two homes were destroyed and one was

damaged by two other landslides. In the spring of 1999, over eight inches of rain fell in Colorado
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Springs over a multipleday rainfall event. Immediately following the rainfall, many landslides
were activéed and continued moving for months afterward (Henry et al. 2017). The total cost of
damage due to the landslides was $80 million, resulting in a FEMA federal disaster declaration.
Due to this disaster, CGS conducted a landslide mapping and suscemtibjist for Colorado
Springs published as Map Series (MS) 42, Colorado Springs Landslide Susceptibility Map, El
Paso County, Colorado.

In the spring of 2015, Colorado Springs recorded 8 inches of rain between March and May
and 10.5 inches of rain between June and August. This saturated the ground and caused multiple
landslides, which ultimately destroyed 30 homes. The landslides wengegrouo three major
zones, the Cheyenne Mountain Landslide Complex, the Broadmoor Bluffs Landslide, and the

Skyway Landslid€Figure2.1). These three areas are still actively moving today.

54
: o

1OOR %LUFFS DRIVE

#CHEYENNE MOUNTAIN COMPLEX

.

Figure 2.1Locations of three major landslide areas in Color&grings (Henry et al., 2017).
Photo looking to the south. For a sense of scale, the distance between the Cheyenne Mountain
Complex and Broadmoor Bluffs Drive is approximately 5 km.
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CHAPTERS3
METHODS

3.1 Data Acquisition

The data needed for thigudy was provided by the Colorado Geological Survey (CGS).
The geologic data was provided in vector format in ArcPro, and the maps used are shown in
Figure 3.1. A new CGS landslide inventory of El Paso County with landslides mapped by
LiDAR and verified inthe field, and with published landslides was used. This is the first time
this new landslide inventory has been used for this type of analysis. Additionaihy, REM

was provided in ArcPro to compile different geologic parameters in raster formaisfetuitiy.

Larkspur Greenland Cherry Valley Elbert
(Thorson and  (Thorson, 2003) School {Morgan and
(Thorson, 2003)  others, 2012)

Geologic Map of Colorado (Tweto, 1978)
Mount Deception
(Temple and others, 2007)

(Scott and
others, 1878)

Legend

I 1:24.000 scale
[ 1:250,000 scale
[ ] 1:500,000 scale

Mount
Pitisubrg
(Morgan and
others, 2008)

Figure 3.1Geologic map compiledfor use in the logistic regression analysis.
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3.2  Methodology

The training dataset was established as 80% of the landslide inventory, which consisted
of 449 landslides. The test area was 20% ofghdslide inventory, consisting of 112 landslides
(Figure 3.2). To train the model, a set of 449-rlandslide points were created and buffered to
the average area of the landslides in the inventory. The test inventory was not used during the

logistic regession and creation of the model.

El Paso County, Colorado
Landslide Inventory

© e

[ Testing Set of Inventory
& [ EL Paso County Boundary
@ [ Training Set of Inventory

02 4 8 12 16 N
O iles

Esri, NASA NGA, USGS, Esri, HERE, Garmin, SafeGraph, FAO, METI/NASA, USGS, EPA, NPS

Figure 3.2The landslide inventory for El Paso County, Colorado. The purple part of the
inventory is 80% that was used to train the models. The gold part of the inventory is the reserved
20% used for testing the models.

Due to the large project area and computer processing time, a 1 m DEM was resampled
to a 10 m DEM. This resampling also reduced noise in the final susceptibility map (Fressard et
al., 2014; Crawford et al., 2021). The resampling size of 10 m was chesausk it is the same

resolution as other previous susceptibility models for this area. Even resampled to 10m, the new
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1-m DEM has higher accuracy than the original 10 m DEM used in previous studies. The
geomorphic maps of aspect, curvature, elevatiom, glavature, slope, terrain roughness, and

topographic wetness index were calculated using the resampled 10 m DEM (Table 3.1).

Table 3.1Geomorphicand topographigariablesanalyzed as potential predictors of landslide
occurrence Descriptions taken fro Crawford et al. (2021) and Regmi et al. (2014).

