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Abstract

Extreme rainfall events often trigger landslides, debris flows, and sediment-laden floods
that cause severe damage in built-up areas, yet sediment deposition is rarely quantified in
hazard assessments. This study evaluates the capability of the physically based catchment
model LISEMHazard to reconstruct sediment generation, transport, and deposition during
Hurricane Maria (2017) in two catchments in Dominica (Coulibistrie and Grand Bay). Sim-
ulations were performed at 10 m resolution using rainfall, topography, soil, and land-use
data. Model calibration and validation used mapped landslides and debris flows, field
measurements of deposition height, and DEMs of Difference (DoDs). LISEMHazard repro-
duced the general magnitude of sediment volumes and the frequency–area distribution
of medium and large landslides but showed poor ability to predict their exact locations
and overestimated landslide depth and deposition height. Agreement between modeled
and observed debris-flow patterns was good in major channels but weak in minor ones.
Sensitivity analysis indicated that soil depth and cohesion dominate uncertainties, whereas
saturated hydraulic conductivity and surface roughness exert minimal influence. Despite
substantial data and model limitations, physically based modeling remains a practical ap-
proach for spatial estimation of sediment deposition needed for risk assessment, structural
damage evaluation, and cleanup cost estimation.

Keywords: sediment deposition; debris flows; physically based modeling; LISEMHazard;
landslide–flood interactions; catchment-scale processes; hurricane Maria; sensitivity analysis;
uncertainty assessment

1. Introduction
Sediment deposition due to floods and debris flows in built-up environments causes

significant damage to infrastructure and public and private properties. The most substantial
portion of the costs comes from cleaning operations, removal of blockage in drainage and
sewage systems, and from repairing the damage caused by sediments and water to the
contents of buildings [1–3].

There is a continuum between clear water floods and debris flows, depending on the
percentage of sediments, and flood analysis should not only focus on water. Although river
floods and flash floods mostly consist of water, they contain certain amounts of sediments
as well, which in many cases is ignored in flood hazard assessments [4]. If the overland flow
is mixed with surface erosion, these sediments are often fine grained and result in muddy
deposits [5,6]. If the overland flow is mixed with debris from landslides, the resulting flash
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floods have properties of debris flows, with fine grains to large boulders (see Figure 1).
High concentrations of sediment alter flow properties, where specific density and viscosity
start playing a role in the calculations of velocity and discharge [7]. Generally, this happens
when more than 50% of the flow volume consists of sediments. Studies are mainly focused
on sediments originating from one specific process (e.g., landslides), while in reality, the
deposited sediments can be generated by a mixture of different processes that potentially
interact with each other. This study considers sediment as an integral part of (flash) flood
hazard analysis.

 

Figure 1. Debris and sediment deposition around a building in Castle Comfort, Dominica, following
extreme rainfall during Hurricane Maria.

The erosion processes have been studied extensively [8–12]. Muddy floods are well
known (e.g., [6]) but often considered as offsite or downstream effects (depending on the
scope of the investigation). Surprisingly, while it is considered one of the main reasons
for erosion and conservation research, damages/costs incurred by sediment deposition
are not quantified. Impact damage by debris flows is well established [13–15], but often
for detailed landslide investigation and not coupled to surface erosion and flashfloods.
There are groups of models that simulate runoff and erosion (but not flashfloods) (e.g.,
Hairsine-Rose model), there are models that simulate flashfloods but rarely take sediments
into account (e.g., MARINE), and there are models that simulate mass movement and
runout (e.g., FLO-2D). From the commonly used models (Table 1), only LISEM can couple
eroded sediment from source areas to a sediment laden flood downstream, simulated with
a dynamic wave. The classic version “OpenLISEM” simulates surface erosion by runoff,
while the branch ‘LISEMHazard’ has introduced two phase flow that simulates course
sediments and viscous flow so that debris flows and mudflows can be simulated. This
version is used in this research.

Many models have been developed for simulating debris flow hazard. However,
most are focused on the estimation of impact pressure [16–18]. However, quantification of
damages/costs is not complete without having an estimation of the sediment deposition
volume. To determine the sediment deposition, it is essential to investigate the sediment
source (erosion and slope failure), sediment transport, and entrainment processes.

As shown by Table 1, LISEMHazard is capable of simulating all desired processes and
is, therefore, selected for our simulations. More instances of application of OpenLISEM
can be found in the literature compared to LISEMHazard. OpenLISEM is used in many
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studies for simulation of soil erosion and hydrology (Chen, et al. [19], Baartman, et al. [20],
Kværnø and Stolte [21], Rahmati, et al. [22], Clutario and David [23], Ferket, et al. [24],
Nurritasari, et al. [25]). LISEMHazard is useful for cases in which slope failures and their
runouts are present. For instance, de Vugt [26] investigated the occurrence of landslides
and floods in St. Eustatius by modeling these hazards using LISEMHazard. They also
performed a sensitivity analysis and concluded that the model is most sensitive to cohesion,
internal friction angle, soil depth, and initial soil moisture. Xiao [27] applied LISEMHazard
to earthquake-triggered slope failures and debris flows in Wenchuan, China in order to
analyze the predictive capacity of physically based models. van den Bout, et al. [28] mod-
eled a multi-hazard chain event in a watershed in Wenchuan, China using LISEMHazard.
They simulated the co-seismic landslides which led to a landslide dam and a debris flow
which later breached the landslide dam. Simulations are useful for reconstructing the
flow patterns and sediment deposition characteristics. However, small variations in the
uncertain input parameters might significantly influence the simulation outcomes [29].
Most erosion models are calibrated and validated with sediment concentrations in the
stream flow at the outlet of a catchment under investigation. Spatial validation of erosion
and deposition patterns is very rare (see e.g., Takken, et al. [30]). She concluded that the
model was not very good at reproducing detailed field patterns of deposition, but also
that deposition amounts were hard to quantify. This highlights the necessity of uncertainty
quantification which can be performed through sensitivity analysis. Sensitivity analysis is
also useful for systematic calibration of a model and determination of priorities for field
data collection [31–35].

Table 1. Available models for simulation of sediment-related processes.

Model

Process Types

ReferencesSoil and
Surface

Hydrology

Surface
Erosion

Slope
Failure

Sediment
Transport Entrainment Deposition

2D
Flow/Flooding

with
Sediment

Flood/Debris
Flow

Erosion 3D ✓ ✓ - ✓ - ✓ - -

Defersha, et al. [36];
Schmidt, et al. [37];
Schindewolf and

Schmidt [38]

Hairsine-Rose ✓ ✓ - ✓ ✓ ✓ - - Hairsine and Rose [39];
Hairsine, et al. [40]

SINMAP - - ✓ - - - - -

Dietrich, et al. [41];
Montgomery and

Dietrich [42];
Pack, et al. [43]

SHALSTAB - - ✓ - - - - -

Dietrich, et al. [44];
Dietrich, et al. [41];
Montgomery and

Dietrich [42],
Dietrich, et al. [45]

Delft-3D-
FLOW ✓ ✓ - ✓ - ✓ ✓ -

Deltares [46]; Fauzah,
et al. [47]; Theol and

Charlotte de
Fraiture [48]

Sobek - - - ✓ - ✓ - -
Betrie, et al. [49];

Deltares [50];
Ji, et al. [51]

WEPP ✓ ✓ - - - ✓ - - Flanagan, et al. [52];
Foster and Lane [53]

Eurosem ✓ ✓ - ✓ - ✓ - - Morgan, et al. [54];
Morgan, et al. [55]
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Table 1. Cont.

