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ABSTRACT

A Landslide Early Warning System (LEWS) is a non-structural mitigation measure that can be applied in
regions susceptible to landslides to reduce losses. In existing territorial LEWSs, rainfall thresholds are
frequently used to raise warnings in administrative units as broad as municipalities or counties. However,

more detailed landslide predictions might benefit these systems' response.

This thesis investigates the potential of integrating rainfall-induced failure and runout physically-based
modeling in territorial LEWSs to predict local landslide impact areas using forecast precipitation. The
study area is located in Norway, in the context of the Norwegian Landslide Forecasting and Warning
Service. The event simulated is a rainfall-induced landslide that occurred on August 16, 2011, in
Kjellberget, Stjordal municipality.

A physically-based model was built and calibrated for the analysis using the LISEM software. It was
chosen because it allows the construction of a multi-process model capable of simulating slope stability to
obtain failure depth, which can be used as initial volume for runout. The calibration was based on slope
stability, and the calibrated parameters were soil depth, cohesion, and Internal Friction Angle (IFA). The
results gave information about the variation of Factor of Safety (FS), Failure Depth (FD), and Cohen's
Kappa in the 3-dimensional space formed by the calibrated parameters. Failure and runout maps produced
with the combinations that yield the highest precision, recall, and F1 were employed to examine the

accuracy of the landslide simulations.

The results show that the initiation areas and runout directions were generally well replicated, but not the
runout volumes. Therefore, the calibration was inadequate because it did not consider the multi-processes
affecting the final landslide impact area. Based on the experiment performed, it is concluded that it is non-
viable to apply the proposed methodology in territorial LEWSs. Further research could explore

approaches to generate deeper failures and, thus, larger runout extents.
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1. INTRODUCTION

1.1. Background

Landslides are natural phenomena that can affect the lives of people exposed to this hazard. The Global
Fatal Landslide Database, an initiative of The University of Sheffield, reports that between 2004 and 2016,
landslides caused the death of 55,997 people worldwide (Froude & Petley, 2018). In response, humans
have sought ways to reduce its risk by studying the underlying mechanisms that drive landslides (Holtz
and Kovacs, 1981), thus seeking methods to stabilize slopes and even forecast future instability (Chae et
al., 2017).

During a landslide event, part of a slope's mass dislodges and slides downhill (SGC, 2017). Two main
zones can be identified in a landslide after an event: the failure surface from which the mass was removed
(PMA, 2007) and the zone covered by the dislodged material known as the runout (Scheidl et al., 2013).
According to van Zuidam (1980), this process can evolve with slopes greater than 8°, but it intensifies
above 16°. The materials where landslides develop range between rock and soil (SGC, 2017), where the
soil is the product of rock weathering and erosion (Holtz & Kovacs, 1981). A landslide occurs when the
joints between the slope's materials are weakened. This slope instability can be caused by natural reasons,
such as loss of cohesion during rocks' chemical disintegration (Holtz & Kovacs, 1981) or human

intervention such as mining or road construction (SGC, 2017).

A landslide is considered a natural hazard if it is within proximity of people or assets that could be affected
by its occurrence. A preventive approach for communities settled in such susceptible areas is to include
landslide risk assessments in their urban planning (Thiebes et al., 2014) and restrict land uses accordingly
(SGC, 2017). Nevertheless, it is more practical to apply mitigation measures when the hazard is
unavoidable. Structural methods such as retaining walls or soil reinforcement can be adopted to stabilize
slopes (Das, 2011). These measures are generally expensive, especially for smaller communities or
extensive areas with multiple unstable zones (Thiebes et al., 2014). Another alternative is to relocate the
population, although it is inconvenient from a social perspective as people may have developed solid
cultural roots in their lands (P. de O. Melo et al., 2017).

In this context, non-structural mitigation strategies such as Landslide Early Warning Systems (LEWSs) can
be implemented to protect the population and reduce losses (Calvello, 2017; Segoni et al., 2018). LEWSs
gained recognition after the "Hyogo Framework for Action 2005-2015", where the importance of
establishing early warning systems for natural disasters was highlighted (UNISDR, 20006), and it was
further incorporated within the "Sendai Framework for Disaster Risk Reduction 2015-2030" (UNISDR,
2015).

In addition to the slope instability, a particular event called a 'trigger' is generally required to denote a
landslide. The most common natural triggers of landslides are rainfall and earthquakes (SGC, 2017).
Existing LEWSs are mainly built to predict weather-induced landslides because precipitation forecasts
allow enough time to prepare, although forecast uncertainty affects the quality of landslide predictions
(Guzzetti et al., 2020).

The water vapor condensation that originates the precipitation occurs in the atmosphere and can be
monitored by satellites and other devices. Furthermore, Numerical Weather Prediction (NWP) models
have been operating since the 1950s (Sene, 2016). In the last 30 years, the increase in computational power

to solve numerical models and assimilate observations has allowed better weather predictions (Benjamin et
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al., 2019). Scientific efforts also aim to integrate weather forecasts with other related natural phenomena
predictions. For instance, Schumacher et al. (2021) describe an approach for predicting excessive rainfall.
This weather event is more localized and complex to estimate than others of similar nature. The proposed
approach involves reanalyzing the weather model results and historical data with Machine Learning
techniques. The study's motivation for detecting excessive rainfall was to predict flash floods, but it could
be extended to other applications in the future, like landslides. Consequently, available data and current

scientific advances in weather forecasting make the prediction of rainfall-induced landslides feasible.

LEWSs can be grouped into two categories according to their scale (Calvello, 2017; Piciullo et al., 2018).
Local LEWSs focus on specific and identified slopes with monitoring devices such as extensometers, rain
gauges, piezometers, and others (Pecoraro et al., 2019). For instance, in Italy, the Ancona Early Warning
Center was founded in 2009 to monitor a 220 Ha landslide that caused a major disaster in December 1982
after six days of prolonged rain (Cardellini & Osimani, 2013). On the other hand, territorial LEWSs cover
larger areas, from catchment to national scale. Unlike local LEWSs, the exact location where future
landslides may occur is unknown (Piciullo et al., 2018). Territorial LEWSs operate over regions previously
identified as susceptible to landslides (Chae et al., 2017). The Norwegian Landslide Forecasting and
Warning Service is an example of an operational territorial LEWS on the national scale (Krogli et al.,
2018).

Piciullo et al. (2018) proposed a conceptual framework for territorial LEWSs composed of the following
four parts represented in Figure 1:

Setting Modeling
Q database
database

‘m

Warning levels Q

Warning zones

Communication

Warning Response

Figure 1. Conceptual framework for territorial LEWSs proposed by Piciullo et al. (2018).

1. Setting: Geology, geomorphology, landslides characteristics, hydrometeorological regimes, and
exposure and vulnerability of the elements at risk, among other conditions, are considered for the
landslide hazard and risk assessment (Calvello, 2017; Piciullo et al., 2018). It is decided which and how
time-dependent variables will be monitored, together with the LEWS scale (Segoni et al., 2018). These
variables will serve as inputs for a model for predicting slope instability. In territorial LEWSs,
precipitation is the primary variable monitored and forecasted (Piciullo et al., 2018).

2. Modeling: A model is required to produce landslide forecasts. Landslides are particularly difficult to
predict due to the complexity of the failure mechanisms (Xu et al., 2011; Yu et al., 2019). The model
results should be accurate enough to forecast major landslide events while keeping a low rate of false
alarms to prevent losing the public's credibility (Greco & Pagano, 2017; P. de O. Melo et al,, 2017).
There are mainly two groups of approaches employed for landslide forecasting (Chae et al., 2017;
Guzzetti et al., 2020):
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a. Data-driven methods use data from previous events to estimate empirical relationships or
probabilities of landslide occurrence. The premise is that similar variable configurations that
produced past landslides will also generate future events (Chae et al., 2017). These methods
have proven efficient in numerous cases, from the most straightforward data interpolations to
the advanced techniques of Machine Learning (Wang et al., 2021). Most territorial LEWSs
examined by Guzzetti et al. (2020) rely on rainfall thresholds which fall in the data-driven
category. The limitations are related to the change in conditions that trigger landslides, as
these models cannot predict events without prior evidence (Chae et al., 2017).

b. Physically-based methods attempt to replicate natural phenomena using mathematical
approximations. These models were initially designed to calculate a single slope's profile (two-
dimensional) stability by breaking down the physical process into force summations (Bout et
al., 2018; Verruijt, 2018a). Nowadays, physically-based models can be applied in broader areas
such as catchments of a couple of square kilometers (van den Bout et al., 2022). The most
sophisticated models simulate hydrology, slope stability and runout processes in succession.
Additionally, pixel-wise calculations using raster layers become three-dimensional models
when multiplied by elevation (Bout et al., 2018).