Variable Description Source
Slope Gradient of a downhilfacing ArcGIS spatial analyst toolbox

slope, derived for each cell
an elevation raster (degrees

Aspect Compass direction of a ArcGIS spatial analyst toolbox
downhill- facing slope,
derived for each cell of an
elevation raster

Elevation Elevation above mean sea DEM
level (meters)
Terrain RoughnessA degree of terrain ArcGIS raster calculator:
irregularity calculated as a
surface derivation from a D QOGO QUL O olRBA QL WO

smoothing window; scale of DO®IQL HOUMEBa Q0 GO
landscape features is
important in choosing a
smoothing window size
Curvature The secondlerivative value ArcGIS spatial analyst toolbox
from each cell from an
elevation raster (1/100 of a
unit)

Plan Curvature |Curvature of the surface ArcGIS spatial analyst toolbox
perpendicular to the directio
of a maximum slope (1/100

a z unit)
Topaographic WetnegFunction of the slope and th B Yo 'O -
Index (TWI) upstream contributing area| , -~ YNi 01 Q&0 1 Qo d &Y

unit width of orthogonal flow | ' AGEORAT & e@an 0 Qd

direction
Underlying GeologyThe geology underlying the| Geologic mapgformations and units
slope based on geologic mgdivided into 4 categories based on rela
strength and potential for landslides
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There are different approaches for obtaining geomorphic statistics from the landslide and
nort landslide inventories. Some studies use a singular point on the centroid of the landslide, but
that assumption can yield biased results (Regmi et al., 2014aNsehand Terhorst, 2007,

Dahal et al., 2008). Some studies have fixed this by creating a buffer around the centroid of the
landslide that encompasses most of the landslide (Crawford et al., 2021; Schicker and Moon,
2012). There are studies that go scafto digitally reconstruct pdandslide slope to extract

data from these reconstructions (Van Den Eeckhaut et al., 2006; Gorum et al., 2008) To obtain
the geomorphic parameters for this study, the mean zonal statistics of each landslide and non
landslice polygon was calculated. This was to ensure that all the values from the landslides and

non landslides were used in the statistics (Regmi et al., 2014).

Geology was also used as a geomorphic parameter in this study, as it is a main causative
factor fa landslides in ElI Paso County (White and Wait, 2003; Zheng et al., 29a&w and
Yamagishj 2005). It was obtained by hanglacing a point at the headscarp of the landslide and
spatially joining the combined geology map to identify the geologic formation at each point. The
same spatial join process was used to obtain the geologic formatidhe fwonr landslide
points. Since logistic regression requires numerical values instead of descriptive categories (such
as geologic formation names), the formations were placed into four categories based on relative
strength and susceptibility to initiag landslides The four categories weré, Wwhere 1 had the
lowest potential for initiating landslides and 4 had the highest potential. The categories were
given to every geologic formation or unit that was on the geologic maps for EI Paso County. This
wasguided by two previous studies, Lindsey, unpublished and Southerland, 2019, as well as the
description of units within the geologic maps for El Paso County. Lindsey, unpublished
discerned the geologic formations and units based on their relative stremgtt®outherland,

2019 used previously known landslide susceptibility to discern the units. This is the first study in
this area that has assigned a numerical value based on relative strength and susceptibility to

every formation or unit within the county

Once the data was complied, it was scanned for normality and histograms were also made
to compare the landslide data to the+landslide data. Logistic regressions work well on-non

normal datasets because there is an unknown relationship amorgigides, so the nen
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normal data for this project did not need to be transformed (Suen and Doyuran, 2004; Nandi and
Shakoor, 2009; Crawford et al., 2021).

Minitab Statistical Software was used to conduct binary logistic regression. The mean
aspect, curature, elevation, plan curvature, slope, terrain roughness, and topographic wetness
index, as well as the numerical categories assigned for the geology were used as inputs into the

model. For this study, all inputs were considered continuous.

The outpubf the logistic regression model includes-arglue and a regression equation.
The p value determines if a parameter is significant for a model.valpe> 0.05 was used as
the cut off for this assessment, meaning any parameter that hasabup> 005 is not
statistically significant to the model and is removed (Minitab Support 21, 2021). The regression
equation also yields a b value, which is the

of each variable.