Model

Process Types

ReferencesSoil and
Surface

Hydrology

Surface
Erosion

Slope
Failure

Sediment
Transport Entrainment Deposition

2D
Flow/Flooding

with
Sediment

Flood/Debris
Flow

OpenLISEM ✓ ✓ - ✓ - ✓ ✓ - Baartman, et al. [20]

KANAKO 2D - ✓ ✓ ✓ - ✓ ✓ ✓ Nakatani, et al. [56];
Nakatani, et al. [57]

FLO-2D - - - ✓ - - ✓ ✓
Calligaris, et al. [58];

Cesca and d’Agostino
[59]; O’Brien, et al. [60]

Debris-2D - - ✓ ✓ - ✓ ✓ ✓

Chae, et al. [61]; Liu
and Huang [62]; Liu

and Wu [63];
Wu, et al. [64]

Flow-R - - ✓ ✓ - - - -
Ali, et al. [65];

Chen, et al. [66];
Horton, et al. [67]

EDDA - - ✓ ✓ ✓ ✓ ✓ ✓ Chen and Zhang [68];
Shen, et al. [69]

TRENT 2-D - ✓ - ✓ - ✓ ✓ ✓
Armanini, et al. [70];

Rosatti and
Begnudelli [71]

RAMMS - - - ✓ ✓ ✓ ✓ ✓
Bartelt, et al. [72];

Cesca and d’Agostino
[59]; Simoni, et al. [73]

LISEMHazard ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ Bout, et al. [74];
Van den Bout, et al. [75];

The objective of this research is to evaluate the reliability of the physically based model
LISEMHazard for simulation of the sediment deposition patterns and volumes caused by
extreme events. This is useful for prediction of potential damage caused by sediment in
such circumstances. A fundamental question is if physically based models have reached
sufficient spatial accuracy to be used for added risk assessment from sediments. If the
modeling results have significant uncertainties, the magnitude of uncertainties is important
to quantify. It is also intended to specify the most sensitive variables of LISEMHazard
with regards to the volume of generated, deposited, and outflowed sediments. For this
purpose, the mass movement process during Hurricane Maria in Coulibistrie and Grand
Bay catchments of Dominica was simulated with LISEMHazard. We performed physically
based modeling to reconstruct a sediment deposition event. We calibrated the model using
observed data and estimated the volume of generated, deposited, and outflowed sediments
(out of the catchment into the sea) from simulation outputs.

2. Materials and Methods
2.1. Study Area

Dominica (15◦25′ N, 61◦21′ W) is a Caribbean island located about halfway between
the French islands of Guadeloupe and Martinique in the Eastern Caribbean Sea. The Com-
monwealth of Dominica is 46 km in length and 17 km in width, and it has an area of about
750 (km2) [76,77]. The island is predominantly covered by rainforest, and the canopy is
fairly complete [78]. The topography is young and rugged, and the geology is volcanic and
dynamic with a lot of ignimbrite rocks which are easily eroded, especially in a wet tropical
environment [79,80]. The central mountain ridge runs from Cape Melville in the north to
the steep southern coastal cliffs of Dominica [81–83]. Dominica has numerous mountain
rivers and streams which flow outward to the ocean but none of them are navigable [81–84].
Steep slopes, geology, soil, deforestation, numerous rivers, and human activity are the fac-
tors favoring the occurrence of mass movement processes in Dominica [85]. Soils are mostly
residual soils which are formed by chemical weathering process due to warm temperatures
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of the island and abundant rainfall [86–88]. The meteorological stations at the Melville
Hall and Canefield airports have reported the total annual average rainfall of 2650 mm and
1760 mm respectively [89,90]. The dry season runs from December to May and the wet
season from June to November and the average annual temperature is 27.5 ◦C [89,90].

Most communities are located at the mouth of rivers, which makes them exposed
to (flash) floods and debris flows from upstream; others located inland are threatened
by landslides and debris flows. Communities are connected through the round-island
road network which was completed in 1980s despite the technical difficulties imposed by
Dominica’s mountainous terrain and friable volcanic rock [81–83].

On 18 September 2017, hurricane Maria made landfall on Dominica. Intense rainfall
and uprooting of trees during Maria, triggered close to 10,000 landslides, debris flows, and
river floods in Dominica, devastating the island and its people, damaging more than 85 per-
cent of houses, and affecting more than 92 percent of the population [91,92]. The extreme
surface runoff and stream discharge during hurricane Maria, rapidly transported massive
amount of sediments and debris generated by erosion and landslide processes [92]. Shore-
line infrastructure was damaged by the coarse sediment and tree debris which were dis-
charged to the sea and were transported back onto the coastline by the storm surge [93,94].
Also, sediments and debris carried by floods filled up the channels and jammed under
bridges, intensifying the flooding situation upstream, causing countless roadblocks in
different parts of the island and damage to facilities and infrastructure [95,96].

This study was focused on two catchments in Dominica which were heavily affected
by sediment deposition: Coulibistrie and Grand Bay. Coulibistrie is located on the coast on
the west side of the island and it experienced severe flooding and debris flow during the
event. Grand Bay, located in the southern part of the island, was impacted by landslides
and debris flows. Figure 2 shows the location of these catchments.

2.2. Application of LISEMHazard in Dominica
2.2.1. Model Description

LISEMHazard is physically- and raster-based and it is developed for simulating ero-
sion, flooding, slope failure, and mass movement processes on a catchment scale [74].
LISEMHazard incorporates both hydrological processes (e.g., rainfall, interception, infil-
tration) and morphological processes (e.g., shallow landslides, slope failure, landslide
runout) [74]. All flow on the surface and in channels is done with a dynamic wave (shallow
Saint-Venant equations). Figure 3 is a flowchart showing the processes of this model. The
governing equations of LISEMHazard are described in detail by Bout, et al. [74] and Bout
and Jetten [97]. A summary of these equations and description of their variables is given in
Tables A1 and A2 in the Appendix A. All simulations were performed with LISEMHazard
version 1.11 and cell size of 10 m and timestep of 10 s. Note that the dynamic wave uses a
semi-explicit volume solution with a varying timestep to achieve numerical stability (see
e.g., Delestre, et al. [98]).

2.2.2. Model Input Data

LISEMHazard is set up in such a way that many parameters in the equations in
Table A1 (in Appendix A) are input data, to give the user maximum control. Input variables
can be derived from six main datasets: (i) precipitation, (ii) DEM, (iii) channels, (iv) land
use/cover, (v) soils, and (vi) buildings and roads. Data sources are briefly described in
Table 2. All input data is provided in the form of raster maps.
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Figure 2. Location of study areas (Coulibistrie and Grand Bay catchments) shown on elevation map
of Dominica. Landslides and runouts are indicated in red. The two catchments are shown by hatched
polygons. The landslides and debris runouts are derived from satellite image interpretation (see
Charim.net).

Precipitation

Rainfall data was obtained from the ground-station in Canefield airport of Dominica
located approximately two kilometers north of Roseau. This station was the only one out of
six available stations that provided a full record of the hurricane Maria in Dominica, as the
other stations malfunctioned during the hurricane. This causes a high level of uncertainty in
the input rainfall data. The rainfall data was available with 10-min timesteps. We assumed
that a spatial similarity of the precipitation exists for the selected study areas. The total
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amount of rain was 450 mm during 48 h and the peak intensity was 90 mm/hr. Figure 4
shows the rainfall intensities recorded on 18th and 19th of September 2017.

 

Figure 3. Flow chart indicating the processes of the LISEMHazard model adapted from Bout, et al. [74].
“ET” stands for evapotranspiration. Red elements indicate soil and sediment dynamics, while blue
elements indicate water balance and hydrological processes.

 

Figure 4. Rainfall intensities recorded by the ground-station during Hurricane Maria at Canefield
airport. This data was recorded on 18th and 19th of September 2017 with a total rain amount of
450 mm.

Topography

A high-quality Light Detection and Ranging (LiDAR) post-event Digital Terrain Model
(DTM) with 0.5 m resolution was provided by the National Physical Planning Department
of Dominica. This DTM does not cover the central part (45% of the island area); however, it
covers the majority of our study areas (99% coverage for Coulibistrie and 89% coverage
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for Grand Bay). The missing parts were filled with 30 m resolution SRTM global elevation
data. The filled areas are the densely vegetated steep slopes upstream of catchments. The
lower quality of SRTM DTM affects the model’s ability for prediction of landslides pattern
and depth. It should be noted that the high quality of LiDAR DTM has a high level of
certainty; however, it was captured approximately five months after the event, and it does
not represent the pre-event situation. In the absence of a high-quality pre-event DTM,
this dataset was used, as simulations with open-source elevation datasets were found not
to produce meaningful results. This is described in more detail in Emtehani, et al. [99].
Therefore, our elevation data has a medium level of uncertainty.