An advantage of physically-based models is their ability to simulate failure and runout
development (Fan et al., 2017). Runout modeling is of interest to landslide forecasting (Segoni
et al., 2018), especially those of debris flow type, as it provides information about the distance
traveled, the volumes released, the velocity, and the force applied when a debris flow collides
with obstacles in its path (R. Melo et al., 2018). Even though accurately replicating initiation
areas remains a significant challenge, in recent studies, physically-based models have shown
sufficient capability to reproduce general patterns and displacement distances of mass
movements (Bout et al., 2018; Fan et al, 2017). In addition, progress has been made in
research for the better implementation and performance of runout models (Fan et al., 2017,
van Asch et al., 2014). In the latest review found on existing territorial LEWSs by Guzzetti et
al. (2020), it is mentioned that the runout is not included in the current operational models.
However, it might be helpful to identify potentially affected zones far from the initiation area.

Constraints of physically-based models are mainly related to the input data quality and
availability (Canli et al., 2018; Guzzetti et al., 2020). The more heterogeneous the modeled
region, which usually occurs over larger terrain extents, the more field information will be
required to establish the model parameters (Chae et al., 2017). Often, numerous assumptions
or approximations within a physically-based model are related to the subsoil configuration
and its materials' behavior (van den Bout et al., 2021). Thetefore, the uncertainty in the input
data and the modeling decisions are transcendental in the quality of the results.

3. Warning: Every time a landslide forecasting model runs, a result is generated. It should be interpreted
to determine if actions atre required in response. Commonly, rainfall thresholds are used to automate
the interpretation and group the response actions into warning levels (Piciullo et al., 2018). Preventive
actions are required if the rainfall records are higher than determined critical values (Greco & Pagano,
2017). There should be enough time in advance since the warning is issued for preventive measures to
be carried out (Segoni et al., 2018). The same warning level is raised in grouped areas that usually
correspond to administrative units (Piciullo et al., 2018).

4. Response: A LEWS should be articulated with authorities, emergency response organizations, and,
mote importantly, the community. Civilians must receive information about the system's functioning
to respond effectively to warnings (Piciullo et al., 2018). The public should also be aware of the
system's limitations and potential false alarms (R. Melo et al., 2018).

Territorial LEWSs are relatively recent, as the majority emerged during the 21st century (Guzzetti et al.,
2020; Piciullo et al., 2018). The implementation and interaction of its four parts shown in Figure 1 are

10
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relevant for a system's overall effectiveness (Piciullo et al., 2018). Evaluating the performance of a
territorial LEWS remains a challenge because there are still no systematic established methods to
accomplish this task (Guzzetti et al., 2020). One of the most critical aspects of the performance is the
number of correctly issued warnings and false alarms, which is directly related to the predictive capacity of
the landslide forecasting model. While numerous factors influence the production of accurate forecasts

with enough lead time for early warning, there is still research to be explored to improve them (Piciullo et
al., 2018).

The previous section introduced an overview of landslide prediction state of the art for its application in
territorial LEWSs and its conceptual framework. Below is the identified research gap during the literature

review that suppotts the investigation cartied out for this thesis, followed by the study's objectives.

1.2. Research Gap

In existing territorial LEWSs, rainfall thresholds are frequently used to raise warnings in susceptible
regions, usually administrative units (Piciullo et al., 2018). One of the points to improve is the scale of
warnings since alerts are issued for areas as large as municipalities or counties. To that end, the model
should be able to identify the probability of landslide occurrence in greater detail, which can be
implemented in slope units with documented high susceptibility.

For forecasts in those specific locations, failure and runout physically-based modeling arises as an
approach that could produce local warnings by predicting the impact area of landslides. Previous studies
show significant improvements in runout modeling, and its implementation provides information about
affected zones beyond the landslide initiation area. As the potential of runout modeling has not yet been
explored in established territorial LEWSs, it still requires research regarding its ability to produce timely

and accurate predictions with forecast precipitation.

1.3. Objectives and Research Questions

1.3.1.  General Objective
To investigate the potential of integrating rainfall-induced failure and runout physically-based
modeling in territorial LEWSs to predict local landslide impact areas using forecast precipitation.

1.3.2.  Specific Objectives
1. To optimize the parameters employed for real-time physically-based modeling of failure and
landslide runout using observed precipitation data.
1.1. What are the appropriate initial hydrological conditions (initial soil saturation, groundwater
height, and wetting front height) for physically-based modeling of a particular landslide event?

1.2. What is the impact of different slope stability parameters (soil depth, cohesion, and internal
friction angle) on the simulated failure depth?

1.3. What is a suitable evaluation metric to compare observed and simulated failures?
2. To assess the accuracy of the predicted failure and runout using forecast precipitation data.
2.1. What is the spatial overlap between the observed and predicted landslide failure and runout?

2.2. To what extent the runout modeling can improve the applicability of a territorial LEWS?
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2. STUDY AREA

2.1. Study Area Overview

This thesis study area is located in Norway, where failure and runout physically-based modeling could be
additionally applied in the operational territorial LEWS to generate more localized alerts. The Norwegian
Landslide Forecasting and Warning Service began operating in 2013 and emerged as an extension of the
Flood Forecast Service running since 1989. It is managed by the Norwegian Water Resources and Energy
Directorate (NVE) under the Ministry of Petroleum and Energy. The Norwegian territorial LEWS
forecasts rainfall- and snowmelt-induced landslides such as debris flows, debris floods, debtis avalanches,

and others (Krogli et al., 2018). Some essential aspects of this system are described below.

The landslide forecasting method in Norway has foundations in hydrological modeling, as the LEWS
arose from the Flood Forecast Service. The basis of its operation is the Gridded Water Balance (GWB)
hydrological model (Beldring et al., 2003). The GWB model uses precipitation and temperature forecast
inputs to generate predictions of hydrological variables employed to perform the daily landslide hazard
assessment (Krogli et al., 2018).

The weather forecasts are provided daily by the Norwegian Meteorological Institute (MET), which
delivers nine days forecasts (Krogli et al., 2018). The short-term forecasts for the first and the second day
are derived from the downscaled AROME-MetCoOp model for Norway and Sweden with a horizontal
resolution of 2.5 km (Miller et al., 2017). The long-term forecasts from the third to the ninth day come
from the Integrated Forecasting System from the European Centre for Medium-Range Weather Forecasts
(ECMWEF-IFS) model with a horizontal resolution of 9 km (Kroegli et al., 2018). MET resamples these
gridded data into 1 km? cell size during post-processing (Homleid et al., 2021b). Hence, the inputs and
outputs of the GWB and other hydrological models used by NVE have a grid size of 1 km? (Krogli et al.,
2018). Likewise, because of the forecast 24 hours lead time, the temporal resolution of the LEWS is one
day.

Miller et al. (2017) describe improvements in AROME-MetCoOp predictions compared to ECMWE-IES,
such as better estimates of the spatial extent and magnitude of precipitation events. Verifications of the
NWP models performed by MET in 2021 report that both AROME-MetCoOp and ECMWEF-IES show
errors when forecasting either minimum or excessive amounts of precipitation and tend to overestimate,
especially in the second case (Homleid et al., 2021b, 2021a). However, Krogli et al. (2018) account that
95% of the landslide assessments during the analyzed Norwegian LEWS operational history have been
accurate. Thus, it can be considered that the weather forecasts have enough accuracy to support the

current system.

The hydrological variables calculated by the GWB model and historical landslide data from Norway were
analyzed by Boje et al. (2014) to establish thresholds that define danger levels that indicate the probability
of landslide occurrence: low, moderate, considerable, and high. These hazard levels do not contain any

information on the impact of runout as the statistical analysis only considered the potential slope failure.