In the binary logistic regregon where the indicator variable is 0 or 1, there are two

outputs for the regression equation in Minitab. The first is the nominal response:

@ T Teo o Eo o
Wherg s the intercept of the constantjs the coefficient of eachegpmorphic variable n, and
wis each geomorphic variable. The coefficient is used to determine if the event (landslide) is

more or less likely to occur due to changes in the geomorphic parameter. The second equation

output is the cumulative distributionrfation:

. Q
U
p p lQ

o8

Where P is the cumulative estimated output of an event occurrence, which for this case is a
landslide. The output is a number between 0 and 1, where 1 is the highest susceptibility of a

landslide and O is the lowest.

The prmary model produced (Model 1) was the resulting model once geomorphic
variables with pvalues >0.05 were removed from the model. Three other models were created as
well (Models 2, 3, and 4), using smaller numbers of predictive parameters to create simpler

models. These could then be compared to models from previous studies.
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The geomorphic parameters in each trained model were made into maps at the county
scale. For geology, the formations were replaced with their numerical categories for the purpose
ofbuil ding this map. The regressions equations
the maps. To create susceptibility classifications, the nditgaksmethodwas implemented in
ArcPro to divide the data into five classes: low, {omoderatemoderate, moderathigh, and
high, as described in Jenks (1967).

To validate the maps, the models were tested adgz@stof the landslide inventory,
which was reserved as the test area that is shown above in Figure 4.2 (Schicker and Moon et al.,
2012; Ross et al., 2018; Maggi et al., 2017; Wang et al., 2021). This testing consisted of an
inspection of each map againstledandslide in the test area. The average susceptibility ranking
for each landslide of the map for each model was counted. Once the test area was validated, the
model could be used to create maps for the entire colimymap performances weralidated
usng a Receiver Operating Curve (ROC) and area under curve (AUC). The higher the AUC, the
less false positives occur in the model (Schicker and Moon et al., 2012; Umar et al., 2014;
Crawford et al., 2021).
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CHAPTER4

RESULTS

Thehistograms of the parameter values for the landslide inventory andandslides
can be found in Appendix Figures AAL8 on page$4-60. Histograms were used to confirm
that the range of values for each parameter was broad enough to be useful ¢aw@redi
modeling, and that the general distribution of values was similar for landslides and non
landslides. The results from the initial logistic regression (Tableddage @) showed that
aspect, plan curvature, and roughness were not significant nootihel based on p values larger
than 0.05. A new model was generated using just the significant parameters of curvature,
elevation, slope, TWI, and geology (Model 1). Because most previous studies used slope and
geology as the only parameters for suscédjtyilmaps, a model for those parameters was also
generated for comparison (Model 2). Four more models were also generated: one using
curvature, elevation, and slope since those are easily accessible (Model 3), one with curvature,
TWI, and geology becauskose have the highest coefficients in the main model with the
significant parameters (Model 4), one with slope and elevation to generate a model similar to
Model 3 but without curvature (Model 5), and one with TWI and geology, to generate a model
like Model 4 but without curvature that also includes TWI (Model 6). Tabl®d.@age 19
compares the results from each analysis. Each of these models generated a regression equation
and an ROC with a value for AUC. On this basis alone, Models 1 and 4 ametigest and
Model 6 is the weakest. Additionally, each model was validated with the test area to show
whether the model adequately predicted higher susceptibility rankings for the locations where
landslides were mapped in the inventory (Tableoh page?0). On this basis, Model 6 was not
effective as it categorized most landslide locations as lowmoderate, or moderate
susceptibility. Models 1 and 5 captured the most landslide locations in the high category.
Models 2, 3, and 4 were also good degarizing landslides into moderate, modetatgh, and

high categories.
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Table 4.1Coefficient and PValue results from all parameters tesbedfiore removal of non

significant parameters.

