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Abstract. Hurricane Maria induced about 70 000 landslides
throughout Puerto Rico, USA, including thousands each
in three municipalities situated in Puerto Rico’s rugged
Cordillera Central range. By combining a nonlinear soil-
depth model, presumed wettest-case pore pressures, and
quasi-three-dimensional (3D) slope-stability analysis, we de-
veloped a landslide susceptibility map that has very good
performance and continuous susceptibility zones having
smooth, buffered boundaries. Our landslide susceptibility
map enables assessment of potential ground-failure loca-
tions and their use as landslide sources in a companion as-
sessment of inundation and debris-flow runout. The quasi-
3D factor of safety, F3, showed strong inverse correla-
tion to landslide density (high density at low F3). Area
under the curve (AUC) of true positive rate (TPR) ver-
sus false positive rate (FPR) indicated success of F3 in
identifying head-scarp points (AUC =0.84) and source-area
polygons (0.85 < AUC < 0.88). The susceptibility zones en-
close specific percentages of observed landslides. Thus, zone
boundaries use successive F3 levels for increasing TPR of
landslide head-scarp points, with zones bounded by F3 at
TPR =0.75, very high; F3 at TPR =0.90, high; and the re-
mainder moderate to low. The very high susceptibility zone,
with 118 landslides km_z, covered 23 % of the three munici-
palities. The high zone (51 landslides km~2) covered another
10 %.

1 Introduction

Landslide susceptibility maps are widely used to mitigate the
major hazards landslides pose to people, public and private
property, lifelines, utilities, and businesses. Reliable appli-
cation of physically based models to landslide susceptibility
assessment has been intensively researched since the 1990s.
Many models and computer codes for such assessments ex-
ist (Montgomery and Dietrich, 1994; Wu and Sidle, 1995;
Pack et al., 1998; Simoni et al., 2008; Baum et al., 2010;
Arnone et al., 2011; Rossi et al., 2013). Nevertheless, several
scientific and technical challenges complicate the application
of these models over large areas. These challenges exist, in
part, because many geological, hydrological, and geotechni-
cal details of the subsurface remain unknowable except at
points of direct observation. Among others, the subsurface
knowledge gaps include (1) relationships between soil thick-
ness and shallow landslide depth, (2) model parameter spa-
tial distribution and variability, (3) pore pressure and effec-
tive stress distributions, and (4) landslide failure modes. Re-
search has made much progress in addressing these knowl-
edge gaps. For example, many physically based and empiri-
cal soil-depth models are available (Roering, 2008; Pelletier
and Rasmussen, 2009; Ho et al., 2012; Catani et al., 2010;
Nicétina et al., 2011; Gomes et al., 2016; Patton et al., 2018;
Yan et al., 2021; Xiao et al., 2023), making it possible to esti-
mate the field distribution of soil depth in landslide prone ar-
eas (Godt et al., 2008a; Segoni et al., 2009; Ho et al., 2012).
Some studies have combined field or laboratory measured
properties with mapped lithologic characteristics and statis-
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tical analysis to describe the spatial distribution of soil prop-
erties (Godt et al., 2008b; Tofani et al., 2017). Many other
studies have applied probabilistic approaches successfully to
address parameter uncertainty and improve accuracy of phys-
ically based modeling of landslide susceptibility (Raia et al.,
2014; Zieher et al., 2017; Canli et al., 2018; Palacio Cordoba
et al., 2020; Wang et al., 2020; Medina et al., 2021). Despite
these advances, accurate assessment of landslide susceptibil-
ity using physically based methods remains difficult.

Most physically based landslide susceptibility models
have relied on the one-dimensional (1D) infinite-slope anal-
ysis to model slope stability. This approximation is suitable
for representing shallow landslides in raster-based topogra-
phy where the resolution (grid-cell spacing) is tens of me-
ters. However, applying the 1D analysis to high-resolution
(a few meters or less) topography violates the 1D assump-
tions of laterally uniform stress and a planar failure surface.
A few spatially distributed three-dimensional (3D) (Mergili
et al., 2014a, b; Reid et al., 2015) and quasi-3D (von Ruette
et al., 2013; Milledge et al., 2015) methods have become
available to overcome limitations of the 1D analysis. In the
quasi-3D method of von Ruette et al. (2013), soil columns
interact with their neighbors and load is redistributed when
driving forces at the base of a column exceed basal strength.
Milledge et al. (2015) used a search algorithm to identify
patches of potentially unstable grid cells by assuming driv-
ing forces acting on a group of cells exceed the resisting
forces at the group’s margins and that cell groups act as
rigid blocks with a failure surface at the soil-bedrock inter-
face. Mergili et al. (2014a, b) assumed 3D landslide geome-
try based on ellipsoidal failure surfaces and used Hovland’s
(1977) force-equilibrium method to analyze stability across
a digital landscape. Reid et al. (2015) used spherical trial
surfaces with moment-equilibrium analysis methods, which
tend to be more accurate than methods based on force equi-
librium alone.

The main objective of this work is to produce integrated
maps of potential landslide initiation and inundation areas.
Secondary objectives are to integrate soil-depth modeling,
consideration of parameter variability, and quasi-3D slope
stability analysis into our assessments. Our approach to soil-
depth modeling achieves a good compromise between swift,
simple methods (constant depth or simple empirical meth-
ods, such as DeRose et al., 1991), and the most complicated
and computationally intensive (Xiao et al., 2023). Likewise,
this is valid for our quasi-3D slope stability analysis. Al-
though much progress has been made in methods for assess-
ing landslide susceptibility (e.g., Carrara et al., 1999; Chung
and Fabbri, 2003; Lee et al., 2003; Godt et al., 2008b; Baum
et al., 2014; Canli et al., 2018) as well as debris-flow inun-
dation (George and Iverson, 2014; Reid et al., 2016; Aaron
et al., 2017; Bessette-Kirton et al., 2019b), combining these
two types of assessments into a single map for an area of
hundreds of square kilometers remains challenging (Ellen
et al., 1993; Benda et al., 2007; Fan et al., 2017; Hsu and
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Liu, 2019; Mergili et al., 2019). As noted previously, one of
the challenges is estimating potential source-area extent and
depth. We addressed this challenge by modeling soil depth
and using it to approximate potential source-area depth in
1D and quasi-3D slope stability models for use in assessing
regional shallow-landslide susceptibility. Such an approach
helps ensure that the susceptibility model accounts for vari-
able failure depth across the landscape and that predicted
areas of potential landslide sources are acceptable for use
in assessing debris-flow inundation. We compared results of
several soil-depth models to find the one that performed the
best in our study area. The quasi-3D model uses a simpli-
fied limit-equilibrium analysis to estimate the stability of a
slab- or goldpan-shaped trial landslide. Another challenge is
establishing meaningful susceptibility categories, which we
addressed by delimiting the categories at quasi-3D factor of
safety values, F3, that enclose specific percentages of land-
slide sources, rather than relying on theoretical or arbitrary
factor of safety values to delimit the categories. By show-
ing similar outcomes (areas that capture specific percentages
of observed landslides), maps based on this approach are di-
rectly comparable to each other.

In the aftermath of Hurricane Maria, the U.S. Geological
Survey (USGS) began working with local partners to conduct
detailed assessments of landslide and debris-flow hazards,
both island-wide (Bessette-Kirton et al., 2017; Hughes and
Schulz, 2020a, b) and more locally (this study) for three im-
pacted municipalities (Lares Municipio, Utuado Municipio,
and Naranjito Municipio) in the central mountains of Puerto
Rico (Fig. 1). These municipalities were an ideal location for
testing and developing methods for such assessments. Here
we describe the landslide initiation (source area) part of a
landslide susceptibility assessment for these municipalities.
Estimating landslide initiation potential is part of a larger ef-
fort (in progress; Brien et al., 2021) to estimate overall hazard
from (1) landslide initiation (ground failure), (2) landslide
runout, and (3) debris-flow inundation from future extreme
rainfall, including tropical cyclones (hurricanes), as well as
localized storms expected to impact these areas of Puerto
Rico.

In the following sections, we describe characteristics of
the study areas, summarize our methods and results, and
discuss advantages, limitations, and implications of our ap-
proach. First, we describe the setting, geology, and landslides
of Puerto Rico including details specific to the study areas.
Then we describe the available topographic and geotechni-
cal data followed by a description of the workflow for as-
sessing landslide susceptibility. Next, we describe our meth-
ods for modeling soil depth, pressure head, and slope sta-
bility along with procedures for model calibration and de-
tails of how the calibrated models were applied to and eval-
uated for our study areas. Then we present results of the
calibration, soil-depth modeling, 1D and quasi-3D stability
analyses, and the evaluation and validation of the suscepti-
bility analysis. These results were obtained using pre-event
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Figure 1. Geologic map showing municipality boundaries, study areas, calibration areas, and major lithologies (geologic terranes) for the
main island of Puerto Rico. Simplified from Bawiec (1998) by combining submarine volcaniclastic rocks of various ages into a single
map unit. Primary landslide-prone lithologies indicated by an asterisk in map explanation. Municipality boundaries of Lares, Utuado, and
Naranjito define study areas. Digital elevation models covering the study areas were divided into five smaller tiles. Extent of Afiasco (ANA),
Lares (LAR), Utuado (UTU), and Naranjito (NAR) calibration areas from landslide inventories by Bessette-Kirton et al. (2019¢, 2020).
(a) Overview of entire island, (b) details of Lares and Utuado study areas including outlines of areas of detailed landslide mapping in Utuado
(UTU2, Einbund et al., 2021a) and Lares (LAR2, Einbund et al., 2021b), (c) details of Naranjito study area.
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light detection and ranging (lidar) bare-earth digital elevation
models (DEM) (U.S. Geological Survey, 2018). The DEMs,
with uniformly spaced elevation values, were created from
ground returns of lidar point clouds. DEMs are known in
some countries as digital terrain models, a term with two
definitions; throughout this paper we use DEM to avoid am-
biguity (Heidemann, 2018). We reran our models using cali-
brated input parameters and post-event lidar (U.S. Geological
Survey 2020a, b, c) to estimate susceptibility to future land-
slides. We finish by discussing strengths and limitations of
our approach as well as some unexpected findings and ways
to simplify the workflow for application to areas where lim-
ited data are available.

2 Study area

Puerto Rico is a US territory and lies at the east end of the
Greater Antilles island chain in the Caribbean Sea (Fig. 1).
The main island is characterized by rugged topography and
covers an area of 8750 km?. The study areas and calibration
areas lie in the east-west-trending Cordillera Central range,
which spans most of the island. The range exceeds eleva-
tions of 900 m at many places, and its highest peak reaches
an elevation of 1340 m. Coastal plains and broad lowlands
ring most of the island. Ongoing tectonic uplift is one of the
main factors creating the rugged topography across the island
(Taggart and Joyce, 1991). Warm temperatures, high rainfall,
and humidity contribute to deep weathering and widespread
saprolite formation (Murphy et al., 2012).