The variables found to be statistically significant in landslide occurrence in Norway are (1) the water
supply from rain and snowmelt and (2) the degree of soil saturation. Therefore, unlike most territorial
LEWSs, the Norwegian system does not directly rely on rainfall thresholds. Instead, the probability of

landslide occurrence is derived from the relationship of two variables computed from weather forecasts.
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The tool used by NVE for the daily landslide hazard assessment is the website xgeo.no, where all the
layers involved in this process can be consulted (Stranden et al., 2020). The layer Hydmet Geo reflects the
forecasted danger levels in a 1 km? grid size raster covering the Norwegian territory. For each forecast day,
a layer is created with the weather forecasts provided by MET. Hence, there are nine layers available for
the nine forecast days. The same applies to other hydrological variables relevant to the daily landslide

hazard assessment.

The warnings with the danger levels are published on the website varsom.no for three forecast days
(Krogli et al., 2018). Usually, just the first and the second forecast days are employed to raise and change
warning levels. The third forecast day is also checked daily but only considered for warnings in extreme or
prolonged precipitation scenarios. The following six forecast days help detect upcoming weather events or
maintain warning levels. Relevant hydrological variables not included in the danger levels calculation such
as runoff, snowmelt, groundwater table level, soil saturation, and soil frost are also examined to ensure the
predictions match. This is one way to address forecast uncertainty, as well as compare GWB results with
other hydrological models used in the Flood Forecast Service. The previous information was obtained
from direct communication with Graziella Devoli, part of the NVE personnel in charge of the Norwegian

Landslide Forecasting and Warning Service.

The following section focuses on the specific study area selected to perform the analysis of this thesis.

2.2. Study Area Description

To collect data for advancing research in landslide monitoring, NVE carried out a project titled
KlimaDigital between 2020 and 2021 in partnership with the SINTEF Research Institute and the
Norwegian University of Science and Technology (NTNU) in Trondheim, Norway. Depina et al. (2021)
and Oguz et al. (2022) documented the results of this KlimaDigital project. Its objective was to select
locations to install sensors for landslide monitoring in susceptible areas close to Trondheim. Criteria such
as recurrent landslide reports, photographic evidence, road accessibility, and proximity to weather stations
were considered to perform a multicriteria analysis. Finally, several landslide monitoring devices were

installed in four preferred locations.

This thesis study area is the KlimaDigital Location 1: Kjellberget. Two main reasons support that decision:
(1) it is the best-documented zone in Depina et al. (2021), and (2) there is additional information in free-
access Norwegian online databases, which provided sufficient material to conduct this research. The data

is presented in detail in Section 3.1: Data Preprocessing.

Figure 2 depicts the Kjellberget setting on various scales. It is located in central Norway (Figure 2A),
Trendelag county (Figure 2B), about 60 kilometers away from the city of Trondheim, in a basin along the
E14 road and the Stjordalselva river in the Stjordal municipality (Figure 2C). In Figure 2D, the larger black
rectangle named 'Location 1' encloses the Kjellberget area of almost 0.5 km2 Within it, three
geomorphological zones can be distinguished from north to south: (1) a steep slope with its summit at the
top, extending until a (2) Quaternary deposit which ends in the E14 road, where (3) the Stjordalselva river
valley begins and covers the bottom of the figure. The Quaternary deposit is particularly susceptible to
debris avalanches and debris flows that occasionally cause road blockages (Depina et al., 2021). The

dashed black rectangle 'Location 1.1' outlines fout reported landslide events.
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Figure 2. This thesis study area is derived from the KlimaDigital project catried out by NVE for landslide monitoring
(Depina et al.,, 2021). It is located in central Norway (A), Trondelag county (B), about 60 kilometers away from
Trondheim city, in a basin along the E14 road and the Stjordalselva river in the Stjerdal municipality (C). The
Location 1 rectangle encloses the Kjellberget area, and Location 1.1 outlines four reported landslide events (D).
Sources: shapefiles: geonorge.no, Digital Terrain Model (DTM): hoydedata.no, aerial photograph: norgeibilder.no,
landslide inventory: skredregistrering.no.

The landslide inventory displayed in Figure 2D was obtained from skredregistrering.no, a Norwegian
website for reporting landslides (Krogli et al., 2018). The 2011 and 2012 events are briefly described in the
KlimaDigital report (Depina et al., 2021), while the 2021 and 2022 are documented on regobs.no, an
online application for observations related to natural hazards in Norway (Ekker et al., 2013). All four
events are presumed to have originated from shallow landslides and can be characterized as highly
saturated small-volume debris flows, which in 2011 and 2012 were enough to cover the road, but in 2021
and 2022, were minimally dispersed on the north roadside.

As the 2011 event occurred in August, during the midsummer season, there was no ice cover left from the
winter because it had already melted. Hence, it can be assumed that the 2011 landslide was triggered solely
by rainfall. In contrast, 2011, 2021, and 2022 landslides were reported in winter. Thus, presumably,
snowmelt was involved in addition to rainfall in their triggering. Further information about weather

conditions during the landslide events is presented in Subsection 3.1.6: Precipitation.
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3. METHODOLOGY

This thesis explores the possibility of producing local warnings for territorial LEWS by applying
physically-based failure and runout modeling to predict landslides' impact areas. An additional section in
the modeling could be included in established systems where specific locations within the regions
indicated by the danger thresholds are further analyzed by implementing physically-based modeling of
slope failure and runout. These locations would correspond with highly susceptible slopes, such as places
with recurring landslide reports. At this level of detail, running a physically-based model with forecast
precipitation is feasible. The established territorial LEWS selected for this thesis is the Norwegian
Landslide Forecasting and Warning Service, and the specific location is Kjellberget, an area of around 0.5

km? in central Norway.

Figure 3 is a methodology flowchart that summarizes the procedures in the analysis. Numbers 1 and 2 on
the left indicate the stages to achieve this study's objectives. The first objective is to calibrate a physically-
based model that can reproduce the failure and runout of landslides reported in Kjellberget. Hence, the
first step was to determine related significant physical processes to build a model. Different computer

applications can assist the model construction and implementation nowadays.

Several physically-based models for runout simulations have been previously tested in Norway (NGU,
2021), such as Flow-R (Fischer et al., 2012), RAMMS (Fille, 2017), and TRIGRS (Schilir6 et al., 2021).
However, these approaches are inconvenient in a territorial LEWS because it is necessary to indicate the
initiation area and released volume by hand. Thus, the modeler's expertise and knowledge of the simulated

area become a determining factor in the accuracy of the prediction.

\ 2 2
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Figure 3. Methodology flowchart. Numbers 1 and 2 on the left indicate the stages to achieve this thesis' objectives.
The overall process can be divided into Data Collection and Data Analysis and Results.
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The LISEM software was selected to perform the modeling in this thesis analysis. This product has tool
adaptations of mathematical approximations proposed by different authors related to natural hazards
(Bout et al., 2018). The user can build a physically-based model through a script by including the selected
tools and arranging it in the required order, allowing flexibility in the model setup. In addition, LISEM has
tools available to calculate a landslide failure's location using the Factor of Safety (FS) method (Holtz &
Kovacs, 1981). Moreover, within the same tool, LISEM calculates the Failure Depth (FD), which can be
used to derive the initial volume for the runout. Thus, the model directly calculates the initiation area and

released volume. Section 3.2: Model Setup explores the modeling procedure.

Once the necessary data to run the model is known, the second step is to collect and organize it. In Figure
3, the base inputs are clustered into three groups: Terrain, Ground Truth, and Rainfall. Terrain includes
information related to elevation, soil depth, soil hydraulic properties, slope stability and runout parameters.
Ground Truth refers to the field observations from skredregistrering.no (Krogli et al., 2018), named
landslide inventory' Figure 2D. Rainfall implies precipitation in liquid form, and it is used in the analysis
for different purposes depending on whether it is observed or forecasted. The base inputs are
preprocessed to convert their formats and units to those required by the LISEM tools. Section 3.1: Data

Preprocessing is dedicated to information sources and data manipulation.

The LISEM box in Figure 3 represents the physically-based model built with the help of the tools in this
software. With the initial parameters obtained from the preprocessing and observed precipitation, the
model returns FS and FD. Calibration is expected to find a failure that matches the initiation area and can
reproduce the runout in the landslide inventory. Soil depth, cohesion, and internal friction angle (IFA)
were selected for the calibration because these parameters directly influence the magnitude of FS (Johari &
Javadi, 2012). Different evaluation metrics are applied to assess the accuracy of the simulated failures. The
calibration continues until a combination of calibrated parameters generates enough accuracy to proceed

with the second objective of this thesis. More details can be found in Section 3.3: Calibration.

