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ABSTRACT

Rainfall-induced landslides are driven by intense storms in mountainous regions. However,
drainage basin-scale modeling faces challenges due to uncertainties in input parameters and
computational limitations. Particularly, the Digital Elevation Model (DEM) resolution used in the
hydrological and slope stability models can impact the prediction of landslides. Hence,
understanding the influence of the domain’s resolution on the results is critical. This study uses a
pseudo-three-dimensional slope stability approach coupled with the Parallel Integrated
Hydrological model (ParFlow) to predict failures by Hurricane Maria in a watershed in Utuado,
Puerto Rico. A 1-m resolution pre-hurricane DEM is used as the base scenario for both ParFlow
and the slope stability analyses. The DEM resolution was then varied, and the results were
compared to the base scenario with a focus on the landslide area density, timing of failures, and
associated failure mechanisms. Results demonstrated that a coarser DEM for the slope stability
analysis significantly affected the predicted landslides, whereas it had minimal impact in the
hydrologic model. Resampling the DEM for the hydrological model while maintaining a high-
resolution DEM for the slope stability model reduced the required computational resources
significantly without compromising the validity of the results in regional-scale applications.

INTRODUCTION

Slope failures, induced by natural or human-induced factors, result in significant life and
infrastructure losses globally, with rainfall being the major natural cause of landslides (Mansour
et al., 2011). Climate change and shifting land use practices are driving more frequent and intense
extreme weather events, which, in turn, are exacerbating the occurrence and severity of rainfall-
induced landslides. Predicting rainfall-induced landslides is crucial for managing landslide risk
and alleviating the severe socio-economic impacts associated with slope failures, particularly at a
regional scale (Haque et al., 2016). The high number and high spatial variability of the input
parameters, as well as the complexity of advanced mechanistic predictive models, increase the
computational resources needed for regional slope stability analyses (van Asch et al., 2007). To
reduce these computational requirements, simplifying approximations are often made, including
adopting coarser Digital Elevation Models (DEMs), smaller study areas, spatially constant
subsurface properties, steady-state and one-dimensional (1D) flow conditions, 1D slope or 2D
stability calculations, and assuming hydrostatic spatial water table levels. Particularly, using a
coarser DEM resolution can reduce the required computational time and resources significantly
(Qiu et al., 2022). Hence, understanding the impact of these simplifications is crucial for assessing
the validity of results and for focusing on the most critical factors that affect them. This can help
scale up landslide predictions to a regional scale without compromising on the validity of the
results or the detail level of the generated output.
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Hurricane Maria hit Puerto Rico on 20 September 2017 at 6:15 a.m. (Atlantic Standard
Time), triggering more than 70,000 landslides and debris flows, most of them on the same day
(Hughes and Schulz, 2020). Utuado, in central Puerto Rico was the most severely affected by the
hurricane with a landslide area density exceeding 100 landslides/km? (Hughes and Schulz, 2020).

A rainfall-induced landslide regional predictive model that couples the Parallel Integrated
Hydrological model (ParFlow) and a pseudo-three-dimensional (3D) slope stability approach is
introduced. The model integrates the effects of different processes, including 3D transient
subsurface groundwater flow in the saturated and vadose zones, overland flow, and slope stability.
The model outputs a set of predicted landslides across the topography with well-defined locations,
areas, volumes, and timing of failures. It was applied to a watershed in Utuado to study the impact
of the DEM resolution of both ParFlow and the slope stability analyses on the predicted landslide
area density, timing of failures, failures spatial distribution, and the associated failure mechanisms.

STUDY AREA AND EVENT

This analysis focused on a 10,312 m? watershed in Utuado, central Puerto Rico (Figure 1), the
easternmost island of the Greater Antilles.
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Figure 1. (a) Puerto Rico Topography, (b) Precipitation time history of Hurricane Maria
(2017) using the NCEP Stage IV dataset, and (c) Elevations, (d) Slope inclinations, and (e)
Flow accumulation areas of the studied watershed in Utuado, central Puerto Rico.