This study was conducted in stages between 2018 and
2022 and involved three study areas as well as calibration
areas, study-area tiles, and validation areas. We define these
here to help the reader comprehend how our presentation of
the study is organized. The study areas comprise three mu-
nicipalities, Lares Municipio, Utuado Municipio, and Naran-
jito Municipio, and are the focus of our landslide initiation
susceptibility maps (Figs. S1 and S2 in the Supplement;
Baum et al., 2023). These municipalities were chosen be-
cause they were severely impacted by Hurricane Maria land-
slides and to help manage their future growth and develop-
ment. We enclosed the Lares and Utuado study areas in four
overlapping rectangles and enclosed Naranjito Municipio in
a fifth, separate rectangle (Fig. la, b, and c). The rectan-
gles extend beyond the drainage divides of basins that strad-
dle municipality boundaries. The rectangles delimit overlap-
ping tiles of the DEM used in the susceptibility analysis.
These DEM tiles helped keep file sizes (6 gigabytes or less
for ASCII input and output grids) manageable and overlap
ensured that edge effects would not degrade soil-depth or
slope-stability computations. The extended boundaries en-
sured that landslide runout and debris-flow inundation mod-
els (Brien et al., 2021) would not be impeded by munici-
pality boundaries or other artificial barriers. The calibration
areas (Fig. 1) were placed in distinct geologic terranes where
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high concentrations of landslides had occurred. Previous de-
tailed mapping and characterization (Bessette-Kirton et al.,
2019c¢, 2020) and field studies (Baum et al., 2018) in these
areas provided data for testing and calibrating soil-depth and
slope-stability models (Tello, 2020). From east to west, each
2km? calibration area was named for a nearby city: Afiasco
(ANA), Lares (LAR), Utuado (UTU), and Naranjito (NAR).
Although ANA is about 15 km west of the study areas, it was
included to provide additional calibration data in an area of
high landslide density for submarine volcaniclastic litholo-
gies because sufficient data were not available at NAR. Soils,
land cover, and other characteristics (besides bedrock lithol-
ogy) that influence landslide susceptibility vary between the
four calibration areas (Bessette-Kirton et al., 2020; Hughes
and Schulz, 2020a, b). We used six additional areas of de-
tailed mapping (Einbund et al., 2021a, b) to help evaluate the
final maps. These validation areas are designated LAR2 and
UTU2, and each includes three rectangular areas of detailed
landslide mapping (Fig. 1b). We combined detailed source
area mapping of NAR (Baxstrom et al., 2021a) and UTU
(Einbund et al., 2021a) with that in LAR2 and UTU?2 for the
validation.

2.1 Geology and soils

Heavily faulted basement rocks, consisting mainly of
oceanic crust, volcaniclastic, and intrusive rocks, underlie
the Cordillera Central range (Jolly et al., 1998). A cover se-
quence of carbonates and associated clastic sediments un-
conformably overlies the basement complex. The carbon-
ates have weathered to form tropical karst in the lowlands
north of the range (Monroe, 1976). Bawiec (1998) general-
ized the geology of Puerto Rico into 12 geologic terranes
having related rock types. We have simplified the terranes
slightly for purposes of this study (Fig. 1). Soil mapping
and databases published by the U.S. Department of Agricul-
ture’s Natural Resources Conservation Service (NRCS) indi-
cate a wide range in the textures (particle-size distributions)
and hydraulic properties of soils in the study areas (Soil Sur-
vey Staff, 2018). Most hillside soils have developed by in-
place chemical weathering of underlying bedrock or saprolite
and locally derived colluvium. Despite the steep slopes, in
many places the upper few meters of bedrock have weathered
to saprolite (e.g., Jibson, 1989; Larsen and Torres-Sanchez,
1992).

2.2 Landslides

Heavy rainfall from Hurricane Maria during September 2017
produced tens of thousands of landslides on the main island
of Puerto Rico, USA (Bessette-Kirton et al., 2017, 2019a;
Hughes et al., 2019). Shallow, translational failures in soil
or saprolite, from decimeters to a few meters deep, were the
most common landslides. Deeper (up to 30 m) complex fail-
ures in soil, saprolite, and rock, as well as rock falls and rock
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Figure 2. Photographs depicting source areas of shallow land-
slides in (a) volcaniclastic terrane (photograph by Corina Cerovski-
Darriau, U.S. Geological Survey, May 2018, public domain) and
(b) granitoid terrane 1 month after Hurricane Maria (photograph by
William Schulz, U.S. Geological Survey, October 2017, public do-
main).

slides, also occurred (Bessette-Kirton et al., 2017). Many
landslides transformed into debris flows that commonly coa-
lesced and flowed down channels. Landslides caused fatali-
ties as well as widespread damage to homes, roads, and other
infrastructure.

Recent and historical studies described and characterized
Puerto Rico’s rainfall-induced landslides. Published studies
of past landslides characterized rainfall-induced landslides in
southern and eastern parts of Puerto Rico (Jibson, 1989; Si-
mon et al., 1990; Larsen and Torres-Sanchez, 1992, 1998;
Pando et al., 2005; Larsen, 2012). Several post-Hurricane
Maria studies documented dimensional, geologic, and topo-
graphic characteristics of landslide sources in 10 represen-
tative areas of high landslide density within and near the
municipality study areas (Fig. 1): Baum et al. (2018) con-
ducted field studies and measurements (Fig. 2), and Bessette-
Kirton et al. (2019c) later mapped landslides using post-event
aerial photography in the four areas denoted as ANA, LAR,
NAR, and UTU (Fig. 1a). U.S. Geological Survey staff later
remapped NAR (Baxstrom et al., 2021a), remapped UTU
(Einbund et al., 2021a), and mapped six additional areas
(UTU2 and LAR?2, Fig. 1b) near UTU and LAR (Einbund
et al., 2021a, b). Schulz et al. (2023) expanded on earlier
field studies of Baum et al. (2018). Data from some of these
studies supported recent analyses of landslide susceptibility
(Bessette-Kirton et al., 2019a; Hughes and Schulz, 2020a)
and runout characteristics (Bessette-Kirton et al., 2020).

The post-Hurricane Maria studies cited above indicated
that most source areas were fully evacuated, and shallow
translational slides appear to be the most common type of
movement prior to transforming to debris flows. Neverthe-
less, source area shapes were consistent with translational,
rotational, or complex movement. Source areas exposed soil,
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saprolite, and bedrock (Fig. 2). Soil matrix textures ranged
from sand to clay; clast content increased with depth. Differ-
ences between the landslide source sizes and depths within
the different terranes (Fig. 3) seem consistent with their dif-
ferent lithologies and depth of weathering (volcaniclastic
rocks, weathered volcanic rocks, granitic pluton).

Figure 3 summarizes landslide dimensions obtained from
the post-Hurricane Maria studies for the three main geologic
terranes in the study areas (Fig. 1). The field measurements
(using laser range finder, tape, and clinometer; Baum et al.,
2018), though biased by purposely including several large
landslides (1500—-6600 m?), represent the range of sizes of
Hurricane Maria landslide sources. Mapping from imagery
(Baxstrom et al., 2021a; Einbund et al., 2021a, b) included
all landslides visible in the imagery of several 2.5 km? target
areas and represents typical dimensions of landslides trig-
gered by the hurricane on uplands and valley side slopes.
Most landslide sources had lengths and widths less than 10—
15 m, with median mapped length and width among the dif-
ferent samples in Fig. 3a and b ranging from 6.5 to 9m.
Many landslide sources have areas less than 100m? (me-
dian mapped areas range from 42 to 64m? for the differ-
ent terranes), and very few have areas greater than 1000 m>
(Fig. 3c). Although landslides occurred on a wide range
of slope angles, most occurred on slopes between 30° and
50° (Fig. 3d). Median DEM-derived mean slope angles of
mapped landslide sources were 37-39° (Fig. 3d). Depths
computed by differencing pre-event and post-event lidar ele-
vation data (Baxstrom et al., 2021a; Einbund et al., 2021a, b)
have significant uncertainty because 14 %—19 % of the land-
slide sources had mean and median elevation differences in-
dicating net gain of material (Fig. 3e). In addition, undis-
turbed areas outside the landslide polygons showed eleva-
tion differences that varied horizontally, consistent with in-
adequate swath adjustment in the pre- and post-event lidar
point clouds. Data needed to correct the resulting mismatch
between pre- and post-event lidar were unavailable. How-
ever, it seems unlikely that any of the mapped landslides had
a mean depth much greater than 5.8 m (the span between the
greatest elevation loss and gain, MVC/LAR?2, Fig. 3e). Rare,
large landslides had depths as great as 25 m according to field
measurements (Fig. 3e).

Puerto Rico’s complex geology (Fig. 1), tropical soils,
rugged terrain, land use, and land cover exert strong in-
fluences on landslide susceptibility. Lepore et al. (2012) in
an island-wide assessment using frequency ratio and logis-
tic regression concluded that aspect, slope, elevation, geo-
logical discontinuities, and geology were “highly significant
landslide-inducing factors™; land cover and distance from
roads were also significant. Bessette-Kirton et al. (2019a)
showed that antecedent soil moisture was statistically cor-
related to densities of Hurricane Maria-induced landslides
and found that high landslide densities were “especially
widespread across some geologic formations”, although the
degree to which rainfall characteristics resulted in this cor-
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Figure 3. Box plots summarizing landslide source dimensions obtained for three geologic terranes by field studies of 107 landslides (gray,
Baum et al., 2018) and by mapping 3440 landslides from aerial imagery and lidar-derived digital elevation models (white, Baxstrom, 2021a;
Einbund, 2021a, b). (a) Width, (b) length, (c¢) plan-view area calculated directly by geographic information system for mapped polygons and
estimated from field measurements as an ellipse and projected to the horizontal, = x (length x width x cos (slope angle))/4, (d) mean slope
angle, and (e) mean landslide source depths. Outliers of width, length, and area not shown to keep 25 %, 50 %, and 75 % quartiles legible;
box length = interquartile range (IQR), whiskers = 1.5 x IQR. Locations (as shown in Fig. 1): ANA, Afiasco; LAR, Lares; LAR2, Lares
(Einbund et al., 2021b); UTU, Utuado; UTU2, Utuado (Einbund et al., 2021b, includes UTU); NAR, Naranjito (remapped by Baxstrom et

al., 2021a).

relation remained unclear. In a later post-Hurricane Maria,
island-wide assessment using the frequency ratio method,
Hughes and Schulz (2020a) found after accounting for the ef-
fects of soil moisture, there were strong correlations between
landslides and slope, curvature, geologic terrane, mean an-
nual precipitation, land cover, soil type, event soil moisture,
proximity to roads, and proximity to fluvial channels for the
Hurricane Maria event. Previous, more localized studies con-
sidered fewer geomorphic and geographic characteristics to
classify landslide susceptibility using empirical and statisti-
cal methods (Larsen and Parks, 1998; Larsen et al., 2004).
For example, Larsen and Parks (1998) classified landslide

Nat. Hazards Earth Syst. Sci., 24, 1579-1605, 2024

susceptibility of Comerio Municipality based on elevation,
slope, aspect, and land use. Our current study uses physics
based geotechnical models of slope stability to directly as-
sess topographic, geologic, and soil controls on landslide po-
tential and to indirectly assess effects of roads and land use
through their impacts on topography and surface drainage as
expressed in the DEM as local changes in the slope charac-
teristics.
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3 Methods and materials

To represent the aerial extent and depths of potential land-
slide source areas, we undertook a multistage process to
acquire data, characterize the landslides, calibrate param-
eters, and model potential landslide sources for both pre-
Hurricane Maria and post-Hurricane Maria digital topogra-
phy. In Fig. 4, bold capital letters mark the four main stages
of the study: (A) data acquisition and reduction, (B) calibra-
tion, (C) susceptibility modeling on pre-storm topography,
and (D) susceptibility modeling on post-storm topography.
Each stage comprises multiple steps; numbers in Fig. 4 iden-
tify the section describing each major step. Most results of
Stage A were published previously but are described briefly
in Sects. 2.2, 3.1, and 3.2 to provide context for this study.
Stages B, C, and D (Fig. 4) repeated four distinct model-
ing tasks: (1) soil depth, H, (2) pressure head, ¥, (3) 1D
factor of safety, F|, and (4) quasi-3D factor of safety, F3.
The landscapes of the calibration and study areas were rep-
resented digitally in the models as raster grids based on 1 m
resolution pre-event lidar-derived DEMs. Each grid cell rep-
resented a column of potential landslide material of vertical
depth, H, determined at soil-depth modeling steps of stages
B, C, and D (Fig. 4). Computed soil depth from these steps
became input for calculation of v (Fig. 4); then H and i be-
came inputs for computing F; (Fig. 4), and F3. Fy was used
primarily in evaluating soil-depth models and shear-strength
parameters for the calibration areas depicted in Fig. 1 using
receiver operating characteristic (ROC, Metz, 1978) analysis
(Fig. 4). During post-calibration slope-stability modeling of
the study areas, F; served as a rough check on the computed
value of F3. The following sections outline the major steps
depicted in Fig. 4.