The second objective focuses on evaluating the failure and runout predictions produced by running the
LISEM model with the calibrated parameters and forecast precipitation. Evaluation metrics can be applied
again to assess the accuracy of the forecasted landslide impact area. However, that is only possible if the

calibrated failure releases enough volume to reproduce the runout of the observed landslides.

Afterward, Chapter 4: Results reports the most significant outputs of all the analysis stages.

3.1. Data Preprocessing

This segment describes the data sources and preprocessing procedures to prepare the inputs for the
physically-based model introduced in Section 3.2: Model Setup.

Table 1 summarizes the data sources. It is organized according to the clustering proposed in Figure 3.

Relevant characteristics of the data are listed below:

e The coordinate system for all the layers is EPSG: 25833 - ETRS89 / UTM zone 33N — Projected.

e Except for the drag coefficient, the model inputs should be in raster format. In LISEM, it is
recommended to work with TIF (Tagged Image File Format) because it stores the georeference.

e The elevation, a Digital Terrain Model (DTM) of 1 m? resolution, was used as a reference map,
and all other inputs were resampled to match its cell size. This provided a good balance between
the quality of the elevation, to which flow models are very sensitive (Leitdo et al., 2008), and the
computation time.
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e Initial raster resolutions for elevation, precipitation, and aerial photographs ate reported in Table
1. The rest of the data were originally punctual values, namely, a number reported in a coordinate
or assumed from literature. Aside from cohesion and manning's n, other parameters were
transformed into raster format by creating constant value layers.

Table 1. Data sources. The original resolution of data obtained in raster format is included.

Input Data ‘ Source
Digital Tetrain Model (DTM): hoydedata.no
Elevation e  NDH Malvik-Stjordal 2pkt Prosjektrapport (Terratec AS, 2016).
o  DTM resolution: 1 m?
NADAG Database (ngu.no)
Soil depth e Geoteknisk Datarapport E14 TS-tiltak Nr. Vd1399A (Statens vegvesen,
2016)
Soil Hydraulic Properties
Saturated Hydraulic Derived from SPAW statistical cotrelations (Saxton & Rawls, 20006):
Conductivity e  Granulometry obtained from Statens vegvesen (2016)
Porosity e Organic matter: SoilGrids250m 2.0 (Hengl et al., 2014)
Field Capacity o  Resolution: 250 m
g Pressure head Assumed from Klimadigital suction measutements (Depina et al., 2021)
B Slope Stability Parameters
Cohesion Direct shear tests performed during the KlimaDigital project (Depina et al.,
Internal Friction Angle (IFA) 2021), rock strength properties (Wyllie & Norrish, 2017)
Particle density Assumed from soil particle density common values (Haan et al., 1994)
Runout Parameters
Aerial photographs for landcover map Manning's n values table:
creation: Norge i bilder (Geovekst, otst.edu (Chow, 1959)
Manning's n 2020)
o Meriker 2010, resolution: 0.1 m
o Trondelag 2014, resolution: 0.25 m
Dominant grain size Granulometry obtained from Statens vegvesen (2016)
Drag coefficient Assumed from Pudasaini (2012)
Norwegian mass movements database: NVE landslide inventory:
g < skredreoistrqinmno (Krogli et al,, 2018) | Provided by NVE personnel
3 E Landslide records regobs.no (Ekker et al., 2013) Graziella Devoli (gde@nve.no)
s
Observed: Forecasted:
E xgeo.no (Stranden et al., 2020) Provided by NVE personnel
g Precipitation o  Resolution: 1 km?2 Jess Andersen (jea@nve.no)
[~ o  Resolution: 1 km?

The most significant aspects in the preparation of each data group are mentioned in the following

subsections.

3.1.1. Elevation
The DTM employed in this analysis is a 1 m?2 resolution raster created from laser scans as part of a
Norwegian project to establish a detailed nationwide elevation model (Terratec AS, 2016). It is freely
available on the website hoydedata.no. No corrections were made to the DTM since no issues were found

when checking the flow direction and flow accumulation.



http://www.hoydedata.no/
https://geo.ngu.no/kart/nadag-avansert/
https://soilgrids.org/
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http://www.fsl.orst.edu/geowater/FX3/help/8_Hydraulic_Reference/Mannings_n_Tables.htm
https://www.skredregistrering.no/
http://www.regobs.no/
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3.1.2. Soil Depth
For this analysis, a soil depth model was built using the SteadyStateSoil LISEM tool adapted from von
Ruette et al. (2013). This model is based on the dynamics of erosion and deposition governed by elevation
and slope. On high ground ridges, erosion is active, and the soil depth is shallow. On the contrary, in low-
lying flat terrain, deposition is prevailing, and the soil layer is thick. The approach proposed by von Ruette
et al. (2013) is a useful approximation for computing a soil depth layer for physically-based modeling.
Nevertheless, as soil production depends on many other factors besides physics, constructing an accurate

soil depth model remains difficult.

The soil depth model was calibrated with drilling depths measurements found in a geotechnical report
from Statens vegvesen (2016), which is the Norwegian Public Roads Administration. It is available in the
NADAG Database at ngu.no, the Norwegian Geological Survey (NGU) website.

Figure 4 presents the location of the 10 boreholes drilled at Kjellberget reported by Statens vegvesen
(2016). The boreholes 1, 4, 8 and 10 reached the bedrock, and the 14 was directly drilled into outcropping
rock. All drilling depths listed in Figure 4 were used to calibrate the soil model, even if the perforation did

not reach the maximum soil depth because there is no other information available.
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Figure 4. Boreholes performed in Kellberget reported in Statens vegvesen (2016). The background contour lines are
from the map in the original report. The table on the right summarizes the soil drilling depth, if the borehole reached
the bedrock and if a sieve analysis was carried out with samples from the site.

The calibration process consisted of varying the soil depth model by iterating two parameters within the
SteadyStateSoil tool: (1) the soil production from rock weathering, (2) the speed of soil movement, and (3) a
constant value outside the tool which is proportionally multiplied by the soil depth. The model with the
minimum Root-Mean-Square Error (RMSE) between the soil depth values generated by the model and
the drilling depths observations in Figure 4 was selected. The resulting soil depth model is presented in
Figure 12, Subsection 4.1.1: Soil Depth Model.

3.1.3. Soil Hydraulic Properties

This group includes the variables that determine the water behavior inside the soil: saturated hydraulic
conductivity, porosity, field capacity, and pressure head. While the first three depend on the configuration
and size of the soil particles (Saxton & Rawls, 2000), the fourth varies with the water content, making its
precise estimation a complex task beyond this thesis's scope (Zhang et al., 2018). Instead, a simple
approach was applied to establish the initial soil moisture and pressure head in the model.

The geotechnical report from Statens vegvesen (2016) includes the results of two sieve analyses performed
with samples collected in boreholes 1 and 2, depicted in Figure 4. Using the SPAW hydrology tool, the
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granulometry obtained from these tests was employed to derive values for saturated hydraulic
conductivity, porosity, and field capacity. This product was created by Saxton and Rawls (2000) and relies
on pedotransfer functions that consider grain size and organic matter content to compute soil properties.

The organic matter was adopted from the SoilGrids database documented in Hengl et al. (2014).

From the physical perspective, the amount of water that flows through the soil is constrained by the
porosity and field capacity. The first is the maximum available space that can be occupied by water within
the soil (Holtz & Kovacs, 1981), and the second indicates the moisture level below which capillary forces
retain the water (Butcher, 2004). Therefore, the initial soil moisture for water to flow through the soil
column was set between porosity and field capacity.

Statens vegvesen (2016) also includes measurements of moisture content in boreholes 1 and 2, which were
employed to estimate the initial pressure head with SPAW hydrology. Records from monitoring devices
installed in Kellberget are also presented in the KlimaDigital document and depicted in Figure 5 (Depina
et al., 2021). The pressure head value obtained with SPAW hydrology is within the range of reported

suction, although it is a reasonably wide range.