Coefficients

Term Coef SE Coef Z-Value P-Value VIF
Constant 9.92 202 491  0.000
Aspect -0.00281 000170 -165  0.099 1.02
Curvature 0777 0143 -544  0.000 3.09
Elevation -0.000720 0.000147  -480  0.000 2.15
Plan 0291 0262 111 0266 281
Roughness -1.12 150 070 0482 1.28
Slope 0.0556 00170 328 0.001 5.14
TWI -1567 0265  -591  0.000 451
Geology 0886 0124 712 0000 1.31
Table4d2Compari son of the movdakedssd par ameters
Model 1 Model 2 Model 3 Model 4 Model 5 | Model 6
Parameters | Curvature,| Slope, Curvature, | Curvature,| Slope, TWI,
Included elevation, | geology elevation, TWI, elevation | Geology
slope, slope geology
TWI,
geology
AUC 0.9535 0.9249 0.9321 0.9468 0.9293 | 0.9095
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Table 4.3Susceptibility ranking count for each landslide within the test area.

Susceptibility | Model 1 | Model 2 Model 3 Model 4 Model 5 | Model 6
Ranking
Low 0 0 0 0 1 12
Low- 5 0 3 0 2 57
Moderate
Moderate 14 14 10 35 12 39
Moderate- 34 85 64 71 39 4
High
High 59 13 35 6 58 0

Since the geologic formations cover different amounts of land area, it is helpful to
normalize them in a way to gauge their true susceptibility to landslides. Therefore, the density of
landslides in the top 10 geologic formations in terms of number of landslides is presented in
Table 4.4on page 2. Formations with the highest density of landslides include Qg2, Kdp, Jmr,
and Qg3. Ypp has a distinctly lower density than the rest.

There could also be a link between elevation and the geologic category. Talie 4.5
page 2 shows the mean elevations for the four geology categories, and also includes the most
problematic formation for landslides, the Pierre shale, to evaluate whedloeninates the
analysis. Geologic category 1 is a distinctly higher elevahianthe rest, but the Pierre Shale is
not, allowing us to conclude that the geologic category may have somegoraodation with
elevation. Histograms of the elevationslof inventory landslides within each category, as well

as the Pierre Shale elevations are found in FiguresAA.9 on pages 545.
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Table 4.4Landslide density per square kilometer

Geologic Formation Area (square | Landslide Density per
Formation kilometers) square kilometer
Pierre ShaléKp) 26.96 4.67
Pediment Gravel 2 3.76 17.55
(Q92
Dakota Sandstone 1.99 20.10
(Kdp)
Pi kebds Pe 33.8 0.80
(Ypp)
Morrison Formation 1.21 19.01
(Imp
Dawson Formation 3.61 4.16
FaciesUnit 1
(Tkda)
Pediment Gravel 3 0.49 28.57
(Qg3
Upper part of 2.47 5.26
Dawson Arkose
(Tdu)
Dawson Formation 1.15 11.30
Facies Unit 3
(Tkda3
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Table 4.9Mean elevations for geology categories and the Pierre Shale

Geologic Category, Mean Elevation (ft)
1 7647
2 6077
3 6809
4 5787
Kp 6162

Additionally, when looking at the mapdlodels 1, 2, 4and 6show a lighter shade of
green in the top center of the mapslicating lower susceptibilityThis abrupt change is located
only within the boundary of the Monument Quadrangleas Tould likely be an edge matching
issue with the geologic mad3ue to ths, this area could have a higher susceptibility than what
is mapped. Modsl3 and 5which do not use geology as an in@rgthe only map without this

lighter shade of green at the top.

4.1  Curvature, Elevation, Slope, TWI, Geology Results (Model 1)

The inputs of curvature, elevation, slope, TWI, and geology produced a model that was
used to create a landslide susceptibility nféigyre4.1). The ROC curve results (Figure 412
page s hows an AUC of 0.9535. Wi t the nmostpriorgizeadno d e | 0 s
parameter was TWI, then geology, curvature, and elevation being the least pricFitieed.
natural breaks for the susceptibility classes are in Tabledpgige 3. The landslide

susceptibility map generated from this model can be seEigure 44 on page 2.