3.1 Topographic surveys and data

In 2015 and 2016, the U.S. Geological Survey (2018) ac-
quired airborne lidar covering the entire main island of
Puerto Rico. These data were processed to create a 1 m reso-
lution bare-earth DEM. Referred to hereafter as pre-event li-
dar, these data were acquired roughly 1-2 years before Hurri-
cane Maria and constitute the best-available representation of
topographic conditions before the landslides associated with
the hurricane occurred. Available at the beginning of our in-
vestigation, the pre-event lidar-derived DEMs have formed
the topographic mainstay for U.S. Geological Survey studies
of these recent landslides. We used these data for calibration
and validation of our soil depth and slope stability models.
After Hurricane Maria, the U.S. Geological Survey (2020a,
b, ¢) acquired additional lidar data covering the entire island
in 2018. These data, referred to hereafter as post-event lidar,
constitute the (currently) best-available representation of to-
pographic conditions after the landslides and are useful for
assessing susceptibility to future landslides. The 0.5 m post-
event lidar DEMs were resampled to 1 m resolution for con-

https://doi.org/10.5194/nhess-24-1579-2024

sistency with the pre-event lidar DEMs and computational
efficiency of landslide susceptibility models. We used these
post-event DEMs to run our models (using the previously
calibrated and evaluated input parameters) to obtain our best
estimate of susceptibility to future landslides.

3.2 Engineering data compilation

Based on findings by Bessette-Kirton et al. (2019a) and
Hughes and Schulz (2020a, b) indicating strong correlation
between landslide density and both bedrock and soil type,
Baum (2021) compiled existing data on soil texture and en-
gineering properties to create typical values for model cal-
ibration. Four different sources yielded soil and (or) engi-
neering data: (1) published literature about past and recent
landslides in Puerto Rico (Sowers, 1971; Jibson, 1989; Si-
mon et al., 1990; Larsen and Torres-Sanchez, 1992, 1998;
Lepore et al., 2013; Thomas and Cerovski-Darriau, 2019),
(2) NRCS soil databases (Soil Survey Staff, 2018), (3) lab-
oratory testing (Smith et al., 2020), and (4) geotechnical re-
ports of recent landslides (Puerto Rico Department of Trans-
portation, personal communication, 2019). The NRCS soil
data and geotechnical reports were summarized in spread-
sheets and then analyzed to determine means, ranges, and
other basic statistics to characterize the properties of soils
and geologic formations found throughout the three munic-
ipalities (Baum and Lewis, 2023). The database compiled
from these sources and measured using various protocols,
though inhomogeneous, brackets the probable ranges of en-
gineering properties. Baum (2021) identified dominant soil
classes of the geologic terranes that had high landslide den-
sities (Fig. 1) and estimated expected ranges of soil strength
parameters, cohesion, ¢/, and angle of internal friction, ¢’,
both for effective stress based on dominant Unified Soil Clas-
sification System (ASTM International, 2020) types in each
terrane as follows: volcaniclastic, high-plasticity organic clay
(OH), ¢’ 17-35°, ¢’ 5-20kPa; submarine basalt and chert,
low-plasticity clay (CL) and high-plasticity silt (MH), ¢’ 27—
35°, ¢/ 5-20kPa; granitoid, low-plasticity clay (CL) and silty
sand (SM), ¢’ 27-41°, ¢’ 0-20kPa. Laboratory tests at low
normal stress (Smith et al., 2020), relevant to shallow land-
slides, indicate higher friction ranges: volcaniclastic, high-
plasticity silt (MH) to organic clay (OH), ¢’ 35-46°, ¢/ 0-
5.1 kPa; granitoid silty sand, ¢’ 35-54°, ¢’ 0.4-4.6 kPa.

3.3 Strength parameter analysis

Using 1D slope stability analysis, Baum (2021) estimated the
ranges of soil strength parameters ¢’ and ¢’ that explain the
largest number of field-observed landslide slope and depth
combinations in the calibration areas (Fig. 5). Computing
1D factor of safety using the infinite slope analysis (Taylor,
1948; Iverson, 2000), F, for 1440 possible incremental com-
binations of ¢’ and ¢’ over a synthetic grid in which slope
angle, §, and landslide depth, H, varied incrementally over
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Figure 4. Flow chart showing four major stages (enumerated by capital letters A, B, C, D) and steps of data acquisition, calibration, and
modeling leading to the map of landslide initiation susceptibility (susceptibility map, bottom of right column). Numbers (underlined, bold)
identify the corresponding sections where the steps and their outputs are described. The data acquisition stage (A, top) was performed at
scales ranging from island-wide to site-specific. The calibration stage (B, left column) was performed using digital elevation models of
roughly 2.5 km? areas where detailed mapping and fieldwork had been conducted (Fig. 1). Landslide source depths approximated soil depth
for soil-depth model calibration. The pre-Hurricane Maria (pre-storm) modeling stage (C, center column) was conducted using overlapping
DEM tiles (Fig. 1) derived from pre-Hurricane Maria lidar data (U.S. Geological Survey, 2018). The post-Hurricane Maria (post-storm)
modeling stage (for generating map of future landslide susceptibility, D, right column) used overlapping DEM tiles (Fig. 1) derived from
post-Hurricane Maria lidar data (U.S. Geological Survey, 2020a, b, c). Post-Hurricane Maria steps used identical input parameters to the
corresponding pre-Hurricane Maria steps. Chart symbols: light-blue rounded rectangles, terminals of each major stage; rectangles with bold
text, technical or computational processes; parallelograms with italic text, inputs or outputs; dashed lines, connections between outputs and
model inputs. Model outputs: H, soil depth; ¥, pressure head; Fy, 1D factor of safety; F3, quasi-3D factor of safety; TPR, true positive
rate; ROCs, receiver operating characteristics. Model input parameters: h(, characteristic soil depth, Hmax, maximum soil depth; ¢, critical
slope angle; Ry, diffusivity ratio; ¢, cohesion for effective stress; ¢’, angle of internal friction for effective stress; R, radius of quasi-3D trial
surface.

the observed ranges of slope (22—60°, in 0.5° increments), basal slip surface) and Fy < 1 for ¢ = Hcos>8 (water table
and depth (0.2-15m, in 0.1 m increments) produced Fj val- at the ground surface with slope-parallel flow). The example
ues for more than 1.9 x 107 combinations of H, &, ¢’, and depicted in Fig. 5 had an overall success rate of 93 % for its
¢'. The best-fitting ranges (dark red in Fig. 6) included com- ¢'-¢’ combination (¢’ =0.75 kPa and ' = 54°) in all three ge-
binations of H, 8, ¢’, and ¢/, where more than 75 % of ob- ologic terranes (Figs. 1, 5a). Compiling the performance of
served landslide scarp points were successfully predicted by every ¢'—¢’ pair considered in the analysis led to Fig. 6b, c,

F1>1 for ¢ =0 (dry, where ' is the pressure head at the and d, which showed the better-performing ranges of ¢’ and
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Figure 5. Results of strength parameter testing for observed combi-
nations of landslide slope and depth in three geologic terranes. Fac-
tor of safety, F|, results (indicated by color scale and contour lines)
for a selected combination of cohesion, ¢’(¢’ =0.75 kPa), and angle
of internal friction, ¢’ (¢ = 54°), both for effective stress. Two sce-
narios for pore-pressure head (m =0 and m = 1) are shown, where
m is the ratio of pressure head to soil depth. Symbols mark ob-
served slope angle and depth at mapped landslide sources in various
geologic terranes (Fig. 1). Factor of safety, F|, at slope and depth
combinations observed at marked landslide sources indicates model
success (F1 < 1 if m = 1) or failure (F| > 1 if m = 1). For the pair of
¢’ and ¢’ values shown, Fj > 1 for dry conditions (m = 0) at about
97 % of sources and F| > 1 at 4 % of sources for water table at the
ground surface with flow parallel to the slope (m =1). These pa-
rameters, ¢/ =0.75kPa and ¢’ =54°, had an overall success rate of
about 93 % (=97 %—4 %) for all three terranes (revised from Baum,
2021).

¢’ for the granitoid (Fig. 6b), volcaniclastic (Fig. 6¢), and
submarine basalt and chert (Fig. 6d) terranes, respectively.
Those combinations of ¢’ and ¢’ with success rates exceed-
ing 75 % were used as inputs for computing F; with trial
soil-depth maps in subsequent calibration studies to select a
single combination of ¢’ and ¢’ for computing F| in each
terrane.

3.4 Soil-depth model calibration

Field observations indicated that the base of most land-
slide sources occurred near the top of weathered bedrock
(Baum et al., 2018; Baum, 2021), so we chose soil depth as
a predictor of landslide source depth. We carried out soil-
depth estimation from DEMs using new open-source soft-
ware, REGOLITH (Baum et al., 2021), containing five em-
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pirical and four steady-state process-based soil-depth mod-
els implemented in a command-line program. Each model in
REGOLITH estimates soil depth from some combination of
topographic variables, including slope, upslope contributing
area, and curvature, as well as a few model parameters, such
as characteristic depth (the soil thickness at which bedrock
lowering falls to 1/e of its maximum value), hg [L]; crit-
ical slope (angle of stability at which the slope is capable
of transporting the entire soil profile by mass movement), &.
[degrees]; and the ratio of maximum bedrock lowering rate
to hillslope diffusivity, Ry. These parameters may vary with
conditions that influence soil formation, including bedrock
and climate. Predicted soil depth is treated as equivalent
to and defines column height, H, in subsequent modeling
steps. We modified steady-state process-based models (Pel-
letier and Rasmussen, 2009), which predict soil depth only
on convex topography, to estimate soil depths in both con-
cave and convex topography. We used a smoothing algorithm
available in REGOLITH to reduce abrupt changes in soil
depth that may result from DEM roughness. Further details
are available in the online documentation found in the code
repository (Baum et al., 2021). Our soil-depth, pressure head,
and slope-stability models treated roads, cut slopes, and em-
bankments the same as other areas.