Figure 5. Location of monitoring devices (D1.1 and D1.2) and weather station installed in Kjellberget during the
KlimaDigital project (Depina et al., 2021). Also featured in the image is a trial pit site excavated to obtain soil
samples. Background image: Stjordal 2015 — norgeibilder.no.

Annex 0 details the magnitudes of the variables mentioned in this subsection.

3.1.4. Soil Stability Parameters

This group comprises cohesion, IFA, and particle density, soil parameters required for the slope stability
estimation.

In section 2.2: Study Area Description, three zones are distinguished in Kjellberget according to the
geomorphology: (1) a steep slope, (2) a Quaternary deposit, and (3) the Stjordalselva river valley. The
KlimaDigital project mentions that the steep slope is covered by a thin moraine layer, between 0.5 and 1
meter thick (Depina et al., 2021). During the project, direct shear laboratory tests were performed to
obtain cohesion and IFA values of the Quaternary deposit and the moraine. The Quaternary deposit was
sampled in Kjellberget, and the trial pit site is depicted in Figure 5. On the other hand, the moraine sample
was collected in another KlimaDigital study area located two kilometers down the E14 road to the east of
Kjellberget.
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The values in Table 2 derived from KlimaDigital indicate that the moraine has less cohesion than the
Quaternary deposit. However, in aerial photographs from norgeibilder.no (Geovekst, 2020), such as the
background image in Figure 5, erosion is not visible on the steep slope but in the Quaternary deposit.
Also, when checking Street View images from Google Maps (2010), the bedrock is observed to outcrop
along some places on the E14 road northside. Consequently, in this thesis analysis, the moraine was not
considered. Instead, the steep slope composition was assumed as bedrock material, and its cohesion was
assigned according to Wyllie and Norrish (2017) 'hard rock with discontinuities' reference. Oguz et al.
(2022) performed a calibration for landslide modeling at Kjellberget with data from KlimaDigital and the
results obtained for cohesion and IFA are included in Table 2.

Table 2. Reported values for cohesion and IFA for the moraine and Quaternary deposit materials in the study area.
The sources are mentioned in the table.

Material Creation Method Cohesion IFA Source

Moraine Direct shear test 5.5 kPa 38.2° KlimaDigital (Depina et al., 2021)
Quaternary deposit Direct shear test 9.5 kPa 41.4° KlimaDigital (Depina et al., 2021)
Quaternary deposit Calibration 6 kPa 40° Oguz et al. (2022)

According to the above, a cohesion map was created with two zones: the Quaternary deposit and the
steep slope. In any case, the first has less cohesion than the second. The same value for the steep slope
was also assigned to locations on the road where rock outcropping was identified with Google's Street

View. The final cohesion map is presented in Subsection 4.1.2: Cohesion Map.

On the other hand, the IFA value reported on KlimaDigital (Depina et al., 2021) was applied to the entire
study area, same as particle density that was assumed from common values (Haan et al., 1994). Efforts
have focused on cohesion zonation because it can be modified intuitively to alter the slope stability of a
specific location (Johari & Javadi, 2012). Namely, with more cohesion there is a greater probability of
stability.

Thus, the model can be adjusted to produce failures where the landslide inventory suggests higher

susceptibility or prevent them where there is no evidence.

3.1.5. Runout Parameters

The runout parameters considered in this analysis are Manning's n, dominant grain size, and drag
coefficient. Besides, a basal friction angle is also required to simulate the runout (Pudasaini, 2012). Unlike
the IFA, which is used for static situations, the basal represents the friction in motion. Still, the IFA was
used as the initial approximation for the basal friction angle.

Manning's n is a coefficient used to relate a fluid's velocity to the surface's roughness (Arcement &
Schneider, 1989). To estimate it, a land cover map was first created using aerial photographs from
norgeibilder.no (Geovekst, 2020). Then, each cover type was assigned a value 'n' following the tables from
Chow (1959) via orst.edu. The final map is presented in Subsection 4.1.3: Manning's n Map.

The dominant grain size was derived from the granulometry reported in Statens vegvesen (2016).

The drag coefficient indicates how solids and liquids move together in fluids such as debris flows. In the
simulations, a value indicating liquids and solids moving together was employed based on descriptions in
skredregistrering.no (Krogli et al., 2018) and the photographs in regobs.no (Ekker et al., 2013). The drag
coefficient magnitude is discussed in detail in Pudasaini (2012).
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3.1.6. Precipitation

Precipitation records for the four events are presented below to examine their behavior before, during,
and shortly after each landslide. The estimate of rain and snowmelt, onwards represented as
'rain+snowmelt', is added for the three events that occurred in winter. These records were obtained from
xgeo.no, where the observed precipitation corresponds to an interpolation between captured values in
weather stations (Stranden et al., 2020). At the same time, the rain+snowmelt layer is calculated by NVE
with observed precipitation and temperature using a hydrological model (Stranden et al., 2020). Both
variables report the millimeters of accumulated water in 24 hours starting at 6:00 am, which is the time
when the rainfall measurements are recorded. Therefore, the temporal resolution of precipitation is 24
hours. At the same time, the spatial resolution is 1 km?, as mentioned in Section 2.1: Study Area Overview.
Figure 2D shows the inventory graphically, and the legend includes the time each landslide was triggered.

The study area falls between two grids. The upper cell covers a third part of the Kjellberget perimeter,
matching the steep slope's summit. Thus, the values of the top and bottom grids are plotted separately.
Precipitation forecasts provided by NVE personnel are also included for some dates, but this information
is limited due to time constraints for additional data requests. The label on the forecasts' seties
corresponds to the issue date. The first record in the forecast series is observed, and the following days are

forecasts. This arrangement was made to show the transition between the observed and forecasted values.

Landslide on August 16, 2011: In Figure 6, the rainfall is essentially the same at the top and bottom
grids for this case. Two small precipitation events occurred a few days before the landslide but probably
did not influence the triggering much as the rainfall recorded on August 16. The landslide was registered
at 8:00 am. As a result, when the landslide occurred, 69 mm of rain had fallen over the area since the

previous day. In the following days, the rainfall lessened substantially.

The precipitation forecasts issued on August 13, 14, and 15 show that the estimations improved as the
lead time decreased. However, the forecast the day before the triggering underestimated the observed
rainfall with a significant difference of almost 20 mm. The forecasts in Figure 6 were calculated using an

eatlier version of the weather models currently employed by NVE in daily landslide hazard assessment.
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Figure 6. Rainfall records for the Landslide on August 16, 2011. The precipitation forecasts issued on August 13, 14,
and 15, 2011, show that the estimations improved as the lead time decreased but still understated the triggering
rainfall significantly.
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Landslide on March 22, 2012: The temperature increases at the end of March in Norway, and the
ice cap left over from winter is melting. In Figure 7, the rain+snowmelt from the top grid is higher
than the precipitation on both the top and bottom grids during rainfall events. It confirms that
snowmelt added significant moisture to the soil in addition to rainfall, contributing to the landslide
triggering.

In this case, there was considerable precipitation between March 11 and 14, which decreased in the
following days, but raised again on March 20, and even more on March 22. Due to the antecedent
rain, the soil saturation was probably high before the March 22 precipitation that triggered the
landslide. This event was reported at 1 pm, but since the rain is recorded at 6 am, it is unclear how
much precipitation had fallen at the time of the triggering. The March 21 forecast completely failed to
predict the triggering rainfall.
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Figure 7. Rainfall records for the Landslide on March 22, 2012. The forecast precipitation issued on March 21, 2012,
is included. Source: xgeo.no.

Landslide on November 23, 2021: Figure 8 shows that in both top and bottom grids, rainfall and
rain+snowmelt fairly coincide. This concordance is because Novembet's low winter temperatutes in
Norway cause the water to freeze instead of melt. There were only small rains during the month's first
half, but two significant rainfall events later occurred in the second half. This landslide was reported at
5:57 pm. On the landslide day, the rain+snowmelt was slightly higher than the rainfall. However, the
latter seems more significant in the triggering. In addition, the soil may still have been saturated from
the August 19 to 21 precipitation.
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Figure 8. Rainfall records for the Landslide on November 23, 2021. Source: xgeo.no.
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e Landslide on January 13, 2022: Figure 9 shows low rainfall from late December to mid-January.
Thus, the rainfall reported on January 13 likely triggered this landslide. The record was registered at
1:41 am. In the following days, it continued to rain but with less intensity. The forecast issued on
December 12 accurately predicts the rainfall on January 13 and its subsequent decrease on January
14. In this case, the rain+snowmelt was less than the rainfall alone. Hence, it is assumed that this
event was entirely rainfall-induced.
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Figure 9. Rainfall records for the Landslide on January 13, 2022. The forecast issued on January 12, 2022, is included.
Source: xgeo.no.