Regression Equation
P(1) = exp(¥')/(1 + exp(Y"))
¥' = 911 - 0.6788 Curvature - 0.000742 Elevation + 0.0572 Slope - 1.590 TWI + 0.899 Geclogy

Figure4.1Regression equation Model 1.
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Receiver Operating Characteristic (ROC) Curve
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Figure4.2ROC curve results for Model 1.

Table 4.6Natural Breaks in susceptibility calculation for Model 1

Susceptibility Classification Natural Break (Upper Value)
Low 00.078
Low- Moderate 008 2
Moderate 005 5
ModerateHigh 003 8
High 01.0
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El Paso County Landslide Susceptibility Map:
Curvature, Elevation, Slope, TWI, Geology
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Figure 4.3The final landslide susceptibility map for Model 1.
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4.2  Slope and Geology ResultéModel 2)

The slope and geology model (Figure 4.4) produced an AUC of 0.924#@ &OC curve
(Figure45) . The model 6s regression equation favore
susceptibility map shown in Figuretdon page 2. The natural breaks for the susceptibility

classes are in Table7on page &

Regression Equation
P(1) = explY" /(1 + exp(¥)
¥' = -5.073 + 0.11417 Slope + 1.0194 Geology

Figure 4.4Regression equation for Model 2.
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Figure 4.5ROC curve results for Model 2.
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Table 4.7Natural Breaks for Model.2

Susceptibility Classification Natural Break (Upper Value)
Low O0. 14
Low- Moderate 001 3
Moderate 003 5
ModerateHigh 00. 78
High QL.0
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El Paso County Landslide Susceptibility Map:
Slope and Geology
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Figure4.6 The landslide susceptibility map generated fidodel 2.
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4.3  Curvature, Elevation, SlopeResults (Model 3)

The curvature, elevation, and slope model (Figure 4.7) generated an AUC of 0.9321 from
the ROC curve (Figure 4.8). Thisodel produced a regression equation that favored curvature,
followed by slope then elevation. The natural breaks for the susceptibility classes are in Table
4.80n page 2. The landslide susceptibility map generated from this model is shown in Figure
4.90n page30.

Regression Equation
P(1} = expl¥')/(1 + exp(¥)

¥' = 5106 - 0.3126 Curvature - 0.001404 Elevation + 0.1677 Slope

Figure 4.7Regression equation for Model 3.
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Figure 4.8ROC curve results for Model 3.
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Table 4.8Natural Breaks for Model.3

Susceptibility Classification

Natural Break (Upper Value)

Low 001 1
Low- Moderate 00. 25
Moderate 00. 49
ModerateHigh O @0
High 01.0
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El Paso County Landslide Susceptibility Map:
Curvature, Elevation, Slope
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Figure 4.9The landslide susceptibility map for Model 3.
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4.4  Curvature, TWI, Geology Results (Model 4)

The curvature, TWI, and geology model (Figure 4.10) had an AUC of 0.9468 as shown

on the ROC curve in Figude11. This model produced a regression equation which favored

TWI. The second favorable parameter was geology, followed by curvature. The natural breaks

for the susceptibility classes are in Table@h%age 3. This model was used to generate a

landslidesusceptibility map shown in Figure 4.@8 page 3.

Regression Equation
P(1) = exp¥')/(1 + expl(¥"))

¥' = 7.344 - 0.7773 Curvature - 2072 TWI + 1.148 Geology

Figure 4.1(Regression equation for Model 4.
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Figure 4.11ROC curve results from Model 4.
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Table 4.9\atural Breaks for Model 4

Susceptibility Classification

Natural Break (Upper Value)

Low O 110
Low- Moderate 001 3
Moderate 003 5
ModerateHigh 00. 81
High 01.0
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El Paso County Landslide Susceptibility Map:
Curvature, TWI, Geology
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Figure 4.12The landslide susceptibility map generated from Model 4.
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4.5 Slope and Elevation Results (Model 5)
The slope and geology model (Fig4ré&3) produced an AUC of 0.9293 on the ROC
curve (Figure 4.14). The model 6s regression

landslide susceptibility map shown in Figure 4olbpage 8. The natural breaks for the

susceptibility classes ane Table 4.1®n page 8.