Landuse and Soils

Landuse was obtained from the online database of CHARIM project [100]. This map
is the product of classification with Landsat and SPOT images acquired between 1996 and
1999. Input variables for each landuse class were obtained from the literature: Manning’s n,
random roughness, canopy height, vegetation cover, added cohesion (due to vegetation
roots), organic content, and compaction.

Soil texture information was obtained from SOILGRIDS [101]. Soil texture maps at
depth of 15 cm which contain information on the sand, clay, and gravel were used as inputs
for the pedo-transfer functions [102] to generate input variables: bulk density, saturated
hydraulic conductivity, wilting point, field capacity, and plant available water content.
The pedotransfer functions include relative bulk density and organic matter, so that the
land cover map has an influence on the soil physical parameters of the topsoil. Natural
forests are assumed to have a higher organic matter and lower relative bulk density, while
agriculture and built-up area have higher relative bulk densities and no additional organic
matter. There were no field measurements of soil physical parameters available.

Other required variables for different soil types were taken from the literature: median
grain diameter (d50), 90 percent grain diameter (d90), cohesion, aggregate stability, soil
bulk density, internal friction angle, and soil rock size.

Soil depth is an effective parameter for estimation of landslides; however, high-quality
spatial soil depth data was not available for our study areas. In this case, soil depth was
modeled using the method described by Kuriakose, et al. [103] and Kuriakose, et al. [104].
This method calculates the soil depth as a function of distance from channels, distance
from coast, slope, and profile curvature. The principle is that in a landscape where ero-
sion/denudation processes dominate, the soil is deepest near the river (accumulation) and
shallowest on steeper slope (denudation). The DTM and channel network are the inputs for
generating soil depth map with this method. Therefore, the uncertainties in input DTM will
be propagated to the generated soil depth. Table 2 provides a summary of input datasets,
their specifications and the variables derived from each.

Table 2. Specifications of the input data. All input datasets were resampled to 10 m resolution using
bilinear technique prior to model implementation.

Data Spatial Resolution Time of Acquisition Description Source Derived Variables

Precipitation - 18 to 19 September 2017
Full record of the

event with
10-min timestep

Weather station in
Canefield airport of

Dominica
Rainfall

DTM 0.5 m 19 February to
5 May 2018

LiDAR DTM with
0.05 m vertical

accuracy

Dominica’s National
Physical Planning
Department [105]

Slope, gradient, local
drain direction,

channels network,
accumulated flux,

outlet location
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Table 2. Cont.

Data Spatial Resolution Time of Acquisition Description Source Derived Variables

Soil 250 m 1 January 1950 to 1
December 2015 SoilGrids product Global gridded soil

information [101]

Sand, clay, gravel,
bulk density, plant

available water
content, porosity,

initial soil moisture,
saturated hydraulic

conductivity, suction
at wetting front,

wilting point, field
capacity, d50, d90,

cohesion, aggregate
stability, soil density,
internal friction angle

Land use 5 m 1 January 1999 to 1
June 2015

SPOT 5 image
classification

CHARIM Project
(charim.net) [100]

Manning’s n, random
roughness, canopy
height, vegetation

cover, leaf area index,
compaction

2.2.3. Model Calibration

We attempted to simulate the mass movements in Coulibistrie and Grand Bay catch-
ments. In this study, the model was calibrated using two sets of observed data: the landslide
inventory map and the sediment deposition map. No measurements of discharge from
any river in Dominica exists of the event. We made use of the post-Maria inventory of
landslides and debris flows mapped by Van Westen and Zhang [91]. It was generated using
high-resolution satellite imagery and it includes both source and debris flow areas. Emte-
hani, et al. [99] collected field measurements and developed deposition height maps for
the Coulibistrie and Pichelin villages after hurricane Maria. Emtehani, et al. [99] generated
DEMs of Difference (DoDs) with 0.5 m spatial resolution using pre- and post-event Un-
manned Aerial Vehicle (UAV) and LiDAR data. Also, the sediment deposition pattern was
evaluated by comparing the modeled disposition with the deposition observed from some
orthophotos provided by Schaefer, et al. [106]. They surveyed some locations in Dominica
(including Coulibistrie and Pichelin villages) after Hurricane Maria and produced DEMs
and orthophotos. This data only covers the built-up areas and not the entire catchments.
Data was captured between 25 January and 2 February 2018, approximately four months
after the event. The orthophotos were used to detect and digitize deposition boundaries.

In Coulibistrie and Grand Bay, landslides were the dominant process responsible
for generating sediments, and surface runoff was responsible for transporting sediments
downstream. Variables related to the same two processes were considered for model
calibration. Soil cohesion, internal friction angle, and soil depth were used for slope failure
calibration. Saturated hydraulic conductivity and Manning’s n were used for sediment
transport calibration.

LISEMHazard determines the slope stability by calculating a safety factor (Equation
(A14), Table A1 in Appendix A). Soil cohesion and internal friction angle have a direct
relation with safety factor; however, soil mass (depth) has an inverse relation with the safety
factor for a given slip surface slope angle [74]. Saturated hydraulic conductivity is the
main parameter that determines the amount of water absorbed by the soil (Equation (A2),
Table A1 in Appendix A). With respect to hydrology, the saturated hydraulic conductivity
is the main parameter that determines the amount of water on the surface available for
flow, while the Manning’s n indicates the resistance of surface to the flow.
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2.3. Accuracy Assessment
2.3.1. Sediment Source

Landslides, as the source of sediments, were investigated in terms of their patterns,
area, and volume. The patterns were investigated by calculating Cohen’s Kappa and
Accuracy indexes from the modeled and observed landslides.

Cohen’s Kappa was introduced first by Cohen [107] as a measure of agreement be-
tween two observers. It accounts for both correctly predicted positives, negatives, and
incorrectly predicted areas. The number of correct and incorrect predicted cells can be
presented as a confusion matrix (Table 3).

Table 3. Confusion matrix.

Predicted

Positive Negative

Actual
True True Positive (TP) True Negative (TN)

False False Positive (FP) False Negative (FN)

Cohen’s Kappa index is calculated by Equation (1).

K =
P0 − Pe

1 − Pe
(1)

where P0 is the total accuracy (-) and Pe is the probability of uncorrelated agreement (-) [74].

P0 =
TP + FN

TP + FP + TN + FN
(2)

Pe =

(
TP + TN

TP + FP + TN + FN
× Tp + FP

TP + FP + TN + FN

)
+

(
TP + FN

TP + FP + TN + FN
× TN + FN

TP + FP + TN + FN

)
(3)

Accuracy is calculated by dividing the number of correct predictions by the number of
total predictions (Equation (4)). It should be noted that Accuracy accounts for the correctly
predicted non-landslide pixels as well which dominates the Accuracy value. Therefore, we
calculated the Sensitivity (Equation (5)) and Specificity (Equation (6)) indices as well.

Accuracy =
TN + FN

TP + FP + TN + FN
(4)

Sensitivity =
TP

TP + FN
(5)

Speci f icity =
TN

TN + FP
(6)

The surface areas of predicted and observed landslides were compared by calculating
the frequency density of landslides (number of landslides per unit area) and plotting
this against the landslide areas in a logarithmic scale graph. Two features control the
shape of the generated curve: a power-law distribution for medium to large landslides,
and a divergence from the power-law toward high frequencies with a rollover point
where frequencies decrease for smaller landslides (Figure 5) [108]. The point at which
the divergence from the power-law occurs is defined as the cutoff point [108,109]. This is
the point whereas the slope of the power-law distribution is defined using a power-law
exponent (scaling parameter β) (Figure 5) [108]. Tanyaş, et al. [108] have provided a more
detailed description of frequency density analysis.
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To better understand the model capability in predicting landslides, slope units were
digitized and the density of landslides per slope unit was calculated, by dividing the
landslide area by the total area of the slope unit for both modeled and observed landslides.