This subsection described how rain and snowmelt influence the occurrence of landslides depending on the
season. It is worth mentioning that in Figure 7, Figure 8, and Figure 9, there are dates in which the value
of rain+snowmelt is less than rainfall. It is a possible error of the hydrological model used for
rain+snowmelt computation since it should be greater than or equal to rainfall. Nevertheless, rain alone
seems to play a more critical role in triggering the analyzed landslides since all events coincide with days

when the recorded rainfall was considerably high, around 60 and 70 mm.

3.2. Model Setup

The physically-based model used to simulate landslide failure and runout is described in this section. This
model was built during an Internship at NVE and is further explained in Collazos (2022). Its most relevant

aspects are summarized below.

The workflow diagram in Figure 10 is divided into three components according to the main processes
simulated: hydrology, slope stability, and runout. The letters in italics in the blue boxes indicate the
method employed to simulate the stated process. Each blue box has an adaptation in LISEM, and the
authors will be mentioned when describing the tools. The flow is important because the tools' outputs are

inputs for subsequent processes. The main modeling assumptions are included in the diagram.

Although the study area comes from the Location 1: Kjellberget polygon in Figure 2D, it is slightly
different for the modeling. The hydrology and slope stability simulation area is around 120 m larger in the
north and 80 m on the east side. It was expanded to capture better the water descending from the slope's
summit towards the Quaternary deposit where the landslides have been reported. At the same time, it is
approximately 80 m shorter on the south side, with the new limit set along the deepest part of the river.
This configuration allows the water to flow from the Quaternary deposit to the lower boundary without
stagnating in river depressions. The final hydrology and slope stability simulation area is 0.59 km? and can
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be observed in the soil depth and cohesion maps in Section 4.1: Preprocessing Results. The south bank of

the river is included in the visualization to provide a context of the entire Kjellberget.

[ Physically-based model start ] [————— == l _______ -
|
I Assumption: Groundwater height is the
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Figure 10. Physically-based landslide failure and runout model workflow. It was developed during an internship at
NVE (Collazos, 2022).

3.2.1. Hydrology
The model depicted in Figure 10 starts by simulating infiltration with the Greenand Ampt tool named after
the authors Green and Ampt (1911). This method was designed to replicate the diffusive percolation of
water over an unsaturated zone for one infiltration event, meaning the tool needs to be restarted to
simulate the next event. The infiltration produces a wetting front in the upper part of the soil column with
higher saturation than the lower parts, where recent moisture has not reached yet. The observed and
forecasted precipitation data have a temporal resolution of 24 hours. Thus, the accumulated rainfall in one

day is modeled as an infiltration event.

Since there is no information on the subsoil structure or the time it takes for infiltrated water to descend
through the soil column, it is assumed that the water in the wetting front is transferred to the groundwater
at the end of one simulated day. Other processes in Figure 10 also stick to one-day timesteps. Likewise,

daily timesteps are frequently used in hydrological models such as SWAT (Adla et al., 2019).

The wetting front resets to an unsaturated state after the infiltrated water is transferred to the
groundwater. The tool employed for groundwater flow is IlowTransient, adapted from the depth-
averaged Darcy method described by van Beek (2002).

The non-infiltrated water may be considered runoff, but it is removed from the model because this
analysis focuses on runout generated by dislodged material from the slope. Hence, the effects of erosion

by surface water are not included in this study.
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Some days of antecedent rain are included in the simulations besides the precipitation of the triggering day
in order to replicate precursor soil moisture conditions. It is expected that the soil will have a high

saturation level if it has rained on the previous days and vice-versa.

In the Norwegian LEWS, the probability of landslide occurrence is usually identified with leading times of
+24h and +48h (Kregli et al., 2018). The proposed approach states that the physically-based model would
run in specific locations once detected by the danger levels. It is assumed that the model in Figure 10
should be able to complete in no more than three hours because it is the current time between AROME-
MetCoOp weather forecast runs (Homleid et al., 2021a). Thus, the model execution would be completed
when new forecasts are available. Therefore, the antecedent rainfall to be included in the model should be

sufficient to reflect the precedent soil moisture conditions but be able to run in the shortest time possible.

3.2.2. Slope Stability

After one simulated day, the groundwater height is assumed to be the saturated level in the soil column.
The soil depth determines the soil column height. The Infinite Slope Failure is a method widely used in
geotechnics (Verruijt, 2018b). It was selected to model slope stability in this analysis because it is suitable
for reproducing shallow landslides (Chae et al., 2017). As mentioned in Section 2.2: Study Area

Description, the landslide events examined in this study fall in the shallow category.

The tool employed to model the Infinite Slope Failure method was SlopeStabilitylS. Its implementation in
LISEM is described in van den Bout et al. (2021). The tool calculates the FS per pixel over the simulated
area. If FS is less than 1 in a pixel, it can be interpreted that the slope is unstable at that location.
Consequently, the tool additionally computes the FD in that pixel. This approach produces FS and FD
maps for each simulated day. If FS is above 1, meaning the terrain is stable, FD is zero.

3.2.3. Runout

For the runout, the simulation area was narrowed to a similar extent to Location 1.1 in Figure 2D. The
extension is slightly smaller on the upper limit because it was not necessary to include the Quaternary
deposit top as the landslide initiation areas are located on the south-facing slopes. Reducing the modeled
region is meant to save computation time. In addition, the model is built with data and assumptions from
the Quaternary deposit, and thus, it is worthless to include adjacent zones because the model may not be
valid there. The final runout simulation area is 0.03 km? which can be observed in the extension of

Subsection 4.1.3: Manning's n Map.

The runout was simulated with the FlowDebris tool adapted from the Two-Phase flow equations
proposed by Pudasaini (2012), which can reproduce flows with different solid contents and flow
propetrties. The initial solid height is the FD obtained from the slope stability minus the pote's voids
characterized by porosity. The solid is assumed to be totally saturated, as descriptions from
skredregistering.no (Krogli et al., 2018) and images from regobs.no (Ekker et al., 2013) suggest. Hence, the
height of the initial fluid is the porosity that is the available space in the solids.

The FlowDebris tool's timesteps are in seconds. The simulated time depends on the runout velocity to
reach its final state. One hour is generally sufficient for solids to get their final position, but fluids may
take longer. The resulting runout maps presented in Section 4.3: Model Results Using Observed
Precipitation show the maximum height of the solids and fluids mixture in the modeled debris flow.
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3.3. Calibration

This section describes the procedures for calibrating the physically-based model described in Section 3.2:
Model Setup.

Calibration can be approached from different perspectives depending on the purpose of the study. In this
thesis, the aim is for the proposed model to be capable of reproducing landslide impact areas. The model
generates the runout volume from the FD. An accurate failure is expected to generate a runout that can
replicate the landslide. Thus, the calibration was performed based on the IS and failure area obtained
from the SlopeStabilitylS tool. Additionally, more simulations can be run in the available time for the

thesis analysis by calibrating only the failure because it takes less computational time than runout.

The parameters selected for the calibration are soil depth, cohesion, and IFA. These three parameters are
included inside the SlopeStabilitylS tool, which returns FS and FD. Johari and Javadi (2012) studied the
impact of cohesion, IFA, and unit weight, determined by the soil depth, on the FS and demonstrated that

the variation in these parameters directly influences the magnitude of FS.

Some additional remarks about data uncertainty regarding soil depth, cohesion, and IFA are mentioned

below.

The soil depth model was obtained with the SteadyStateSoil LISEM tool adapted from von Ruette et al.
(2013) and calibrated with field data from Statens vegvesen (2016). Nevertheless, five of the ten drilling
depths did not report the maximum soil thickness, as explained in Subsection 3.1.2: Soil Depth.
Furthermore, from the two zones identified in Kjellberget in Section 2.2: Study Area Description involved
in hydrology and slope stability calculation, the drilling was performed only in the Quaternary deposit.
Hence, information on the moraine depth covering the bedrock of the steep slope was not included in the

calibration of the soil depth model.