The soil in Utuado is silty sand originating from granodiorite-quartz diorite, part of the
plutonic rocks of the Utuado batholith formed during the Cretaceous period (Learned et al., 1981).
Frequent intense rainfall, widespread weathered hillslope soils, and evolving land use practices
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play a key role in triggering rainfall-induced landslides and debris flows in Puerto Rico (Bessette-
Kirton et al., 2019). This study focused on the Category 4 Hurricane Maria that triggered over
70,000 landslides and debris flows in at least three-fourths of the island’s municipalities (Hughes
and Schulz, 2020). Most of the landslides were shallow and translational in soil or saprolite with
a thickness that varied from a few decimeters to a few meters (Bessette-Kirton et al., 2019). Figure
1 shows the watershed’s elevations (Figure 1c), slope inclinations (Figure 1d), and flow
accumulation areas (Figure 1e). Elevations are based on a 1-m resolution pre-hurricane DEM (U.S.
Geological Survey, 2017). A high-quality landslide inventory is used, incorporating mapped
landslide locations, source areas, and volumes estimated through Light Detection and Ranging
(LiDAR) differencing (Bayouth-Garcia and Hughes, 2023). The studied watershed includes five
mapped landslides with a mapped landslide area density of ~5.5% (Figure 1c). Rainfall estimates
for Hurricane Maria varied significantly amongst the available datasets, but records confirm that
the mountains of Puerto Rico received at least 250 mm of rain (Bessette-Kirton et al., 2019). This
study used the National Centers for Environmental Prediction (NCEP) Stage IV rainfall dataset,
as it most closely matched the partially available gauge data (Du, 2011). Rainfall was measured at
a spatial resolution of 0.2° by 0.2°, every 1 hour, with a cumulative total of 640 mm recorded by
the end of the hurricane (Figure 1b).

METHODS
Model

The mechanistic model used for this analysis integrates ParFlow (Kollet and Maxwell, 2008) with
a pseudo-3D slope stability approach (Gong et al., 2023) to predict regional-scale 3D landslides
with well-defined locations, areas, volumes, and timing of failures. ParFlow models the 3D
groundwater subsurface flow in both the saturated and vadose zones as well as the overland flow.
It uses the van Genuchten model to describe the variation of hydraulic conductivity and soil
moisture in the unsaturated zone. Land surface processes, including precipitation and
evapotranspiration, are accounted for by integrating ParFlow with the Community Land Model
(CLM) (Dai et al., 2003). To estimate the initial groundwater table level, ParFlow offers a “spinup”
feature, starting with a constant recharge until steady state hydrologic conditions are reached.

The pseudo-3D slope stability approach consists of two main steps. First, it identifies
potential triggering cells where the factor of safety (F;) is <1, using a 1D infinite slope stability
analysis (Duncan et al., 2014) (Figure 2a). The F; for each cell in the DEM is computed at each
depth and time step as follows:

tan(¢’) | ¢'-Y(zt) ywtan(s’)
tan(p) vz sin(B) cos (B)

F(zt) =

where ¢’ and ¢’ are the effective cohesion and friction angle, respectively; B is the slope angle; y
and y,, are the respective material and water unit weight; z is the vertical depth at the center of
each subsurface layer; (z, t) is the pressure head at a given time and depth calculated by ParFlow.

The triggering depth is determined as the shallowest or deepest depth relative to the ground
surface, depending on the user’s preferences, where F; <I.

Second, the model extends each triggering cell into a 3D landslide using a geometric
projection (Figure 2b). Starting with the triggering cell with the highest flow accumulation within
the topography, the model includes upslope cells that meet certain criteria, including: having a
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higher elevation than the triggering cell, having a lower flow accumulation than the downslope
cell of interest, and not being part of another landslide. The process continues until the failure
plane daylights to the ground surface, forming a 3D cone-shaped landslide. The model assumes
that the slope of the failure plane becomes steeper as the distance from the triggering cell increases.
Remaining triggering cells, not part of formed landslides, with lower flow accumulations are then
processed similarly to form additional landslides across the topography.
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Figure 2. (a) Infinite slope stability limit equilibrium method, (b) Schematic of pseudo-3D
slope stability approach.