The total volume of the modeled and observed landslides was calculated and com-
pared. One of the outputs of LISEMHazard is a map of landslide depth which was multi-
plied by the cell area to obtain volume per cell. The volume of the observed landslides was
estimated using an area-volume scaling relation presented by Guzzetti, et al. [110]:

VL = 0.074 × AL
1.450 (7)

where VL is landslide volume (m3), and AL is the landslide area (m2).
To investigate the performance of empirical relation (Equation (7)), the modeled

landslide map was converted to polygons, the area of polygons was calculated, and
Equation (7) was used to estimate the volume of modeled landslides.

2.3.2. Sediment Deposition

Modeled and observed debris flows and deposition were compared using three indi-
cators: Cohen’s Kappa and Accuracy index for the spatial debris flow patterns, and Root
Mean Square Error (RMSE) for deposition height.

Cohen’s Kappa and Accuracy were calculated as explained above. It should be noted
that very shallow flows are unlikely to be visible from satellite images, and also water
flow itself might cause the damage visible in the images. Therefore, we removed the areas
with sediment thicknesses less than 0.3 m from the debris flow height map (generated by
LISEMHazard) and used this for the comparison with the flow inventory to calculate the
Cohen’s Kappa and Accuracy indexes.

RMSE was calculated by comparing the observed sediment thicknesses derived from
DEM analysis and field work [99] and the modeled deposition heights. Three RMSE’s
were calculated; one RMSE was calculated between the modeled deposition heights and
the field measurements. Emtehani, et al. [99] measured deposition heights in the field at
30 locations in Coulibistrie and 12 locations in Pichelin. Since the observations were done
some time after the removal of most of the sediments, the authors were not always sure if
the sediment marks on the walls of buildings were representing the maximum flow level
or the actual sediment thickness. The second RMSE was calculated between the modeled
deposition heights and the sediment height resulting from the DEM difference analysis
(DoDs). For these two RMSEs, the locations of field measurements were used as check
points for extracting cell values from modeled deposition map and DoDs. For the third
RMSE, 100 random points were generated within the DoD boundary and cell values from
DoDs and the modeled deposition heights were extracted and RMSE was calculated.

2.4. Sensitivity Analysis

Different methods are reported in the literature for analyzing the sensitivity of a
model [111,112]. In this study, in order to gain a complete picture of the sedimentation
process, we checked the model sensitivity against the volume of the generated sediments
consisting of the landslide volume, the volume of deposited sediments, and the volume
of sediments flowing out of the catchment (into the sea). The first two were modeled
by LISEMHazard. The outflowing sediment volume was calculated by subtracting the
simulated deposition volume from the simulated landslide volume. It should be noted
that LISEMHazard produces separate maps for deposition inside channels and on the
surface. These maps were combined to get the total deposition volumes. The results of the
calibrated model were considered as the baseline values for the sensitivity analysis.
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Figure 5. Schematic representation of the main components of frequency-area distribution
curves [108].

The input variables have different orders of magnitude and cannot be compared
directly. Therefore, a relative sensitivity parameter was calculated [113,114] (Equation (8)).
At each step a change of 10 percent was made to a variable while keeping all other variables
constant. The variations in the resulting volumes of landslides, deposition, and outflowing
sediments were calculated in terms of percentages. The variations in input variables were
limited between −50% and +50% to avoid unrealistic values. The average of the calculated
relative sensitivity parameters for each variable was considered as its sensitivity.

Relative sensitivity =
% variation in total volume of landslides/deposition/outflowing sediments

% variation in the respective input variable
(8)

To avoid an unmanageable analysis, only a limited number of input variables which
have a direct influence on the sediment generation, transport, and deposition processes
were considered (Figure 6). During Hurricane Maria, landslides were the main process
responsible for generating sediments.

The calculation of landslides in LISEMHazard depends on the local weight of the
soil column, soil cohesion, and soil internal friction angle (Equation (A14) in Table A1
in Appendix A). The weight of the soil column is proportional to the soil depth and
soil water content. The water content depends on initial soil moisture and saturated
hydraulic conductivity. For transport of sediments, the discharge rate plays a significant
role (Equation (A13) in Table A1 in Appendix A). Discharge is a function of flow velocity
which has an inverse relation with the Manning’s surface roughness. Sediment deposition
is proportional to the flow transport capacity (Equation (A11) in Table A1 in Appendix A).
Deposition occurs when the flow velocity decreases. This happens when the terrain has a
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lower slope gradient or when obstacles (e.g., buildings) are present. Therefore, six variables
are selected for sensitivity analysis which are presented as maps in Figure 6.

 

 

Figure 6. Maps of variables used for sensitivity analysis for both Coulibistrie and Grand Bay
catchments; (a) soil cohesion map of Coulibistrie, (b) soil cohesion map of Grand Bay, (c) internal
friction angle map of Coulibistrie, (d) internal friction angle map of Grand Bay, (e) soil depth map of
Coulibistrie, (f) soil depth map of Grand Bay, (g) initial soil moisture map of Coulibistrie, (h) initial
soil moisture map of Grand Bay, (i) saturated hydraulic conductivity map of Coulibistrie, (j) saturated
hydraulic conductivity map of Grand Bay, (k) manning’s n map of Coulibistrie, (l) manning’s n map
of Grand Bay.

2.5. Uncertainty Assessment

Uncertainty of the variables to which the model is most sensitive causes the highest
uncertainty in the model outputs. It is essential to assess the uncertainty of modeled
deposition as it could cause significant differences in the estimated total loss.

Standard deviation was calculated as the uncertainty indicator. We considered the
simulated sediment deposition volumes for different variations of the two input variables to
which the model is most sensitive. Variations of these variables were kept in a realistic range
(−50% to +50%), and the average and standard deviation of simulated deposition heights
per pixel were calculated. To account for the uncertainty, we quantified the sediment
deposition as a range of values: calibrated sediment deposition ± standard deviation.

Sediment Deposition for Different Rainfall Scenarios

Sediment deposition for different rainfall scenarios was estimated by running simula-
tions with the synthetic rainfall events of 1:5, 1:10, 1:20, and 1:50 year return periods which
were designed as a part of CHARIM project [115]. The total rainfall for these design storms
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is respectively: 164 mm, 204 mm, 245 mm, and 298 mm. The island of Dominica does not
have detailed rainfall event data for long periods, that are needed to create design events.
Lumbroso, et al. [116] also remarked on the difficulties of creating design storms for the
Caribbean, and they suggested using records of different islands. In the CHARIM project,
the island of St Lucia to the south of Dominica has a very dense network of tipping bucket
rainfall stations with records of more than 30 years. These were used to create the design
storm shapes (using a Pareto distribution). The events were then scaled to the return period
amounts of Dominica, based on a Gumble analysis of the rainfall stations in Dominica.

This is useful for assessment of the risk imposed by sediment deposition. The rainfall
scenarios are presented as hyetographs in Figure 7. The volume of sediment deposition to
be removed from the main elements at risk (buildings, roads, and channels) was quantified
using footprints provided by CHARIM project [100]. Footprints in vector format were used
to clip the deposition height maps. Constant width of 4 m and 5 m was assumed for roads
and channels respectively.

 

Figure 7. Synthetic rainfall events with (a) 5-year, (b) 10-year, (c) 20-year, and (d) 50-year
return periods.

3. Results
3.1. Modeling Results and Accuracy Assessment

A database was created for the study sites and the interacting processes during Hur-
ricane Maria were simulated using LISEMHazard. Over 50 simulations were performed
for model calibration and 120 simulations for sensitivity analysis. The modeling results
were assessed with regards to the sediment source and deposition processes using Cohen’s
Kappa, Accuracy, and RMSE values (Table 4). For the calculation of Cohen’s Kappa and the
Accuracy, confusion matrices were created which are given in Figures 8 and 9.
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Table 4. Accuracy assessment of calibrated modeling results.