Regression Equation
P(1) = exp(Y)/(1+exp(Y"))
Y' = 4653 -0.001375 Elevation + 0.1700 Slope

Figure 4.13The regression equation for Model 5
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Figure 4.14The ROC curve for Model 5
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Table 4.10Natural Breaks for Model 5

Susceptibility Classification

Natural Break (Upper Value)

Low 00.10

Low- Moderate 00. 25

Moderate 00.50
ModerateHigh O @0
High aL.0
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El Paso County Landslide Susceptibility Map:
Slope and Elevation

Esri, MASA, NGA, USGS
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Figure 4.15The landslide susceptibility map for Model 5
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4.6 TWI and Geology Results (Model 6)

The slope and geology model (Figure 4.16) produced an AUC of 0.9249 on the ROC

curve (Figure 4.17). Tmodel 6s regr essi on

equati on

landslide susceptibility map shown in Figure 4ol8page 9. The natural breaks for the

susceptibility classes are in Table 4dilpage 8.

Regression Equation
exp(Y)/(1 + exp(Y")
4.512 - 2.397 TWI + 0.828 Geology

P(1) =
YI =

Figure 4.16The regression equation fbtodel 6
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Figure 4.17The ROC curve for Model 6
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Table 4.1INatural Breaks for Model 6

Susceptibility Classification

Natural Break (Upper Value)

Low 00 .905
Low- Moderate 001 2
Moderate O M2
ModerateHigh 00.67
High aL.0
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El Paso County Landslide Susceptibility Map:
TWI and Geology

Esri, MASA, NGA, USGS
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Figure 4.18Thelandslide susceptibility map for Model 6
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CHAPTERS

DISCUSSION AND CONCLUSIONS

51 Discussion

The AUC derived from the ROC must be at least 0.75 or above to be considered an ideal
and accurate model (see similar thresholdShoi et al., 2012; Schicker and Moon, 2012;
Devkota et al., 2013; Althuwayneeadt, 2014; Nourani et al., 2014; Regmi bf 2014; Umar et
al., 2014; Chen et al., 2016; Zhangkt 2016; Zezere, et al., 201Southerland, 2017; Crawfrd

et al., 2021). The AUCs for these six maps are above this minimal threshold.

The parameters removed from the original list of predict@n® terrain roughness, plan
curvature, and aspect based on their p values being greater than 0.05. The parameters that were
retained (slope, elevation, curvature, geology, TWI) showed p values less than 0.05, indicating

that their predictive capacity wasifficiently strong to include in the models.

The validation of Models-b showed that the landslides in the test area are dominantly
underlain by high and moderatégh susceptibility classifications. Models 1 and 5 had the most
amount of landslides ithe high susceptibility category. Models 2, 3, and 4 had most landslides
in the moderatehigh susceptibility category, with several falling into the moderate and high
categories. Model 6 was the only model that had poor results from this analysis, with no
landslides in the high susceptibility, 4 in the moderaigh susceptibility, and the rest in the

lower three susceptibilities.

Figures 5.15.6 are largescale sections of the six modeled susceptibility maps with the
blue polygons showing locations afnidslides in the inventory. Model 1, in Figure &rilpage
41 shows a poor resolution, with a lot of noise. Model 2, shown in Figurenbpage 4, has a
better resolution and detail with no noise. Model 3 in Figur@b.Bage 2 shows less noise
than Malel 1 but still has poor resolution. Figure brtpage 2, which is Model 4, shows less
resolution than Model 1, and shows more noise as well. Model 5, Figuoe Hdge 8, shows
more detail than Model 2 with a similar resolution and no noise. Modiey6re 5.6on paget3,

shows poor resolution and enhanced noise like Models 1, 3, and 4.
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Figure 54 A portion of the landslide inventory over Model 5.
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Figure 5.5A portion of the landslide inventory over Model 5