Study Domain and Input Parameters

Most of the hurricane-induced landslides were shallow and translational (Bessette-Kirton et al.,
2019) with an average mapped landslide thickness of 1 m in our studied watershed (Bayouth-
Garcia and Hughes, 2023). Thus, a 2 m subsurface domain was defined and subdivided into eight
layers (D, = 0.25m). A 1-m resolution pre-hurricane DEM (D, = D,, = 1 m) was used for the
base scenario of the analysis (U.S. Geological Survey, 2017).

This study examined the impact of DEM resolution, in both ParFlow and slope stability
analyses, on the predicted landslides across the topography. We explored five scenarios by varying
the DEM resolutions (D, = D,): (1) 1-m resolution in both ParFlow and the slope stability analysis
(base scenario), (2) 3-m in both, (3) 10-m in both, (4) 3-m in ParFlow and 1 m in slope stability,
and (5) 10-m in ParFlow and 1-m in slope stability. In scenarios 4 and 5, the DEM was resampled
to a coarser resolution for ParFlow using the Nearest Neighbor method in ArcGIS Pro, while the
original 1-m resolution was retained for the slope stability analysis. In scenario 4, for example, a
pore pressure head estimated by ParFlow for a 3x3 m cell was uniformly applied to all nine 1x1
m cells within that area and was used as input in the slope stability analysis, while elevations and
slopes were derived from the original 1-m resolution DEM.

No-flow boundary conditions were applied at the domain’s bottom and sides, reflecting
minimal water movement from the watershed, while an overland flow boundary was assigned at
the top. Given the relatively small size of the study area, input parameters were constant spatially
and in-depth, except for k;, which only varied with depth. Table 1 summarizes the input
parameters that remained consistent across all five scenarios.



Table 1. Model input parameters.

Input Parameter Value Source

3e-06 m/s (shallowest),
Saturated hydraulic conductivity (k) halving per layer to 2e-08 Baum et al., 2023
m/s at 8th layer

Hydraulic conductivity tensor Isotropic --
Specific storage le-05 m! --

Porosity (n) 0.45 Thomas et al., 2020

van Genuchten a 1.0 Baum et al., 2023

van Genuchten N 1.5 Thomas et al., 2020

Saturated volumetric water content (6,) 0.45 Thomas et al., 2020

Residual volumetric water content (6,.) 0.1 Thomas et al., 2020
Manning’s coefficient 5.6e-05 hr/m'" --

Constant recharge for the “spinup”

ParFlow simulation le-08 m/s -

NCEP Stage IV hourly

Rainfall dataset . Du, 2011
rainfall rates
Cohesion (c") 20 kPa Baum et al., 2023
Friction angle (¢") 37° Baum et al., 2023
o . . 3 U.S. Department of
Saturated soil unit weight (y) 22 kN/m Agriculture, 2019
Analysis Steps

For each scenario, the analysis started with a ParFlow “spinup” simulation to set the initial
groundwater table level for the main ParFlow simulation. The ParFlow main simulation estimated
pore pressure heads that evolved spatially, temporally, and with depth in response to the hurricane.
These pressure heads were subsequently inputted into the slope stability analysis. Potential
triggering cells were identified, and 3D landslides were generated at each time instant using the
pseudo-3D procedure. The shallowest depth at which the triggering was initiated was used to
define the onset of a landslide.

RESULTS
Landslide Area Density Over Time

Figure 3 illustrates the model's predicted landslide area density over time for the five scenarios
studied. For the base scenario (blue solid curve), which used a 1-m resolution DEM for both
ParFlow and the slope stability analyses, the model predicted a maximum cumulative landslide
area density of 30%, with landslides initiating eight hours before the hurricane’s onset (September
19, 2017, 10:00 p.m.). Conversely, with a 3-m resolution DEM (red solid curve), landslides were
triggered three hours after the hurricane started (September 20, 2017, 9:00 a.m.), with a maximum
cumulative landslide area density estimated at 6.5%. No landslides were predicted for a DEM
resolution of 10 m (green solid curve). The 1-m resolution DEM significantly overpredicted
landslides compared to the mapped landslide area density (5.5%), whereas the 3-m resolution
DEM generated a closer alignment between the predicted and mapped landslide area densities.