Parameter
Coulibistrie Grand Bay

Cohens
Kappa Accuracy Sensitivity Specificity RMSE Cohens

Kappa Accuracy Sensitivity Specificity RMSE

landslides
(modeled

vs. observed)
0.355 0.945 0.003 0.443 - 0.306 0.921 0.004 0.546 -

Debris flows
(modeled

vs. observed)
0.481 0.847 0.035 0.050 - 0.436 0.758 0.049 0.061 -

Deposition height
(modeled vs. field

measurements)
- - - - 0.75 - - - - 1.87

Deposition height
(modeled vs. DoD

at field
measurements

locations)

- - - - 0.72 - - - - -

Deposition height
(modeled vs. DoD

at 100 random
locations)

- - - - 2.09 - - - - 2.24

Figure 8. Calibrated modeling results for Coulibistrie. (a) Landslide initiation areas indicated by the
inventory [91]. (b) Landslide initiation areas indicated by the model. (c) Comparison of true and false
predictions of landslides by the model and the inventory. (d) Debris flow and flooding indicated by
the inventory. (e) Debris flow and flooding indicated by the model. (f) Comparison of true and false
predictions of debris flows by the model and the inventory.

The RMSEs were calculated using the field measurement locations as check points. It
should be noted that the field measurements and DoDs only cover the built-up areas of
the catchments (Figures 12 and 13); therefore, calculation of RMSEs was limited to these
areas. For Grand Bay catchment, only three field measurements are inside DoD boundary;
therefore, RMSE between modeled deposition heights and DoD was not calculated for
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these three locations; however, RMSE was calculated between the same two for 100 random
locations within the DoD boundary.

Table 4 shows that the Cohen’s Kappa and Accuracy values are good and high re-
spectively; however, this is due to the presence of many non-sedimented pixels that are
correctly predicted by the model as non-sedimented. Sensitivity represents the probability
of a positive test, conditioned on truly being positive. Sensitivity has very low values
for both landslides and debris flows for both study sites, which shows poor performance
of the model in predicting landslides and debris flow locations. Specificity represents
the probability of a negative test, conditioned on truly being negative. Specificity has
higher values compared to Sensitivity which means more non-affected pixels are correctly
predicted as non-affected by the model. This can be explained by the fact that there are
many pixels representing the sloping areas where no sedimentation can physically occur.

The landslide patterns and sediment deposition patterns of the two study sites are
presented in Figures 8 and 9. The modeled and observed landslides were compared in
terms of density, total surface area, and total volume (Table 5). This shows that the modeled
landslides are fewer in number, but they have similar total surface area, and a greater
thickness resulting in a larger total volume. The greater thickness indicates that the strength
distribution with depth in the soil is not correctly estimated. However, in reality, this is
not possible. Cohesion readings can be taken at the slip surface edges, but this is far from
precise. Therefore, the knowledge needed for exact locations and depth is simply missing.
This is to be expected but it is also now shown by the model results.

Table 5. Comparison between the landslides indicated by the model and the inventory.

Criteria

Coulibistrie Grand Bay

Model

Modeled
Landslides

with Empirical
Volume

Estimation

Inventory Model

Modeled
Landslides

with Empirical
Volume

Estimation

Inventory

Density
(number of

landslides/km2)
24.66 - 57.28 14.75 - 44.03

Total surface
area (104 m2) 26.80 - 25.09 139.01 - 163.52

Total volume
(106 m3) 1.33 0.75 0.56 7.42 5.38 4.07

Figures 8 and 9 show that the model performs poorly in predicting the locations of
landslides and debris flows. The model performs better in predicting the debris flows
in major channels compared to minor channels. However, the ground truth is from high
resolution images where the channels show clearly the debris flows that removed vegetation
and deposited debris.

Since the model is not able to predict the exact location of landslides, we compared the
modeled landslides against observed ones using other approaches. From a disaster point of
view, the exact locations of landslides are important when doing a detailed site investigation
where buildings or infrastructure are exposed in the direct vicinity of landslides. For a
larger scale hazard map, such as a national or a watershed-based hazard map, the exact
location is less important than the total volume of debris and the landslide density per area
of interest. We want to know to what extent the model is able to predict the debris impact
in the flooded area. The first step is to look at the landslide area distribution.
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The frequency density of the modeled and observed landslides was calculated and
plotted against the landslide areas (Figure 10). The power-law distributions are depicted
by straight lines, and the power-law exponent (slope) is given by the scaling parameter (β).

Figure 9. Calibrated modeling results for Grand Bay. (a) Landslide initiation areas indicated by the
inventory [91]. (b) Landslide initiation areas indicated by the model. (c) Comparison of true and false
predictions of landslides by the model and the inventory. (d) Debris flow and flooding indicated by
the inventory. (e) Debris flow and flooding indicated by the model. (f) Comparison of true and false
predictions of debris flows by the model and the inventory.

For both study areas, the modeled and observed landslides show similar power-
law exponent which means the model performs well in terms of predicting the size of
individual landslides; however, there is a significant difference between the modeled and
observed landslides of smaller size. This can be explained by the fact that the simulations
are performed with 10 m spatial resolution, and it is not possible for the model to generate
landslides smaller than 100 m2.

Figure 10 shows that the model produced reasonably good results for landslides larger
than 100 m2 in Coulibistrie; however, the results for Grand Bay are less satisfactory but
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still acceptable. Within the model’s range of spatial resolution, the overall prediction of
frequency distribution is acceptable, but prediction of precise location is not. To be able to
predict smaller landslides, the model would need higher resolution of input data; however,
running the model with high resolution input data requires significantly higher computing
power which in practice, might not be feasible.

Slope units were digitized using the hillshading maps of the study areas and the
density of landslides per slope unit was calculated. The results are presented in Figure 11.
We also calculated the difference between the landslide densities indicated by the model
and the inventory (model minus inventory). The observed landslides have greater densities
compared to the modeled ones; however, they show similar distributions. Figure 11 shows
clearly that there are areas where landslides occur but were not simulated and vice versa.
The reason for this is the fact that the input maps of the geotechnical parameters (cohesion,
angle of internal friction, density) do not contain sufficient details and are not representing
the true spatial variation (Figure 6). Therefore, the model cannot predict the landslide
pattern accurately. It is shown in Figure 6 that the input maps have large homogeneous
areas. In fact, the only detailed input is the slope given by the LiDAR DTM. Hence, any
other method (e.g., machine learning) would also not be able to provide accurate results
using inputs of such quality.

LISEMHazard generates separate maps for volume of deposition on the surface and
in channels. These were converted to deposition height by dividing by the cell area and
were added together to obtain the total deposition. Deposition heights are displayed
in Figures 12 and 13. These figures show that the modeled deposition heights are over-
estimated compared to the observed deposition. Although the modeled and observed
deposition patterns are similar, they do not occur at the same place. However, it should be
noted that the deposition was not measured immediately after the event, but one year later.
Hence, the measurements contain uncertainties.

3.2. Sensitivity Analysis

The absolute sediment volumes with respect to variations in input variables are
presented as graphs in Figure 14. Model sensitivity was assessed as the average value of
relative sensitivities for the chosen variables (Figure 15). Separate graphs were provided
for sensitivity to the volume of generated, deposited, and outflowed sediments.

The results of sensitivity analysis (Figures 14 and 15) demonstrate the dominance of
soil depth followed by soil cohesion in controlling the volume of sediments in all three
processes of generation, deposition, and outflowing. Manning’s n and Ksat show almost
no influence, while initial soil moisture and internal friction angle of soil indicate moderate
influence on the volume of sediments. The negligible influence of Ksat can be explained
by the dominant presence of clayey soils in both Coulibistrie and Grand Bay catchments,
which leads to low Ksat values (Figure 6).

The model’s behavior is different for different input variables. Cohesion shows a
strong inverse relation with the volume of sediments concerning all three processes of
generation, deposition, and outflowing. Sensitivity of model increases in general when
internal friction angle decreases. There is a constant increase in volume of generated
and outflowed sediments with decrease in internal friction angle; however, for volume of
deposited sediments, the ascending mode is reversed when the internal friction angle is
decreased by more than 30 percent for Coulibistrie (Figure 14b). This can be explained
by the fact that internal friction angle has a direct relation with shearing resistance of soil
based on Mohr–Coulomb failure criterion [117]:

τs = c′ + σ.tan(φ) (9)
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where τs is the shearing resistance, c′ is the summation of all cohesive terms, σ is the stress
normal to the potential shear plane, and φ is the internal friction angle.