Soil-depth model calibration proceeded first by fitting soil-
depth models to depth observations followed by checking
how the best-fitting models performed as input for comput-
ing F1 to predict landslide locations (see Sect. 3.5). Both cal-
ibration and checking made use of pre-event 1 m bare-earth
lidar digital elevation models for the four ~ 2 km? calibration
areas representing the dominant (three) geologic terranes af-
fected by landslides in the study areas (Fig. 1). Landslides
had previously been mapped (Bessette-Kirton et al., 2019¢)
and characterized (Baum et al., 2018) in these four calibra-
tion areas (Sect. 2.2, Fig. 3). Tello (2020) described the soil-
depth calibration procedures in detail, including parameter
ranges considered in the calibration. We summarize impor-
tant steps here: field-measured landslide scars on unmodified
hillsides (no obvious cut or fill) served as calibration points
for soil depth. Only about 7-8 such scars were available for
each calibration area. Tello (2020) adjusted the GPS location
of each calibration point to the center of its corresponding
landslide polygon mapped from imagery by Bessette-Kirton
et al. (2019¢). A 5m buffer around each point ensured ad-
equate sampling of model depths to be compared with the
field-measured maximum depth. Tello (2020) used a provi-
sional version of the soil-depth code, REGOLITH (Baum et
al., 2021), to model trial soil-depth distributions for the cali-
bration areas. Multiple runs to incrementally sample the pa-
rameter spaces of several different soil models implemented
in REGOLITH produced hundreds of trial soil depth grids
for each of the four calibration areas. Soil models tested in-
clude a linear area- and slope-dependent model (LASD) (Ho
etal., 2012) and modified forms of Pelletier and Rasmussen’s
(2009) models dependent on non-linear slope (NSD), area
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Figure 6. Fraction of field-measured landslide sources from the calibration areas (Baum et al., 2018) predicted correctly as a function of
cohesion, ¢/, and angle of internal friction, ¢’, for observed landslides in (a) all three terranes combined (modified from Baum, 2021); (b) the
volcaniclastic terrane; (c) the granitoid terrane; (d) the submarine basalt and chert terrane. Each pixel summarizes the net result of a pair
of analyses like that in Fig. 5. Pixel outlined by white rectangle in lower right corner of panels (a), (b), (¢), and (d) indicates combination
for analysis shown in Fig. 5. Pixel color and contours indicate true positive rate (TPR) of predictions for each cell. Factor of safety for
dry conditions is F,,—q; factor of safety for water table at ground surface with slope-parallel flow is Fy,,—. Each grid cell represents the
fraction (NFy,,—9 — NFy,,—1)/Nt, where NF,,,_¢ is the number of source areas for F; > 1, NF{,,—1 is the number of source areas for which

F1 > 1, and Ny is the number of source areas in the geologic terrane.

and slope (NASD), and slope and depth (NDSD). Testing
these against the field-measured landslide-scar maximum
depths resulted in optimized input parameters for each model
and area (Tello, 2020).

Tello (2020) used a range of statistical metrics identified
by Gupta et al. (2009) to determine predictive success of the
model outputs. Most important of these was the Euclidian
distance from the ideal point, ED. The ideal point is char-
acterized by perfect correlation between observed and sim-
ulated points and by perfect agreement between the means
and standard deviations of the observed and simulated point
distributions:

2
ED= /(-1 +@—12+B—1) ,

ey

where the ideal pointisatr =1, =1, 8 =1 so that ED =0.
The linear correlation coefficient, r, relative variability, o,
and the bias relative to the observed sample, 8, define the
ED in Eq. (1) (Gupta et al., 2009). In Eq. (1) the relative vari-
ability is the ratio of the standard deviation of the simulated
values, oy, to the standard deviation of the observed values,
0o (@ = 05/0,). Likewise, the bias is the ratio of mean of
the simulated values, i, to the mean of the observed values,
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Uo (B = s/Mo). The linear correlation coefficient, r, indi-
cates the quality of a least-squares fit of the simulated values
to the observed values, with » =1 indicating a perfect fit.
The model run having the lowest ED usually had the best
fit, unless ED > 1 (Tello, 2020). Where ED > 1, we chose
the model run with 8 closest to 1 so that the mean simulated
depth would be as close as possible to the mean of depth
observations (Gupta et al., 2009). The best-fit soil-depth dis-
tribution corresponded in turn to a best-fit parameter set for
each soil-depth model type. Comparison of best scores for
each model type identified the overall best fit of all models
tested.

3.5 Soil model evaluation and one-dimensional
slope-stability model calibration

To further evaluate the soil-depth modeling results and fin-
ish calibrating the slope-stability model, we computed ¢ and
F1 as implemented in TRIGRS (Baum et al., 2010; Alvioli
and Baum (2016a) for dry and steady saturated soil condi-
tions (Sects. S1 and S2) using the better performing soil-
depth models for each calibration area. Previously defined
better performing (true positive rate, TPR, > 75 %) ranges of
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¢" (38-60°) and ¢’ (0-4kPa) (Baum, 2021; Fig. 6b, c, d)
defined the parameter space for computing F; with a well-
performing subset of trial soil-depth distributions. In addi-
tion, we required F; > 11in 99.9 % of grid cells for v (H) =0
to ensure slope stability under dry conditions. Computing
F over the calibration areas using the best-fit distributions
for each soil-depth model type and ¢’ and ¢’ combinations
produced many F; grids. Receiver operator characteristic
(ROC) analysis (Metz, 1978; Fawcett, 2006; Begueria, 2006)
of these F grids against mapped landslide scarp points indi-
cated which combinations of trial soil-depth distribution and
strength parameters predicted the most observed landslides,
based on the area under the ROC curve. Using parameters
from the highest performing F; distribution, we selected the
preferred soil depth model and ¢’ and ¢’ values for model-
ing F in the large study areas enclosing Lares, Utuado, and
Naranjito municipalities. The calibration areas represented
different geologic terranes having the highest densities of
landslides in the study areas so that the calibration procedure
yielded separate model and parameter values relevant to each
of these terranes.

3.6 Quasi-three-dimensional slope stability calibration

After H and Fj values had been improved as much as possi-
ble by calibration, we began test calculations of F3 as imple-
mented in the new open-source code Slabs3D (Baum, 2023;
Sect. S3) and worked to further refine potential landslide
source areas. We varied the size of the trial surface from a
3.5 m radius to a 10.5 m radius (Fig. 7) and used ROC analy-
sis along with information about observed source-area sizes
to determine the optimum F3 radius. In addition to these
quantitative assessments, we inspected the maps to confirm
that the susceptibility zones and potential source areas made
sense topographically, mechanically, and geologically. These
inspections helped ensure that potential landslide source ar-
eas were consistent with observations and expectations for
hillsides whether they were relatively undisturbed or modi-
fied by roads, cut slopes, and embankments. The inspections
led to some minor revisions of the computer code to correct
map errors (such as spurious spots of low factor of safety),
followed by repeated model runs.

Due to insufficient data, rigorous calibration was not pos-
sible for some areas, such as the karst areas of Bawiec’s
(1998) limey sediment terrane. We adjusted model param-
eters (reduced maximum soil depth, Hpyax, and characteristic
soil depth, hg, for the soil-depth model and increased ¢’ for
computing F| and F3) for the limey sediment terrane to ac-
count for the terrane’s low landslide density during Hurricane
Maria.

3.7 Geologic mapping and parameter zonation

Bawiec (1998) compiled published 1 : 20000-scale geologic
mapping of Puerto Rico and (as noted previously) combined
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Figure 7. Sketch showing moving circle search strategy and trial
surface geometry used in computing approximate 3D factor of
safety, F3. All grid cells whose center is inside the circle are in-
cluded in the computation of F3, and cells in the head scarp, flank,
and toe areas are combined to form wedges for computational pur-
poses. The trial surface has a map-view radius R; dg is the slope of
the ground surface; &, is the apparent dip of the trial surface in the
assumed direction of sliding (average slope direction of grid cells
centered within the horizontal circle); H is height of a grid-cell cen-
tered column from the trial surface to the ground surface; and ¢’ is
the angle of internal friction of the soil for effective stress (modi-
fied from Baum et al., 2012). For the case depicted in Section A-A’
(above), H is constant and 1.5 times the horizontal width, w, of the
square grid cells. As the average value of H/w decreases and as R
increases, the perimeter of the trial surface contracts toward the pro-
jection of the horizontal circle onto the ground surface. For variable
soil-depth models, H may vary from cell to cell, and the value of
H for the grid cell closest to the upslope or downslope edge of the
horizontal circle is used in the formulas shown in the cross section
for horizontal dimensions of the scarp and toe respectively.

related formations into geologic terranes (Fig. 1 and Bawiec,
1998). Based on the results of early studies (Bessette-Kirton
etal.,2019a) and our calibration efforts, the geologic terranes
became the basis for subdividing the study areas into param-
eter zones. The topographic base maps available at the time
of geologic mapping lacked the detail of the pre-event lidar-
derived topography used in this study. Trial computations of
F1 and F3 on the study area DEM tiles indicated that a uni-
form soil depth model across the highly susceptible geologic
terranes resulted in a more accurate susceptibility map than a
zoned model using the calibrated soil-depth parameters. This
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was likely a consequence of (1) having few soil-depth ob-
servations available from unmodified hillsides in each zone
(Sect. 3.4) and (2) a high degree of land surface modifica-
tion from past agricultural activities, as well as road and res-
idential construction resulting in weak calibration of the vol-
caniclastic and submarine basalt and chert geologic terranes.
Consistent with results in Fig. 6a, uniform values of ¢’ and ¢’
for the highly susceptible geologic terranes likewise resulted
in good performance, so we used the same soil depth and
strength parameters for all three terranes (Figs. S1 and S2).
Consequently, slight uncertainty in locations of boundaries
between these terranes had no effect on computed F; and F3
values. However, a large difference in landslide susceptibil-
ity and model parameters (maximum soil depth, kg, ¢’) ex-
isted between the limey sediment terrane with its cone karst
and the highly susceptible terranes of the basement complex
(submarine basalt, volcaniclastic, and granitoid). Offsets as
great as tens of meters in the contact between the limey sedi-
ment terrane and its neighbors along a prominent escarpment
in Lares and Utuado resulted in errors in F; and F3 along the
escarpment. Consequently, Perkins et al. (2022) remapped
the limey sediment contact using lidar-derived shaded relief
images and optical imagery to accurately delineate the transi-
tion from high to low landslide susceptibility across the con-
tact. The contact was discerned based on the visually distinct
differences between the closed basins and rugged karst cones
of the limey sediment terrane and the steep ridges and narrow
branching valleys of the basement rocks.

3.8 Soil-depth modeling

After completing the calibration process, we created the
overlapping rectangular tiles (described previously, Sects. 2,
3.1) from the pre-event lidar bare-earth DEMs (Fig. 4, stage
C and Fig. 1b, ¢). We created additional input files from
the lidar-derived DEM tiles: flow accumulation grids for use
with the area-dependent soil-depth models and parameter-
zone grids for specifying different model input parameters
(Sect. 3.6, 3.7, Fig. 4). The parameter zones ensured a thinner
and less continuous modeled soil mantle in the karst (limey
sediment terrane) than in areas underlain by the landslide-
prone geologic terranes (Fig. 1). For comparison with the
soil-depth models, we also used constant soil depth equal to
the average depth, 1.4 m, observed at landslide scars.

3.9 Pressure-head and slope-stability modeling

Raster grids created from the soil-depth modeling defined
soil depth (H) and slope of the ground surface at each grid
cell. We computed ¢ and F; using TRIGRS (Baum et al.,
2010; Alvioli and Baum, 2016a), version 2.1, using the same
lidar-derived DEM tiles and parameter zones as for soil-
depth modeling (Fig. 4). Then, using ¥ (H) computed with
TRIGRS (Sect. S1) along with the same lidar tiles, parameter
zones, and ¢’ and ¢’ values used in computing F as input for
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Slabs3D, we computed F3 (Fig. 4). The radius of each trial
surface, as constrained by earlier testing in the calibration ar-
eas (Sects. 3.6, 4.5), was held constant at 3.5 m for all model
runs on study area tiles.