The previous three scenarios used the same DEM resolution for both ParFlow and the slope
stability components of the model. On the other hand, analyses were conducted where the DEM
resolution was resampled to 3 m for ParFlow while maintaining a 1-m resolution for the slope
stability analysis (red dashed curve). In this case, the model predicted a maximum cumulative
landslide area density of 29%, which closely matched the base scenario (blue solid curve).
Moreover, landslides in the scenario using a 3-m resolution DEM for ParFlow and a 1-m resolution
DEM for slope stability were triggered starting on September 19, 2017, at 6:00 p.m. The temporal
evolution of the predicted landslide area density in this scenario closely resembled that of the base
scenario. Similarly, resampling the DEM to a 10-m resolution for ParFlow while maintaining a 1-
m resolution for slope stability predicted a maximum cumulative landslide area density of 27.5%
(green dashed curve), which is also closely comparable to the base scenario (blue solid curve). In
this scenario, landslides were initiated starting on September 20, 2017, at 3:00 a.m., and the
temporal variation of the landslide area density closely aligned with that of the base scenario. This
indicates that coarser resolution hydrogeologic modeling can be adequate, and can result in
significant computational efficiencies, as long as landslide triggering remains at high resolution.
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Figure 3. Predicted cumulative landslide area density over time for the five scenarios.
Spatial Distribution of Failures

Figure 4 shows the spatial distribution of the predicted landslides at different time instants for three
scenarios: (a) the base scenario with a 1-m resolution DEM for both ParFlow and the slope stability
analyses, (b) the scenario with a 3-m resolution for ParFlow with the original 1-m resolution DEM
for the slope stability analysis, and (c) the scenario using a resampled 3-m resolution for both
ParFlow and the slope stability analyses. Predicted landslides are overlaid on a background
showing the flow accumulation area, a proxy of the geomorphic position across the topography.
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09/19/2017 at 09/19/2017 at 09/20/2017 at 09/20/2017 at 09/20/2017 at 09/22/2017 at
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Figure 4. Spatial distribution of predicted landslides over time for the (a) base scenario,
with a DEM resolution of 1 m applied to both ParFlow and the slope stability analyses, (b)
scenario with a resampled DEM resolution of 3 m applied to ParFlow and the original 1 m

DEM resolution for the slope stability analysis, and (c) scenario with a resampled DEM

resolution of 3 m applied to both ParFlow and the slope stability analyses.

The predicted number of failures and their spatial distribution over time were largely
similar in both the base scenario (Figure 4a), which utilized the original 1-m resolution DEM for
both ParFlow and the slope stability analyses, and the scenario where ParFlow used a DEM
resampled to 3-m resolution while the slope stability analysis maintained the original 1-m
resolution DEM (Figure 4b). The resampled DEM scenario tended to trigger more failures at
earlier time instants (e.g., Figures 4a4 and 4b4). However, by the end of the hurricane, the total
number of failures, their spatial distributions, and the corresponding cumulative landslide area
densities were nearly identical in both scenarios (Figures 4a6 and 4b6).

On the other hand, a significantly higher number of failures and a higher cumulative
landslide area density were predicted across the topography by the end of the hurricane for the 1-
m resolution DEM (Figure 4a6) compared to the 3-m resolution DEM scenario (Figure 4c6). The
spatial distributions of the predicted failures across the topography were also significantly different
between the two scenarios. Furthermore, the individual areas of the predicted landslides in the 3-
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m resolution DEM scenario (Figure 4c) were noticeably larger than those in the 1-m resolution
DEM scenario (Figure 4a). Moreover, landslides were triggered earlier in the 1-m resolution DEM
scenario (Figure 4a) compared to the 3-m resolution DEM (Figure 4c). For the 1-m resolution
DEM scenario, landslides were initially predicted on September 19 at 10:00 p.m. (Figure 4a2),
near valley bottoms in locations with high flow accumulation areas. By September 20 at 6:00 a.m.
(hurricane’s onset), the most vulnerable slopes in lower geomorphic positions had already failed
due to the rise in the groundwater table level (bottom-up failures), leading to prediction of
additional landslides at higher geomorphic positions, where top-down failures started to emerge
due to the formation of a perched water table (Figure 4a4). On the other hand, the 3-m resolution
DEM scenario (Figure 4c¢) triggered exclusively top-down failures, initiated by the formation of a
perched water table in locations near ridge tops with low flow accumulation areas. This is because
resampling the DEM to a coarser resolution for the slope stability model smooths the topography,
potentially removing steep slopes near valley bottoms and, as a result, reducing or eliminating
bottom-up failures due to rise in the water table.