 

Figure 10. Frequency density of landslides indicated by the model and the inventory for (a) Couli-
bistrie and (b) Grand Bay catchments. The vertical dashed lines indicate the modeling grid cell size
(100 m2).
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Figure 11. (a) Density of landslides per slope unit indicated by the model for Coulibistrie. (b) Density
of landslides per slope unit indicated by the inventory for Coulibistrie. (c) Difference between the
landslide densities indicated by the model and the inventory (model minus inventory) for Coulibistrie;
number of slope units per class is indicated between parenthesis in the legend. (d) Density of
landslides per slope unit indicated by the model for Grand Bay. (e) Density of landslides per slope
unit indicated by the inventory for Grand Bay. (f) Difference between the landslide densities indicated
by the model and the inventory (model minus inventory) for Grand Bay; number of slope units per
class is indicated between parenthesis in the legend.

When internal friction angle is decreased, more landslides occur (Equation (A14) in
Table A1 in Appendix A), but the soil shearing resistance also decreases which leads to less
deposition and more outflowing.

The model has the highest sensitivity to soil depth. Deeper soils have greater weight.
The greater weight of soil column can increase or decrease the slope stability depending on
the slope angle of the slip surface. The component of weight perpendicular to the slope
surface causes more stability, while the component of weight parallel to the surface causes
more instability.
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Figure 12. (a) Location of 30 field measurements at Coulibistrie village shown on a hillshading map
along with the buildings footprint, modeled deposition height, DoD and its boundary. (b) Zoomed
view of DoD boundary with modeled deposition height. (c) Zoomed view of DoD boundary with
DoD deposition height. (d) Difference between the modeled and DoD deposition heights (modeled
minus DoD). As explained in Section 2.3, sediment thickness of less than 0.3m is unlikely to be visible
in satellite images; therefore, this category of sediment thickness is made transparent in the DoD and
LISEM deposition maps.

Figure 14 shows that increasing soil depth increases the sediment volume. However,
similar to the case of internal friction angle, increasing soil depth by more than 40 percent
causes a setback in the ascending mode of deposition volume for Coulibistrie (Figure 14b).
This happens as increasing soil depth causes more failures and more sediments are gener-
ated. This leads to greater flow height and greater transport capacity which results in more
outflowing and less deposition. The model is moderately sensitive to initial soil moisture.
Higher values of initial soil moisture cause less absorption of water by soil, more runoff,
and lower cohesion. This intensifies the transport of sediments out of catchment and results
in less deposition (Figure 14b). For Grand Bay, the anomalies in deposition volume does not
occur with respect to internal friction angle, soil depth, and initial soil moisture (Figure 14e).
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This is due to the larger size of Brand Bay catchment (34.7 km2) compared to Coulibistrie
catchment (8 km2). In Grand Bay, the distance to the catchment’s outlet is considerably
greater; therefore, the flowing sediments settle down inside the catchment before reaching
the outlet. Ksat has a complex role. It does not show a significant sensitivity, and greater
Ksat values lead to a slight increase in volume of sediments. Increasing Ksat increases
absorption of water by soil and the soil column becomes heavier, which could cause more
stability. At the same time, more water content increases pore pressure and leads to more
instability [75]. Manning’s n has no effect on generation of sediments; however, it affects
the flow velocity and transport of sediments. Decreasing Manning’s n causes higher flow
velocity. Thus, more sediments will be carried out of catchment and less deposition occurs.
Because the fluid has a high concentration of sediments and a higher viscosity than clear
water, the effect of surface roughness on debris flow may be less than the effect of surface
roughness on clear water. Hence, the effect of Mannings’ n is less than expected from
the literature.

 

Figure 13. (a) Location of 12 field measurements at Pichelin village (in Grand Bay catchment) shown
on a hillshading map along with the building footprint, modeled deposition height, DoD and its
boundary. (b) Zoomed view of DoD boundary with modeled deposition height. (c) Zoomed view of
DoD boundary with DoD deposition height. (d) Difference between the modeled and DoD deposition
heights (modeled minus DoD). As explained in Section 2.3, sediment thickness of less than 0.3 m
is unlikely to be visible in satellite images; therefore, this category of sediment thickness is made
transparent in the DoD and LISEM deposition maps.
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Figure 14. Absolute volumes of generated, deposited, and outflowed sediments with respect to
variations in input variables. (a–c) Shows sensitivity for Coulibistrie. (d–f) Shows sensitivity for
Grand Bay.

Uncertainty was assessed by calculating the standard deviation of modeled deposition
heights for variations of soil depths and cohesion between −50% and +50%. These two
variables were considered as the model is most sensitive to them. Figure 16 shows the
deposition height map produced by the calibrated simulation (reference map), the average
and the standard deviation of respective deposition height maps. The average and standard
deviation maps show exaggerated deposition compared to the reference deposition map.
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Figure 15. Average relative sensitivity for the generated, deposited, and outflowed sediments.
(a–c) Shows sensitivity for Coulibistrie. (d–f) Shows sensitivity for Grand Bay.

Figure 16. Spatial Sensitivity. (a) The reference deposition height map for Coulibistrie. (b) The
average of the modeled deposition height maps for Coulibistrie. (c) The standard deviation of the
modeled deposition height maps for Coulibistrie. (d) The reference deposition height map for Grand
Bay. (e) The average of the modeled deposition height maps for Grand Bay. (f) The standard deviation
of the modeled deposition height maps for Grand Bay.
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4. Discussion
4.1. Data Uncertainty

All simulations in this study were performed at 10 m spatial resolution. Although it
was possible to run simulations with higher resolutions, it was not practically feasible due
to the longer simulation times. At 10 m resolution, the smallest landslide that the model
can generate is 100 m2 (one cell), while in reality, smaller landslides occur; therefore, at
10 m resolution, all landslides cannot be simulated. Although landslides of this size do not
generate a very large amount of sediments, in cases where numerous landslides of this size
have occurred but were not simulated, there will be a significant difference between the
observed and simulated volume of generated sediments.

It is important to take note of the limitations regarding input data. The rainfall data
came from a weather station located in Canefield airport which is approximately 15 km
southeast of Coulibistrie and 10 km northwest of Grand Bay. In an ideal case, many
ground stations should be available with a well spatial distribution close to the respective
study site.

A high-quality pre-event DTM was not available. The DTM used for our simulations
was captured at least five months after the event, which is sufficient time for changes in land
topography especially during the event. The model prediction of the patterns and thickness
of the landslides and deposition depends significantly on topography. Accordingly, it is
likely that the model has created landslides and depositions at wrong locations. Modeling
with free low-quality pre-event DTMs was also tried but discarded since the results had
very poor accuracy.

SoilGrids datasets with 250 m spatial resolution were used for generating the input
soil layers. This resolution is coarse enough for lots of variations in soil properties to be
missed. SoilGrids products are the outputs of a system for automated global soil mapping
based on state-of-the-art spatial prediction methods [101]. These predictions are based on
150,000 soil profiles used for training and a stack of 158 remote sensing-based soil covariates,
which were used to fit an ensemble of machine learning methods: random forest, gradient
boosting, and/or multinomial logistic regression [101]. The uncertainty levels of SoilGrids
products are relatively high as the comparison to many local soil mapping projects shows
high RMSE values [101].

The input landcover map was obtained from CHARIM project and it is the product of
satellite imagery classification. Classification was performed with Landsat and SPOT im-
ages acquired between 1996 and 1999, which is approximately twenty years before the event.
It is likely that the land cover types were changed during this period. This considerably
increases the chance of simulating landslides and depositions at wrong locations.

4.2. Ground Truth Data

Different sets of data were used as ground truth data for verification of the modeling
results. As indicated earlier, these datasets include the inventory of landslides and debris
flows mapped by Van Westen and Zhang [91], DEMs of Difference generated by Emte-
hani, et al. [99], deposition height measurements in the field by Emtehani, et al. [99], and
orthophotos provided by Schaefer, et al. [106].