Likewise, cohesion and IFA are also uncertain because only one soil sample from the Quaternary deposit
was tested in the laboratory. Therefore, the entire study area has a single measured value for these two

par ameters.

The event selected for calibrating the model is the August 16, 2011's landslide. It is the only record in the
inventory solely induced by rainfall, which is probably less uncertain than rain+snowmelt. When snowmelt
is involved in the triggering, the rain+snowmelt layer can be integrated into the model, just like rainfall.
However, rain+snowmelt is computed with a hydrological model, and rainfall is one of the main inputs
(Stranden et al., 2020). In Subsection 3.1.6: Precipitation, it can be observed that in Figure 7, Figure 8, and
Figure 9, rain+snowmelt values are occasionally lower than rainfall. Nevertheless, Rain+snowmelt is

expected to be at least equal to rainfall.

Consequently, the observed rainfall is considered more reliable because the processes within the
hydrological model applied by NVE can add uncertainty when computing rain+snowmelt. Furthermore,
rainfall interpolations include more ground truth data than rain+snowmelt. MET reports that weather
stations for rainfall recording have a denser network than those for measuring ice thickness (Homleid et
al,, 2021a). For all the above reasons, selecting a rainfall-induced landslide is intended to prevent additional

uncertainties related to rain+snowmelt data.
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For the antecedent rain, as mentioned in Subsection 3.2.1: Hydrology, it was decided to include the two
small events depicted in Figure 6 that occurred at the beginning of August. The model simulates the
hydrology and slope stability from August 4 until August 16. From here on, the word 'timestep' will refer
to the modeled day. Thus, timestep 1 is August 4, and timestep 13 is August 16. Table 3 relates the date
with the timestep and the daily rainfall.

Table 3. Daily rainfall simulated in the model. The initial timestep 1 corresponds with August 4, 2011, and the final
timestep 13 with August 16, 2011. Source: xgeo.no.

g Rainfall
‘ Date Timestep ey ‘
4/08/2011 1 0
5/08/2011 2 6.1
6/08/2011 3 0.8
7/08/2011 4 0.6
8/08/2011 5 16
9/08/2011 6 9.6
10/08/2011 7 12.9
11/08/2011 8 39
12/08/2011 9 2.3
13/08/2011 10 0.1
14/08/2011 11 0
15/08/2011 12 0
16/08/2011 13 68.8

The soil depth model was calibrated by multiplying the raster layer by a constant value. Therefore, it is
modified proportionally to its original shape. This constant is varied between 50% and 200% of the initial

value because more failures are expected to occur in heavier and, thus, deeper soils (Johari & Javadi, 2012).

Subsection 3.1.4: Soil Stability Parameters explained that the study area was divided into the steep slope
and the Quaternary deposit regions to assign cohesion magnitudes. The steep slope was given a constant
value throughout the calibration, a number consistent with the bedrock behavior, set to prevent the
triggering of failures (Wyllie & Norrish, 2017). The cohesion in the Quaternary deposit was iterated
through a range based on the reported values in Table 2 and trial and error checks to narrow an interval

potentially producing failures.

The IFA layer in this study is a constant value raster. The calibration range was decided according to
values with similar texture classes reported by the Association of Swiss Road and Traffic Engineers (1999)
via geotechdata.info, and the field information in Table 2. The texture was derived from the granulometry
in Statens vegvesen (2016).

Table 4 lists the values iterated during the calibration, each parameter having 12 values. Spacing the range
by 12 values was considered a good sampling between the minimum and maximum numbers intended to
be tested. The model was run in a nested for-loop with all possible combinations: 12*¥12*12 = 1728
iterations. The abbreviation 'pat sd' refers to the parameter (pat) multiplied by the soil depth (sd) layer.
The 'max sd' is the maximum thickness of the resulting soil model and is used to characterize the soil

depth variable.
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Table 4. Range of values iterated during calibration. The column 'n' enumerates the parameters. The soil depth layer
is multiplied by the value in the 'par sd' column, and the resulting layet's maximum soil depth (max sd) is used to
characterize the soil depth variable. The LISEM tool SlopeStabilitylS requires IFA in radians (rad), but it is also
presented in degrees (deg).

‘ n par sd max sd [m] cohesion [Pa] IFA [rad] IFA [deg]
1 0.65 5.88 3450 0.5006 29.0
2 0.80 7.24 4005 0.533 30.6
3 0.95 8.59 4560 0.560 321
4 1.10 9.95 5115 0.587 33.6
5 1.25 11.31 5670 0.614 352
6 1.40 12.67 6225 0.641 36.7
7 1.55 14.02 6780 0.668 38.3
8 1.70 15.38 7335 0.695 39.8
9 1.85 16.74 7890 0.722 41.4
10 2.00 18.09 8445 0.749 429
11 2.15 19.45 9000 0.776 44.5
12 2.30 20.81 9555 0.803 46.0

Evaluation metrics are intended to find an optimal set of parameters among all the combinations in the
calibration that can successfully reproduce the landslide event on August 16, 2011. The metrics were
employed to compare the landslide initiation area with the simulated failures. The initiation area depicted
in Figure 11 was inferred from the landslide inventory (Depina et al., 2021; Krogli et al.,, 2018) and
multitemporal aerial photographs from norgeibilder.no (Geovekst, 2020). It is larger than the failure
indicated in the inventory polygon to cover the adjacent erosion identified in the orthophotos.

Landslide Inventory
16/08/201
" IFailure
Runout
Evaluation metrics
1: Initiation area 25

2: Outside :m

Figure 11. Initiation area employed in evaluation metrics calculations.

The evaluation metrics computation started by constructing the confusion matrix in Table 5. The matrix
relates the location of the initiation area presented in Figure 11, referred to as observed, and the simulated
failures in the calibration labeled as predicted. The SlopeStabilitylS tool returns FS and FD. As mentioned
in Subsection 3.2.2: Slope Stability, when FS is less than 1 in a pixel, it means instability, and the tool
automatically calculates the FD. If FS is above 1, indicating stability, FD is set to 0. Thereby, for each
parameter combination, there is a resulting map with values per pixel for FS and another for FD. In this
case, the FD was chosen to compare the observed and predicted values in the confusion matrix. Hence, it
classifies according to the predicted FD of each pixel and the two regions portrayed in Figure 11: (1) the

initiation area and (2) the outside, where no failures are expected during the simulation period.
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Finally, the number of pixels classified with the confusion matrix as True Positive (TP), True Negative
(TN), False Positive (FP), and False Negative (FN) are counted to calculate the evaluation metrics.
Table 5. Confusion matrix based on the areas depicted in Figure 11. The number 1 refers to the initiation area of the

landslide on August 16, 2011, and the number 2 is the outside, where it is assumed that no landslide occurred during
the simulated period.

Predicted
Positive Negative
Positive True Posmv-e (TP): | True Negam.fe (TN):
FD>0in1 FD=0in2
Observed - :
. False Positive (FP): | False Negative (FN):
Negative . .
FD>0in2 FD=0in1

Cohen's Kappa, precision, recall, and F1 were the selected evaluation metrics to assess the accuracy of the
simulated failures. These metrics allow comparing the accuracy based on different criteria and are
commonly employed for quantitative evaluations (Dalianis, 2018). The metrics equations employed in this
analysis are presented in Table 6 in terms of TP, TN, FP, and FN.

Table 6. Evaluation metrics equations in terms of the TP, TN, FP, and FN defined in Table 5. Sources: Precision,
Recall, and F1: Dalianis (2018), Cohen's Kappa: Chicco et al. (2021).

Precision (P) Recall (R) F1
p TP R TP Fl=2 P xR

[ = = *
TP + FP TP+ FN P+R

Cohen's Kappa (K)

- 2% (TP« TN — FP + FN)
" (TP + FP) x (FP + TN) + (TP + FN) * (FN + TN)

Previously, it was mentioned that there are resulting maps for each parameter combination. In the code
employed for the modeling, FS and FD are temporal variables that change with each iteration. Choosing
not to save all the resulting maps to disk helps to reduce computational time. Cohen's Kappa was
calculated during the calibration with the MapCohensKappa tool available in LISEM. However, for
precision, recall, and F1, it was decided to select a sample of combinations based on the FS, FD, and
Cohen's Kappa calibration results. In this way, the computational time is also optimized by avoiding the
calculation of these three metrics for combinations that, for example, do not produce failures.