For all the three scenarios, the model overpredicted the mapped failures, and the spatial
distribution of the modeled and mapped landslides (shown in Figure 1c) did not match well. This
can be attributed to the assumption of spatially constant shear strength parameters (cohesion and
friction angle) across the topography, which fails to account for the landscape's complexities.

Simulations Run Time

Reducing the spatial resolution in simulations can substantially decrease computation time (Table
2). All simulations were run on a local computer equipped with an Intel Core 19 vPro processor (8
physical cores, 16 logical processors, base clock speed 2.61 GHz), using one processor.

Table 2. Comparison of model run times for different cases.

ParFlow ParFlow Main | Slope Stability Total
Case “Spin-up” Simulation Run | Analysis Run Run
Run Time Time Time Time
1-m DEM resolution for 750
both ParFlow and slope 150 minutes 540 minutes 60 minutes .
. . minutes
stability analysis
3-m DEM resolution for 212
ParFlow; 1-m for slope 12 minutes 140 minutes 60 minutes .
oye . minutes
stability analysis
3-m DEM resolution for 153
both ParFlow and slope 12 minutes 140 minutes 1 minute .
oys . minutes
stability analysis
10-m DEM resolution 98
for ParFlow; 1-m for 8 minutes 30 minutes 60 minutes .
s . minutes
slope stability analysis
10-m DEM resolution 385
for both ParFlow and 8 minutes 30 minutes 0.5 minutes .
ors . minutes
slope stability analysis




DISCUSSION

This study showed that lowering the DEM resolution for both ParFlow and slope stability analyses
resulted in a significantly different predicted cumulative landslide area density, its temporal
evolution, the spatial distribution of the predicted landslides, and the associated failure
mechanisms. However, when resampling the DEM to a lower resolution for ParFlow only, while
retaining the original high resolution for the slope stability analysis, the landslide area density
temporal curves, the spatial distribution of the predicted landslides, and the associated failure
mechanisms showed a close match to the base scenario.

Given the input parameters used, reducing the DEM resolution for the hydrological model
had a minimal effect on the predicted landslides because pore pressure gradients and soil saturation
levels were found to change gradually over distances of 3 to 10 m. This is primarily because the
initial groundwater table varied smoothly, precipitation was nearly uniform, and material
properties were relatively consistent across these scales. Therefore, assigning the same pore
pressure head to all 1x1 cells within a larger 3%3 or 10x10 cell was not a significant compromise.
Conversely, the slope stability analysis required a high DEM resolution to account for shallow
landsliding, as well as terrain-driven differences, especially in a highly mountainous region like
Puerto Rico. Using a coarse DEM resolution for slope stability analysis resulted in smoothening
the topography, potentially disregarding small-scale features such as steep slopes that can be
essential in triggering landslides. This emphasized the importance of using a high-resolution DEM
for slope stability analysis, while it was not as critical for the hydrological model. Adopting this
approach can result in significant reduction in the computational time and resources required for
running the model. Resampling the DEM to 10 m for ParFlow, while retaining the original 1-m
resolution for slope stability analysis, reduced computational time from 750 minutes (when both
used 1-m resolution) to 98 minutes for this study area and domain (Table 2).

CONCLUSIONS

A regional predictive model for rainfall-induced landslides, which integrates ParFlow with a
pseudo-3D slope stability approach, was introduced. Applied to a watershed in Utuado, central
Puerto Rico, during the 2017 Hurricane Maria event, the study aimed to examine the influence of
the DEM resolution used for the hydrological and slope stability components of the model on the
predicted landslides. Results showed that the reduction of DEM resolution from 1 m to 3 m and
10 m for the hydrological component of the model did not play a major role in the predicted
landsliding, while changes in the DEM resolution used for slope stability analysis significantly
influenced the predicted landslides. This is particularly important in reducing the computational
time and resources needed when scaling up such analyses to a regional scale and in allocating the
available resources efficiently.
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