Although these datasets are considered as ground truth, they contain some uncer-
tainties and limitations. The inventory of landslides and debris flows were mapped using
high-resolutions images (0.5 m) by image interpretation experts; however, the interpre-
tation was carried out visually which causes uncertainty in areas where the remaining
vegetation after the event spoils the visuality. Emtehani, et al. [99] have acknowledged the
limitations and uncertainties associated with their DoDs, such as a more than one year gap
between the event and DTM data acquisition, and the presence of vegetation, buildings,
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and vehicles. Field measurements of deposition height were uncertain as well due to high
spatial variability of flooding and deposition level, misleading information provided by
interviewees, misleading marks of building walls (flooding marks or sediment marks), a
more than one year gap between the event and field data collection. The orthophotos were
used to determine the flooded area boundaries. These orthophotos were captured more
than four months after the event and they had a poor quality at some locations which leads
to uncertainties in the digitizing the boundaries.

Collecting soil properties data (e.g., cohesion, internal friction angle, etc.) at the
location of landslides is very beneficial for increasing the quality of input data for modeling.
Also, measurement of landslide dimensions in the field improves the quality of observed
data. The collected data needs to be well distributed over the entire catchment with a high
number of data points. However, this is not feasible in Dominica due to the presence of
steep slopes at high altitudes and the dense vegetation.

4.3. Model Calibration

In many runoff modeling studies, results are verified using observed discharge (e.g.,
De Roo, et al. [31]; Kværnø and Stolte [21], Rickenmann, et al. [32];). In this research, since
no observed discharge data was available; model calibration was performed based on the
observed landslide and deposition heights and patterns.

It should be noted that if the calibration is based on one parameter only (e.g., landslide
patterns), no logical results will be produced. For instance, if we focus on generating
the correct height and pattern of sediment deposition, we would need to simulate an
exaggerated number of landslides. On the other hand, if we only focus on generating the
correct volume and pattern of landslides, we will get unrealistic deposition. Therefore, it is
crucial to calibrate the model in such a way that a logical balance is maintained between
all different processes. This is, in fact, a problem of the model: uncertainty in entrainment
in the riverbeds (both in observations and in the model) and the absence of simulated
landslides smaller than 100 m2 contributing to a wrong sediment volume, which then
needs to be compensated by simulating more larger landslides. The transport process
between landslides and the deposited sediments downstream greatly depends on channel
characteristics, which are determined in this study completely based on estimation.

Initial simulations did not produce enough deposition at the catchments’ downstream
part; therefore, the model was calibrated so that landslides were intensified, and more
sediments were produced but unrealistic landslides were avoided. Sediment deposition
boundaries were digitized using orthophotos (Figure 17). It indicates that the modeled
deposition near the catchment outlet is less than observed deposition. This is despite the
fact that the modeled landslides have greater total volume compared to the observed land-
slides as indicated by Table 5. This shows that the generated sediments (by landslides) in
LISEMHazard do not travel very far from their sources and deposition is more a local effect.
This can be considered as one of the limitations of this model. The model characterizes the
sediment content with two grain sizes which affect the flow dynamics, but the reality is
more complex.

4.4. Accuracy Assessment

Accuracy of the modeling results was assessed with regards to sediment source and
deposition processes. The first two RMSEs for deposition heights (at field measurements
locations) for Coulibistrie show similar values (0.75 m and 0.72 m) (Table 4). These values
cannot be considered very high accuracies, but they are reasonably good, especially if
the difference between DoDs and modeled maps in terms of spatial resolution (0.5m and
10m respectively) is taken into consideration. The calculated RMSEs for Grand Bay are

https://doi.org/10.3390/geosciences16020088

https://doi.org/10.3390/geosciences16020088


Geosciences 2026, 16, 88 27 of 37

lower accuracies compared to Coulibistrie. The first RMSE is based on 12 check points in
Pichelin (Grand Bay), which is not enough for a reliable accuracy assessment. Also, the
field measurements in Pichelin were mostly based on interviews with local residents and
they contain a higher level of uncertainty compared to field measurements in Coulibistrie,
which were mostly based on direct field observations. RMSEs were also calculated based on
100 random points for both Coulibistrie and Grand Bay, but they have significantly higher
values (2.09 m and 2.24 m). This can be explained by the fact that the field measurements
took place at locations where both DoD and the modeled deposition height have non-zero
values; however, many of the random points are located at places where DoD has zero
value, but the modeled deposition has non-zero value. This indicates that the model does
not predict the exact location of sediment depositions.

Figure 17. Modeled sediment deposition shown on an orthophotos of Coulibistrie (a) and Pichelin
(b) villages. The orthophotos do not cover the entire catchments. The observed sediment deposition
boundary is indicated by the red polygon.

Analysis of slope failures indicates that although the model produces fewer landslides,
the total volume of modeled landslides is significantly larger than that of observed land-
slides (Table 5). However, the difference between the total surface area of modeled and
observed landslides is small. The surface area of modeled landslides was used to calculate
the volumes with the empirical approach (Equation (7)). This returned volumes much closer
to the observed volumes. This shows that the model overestimates the landslides’ depth.

The model cannot produce landslides smaller than a cell area. Therefore, the mod-
eled landslides have a minimum surface area of 100 m2, while the inventory contains a
considerable number of landslides with small surface area (Figure 10). Also, the model
predicts many landslides at wrong locations (Figures 8 and 9). This is partially caused by
the input soil depth map which itself is a product of modeling with a medium level of
uncertainty [103]. Nevertheless, the predicted and observed landslides show similar fre-
quency density distributions with similar power-law exponent values (Figure 10). Density
of landslides per slope units reaffirms that the model is not capable of predicting the correct
locations of landslides, yet the general patterns of modeled landslide densities are very
similar to the observed ones. However, prediction of the exact location of landslides and
their patterns is not very important in practice, rather reasonable estimation of the total
volume of sediments (to be removed) is crucial.
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Debris flows are depicted in Figures 8 and 9. There is good agreement between
modeled and observed debris flows in the main channels, while there is no or slight
agreement in narrow channels. This can be a matter of debris flows mapping with satellite
imagery. It is very likely that shallower flows which occurred on steeper slopes were
not visible in satellite images due to presence of vegetation and were not included in
the inventory.

4.5. Sensitivity Analysis

The model is most sensitive to soil depth and cohesion for all three processes of
sediment generation, transport, and outflowing. The model shows no or lower level
of sensitivity to the other variables considered in this study. Soil depth and cohesion
have high spatial variability and are difficult to determine. There are lots of studies
focused on soil depth estimation and many of them are based on regression analysis and
spatial interpolation (Dietrich, Reiss, Hsu and Montgomery [45], Tesfa, et al. [118], Sarkar,
et al. [119], Liao, et al. [120], Horst-Heinen, et al. [121]). Also, values of soil cohesion can
be obtained from the literature for different soil types (US Navy [122], SN [123], Patil,
et al. [124]). Cohesion can be measured in the field as well with shear vane test; however,
this cannot be done for the subsoil layer. The uncertainty within each of these approaches
limits the reliability of the relative model inputs. This results in a high level of uncertainty
in simulation results as the model is very sensitive to these two variables [31,113,125].
Sensitivity of LISEMHazard was assessed by de Vugt [26]. Same as the findings of our
research, they found that LISEMHazard is most sensitive to soil depth, cohesion, internal
friction angle, and initial soil moisture. However, de Vugt [26] assessed the sensitivity of
the model with respect to measured discharge, while in our study the volume of sediments
was taken into account.

Sensitivity analysis is useful for assessing the behavior of the model with regards to
individual input variables; however, the modeling outputs are a combination of all inputs.
Therefore, we calculated the average and standard deviation of all results for variations of
the two variables to which the model is most sensitive. The average and standard deviation
maps show exaggerated patterns and heights. Variations in soil depth and cohesion lead
to a vast range of sediment deposition heights ranging from zero to unrealistically large
values. This leads to large values in the average and standard deviation maps.