3.10 Model testing and evaluation

We used ROC analysis of F3 grids based on pre-event li-
dar topographic data compared to landslide head-scarp points
mapped by Hughes et al. (2019) as a basis for testing perfor-
mance and then defining susceptibility categories (Fig. 4).
Selecting the minimum F3 value within a 3 m radius around
the scarp points accounted for uncertainty in their mapped
locations. Validating F3 for pre-event topography was ap-
propriate because it most accurately portrayed conditions
at the time of Hurricane Maria. We computed true positive
rate (TPR), false positive rate (FPR), and area under the
TPR-FPR curve (AUC) and distance to perfect classifica-
tion, D2PC, (0,1) (Formetta et al., 2016), to evaluate perfor-
mance of pre-event F3 as a predictor of observed landslide
scarp points. Analyzing landslide density distribution across
F3 provided a further check on model accuracy. We com-
puted landslide densities in 0.1 increments of F3 to check for
a general trend of decreasing observed density with increas-
ing F3. We also continued map inspections as described in
Sect. 3.6.

As an additional check we computed ROC statistics
for minimum F3 values within source areas mapped by
Baxstrom et al. (2021a) and Einbund et al. (2021a, b). Their
detailed landslide source mapping covers only a fraction of
the study areas (Fig. 1), whereas the scarp points mapped by
Hughes et al. (2019) cover the entire island. However, source
area polygons enclose pixels that are more relevant to testing
performance of F3 than circles centered at the scarp points.

Evaluating the model to address the need for a conserva-
tive landslide susceptibility map led us to select threshold
values of F3 enclosing specific percentages (or TPR) of land-
slide points. Our reason for doing so rather than placing the
category break at F3 =1 is to account for model and pa-
rameter uncertainty. Every F3 contour on the map encloses
a specific percentage of landslide points. Contours at high
F3 values enclose more landslide points than low F3 con-
tours. We selected F3 contours corresponding to TPRs of
0.75 and 0.90 of Hurricane Maria-produced landslide head-
scarp points (Hughes et al., 2019) to define the limits of very
high (TPR < 0.75), high (0.75 < TPR < 0.90), and moderate
(TPR > 0.90) landslide source susceptibility zones. The high
and very high susceptibility zones both indicate significant
danger from landslides but allow users to distinguish areas
having greater potential for long runout (Brien et al., 2021).
These classes include most mapped landslide points as well
as the adjacent steep slopes where they occurred while limit-
ing the overall areal extent of the very high and high suscep-
tibility classes.
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3.11 Modeling potential landslides on post-storm
topography

After modeling potential source areas on pre-event topogra-
phy, we recomputed the soil depth, pressure head, and factor
of safety using post-event 1 m lidar topography (U.S. Geo-
logical Survey, 2020a, b, c). We generated new slope, zone,
and flow-accumulation grids from the post-event lidar and
then ran REGOLITH, TRIGRS, and Slabs3D in succession
(Fig. 4) to indicate our best estimate of susceptibility to fu-
ture landslide initiation.

3.12 Removing edge effects and applying susceptibility
categories

We joined the four overlapping tiles for Lares and Utuado
to create a final landslide susceptibility map (based on post-
event lidar). To reduce edge effects (Fig. 4) when joining the
four tiles, we first removed a 100 m buffer along all edges
of each tile. At grid cells where two tiles overlapped, differ-
ences in F3 tended to be small and we retained the greater
F3 value. For the single tile covering Naranjito, we removed
only the 100 m buffer along all tile edges.

We then classified landslide susceptibility for post-event
topography across the three municipalities using the same
F3 thresholds at TPR < 0.75 and TPR < 0.90 determined for
the pre-event topography (Fig. 4). These thresholds divide
the map area into zones of varying susceptibility to landslide
initiation. The resulting susceptibility zones estimate the po-
tential for future shallow landslides (Figs. S1 and S2).

4 Results
4.1 Soil-depth calibration

We calibrated soil depth to field measurements (Fig. 4,
Sect. 3.4) for three (ANA, LAR, UTU) of the four calibra-
tion areas and calculated Euclidian distance from the ideal
point, ED (Eq. 1), correlation coefficient, r (and other sta-
tistical parameters as outlined in Tello, 2020), to determine
which models and parameter sets gave the closest match
to field observations (Fig. 8a, b). No soil depth calibration
was performed for NAR as depth measurements in Naranjito
were mainly outside the area mapped by Bessette-Kirton et
al. (2019c¢). Limiting the observed depths to landslide scars
on relatively unmodified slopes resulted in sample sizes of
only seven or eight observation points (landslide sources)
per calibration area. Most soil-depth models for the Utu-
ado calibration area (UTU) had acceptable performance as
indicated by positive correlation between observed and sim-
ulated depths (0.08 <r <0.78) and ED ranging from 0.28 to
0.99 (Fig. 8a; Tello, 2020). Of these, the modified nonlinear
area and slope (NASD) model had the smallest ED, 0.28,
and the largest r, 0.78 (Fig. 8a). Other better-performing
models were a nonlinear slope-dependent model with lin-
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ear area dependance (NSDA) and a linear area- and slope-
dependent model (LASD) based on the wetness index (Ho
et al., 2012). In contrast, most soil-depth models for the
Anasco (ANA) and Lares (LAR) calibration areas performed
poorly, with negative or small positive correlation (r < 0.16)
and 0.69 <ED < 1.8 (Fig. 8a). The poor correlation proba-
bly resulted from the small sample sizes of observed depths
in these areas. At LAR, only the nonlinear slope-dependent
model (NSD; see Pelletier and Rasmussen, 2009) had accept-
able performance with r =0.78 and ED = 0.69 (Fig. 8a). The
NASD model had « and 8 closest to 1, for both ANA and
LAR (Fig. 8b).

4.2 Soil-depth model evaluation and slope-stability
calibration results

The slope stability parameter calibration compared F; val-
ues for previously determined ranges of ¢’ and ¢’ (Fig. 6)
for each of the soil depth models to find the best-performing
combination of soil model and strength parameters for pre-
dicting landslide source locations in each calibration area
(Fig. 4, Sect. 3.5). For UTU, the NASD model performed
best with the NSDA model close behind (Tello, 2020) based
on area under the TPR-FPR curve and minimum distance of
the curve from the perfect classification. Parameter combina-
tions and ROC results for the best-performing model in each
area appear in Table 1. Despite poor soil depth model perfor-
mance metrics for ANA and LAR (Fig. 8), the F; calcula-
tions for the three calibration areas indicated that the NASD
soil depth model had the greatest predictive strength for lo-
cations of landslide source areas in ANA, LAR, and UTU
with similar results (Table 1). Despite lack of soil-depth cal-
ibration in NAR, results in this study area were like the other
three calibration areas (Table 1). Values of §. near 60° gave
the best soil-depth model results (Table 1), despite variability
in the steepest slopes where landslides occurred in the differ-
ent terranes (Figs. 3d, 4).

4.3 Modeled soil depth

Having completed the soil-depth model calibration
(Sect. 4.1) and testing (Sect. 4.2), we modeled soil
depth in the larger map tiles preparatory to analyzing slope
stability (Fig. 4, Sect. 3.8). Each tile covers hundreds of
square kilometers, so we illustrate results using the NAR
area, chosen to demonstrate that our susceptibility workflow
can achieve very good results even with limited landslide
source depth observations. As noted previously, insufficient
field-measured landslide points prevented soil-depth model
calibration (Sect. 4.1), but not model evaluation and slope
stability calibration (Sect. 4.2) for NAR. Figure 9 shows
predicted soil depth for the best-performing soil-depth model
(based on the slope-stability evaluations, Sect. 4.2) in NAR
(see Fig. 1 for location). The model shown in Fig. 9 predicts
greater soil depth in hollows than on ridges. Other models
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Table 1. Calibration results for 1D factor of safety, F, with soil depth models by calibration area (Fig. 1). Positives and negatives in the ROC
analysis based on total pixels within and outside the estimated source areas of landslide polygons mapped by Bessette-Kirton et al. (2019c¢)
and whether the pixels have F| > 1 or F < 1 (Tello, 2020). Symbols and abbreviations: NASD, non-linear area- and slope-dependent soil-
depth model of Pelletier and Rasmussen (2009) as modified by Baum et al. (2021); Hpax, maximum soil depth; dc, critical slope angle; Ry,
diffusivity ratio; ¢/, soil cohesion for effective stress; ¢’, angle of internal friction for effective stress; AUC, area under the curve of true
positive rate (TPR) and false positive rate (FPR) (larger is better); D2PC, distance from the perfect classification, (0,1), to nearest point on
the TPR—-FPR curve (smaller is better); best Fy, 1D factor of safety at point on the TPR-FPR curve nearest to the ideal point, (0,1), and
therefore the most accurate F classifier of landslide versus non-landslide grid cells for the particular model (closer to 1 is better); °, degrees.

Ry c ¢’ AUC D2PC Best
(kPa) () F

Calibration Soil Hnax 8¢
area model (m) ©)
Utuado (UTU) NASD 2.0 60
Anasco (ANA) NASD 3.0 60
Lares (LAR) NASD 3.0 60
Naranjito (NAR) NASD 3.0 60

1.0 25 45° 0.67 0.48 1.5
016 45 45° 070 046 1.1
025 45 45° 0.66 0.52 1.1

02 40 45° 0.65 0.54 1.2

that were tested (not shown) produced somewhat similar
results. Differences in model structure produce different
responses to topographic features, including flat areas, road
cuts, and steep slopes. For example, the modified NASD and
NSDA models predicted deep soils (<3 m for parameters
chosen) in convergent areas, on steep slopes, including road
cuts and embankments. They also predicted thin soils on
ridge crests, with thin or no soil on downslope flat areas
(see large flat area on east edge of Fig. 9). In contrast, the
LASD and NDSD models predicted deep soils (<3 m for
parameters chosen) in convergent areas and on flats and thin
soils on ridge crests and steep slopes (except where they
occur in strongly convergent topography). These topographic
features were more distinct in the three nonlinear models,
NASD, NSDA, and NDSD, than in the linear LASD model.

4.4 One-dimensional factor of safety

Figure 10 shows F; optimized for NAR and calculated using
TRIGRS and the soil model results in Fig. 9, as well as F;
for constant soil depth. Slopes steeper than 60°, the estimated
critical slope angle, were treated as barren (zero or negligi-
ble soil thickness) and stable because landslides were very
rare on slopes steeper than 60° (Fig. 3d). On slopes flatter
than 60°, soil strength parameters are within the ranges ob-
tained by sensitivity analysis of F} parameters ¢’ and ¢’ over
observed ranges of slope and depth of landslides character-
ized in the field at ANA, LAR, UTU, and NAR (Fig. 6). The
only landslide source locations available throughout the three
municipalities are the scarp points of Hughes et al. (2019).
Due to location uncertainty, we used a 3 m radius around the
scarp points for defining true positives. Color thresholds on
the maps (Fig. 10) are based on Fj at TPR of 0.75, 0.90, and
0.95. Consequently, thresholds for F7 differ for each panel in
Fig. 10. The same TPR values (0.75, 0.90, 0.95) were used
for picking F3 thresholds for landslide initiation susceptibil-
ity across the entire study area covering Naranjito, Utuado,
and Lares municipalities in the final maps (Figs. S1 and S2).
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Areas of low Fj are similar in overall pattern between the
two maps shown in Fig. 10 but differ in detail. These details
include small areas of low F7 unique to each model as well as
variation in the extent of major areas of low Fj. Many bound-
aries of the areas of low F) are ragged, and small patches of
yellow, indicating higher Fi, occur within the larger red and
orange areas of low Fj. Differences in F; between the maps
are attributable mainly to variation in soil depth and partly
to variation in ¢’. The optimum value of ¢’ varied depend-
ing on the characteristics of each soil model (Table 2). The
results shown in Fig. 10 are for the best-performing combi-
nation of ¢’ and ¢’ for the soil-depth model at NAR (Fig. 9
and Sect. 4.2) and for constant average depth of 1.4 m.