Figure 5.6A portion of the landslide inventory over Model 6.
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The likely cause of the lowesolution and noise is the addition of curvature and TWI as
parameters. Curvature is defined as the second derivative of slope, and as each derivative is
taken, the model generates more noise that displays as poor resolution in the map. Maps 2 and 5,
which do not have curvature, have higher resolutions and less noise. Model 6, which uses TWI,
also has low resolution. This is likely because the steps to generate the TWI layer produced noise
as well. The equation to calculate TWI is shown in Table 3.1, an@duation requires multiple
steps in ArcPro, including converting the slope units from degrees to radians and generating a
flow accumulation layer. The slope conversion and the flow accumulation layer make several
assumptions while being produced. Theuamsptions and calculation steps could be the cause of

the noise in the final map

All the models agree that the western portion of the county, where the Front Range
mountains begin, has a moderdigh to high landslide susceptibility. They algree that the
eastern portion is primarily low to lewunoderate susceptibility. Additionally, they also all agree
that the lower central portion is lemoderate to moderatagh. The models disagree on a
smaller scale, with some models showing one highene lower susceptibility ranking as
compared to the group of other models. Overall, the models have predictive parameters that
show high susceptibility where there are mapped landslides. The only exception is Model 6
which shows little to no high or mecate high susceptibility anywhere on the map. Because of
this, it is determined that there were not enough predictive parameters for this model, making

just TWI and geology not an effective combination for landslide prediction in this area.

Areas whereltere are no landslides, but are still in the high susceptibility area, can be
considered as false positives. These false positives occur along areas of higher slopes, such as the
mountains in the western portion of the county. In this area, the primdoggefmrmation is
the Pikes Peak Granite, which has a few landslide occurrences over its large area. The density of
the landslides for this formation were low, meaning that it is not a problematic area for
landslides. Additionally, areas along stream cleds also have false positives, likely because
these channels are steeper than the surrounding topography, but this steepness is not adequately

captured by the 1m DEM resamples to 10m.

The landslide density gives an idea about how problematic a certdgggdormation is

by normalizing the number of landslides in each area of the formation. The results of this
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analysis confirmed that some formations have a high density of landslides and are more

susceptible than others, such as Pediment Gravels 2 Brattk@a Sandstone, Morrison

Formation, and Facies Unit 3 of the Dawson Formation. The Pierre Shale is known to be the

most problematic formation for producing landslides, but it has a low density, so its reputation

comes from the large area itcoversandnobecause it is the most sus
Granite (Ypp) also takes up a large area, but it has an even lower density than the Pierre Shale,

So it represents a much less susceptible formation.

When looking at the average elevations ofghelogic categories, all four of the
geologic categories have different mean elevations, indicating that elevation and geology could
have some correlation, although the differences did not progress evenly with the category
numbers. Category 1 was the highelevation, on average, but the next highest was Category 3,
then 2, then 4. The mean elevation of the Pierre Shale, which is a subset of Category 4, lies
between Categories 2 and 4. Figurednage 8 shows the areas encompassed by each of the
geologdc categories with the landslide inventory superimposed. Category 1, the least problematic
category, includes mountainous areas, as well as some areas in the northern portion of the
county. The landslides in the inventory have little overlap with thigoageand the ones that do
are from the Pikebs Peak Granite. Category 2
the mountains in the western portion, areas in the northern portion, and the Pierre Shale, which is
the primary gap in the southeast@nd central portions. A small number of landslides overlap
with this category. Category 3 had the least number of formations but did include many of the

landslides in the inventory, especially those on the eastern slope of the mountains. Category 4,
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themost problematic category, primarily had the Pierre Shale and the eastern slope of the

mountains. This category overlapped with the largest number of landslides in the inventory.
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Figure 5.7The Geologic Classifications locations. Ndtat the pink polygons are the categories
each image shows its category number (1, 2, 3, or 4).

The landslide susceptibility maps produced from this project aim to serve the entirety of
El Paso County, as well as previously mapped Colorado Springs,ettiéh busceptibility data
to predict when landslides will occur. As discussed in the introduction, a landslide susceptibility
map was produced in 2003 by the Colorado Geological Survey for Colorado Springs. This map
outlined susceptible areas. When commathese susceptible areas to the hsulsceptibility
areas generated from this project (Figuredh$age 4), it is seen that the areas that were

susceptible to landslides in 2003 are under the-lsgéceptibility classification for these maps.
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