5. Conclusions
After an event deposition is a mixture of sediments, rocks and boulders, tree logs,

and other debris [126]; however, the model does not indicate the particle size of deposited
material. This information is crucial for estimation of total loss as the cleaning cost for
different types of materials is not identical. The presence of large boulders and tree logs in
debris flows causes additional losses as they quickly fill the channels and block the culverts
and spaces below bridges, causing intensified flooding and spread of debris materials in
larger areas. The sediment transport of the model is related to the grainsizes, and since
these are simplified, the link between source areas and downstream deposition areas cannot
be calibrated well with detailed observations of the riverbed before an event. This is not
possible in reality.

Soil depth and cohesion are the two variables that need to be investigated with great
care as they have a significant impact on the modeling results. It happens rarely that a
high-quality dataset (especially soil depth) is available for a specific site. Collecting ground
truth data for increasing the accuracy of input data is very helpful. Also, large number
of field measurements of sediment deposition height and patterns with good distribution
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over the entire catchment area are useful for model calibration and accuracy assessment of
the results.

Quantification of sediment deposition as a hazard intensity by modeling the landslides
upstream and the sediment transport process is a very complicated task. Transport of
sediments occurs from landslides (as source of sediments) by flooding and debris flow
with a variety of grainsizes and presence of other materials (e.g., tree logs, cars, etc.). In
addition to that, transport of some sediments does not end downstream and in some
cases, sediments are transported further downstream (out of the catchment) or to the sea.
Therefore, the whole process is associated with a lot of uncertainties and limitations for
both modeling and field measuring. Nevertheless, modeling is the most feasible method
for spatial estimation of deposition heights and prediction of the risk of sediments under
future scenarios. Insightful calibration and validation are of vital importance for achieving
reasonable results.

Given the significance of terrain representation and the sensitivity of the modeling
results to soil depth and cohesion, improving the quality and spatial consistency of the input
datasets is essential for enhancing model performance. Future work should, therefore, focus
on utilizing higher-quality input datasets, which would allow a more robust evaluation
of the model’s predictive capability under improved data conditions. The outcomes of
this research can be used for risk assessment of sediment deposition events. It is useful
for evaluation of the damage to buildings’ structure and contents, and for estimation of
sediment cleanup costs.
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Appendix A
The governing equations of LISEMHazard and their variables are presented in

this Appendix.

Table A1. The governing equations of LISEMHazard (Bout, et al. [74]; Bout and Jetten [97]).

Process Equation References

Interception Ic = Smax(1 − e−k Pcum
Smax ) (A1) Aston [127]

Infiltration
(Green & Amp) f = −Ks(ψ

θs−θi
F + 1) (A2) Kutílek and Nielsen [128]
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Table A1. Cont.

Process Equation References

Surface flow (dynamic flow)

∂h
∂t + ∂(hux)

∂x +
∂(huy)

∂y = q − I (A3)

de Saint Venant [129];
Delestre, et al. [98]

∂hux
∂t +

∂
(

hu2
x+

1
2 gh2

)
∂x +

∂(huxuy)
∂y = gh(Sx − Sf,x)

(A4)

∂huy
∂t +

∂(huxuy)
∂y +

∂
(

hu2y+
1
2 gh2

)
∂x = gh(Sy − Sf,y)

(A5)

Splash detachment depsplash = ( 2.82
As

Kee(−1.48h) + 2.96)Ph
A
dt (A6) De Roo, et al. [31]

Stream power and transport capacity

ω = VS (A7)

Govers [130]
T = c(TC − 0.004)d (A8)

c =
( D50+5

0.32

)−0.6 (A9)

d =
( D50+5

300

)0.25 (A10)

Erosion & deposition dep = wsBmin(0.0, (T − C)) (A11) Morgan, et al. [54]det = γwsBmax(0.0, (T − C)) (A12)

Sediment transport dS
dt +

d(QxC)
dx +

d(QyC)
dy = dep − det (A13) Bout, et al. [74]

Slope stability SF =
c′+c+

(
(γ−mγw)z +mγwz) cos(β)2tan(∅′)
((γ−mγw)z)sin(β)cos(β)

(A14) Kuriakose, et al. [103];
Kuriakose, et al. [104]

Debris flow

Sx,s = αs(g(∂h/∂x)− (us/|−→u s|)·tan(ρPβ,s)−
ePβ,s(∂h/∂x)− εαsγPβ,s(∂h/∂x + ∂b/∂x) +

CDG(ur − us)|−→u r −−→u s|j−1)
(A15)

van den Bout [131]

Sγ,s = αs(g(∂h/∂y)− (vs/|−→u s|)·tan(ρPβ,s)−
ePβ,s(∂h/∂y)− εαsγPβ,s(∂h/∂y + ∂b/∂y) +

CDG(vr − vs)|−→u r −−→u s|j−1)
(A16)

Sx,s = α f (g(∂h/∂x)− [(1/h)·∂/∂x(h2/2·Pβ,r) +

Pβ,r·∂h/∂x− (1/(α f NR))(2∂2ur/∂x2 + ∂2vr/∂x∂y−
χur/(h2 + 1))])−(1/(α f NR))(∂/∂x(∂ur/∂x(ur −

us)) + (∂/∂x(∂vr/∂x(vr − vs)))−ξα f (vr −
vs)·∂/∂x(ur/h)− (1/γ)CDG(ur − us)|−→u r −−→u s|j−1

(A17)

Sγ,s = α f (g(∂h/∂y)− [(1/h)·∂/∂y(h2/2·Pβ,r) +

Pβ,r·∂h/∂y− (1/(α f NR))(2∂2vr/∂y2 + ∂2ur/∂x∂y−
χvr/(h2 + 1))])−(1/(α f NR))(∂/∂y(∂ur/∂y(ur −

us)) + (∂/∂y(∂vr/∂y(vr − vs)))−ξα f (ur −
us)·∂/∂y(vr/h)− (1/γ)CDG(vr − vs)|−→u r −−→u s|j−1

(A18)

Table A2. Variables of the LISEMHazard governing equations.

Variable Description Unit

Ic
Total intercepted storage at a given

time mm

Smax Maximum canopy storage mm

Pcum Total precipitation mm

k Parameter related to canopy
openness -

Ks Saturated hydraulic conductivity m s−1

Ψ Matric pressure at the wetting front m

Θs Porosity m3 m−3

Θi Initial soil moisture content m3 m−3

F Cumulative infiltrated water m

h Flow height m

u Flow velocity m s−1

q Discharge flux m s−1
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Table A2. Cont.

Variable Description Unit

I Infiltration rate m s−1

Sx & Sy Slope in x and y directions m m−1

Sf,x & Sf,y
Friction slope terms in the x and y

directions (estimated by Pudasaini). m m−1

Depsplash Splash deposition rate kg m−2 s−1

As

Aggregate stability, median number of
drops to decrease the aggregate mass by

50%
-

Ke Kinetic energy of the rainfall J m−2 m m−1

Ph Rainfall or throughfall mm

A Surface area where the splash
detachment takes place m2

Dep (Equation (A11)) Deposition kg m−2 s−1

Det (Equation (A12)) Detachment kg m−2 s−1

ws Settling velocity m s−1

B Flow width m

T Transport capacity kg m−3

C Sediment concentration kg m−3

γ Erosion efficiency coefficient -

S Sediment load kg

C Sediment concentration kg m−3

Q Discharge m3 s−1

dep (Equation (A13)) Deposition kg s−1

det (Equation (A13)) Detachment kg s−1

SF Safety factor -

γ (Equation (A14)) Soil density kg m−3

γw Water density kg m−3

z Soil depth m

β Soil section slope -

c Soil cohesion kPa

c′ Soil apparent cohesion kPa

∅′ Soil internal friction angle -

D50 Median grain diameter µm

ω Stream power m s−1

as & af Volume fraction for solid and fluid phases -

Pb Pressure at the base surface kg m−1 s−2

b Basal surface of the flow m

NR Reynolds number -

NRA Quasi-Reynolds number -
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Table A2. Cont.

Variable Description Unit

CDG Drag coefficient -

ρf Density of the fluid kg m−3

ρs Density of the solids kg m−3

γ (Equation (A15)) Density ratio between the fluid and
solid phase -

χ Vertical shearing of fluid velocity m s−1

ε Aspect ratio of the model -

ξ Vertical distribution of as m−1
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