The different F; patterns shown in Fig. 10 correspond to
slightly different levels of predictive success. The AUC and
distance from the perfect classification (0,1) to the nearest
point on the TPR-FPR curve, D2PC indicates that F; for
constant depth has the highest predictive skill (AUC =0.88,
D2PC =0.26, F; value nearest the perfect classification,
F1 =0.9). Next, F; for the NASD model performed almost
as well (AUC=0.86, D2PC =0.30, F; value nearest the
perfect classification, 1 =1.0). When applied to the entire
DEM tile covering Naranjito municipality, F7 for constant
depth and NASD tied with AUC =0.86 and D2PC =0.30
(constant depth) and D2PC =0.29 (NASD). Thus, the per-
formance edge of constant depth is localized at NAR and
does not extend across the entire Naranjito DEM tile. Other
soil-depth models performed slightly worse (Table 2), con-
sistent with results obtained by Tello (2020) for UTU. The
slightly higher performance for F; with constant depth at
NAR comes at the cost of the area classified as very high,
high, or moderate susceptibility (TPR =0.95) being more
diffuse, with more ragged boundaries, than for F; with
NASD (Fig. 10a, b). Varying the amount of cohesion used
with a particular soil model caused small changes in the
AUC, D2PC, and best F; as shown by the two entries for
NDSD in Table 2.
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Table 2. Key inputs and performance measures for factor of safety calculations based on the infinite slope model (F}), as implemented
by TRIGRS, in the Naranjito calibration area (NAR). Performance is based on minimum F; within a 3 m radius of landslide scarp points
mapped by Hughes et al. (2019). Symbols and abbreviations: NASD, non-linear area- and slope-dependent soil-depth model of Pelletier
and Rasmussen (2009) as modified by Baum et al. (2021); NSDA, non-linear slope-dependent model of Pelletier and Rasmussen (2009)
modified by Baum et al. (2021) to include linear area dependence; NDSD, non-linear slope- and depth-dependent model of Pelletier and
Rasmussen (2009); LASD, linear area- and slope-dependent model of Ho et al. (2012); Hmax, maximum soil depth; dc, critical slope angle;
Ry, diffusivity ratio; Cp, empirical constant used in LASD; ¢’, soil cohesion for effective stress; (p’ , angle of internal friction for effective
stress; AUC, area under the curve of true positive rate (TPR) and false positive rate (FPR) (higher is better); D2PC, distance from the perfect
classification, (0,1), to nearest point on the TPR-FPR curve (smaller is better); best F, 1D factor of safety at point nearest to the perfect
classification, (0, 1), and therefore the most accurate F classifier of landslide versus non-landslide grid cells for the particular model (closer

to 1.0 is better); °, degrees; n/a: not applicable.

Soil Hpax ¢ R4 c ¢’ AUC D2PC Best TPRat
model (m) °) orCop (kPa) (° Fi D2PC
NASD 3.0 60 0.20 4.0 45°  0.86 0.30 1.0 0.82
LASD 3.0 60 0.45 35 45°  0.85 0.31 1.1 0.84
NDSD 3.0 60 0.10 4.5 45°  0.82 0.36 1.2 0.75
NDSD 3.0 60 0.10 2.5 45°  0.86 0.32 1.0 0.89
NSDA 3.0 60 0.10 4.5 45°  0.85 0.30 1.1 0.80
Constant 14 60 nfa 4.0 45°  0.88 0.26 0.9 0.79

4.5 Quasi-three-dimensional factor of safety

Figure 11 shows F3 computed using the soil-depth model in
Fig. 9 and constant soil depth of 1.4 m. Predictive skill for
F3 is somewhat less than Fj; AUC is 0.05-0.08 less for F3
than corresponding F (Tables 2 and 3). The only exception
is for the constant soil depth model results where F3 has the
highest AUC, 0.94, of all cases tested (Fig. 12a and b). De-
spite the overall slightly worse performance of F3, it pro-
vided smoother boundaries on the landslide susceptible ar-
eas (Fig. 11a, b), which also are more continuous than corre-
sponding F landslide susceptible areas (Fig. 10). The lower
AUC values resulted from the F3 susceptible areas covering
slightly more land area than the corresponding F areas at the
same TPR. Therefore, the F3 susceptibility maps are more
conservative than their F| counterparts.

Tests indicated that trial surfaces having a map-view radius
of 3.5 m provided more accurate estimates of susceptible ar-
eas than larger trial surfaces (6.5 and 9.5 m radius). Other
things being equal, larger trial surfaces resulted in smaller
AUC and larger D2PC (Table 3, Fig. 12b). The larger trial
surfaces tended to widen the susceptible areas and smooth
their boundaries, with the result that a larger percentage of
the calibration area was classified as susceptible (9.5 m ra-
dius, 85 %; 6.5 m radius, 83 %; 3 m radius, 78 % for exam-
ples in Table 3). In addition, the 3.5 m radius produced a trial
surface close in size (7.5-7.9 m wide, with an area of 46—
48 m? at the ground surface for 1 m depth on 30-40° slopes)
to the median horizontal areas of landslide sources mapped in
NAR, 51 m?, in UTU2, 42m?, and in LAR2, 64 m? (Fig. 3c).
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4.6 Susceptibility categories and predictive strength

Computing F3 over the combined study areas of Lares, Utu-
ado, and Naranjito municipalities produced somewhat dif-
ferent results than in the calibration areas. Calibration areas
have very high landslide densities, with an average density of
182 scarps km~2 at NAR. However, landslide density varies
considerably across each municipality. Based on positive cor-
relation between low F3 and landslide scarp points mapped
by Hughes et al. (2019), we established susceptibility cate-
gories based on percentages of landslides enclosed by suc-
cessive susceptibility categories as noted previously and as
shown in Table 4. Increasing density of observed landslides
is consistent with increasing susceptibility. Very high sus-
ceptibility (typically > 118 scarp points km~?) characterizes
23 % of the total study area and 21 %, 43 %, and 45 % of the
area underlain by marine volcaniclastic, submarine basalt,
and granitoid rocks, respectively. Almost all karst areas un-
derlain by limey sediments had low susceptibility (< 2 scarp
points km~2) (Baxstrom et al., 2021b). Based on the infor-
mation in Table 4, the AUC for the entire map area is 0.84,
and D2PC is 0.34.

Recent detailed mapping of source areas provided an op-
portunity to further test performance of the pre-Hurricane
Maria F3 map (Sect. 3.9, Fig. 4). Figure 13 shows TPR-FPR
curves for the pre-Hurricane Maria F3 map tested against
Hurricane Maria landslide source polygons (Baxstrom et al.,
2021a; Einbund et al., 2021a, b) and against scarp points (Ta-
ble 4). The AUC range, 0.85-0.88, is somewhat greater than
obtained by testing within a 3 m radius of the scarp points,
0.84.
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Table 3. Key inputs and performance measures for factor of safety calculations based on a quasi-3D limit-equilibrium slope stability model
(F3) in the Naranjito calibration area (NAR). Performance is based on minimum F3 within a 3 m radius of landslide scarp points mapped by
Hughes et al. (2019). Symbols and abbreviations: NASD, non-linear area- and slope-dependent soil-depth model of Pelletier and Rasmussen
(2009) as modified by Baum et al. (2021); NSDA, non-linear slope-dependent model of Pelletier and Rasmussen (2009) modified by Baum
et al. (2021) to include linear area dependence; NDSD, non-linear slope- and depth-dependent model of Pelletier and Rasmussen (2009);
LASD, linear area- and slope-dependent model of Ho et al. (2012); Hmnax, maximum soil depth; &, critical slope angle; Ry, diffusivity ratio;
C, empirical constant used in LASD; ¢/, soil cohesion for effective stress; <p’ , angle of internal friction for effective stress; AUC, area under
the curve of true positive rate (TPR) and false positive rate (FPR); D2PC, distance from the perfect classification, (0,1), to nearest point
on the TPR-FPR curve; best F3, 3D factor of safety at point nearest to the perfect classification, (0,1), and therefore the most accurate F|
classifier of landslide versus non-landslide grid cells for the particular model (closer to 1.0 is better); °, degrees.

Soil Hmax 8¢ Rq ! ¢’ Trial surface AUC D2PC Best TPRat
Model (m) (°) orCop (kPa) (° radius (m) Fs D2PC
NASD 3.0 60  0.20 0.5 45° 35 0.80 0.38 0.9 0.86
NASD 3.0 60  0.20 0.5 45° 6.5 0.75 0.45 0.9 0.66
NASD 3.0 60  0.20 0.5 45° 9.5 0.71 0.50 1.0 0.86
LASD 3.0 60 045 0.5 45° 35 0.78 0.44 1.0 0.89
NDSD 3.0 60 0.10 0.5 45° 35 0.78 0.40 0.9 0.71
NSDA 3.0 60  0.10 0.5 45° 35 0.80 0.37 0.9 0.78
Constant 14 60 - 0.5 45° 35 0.92 0.23 1.0 0.94

Table 4. Landslide susceptibility categories based on minimum value of quasi-3D factor of safety, F3, within a 3 m radius of landslide scarp
points mapped by Hughes et al. (2019) for all three municipalities. For consistency, F3 thresholds below are based on F3 calculated using
pre-Hurricane Maria lidar topography and scarp locations of landslides induced by Hurricane Maria.

Landslide F3 Landslide scarp Landslide scarp Area within  Landslide points within  Incremental landslide
susceptibility  threshold points enclosed  points enclosed within  increment (km?) increment density

(percent) increment (number) (percent) (scarps km_z)
Very high <0.87 75 27370 232 75 118
High <0.97 90 5474 108 15 51
Moderate <1.05 95 1825 68 5 27
Low > 1.05 100 1824 610 5 3
Total 0<F3<10 100 36493 1018 100 36

5 Discussion effective normal stress, o;, less than 120 kPa, ¢’ =45.6° for
a sample tested at o, <30kPa, and ¢’ =53.9° for another
sample tested at aI;, < 7XkPa. Significantly, shear stress was
considerably higher than normal stress for nearly all indi-
vidual tests at o, < 15kPa, and many at o, <30, consistent
with ¢’ > 45° at low normal stress. In addition to evidence
for high internal friction angles at low normal stress, which
is particularly relevant to abundant thin (< 0.5 m) landslides
in Utuado, three other factors could contribute to stability
and reduce the magnitude of ¢’ required to explain stabil-
ity during dry conditions: (1) soil suction measured at the
sites between rainfall (Smith et al., 2020) indicates that suc-
tion stress probably contributes to stability. Preliminary tests
indicate that considering modest amounts of suction stress
(less than a few tens of kilopascals) during dry conditions in
the analysis depicted by Fig. 6 shifts the cells having high

Our analyses presented in the previous section (Sect. 4.6) in-
dicate that the landslide susceptibility assessment success-
fully identifies areas where high percentages of Hurricane
Maria landslides occurred. In succeeding paragraphs, we dis-
cuss some of the strengths, limitations, and unexpected find-
ings of our approach and results.

Optimum ranges of internal friction angles for all three
terranes (Fig. 6) are higher than commonly reported but con-
sistent with measured values of ¢’ for low normal stress
(Likos et al., 2010). Most reported values of ¢’ for soils like
those in the study area range from 17 to 41° as noted pre-
viously (Sect. 3.2) and are usually based on tests at normal
stress greater than 100 kPa. In contrast, samples collected at
two field monitoring sites tested at low and moderate nor-

mal stresses (Smith et al., 2020) using equipment and pro-
cedures described by Likos et al. (2010) had high friction
angles for low normal stress. Smith et al. (2020) reported
¢’ =34.8-35.5° (¢’ =0-4.4kPa) for two samples tested at
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TPR toward lower ranges of ¢’. For example, increasing ini-
tial suction stress by —1 kPa shifts the optimum range of ¢’
to 35-40° for the submarine basalt and chert landslides com-
pared to the 45-50° range in Fig. 6d. (2) Root resistance also
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Figure 8. Soil-depth model calibration measures for Afiasco
(ANA), Lares (LAR), and Utuado (UTU) calibration areas (Fig. 1).
Performance is based on comparing maximum landslide depth at
field-mapped landslide points from unmodified hillsides against
modeled depths within a 5 m radius of the point for all field-mapped
points in the calibration area. GPS point locations were corrected
as needed by moving them to the centers of corresponding land-
slide polygons mapped by Bessette-Kirton et al. (2019c¢). (a) Pri-
mary metrics, Euclidian distance from the ideal point, ED (smaller
is better), versus correlation coefficient, r. (b) Bias relative to the
observed sample, S, versus relative variability, «. The ideal point
isatr=1, a =1, g =1. Soil-depth models: LASD, linear area-
and slope-dependent model; NASD, nonlinear area- and slope-
dependent model; NDSD, nonlinear depth- and slope-dependent
model; NSD, nonlinear slope-dependent model; NSDA, nonlinear
slope-dependent model with linear area dependence.
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Figure 9. Best-performing version of soil depth maps from soil-
depth models tested for the Naranjito (NAR) calibration area in vol-
caniclastic terrane (Fig. 1). Topographic base derived from lidar by
U.S. Geological Survey (2018), scarp points from Bessette-Kirton
et al. (2019c). The modified nonlinear area- and slope-dependent
(NASD) model (modified from Pelletier and Rasmussen, 2009, as
implemented by Baum et al., 2021) depicted here was the overall
best-fitting soil-depth model for this terrane. Inset shows details of
a 150 m by 150 m area, with thicker soil accumulation in concave
areas.

likely contributes to slope stability to depths of about 0.5-
0.6 m. Due to high annual rainfall, vegetation in the study
areas tends to be shallow-rooted so that significant root re-
sistance would decline rapidly below about 0.4—1.1 m depth
(Simon et al., 1990; Larsen, 2012). (3) Lateral stress varia-
tion also contributes to slope stability. Even in quasi-3D limit
equilibrium as used in computing F3, combined resistance of
neighboring grid cells (columns) and toe wedge contributes
to stability and reduces the values of ¢’ and (or) ¢’ needed
to achieve stability of a potential landslide under dry condi-
tions (Tables 2 and 3). Quantifying the contributions of these
three factors (soil suction, root resistance, and lateral stress)
to slope stability could lead to greater refinement of our ap-
proach to mapping landslide susceptibility.

Our modeling workflow makes a few trade-offs to create
a relatively conservative map of potential landslide sources
that accounts for uncertainties. These trade-offs are between
speed and simplicity of the assessment, statistical accuracy,
and continuity of susceptibility zones. Some of the model-
ing steps (soil depth and F3) add complexity, increase time
needed to model susceptibility, and slightly reduce perfor-
mance metrics (AUC and D2PC) compared to F; with con-
stant soil depth. In exchange, soil depth and F3 create more
continuous susceptibility zones, join neighboring groups of
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Figure 10. Maps of Naranjito (NAR) calibration area in volcani-
clastic terrane (Fig. 1) showing 1D factor of safety (F7) results for
(a) soil-depth model shown in Fig. 9 as well as (b) constant average
soil depth. Topographic base derived from lidar by U.S. Geologi-
cal Survey (2018), scarp points from Bessette-Kirton et al. (2019c).
True positives determined by minimum F; within a 3 m radius of
the scarp points. (a) F'| for NASD, the modified nonlinear area- and
slope-dependent soil-depth model depicted in Fig. 9, (b) F] for con-
stant soil depth of 1.4 m. Inset shows details of a 150 m by 150 m
area.

high-susceptibility pixels, and eliminate isolated, commonly
errant, pixels of high landslide susceptibility (Figs. 10 and
11). The increased continuity of the susceptibility zones
makes them easier to implement in land use and emergency
management. In addition, the potential source areas delin-
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Figure 11. Maps of Naranjito (NAR) calibration area in volcani-
clastic terrane (Fig. 1) showing quasi-3D factor of safety, F3, re-
sults for the soil depth models shown in Fig. 9. (a) F3 for the modi-
fied nonlinear area- and slope-dependent (NASD) soil-depth model
depicted in Fig. 9, (b) F3 for constant soil depth of 1.4 m. Inset
shows details of a 150 m by 150 m area. The calculation of F3 used
a trial surface of 3.5 m map-view radius (Fig. 7). Topographic base
derived from lidar by U.S. Geological Survey (2018), scarp points
from Bessette-Kirton et al. (2019c¢).

eated on the map by the high and very high susceptibility
areas provide areas susceptible to shallow landslides for es-
timating potential landslide runout and debris-flow inunda-
tion (Brien et al., 2021). Much of the reduction in AUC for
F3 results from using the minimum factor of safety value
computed for any trial landslide that includes a grid cell.
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Consequently, very high and high susceptibility zones for
F3 are broader than for Fj and thereby have a buffer along
their edges. Nevertheless, as indicated by various perfor-
mance metrics and landslide densities in the susceptibility
classes, the landslide assessment successfully distinguishes
areas having different levels of susceptibility to landslide ini-
tiation (Tables 3, 4) despite these trade-offs.

Although F; for constant depth has slightly better perfor-
mance metrics (the highest AUC and smallest D2PC) than
F1 for any of the soil depth models calibrated to landslide
source depths (Table 2, Fig. 12a) at NAR, its performance
metrics are comparable to the nonlinear soil-depth models
elsewhere. Our field observations indicate that depth of shal-
low, rainfall-induced landslides is well correlated to depth
of mobile regolith (“soil”) due to strength and permeability
contrasts at its base. Soil-depth models represent the distribu-
tion of soil depth more consistently with field conditions than
constant depth in many settings (Pelletier and Rasmussen,
2009; Ho et al., 2012; Catani et al., 2010; Nicétina et al.,
2011; Gomes et al., 2016; Patton et al., 2018). Performance
metrics (ED = ﬁ; mean-squared error, MSE = 03) indicate
average depth was a poorer predictor of observed landslide
depth than any of the models Tello (2020) tested for Utu-
ado. Despite odd differences in how the models estimate soil
depth on mid-slope benches and flat valley bottoms, the mod-
els we tested (NASD, NSDA, NDSD, LASD) predict thin-
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ner soils on ridge crests and thicker soils in hillside hollows,
consistent with patterns observed in Puerto Rico and else-
where for dissected topography (Roering, 2008). For exam-
ple, mean depths of landslide sources from field mapping in
Puerto Rico were 3.25 m (for concave slopes), 2.5 m (for con-
vex slopes), and 2.7 m (for planar slopes; Schulz et al., 2023).
The unexpected good performance of F; for constant soil
depth at NAR points out limitations of soil depth models and
may result in part from widespread modifications to the land-
scape resulting from agriculture, road (e.g., Ramos-Scharrén
et al., 2021) and building construction, and other activities.
Effects of these activities may have influenced the locations
of shallow landslides sufficiently to weaken correlation be-
tween landslide location and topographic features that influ-
ence soil depth (as at LAR and ANA, Fig. 8a). The high de-
gree of slope modification (roads and terraces) in the NAR
calibration area is likely a determining factor in F; perfor-
mance there (Fig. 10). Identifying specific areas or features
where constant-depth Fj classifies susceptibility differently
than F| with other soil-depth models might reveal potential
improvements.

Computing F using the modified NASD soil-depth model
resulted in the areas assigned to the moderate, high, and very
high susceptibility classes being more clearly delineated with
little or no loss of performance compared to using constant
depth. The susceptibility zones in the constant-depth F sus-
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Figure 13. Graph of true positive rate versus false positive rate
for pre-Hurricane Maria susceptibility models across the study
area tiles tested against head-scarp points (Hughes et al., 2019)
and source polygons for Lares (Einbund et al., 2021b), Naranjito
(Baxstrom et al., 2021a), and Utuado (Einbund et al., 2021a) with
confusion matrix and formulas defining true positive rate (TPR)
and false positive rate (FPR). Double-headed arrow indicates dis-
tance to perfect classification (D2PC) for Naranjito source poly-
gons and F3 computed using NDSD soil depth. True positive rates
are based on minimum value of the quasi-3D factor of safety, F3,
within the mapped source polygons or within a 3 m radius of the
scarp points. Results for scarp points cover the final pre-Hurricane
Maria susceptibility maps of Lares, Utuado, and Naranjito munici-
palities. Results for the landslide source polygons cover parts of the
component tiles (Fig. 1). Landslide source mapping for Lares and
Utuado (Einbund et al., 2021a, b) are near LAR and UTU (LAR2,
UTU?2, Fig. 1b). The graph compares F3 performance based on
the modified nonlinear area- and slope-dependent (NASD, mod-
ified from Pelletier and Rasmussen, 2009) soil-depth model and
two alternates: constant depth of 1.4m and the nonlinear depth-
and slope-dependent soil-depth model (NDSD, Pelletier and Ras-
mussen, 2009), with strength parameters and other inputs held con-
stant. AUC denotes area under the curve of TPR versus FPR. Ny is
the number of landslide source polygons, and Ng. is the number of
scarp points.

ceptibility map (Fig. 10b) are more diffuse or fragmented
(Iess continuous) than for the NASD soil depth (Fig. 10a) and
other soil models we tested. Fragmentation also occurred for
susceptibility zones defined by slope categories (Fig. S3a).
As noted previously, this improved delineation came with
only a slight reduction in AUC (0.88 to 0.86) and small in-
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crease in D2PC (0.26 to 0.30) for NAR. When applied to
the entire DEM tile covering Naranjito municipality, per-
formance metrics of F; for constant depth, F; for NASD,
and slope categories were equal (AUC = 0.87, D2PC = 0.29-
0.30). As noted previously, when checked against detailed
source mapping, the performance metrics for F3 are better
than when compared against the scarp points (Fig. 13). In ad-
dition, differences in performance metrics between constant
depth and the NDSD model and modified NASD model are
negligible.

Due to physical (subsurface conditions, ground-failure
mechanisms) and conceptual (parameters, models) uncer-
tainties, the F3 value at the boundary between high and
moderate susceptibility is slightly less than 1 (0.97, Ta-
ble 4). Although the strength parameters could be increased
to achieve F3 =1.0 at TPR =0.90, we also wanted to keep
F3 at TPR =0.95 relatively low while keeping F3 >1 un-
der dry conditions for as much area as possible. Our fi-
nal model parameters represent a compromise between sta-
ble slopes (F3 > 1) under dry conditions and low factor of
safety (F3 < 1) for highly susceptible slopes under presumed
wettest conditions.

Other things being equal, the quasi-3D stability analysis,
F3, has a somewhat smaller AUC and larger D2PC, com-
pared to F; (Tables 2 and 3), but improves the final map.
The improvements are better separation between the differ-
ent susceptibility classes (Figs. 10 and 11) and a slightly
more conservative map compared to Fp, which is helpful
for life-safety based land use planning and emergency re-
sponse scenarios. With AUC = 0.80 and D2PC = 0.38 for F3
based on the modified NASD soil-depth and 3.5 m radius for
the trial surface (Table 3), F3 successfully identifies poten-
tial landslide sources at NAR. For the entire map area, the
AUC (0.84) and D2PC (0.33) scores are slightly better (Ta-
ble 4, Fig. 13), due in part to the large area of low land-
slide susceptibility that is underlain by limey sediments and
characterized by cone karst. By considering slope stability
at the scale of representative landslide sources (median area,
Fig. 3c), F3 eliminates isolated grid cells and tiny clusters of
2-4 cells that likely are classified incorrectly by F7 as highly
or very highly susceptible due to locally steep slopes at the
pixel scale (1 m). Such isolated cells and clusters could be
eliminated after analysis, but boundaries of susceptible ar-
eas would remain somewhat ragged. In contrast our approach
provides an objective method for eliminating the isolated pix-
els and smoothing the boundaries. F3 bridges gaps between
neighboring areas of low F; and thereby maps susceptible
areas that are more continuous and with smoother, more def-
inite boundaries than Fi. Thus, F3 further improves delin-
eation of susceptible areas beyond improvements achieved
by using the modified NASD soil-depth model with F;. Maps
having continuous, clearly delineated areas assigned to each
susceptibility class such as those obtained by using F3 re-
duce guesswork in making land use and emergency manage-
ment decisions by eliminating the ragged, transitional bound-
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aries obtained with Fj. For example, to compare the insets
in Figs. 10 and 11 to each other as well as slope categories
(Fig. S3a) and F3 based on the NDSD soil-depth model
(Fig. S3d), see Fig. S3b, c, e, and f. Alternately continuous,
clear delineation can be achieved by aggregating raster maps
to slope units (Alvioli et al., 2016; Woodard et al., 2024).
Nevertheless, an added benefit of using F3 is creation of well-
defined potential landslide source areas that allow estimation
of areas susceptible to potential downslope runout and down-
stream inundation (Brien et al., 2021). Performance metrics
for F3 considering detailed source mapping (Fig. 13) are suf-
ficiently high (0.85 < AUC < 0.88) to consider F3 a very suc-
cessful indicator of landslide susceptibility in our study area.
As the basis for our final susceptibility maps, we selected the
F3 map derived from the modified NASD soil depth model
(Fig. 11a) because of its high AUC combined with its well-
defined source areas and the realistic modeled soil depths
for estimating potential landslide volumes. Visual compari-
son indicates only slight differences between F3 maps based
on pre-event and post-event DEMs (Fig. S4). Model input pa-
rameters for the final maps are summarized in Figs. S1 and
S2.

The susceptibility analysis portrayed in Fig. 11 and our fi-
nal maps (Figs. S1 and S2) are valid throughout the three mu-
nicipalities despite the variable density of Hurricane Maria
landslides throughout the map area (Bessette-Kirton et al.,
2017; Hughes et al., 2019) and within each susceptibility
class. High landslide density generally corresponds to low
F3 (Table 4); however, not all susceptible areas were equally
affected by Hurricane Maria. Thus, although some areas of
low F3, particularly in Naranjito, had low landslide density,
the low density does not invalidate the susceptibility assess-
ment of the potential for future landslides. Factors such as an-
tecedent soil moisture are known to have affected the density
of landslides induced by Hurricane Maria (Bessette-Kirton
et al., 2019a) and were addressed in the statistically based
island-wide landslide susceptibility assessment of Hughes
and Schulz (2020a). Notably, Naranjito had much lower root-
zone soil moisture immediately after the hurricane than Utu-
ado and Lares (Fig. 26 of Hughes and Schulz, 2020a). Vari-
able rainfall intensity and duration are also known to af-
fect landslide response of susceptible areas (Larsen and Si-
mon, 1993; Pando et al., 2005). Intensity and duration are
known to have varied during Hurricane Maria, causing fur-
ther differences in landslide density. Our assessment consid-
ered fully saturated conditions with the water table at the
ground surface to depict likely wettest-case soil moisture ef-
fects, including high antecedent soil wetness, as well as high-
intensity and long-duration rainfall. Thus, it was not neces-
sary to specifically model antecedent soil moisture condi-
tions. Less-severe conditions may produce landslides in the
same general areas as predicted by our assessment, however,
in lower numbers than observed following Hurricane Maria.

Setting the boundaries between susceptibility classes
based on F or F3 corresponding to specific values of TPR
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rather than setting boundaries based on theoretical values
of Fy or F3 (such as F3 =1.0) reduces uncertainty and en-
sures correspondence between landslide density and degree
of landslide susceptibility. Soil, saprolite, and bedrock are
inherently heterogenous. Their hydraulic and strength prop-
erties (and corresponding parameters) vary spatially at all
scales (Terzaghi et al., 1996). Other studies have applied
probabilistic approaches, and sensitivity analyses have been
applied successfully to address parameter uncertainty and
improve accuracy of physically based modeling of landslide
susceptibility (Raia et al., 2014; Zieher et al., 2017; Canli
et al., 2018). Many parameter combinations (¢’ and ¢’) can
achieve similar levels of predictive accuracy in computing
F1 for observed distributions of landslide slope and depth
(Baum et al., 2019; Baum, 2021). These and other uncertain-
ties such as transient pore-water pressures, subsurface fea-
tures, heterogeneity, and other factors weaken the link be-
tween theoretical values of F; or F3 and estimated likeli-
hood of failure for site-specific cases when applying limit-
equilibrium slope stability analysis over wide areas. On the
other hand, maps classified based on TPR have a strong link
to susceptibility. Such maps are readily comparable to each
other when F; or F3 values are computed with different pa-
rameters, as they show similar outcomes (areas that capture
75 %, 90 % and 95 % of observed landslides in this study).
Comparing similar outcomes focuses on differences and un-
certainties that affect the quality of the susceptibility assess-
ment that might be masked by comparing the maps when
classified using the same F; or F3 values. In this study, low
values of Fj and F3 correspond to high observed Hurricane
Maria landslide density (Table 4), as would be expected. The
selected boundaries for susceptibility classes ensure a mean-
ingful distinction between average landslide density in the
successive classes (Table 4).

The susceptibility map correctly predicts locations of most
landslides that are deeper than 3 m, despite the maximum
modeled soil depth of 3 m more typical of shallow landslides.
Ten of the landslides summarized in Fig. 3e are deeper than
3 m. Most (nine) are within the Naranjito tile (Fig. 1), and
the other is in Lares. The mapped point on each landslide
head scarp and adjoining or surrounding slope was within
the high or very high susceptibility zone for 7 of the 10
deep landslides. The other three had head scarps on a gen-
tly sloping area (road or pad) that was set back a few meters
from the steep slope, but the adjoining slope with the land-
slide body was within the high and very high susceptibility
zones. Although the predicted locations might be right for the
wrong reason (predicting a shallow translational landslide
rather than a deeper, translational, or rotational landslide),
it is nevertheless encouraging that the locations of even the
deep landslides are identified for the sake of hazard assess-
ment and planning. This probably occurred because the deep
landslides occurred well within the same slope range as other
mapped landslides (Figs. 3, 4).
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Despite the simplicity of soil and water parameters, the
maps successfully predicted the effects from Hurricane
Maria. Calibrating with field data from the small calibration
areas (ANA, LAR, UTU, and NAR, Fig. 1) and then test-
ing with the island-wide scarp points (Hughes et al., 2019)
confirmed the successes of our approach (Figs. S1 and S2).
Testing with detailed landslide source maps (Baxstrom et al.,
2021a; Einbund et al., 2021a, b) strengthens our results even
though they cover only a fraction of the study area.

The workflow outlined in Fig. 4 can be simplified in areas
where few data are available. An accurate digital elevation
model and accurate landslide inventory with measurements
of source area size, depth, and slope (Fig. 3) are the most crit-
ical data for a landslide susceptibility analysis. Strength pa-
rameter ranges can be estimated from landslide source depth
and slope (Figs. 5, 6). Soil model calibration can be by-
passed by assuming constant average landslide source depth.
Strength parameters can then be refined using the procedure
described in Sect. 3.5. Alternately, a soil model and strength
parameters can be calibrated simultaneously to the inven-
tory as we did for the NAR calibration area. Calculation of
pressure head, Fp, and F3 can then proceed as outlined in
Sect. 3.4.2, 3.4.3, 3.4.4, and 3.9, followed by validation and
evaluation (Sect. 3.11). Compared to a map based on the
simplest of landslide susceptibility approach, slope ranges
with its ragged, fragmented susceptibility zones, our proce-
dure creates cohesive landslide susceptibility zones that have
smooth, buffered boundaries with only a slightly lower AUC
score (0.84) than for slope (0.87) across the entire study area.

6 Conclusions

We defined a workflow for assessing landslide susceptibil-
ity using multiple modeling stages and successfully applied
it using high-resolution (1 m) topography over a large (about
1000 km?) geographic area in the central mountains of Puerto
Rico (Fig. 1). The workflow includes modeling soil depth,
pressure head, and limit-equilibrium slope stability (Fig. 4).
Although calibration studies showed that assuming constant
average soil depth as input for a 1D (infinite-slope) factor
of safety against landsliding, F7, gave the best performance
metrics in a 2.5km? calibration area, use of a soil-depth
model more clearly delineated areas susceptible to landslide
initiation with only a modest reduction in the AUC from 0.88
to 0.86. Using a quasi-3D limit-equilibrium slope stability
analysis, the factor of safety, F3, further refined the suscep-
tibility assessment by more clearly delineating boundaries
between the different susceptibility classes and by assessing
stability at the scale of the observed median-sized landslides.
Despite further reduction in AUC to 0.80 for the NAR cali-
bration area, the map based on F3 is more readily usable in
certain applications than a map based on F7i, and it still per-
forms well as a classifier of landslide susceptibility. Perfor-
mance metrics for the F3 map of the entire ~ 1000 km? study
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area, AUC = 0.84 and D2PC = (.34, are slightly better than
results at the NAR calibration area. Performance measured
against detailed source mapping of selected areas is even bet-
ter: 0.85 < AUC <0.88 and 0.27 < D2PC < 0.33. These met-
rics indicate the map is suitable for planning, regulation, and
emergency preparedness decisions at the municipality scale.
The map may also be used to assess hazards, such as ground
collapse, resulting from landslide initiation. Source area de-
lineation as shown on maps may also be used for defining
landslide starting locations and surface area needed to assess
areas with potential downslope movement of sediment mo-
bilized by future landslides.
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head scarp points, https://doi.org/10.5066/P9BVMD74 (Hughes et
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