Graphs with 3-dimensions were selected for plotting the resulting 1728 combinations. Each point can be
conceived as a coordinate in the 3-dimensional space formed by the values of max sd, cohesion, and IFA
as listed in Table 4. Since the points are equally distributed on all three axes, the 1728 combinations span
the space in a cube shape. The colors of the points are used as the 4™-dimension to analyze the

relationship of the parameter combinations against FS, FD, and Cohen's Kappa.

An iteration number is associated with each failure and runout map resulting from the evaluation metrics
analysis. This number represents the code's execution order and ranges from 1 to 1728. The runout was
simulated with 7200 timesteps, representing the displacement of the modeled debris flows after 2 hours.

The main outcomes of this study are presented in Chapter 4: Results below.
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4. RESULTS

4.1. Preprocessing Results
The following subsections present three maps: soil depth, cohesion, and Manning's n, generated during
the preprocessing of data for the physically-based model introduced in Section 3.2: Model Setup to
simulate failure and runout in Kjellberget, Stjordal, Norway.

4.1.1. Soil Depth Model

Figure 12 presents the soil depth model resulting from the calibration of the SteadyStateSoil LISEM tool
based on von Ruette et al. (2013) with field measurements from Statens vegvesen (2016). The model
proposed by the authors is based on the dynamics of erosion and deposition governed by elevation and
slope. Figure 12 shows that the absence of soil is exhibited at protruding elevations, more commonly in
the upper part of the figure. At the same time, the areas with the deepest soil coincide with terrain

depressions where the water flow concentrates.

Soil Depth [m] © Boreholes Depth [m]
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Figure 12. Soil depth model created after calibrating the SteadyStateSoil LISEM tool adapted from (von Ruette et al.,
2013) with the drilling depths listed in Figure 4 from the Statens vegvesen (2016) geotechnical report.

The zoomed map in Figure 12 depicts the borehole depths from Statens vegvesen (2016). As mentioned
in Section 2.2: Study Area Description, Kjellberget can be divided into three regions from top to bottom:
steep slope, Quaternary deposit, and Stjordalselva river valley. The drilling was performed in the
Quaternary deposit. At its deepest, the deposit is reported to be 23.5 m, but in the soil depth model, the
same location is 3.4 m deep, resulting in a difference of 20.1 m. The rest of the measurements also show
differences between 1.4 and 6.2 m with the soil depth model. The Quaternary deposit originated from the
Stjordalselva river fluvial dynamics that cannot be captured at this level of detail. As a matter of fact, to
run the SteadyStateSoil tool, it was necessary to resample the DTM from 1m? to 5m? because the model
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did not show good results at a lower resolution. Later, the resulting soil depth raster was resampled again
to 1 m? to match the rest of the input data.

Despite the above, the SteadyStateSoil tool allowed the creation of a soil depth layer in a suitable format to
run the physically-based model in LISEM, which is the best approximation that could be obtained for this

analysis.

4.1.2. Cohesion Map

As stated in Subsection 3.1.4: Soil Stability Parameters, the study area at Kjellberget was divided into two
regions according to its geomorphology and composition for modeling purposes. These regions were
determined with descriptions included in the KlimaDigital report (Depina et al., 2021), the slope derived
from the DTM, aerial photographs from norgeibilder.no (Geovekst, 2020), and Google Street View
images (Google, 2010). The steep slope zone was assigned a high cohesion value according to Wyllie &
Norrish (2017). Since no erosion is observed in this zone in the aerial photographs, no considerable
failures are expected to appear during the simulations. It was achieved by setting a constant high cohesion
value to the steep slope throughout the calibration process.

In the Quaternary deposit, on the other hand, erosion is visible in all available orthophotos, which date
from 2010, 2014, 2015, and 2019. Accordingly, the cohesion in the Quaternary deposit varied during the
calibration, as it is where landslides have been reported. Besides, some places near the road were assigned
the same high cohesion as the steep slope because rock outcropping was observed in Street View. The
rock is a more cohesive material that does not fail like the soil. Again, assigning a higher value is a way to
prevent failures from appearing in unrealistic places. The resulting cohesion map is shown in Figure 13.

Cohesion Zones

" Steep Slope (Bedrock)
Quaternary Deposit
== Runout Area

Figure 13. Cohesion Map. Two cohesion values were assigned according to the regions presented on this map. The
Quaternary deposit cohesion varied during calibration while the Steep Slope (bedrock) remained constant.
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4.1.3. Manning's n Map

Manning's n is a coefficient used to relate a fluid's velocity to the surface's roughness (Arcement &
Schneider, 1989). It was introduced in Subsection 3.1.5: Runout Parameters. The landcover and

subsequent Manning's n values assigned to the runout area are displayed in Figure 14.

Manning's n

[]0.013: Asphalt 1 Figure 14. Manning's n map showing the
[ 0.025: Earth 1 landcover categories from Chow (1959)
%ggg: z:zzlz via orstedu employed to assign the
[ 10.050: Brush 1 Manning's n values. The background

[Jooso:Brush3 | photograph ~ was  obtained  from
[J0100: Trees 4 norgeibilder.no, Stjerdal 2015.

4.2. Calibration Results

This unit reports the results of the procedures described in Section 3.3: Calibration. The outcomes of the
1728 simulations in relation to FS, FD, and Cohen's Kappa are presented below.

It was found that the obtained values for FS inside the initiation area, depicted in Figure 11, can be related
to the timesteps listed in Table 3. The hydrology and slope stability of the August 16, 2011 landslide were
simulated with daily timesteps from August 4 until August 16. Therefore, the simulation started in
timestep 1 and ended in timestep 13, as indicated in Table 3. Since no failures were reported during the
days before the landslide, the FS was assumed above 1 for timesteps 1 to 12. On the contrary, the FS was
expected to be less than 1 on timestep 13, the day of the triggering. However, among the combinations,
some cases showed failures once or several times between timesteps 1 to 13, and others stayed stable
during all timesteps. Figure 15 presents the 3-dimensional space formed by max sd, cohesion, and IFA,

with colors related to FS and timesteps. The combinations were classified into three cases:

e Premature failure (792 yellow dots): FS is less than 1 for at least one timestep between 1 and 12.

e Correct-day failure (53 red dots): I'S is above 1 for all timesteps between 1 and 12, and is less than
1 when timestep equals 13.

e No failure (883 blue dots): FS is above 1 for all timesteps between 1 and 13.

Premature Failure Figure 15. Results classified according
+ Correct Day Failure  to the obtained values of FS during the
No:Faildre calibration and the timesteps listed in
Table 3. The vyellow dots are
combinations that showed failures
prematurely, between timesteps 1 and
12. The red dots exhibited failures
exclusively on timestep 13, the correct
triggering day. The blue dots are
combinations  where no failures
occurred in the entire simulation.
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The correct day failure red dots in Figure 15 can be interpreted as an interface between the underlying
yellow dots indicating premature failure, and the overlying blue dots representing simulations where no

failure was triggered at any timestep.

The number of simulations that showed failures at timestep 13 was 845: 792 from premature failure and
53 from correct-day failure. The failure frequency of the iterated values was calculated to examine the
relationship between max sd, cohesion, and IFA with slope stability. It is presented in the three bar charts
in Figure 16. From left to right, it is observed that heavier soils with less cohesion and lower IFA

exhibited failures more frequently.
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Figure 16. Failure frequency of the iterated values per parameter during the calibration. From left to right, it is
observed that heavier soils with less cohesion and lower IFA exhibited failures more frequently.

Similarly, the failure frequency among the correct-day class combinations was computed and presented in
Figure 17. In this case, none of the bar charts show a clear trend like in Figure 16. In general, the three
graphs in Figure 17 exhibit two peaks with a minimum in the middle of the iterated range. The peaks do
not match or show similar behavior. Hence, a combination with higher failure frequency cannot be

identified in the correct-day failure class.
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Figure 17. Failure frequency of the iterated values per parameter in the 'correct day failure' class from Figure 15. The
three graphs exhibit two peaks with a minimum in the middle of the iterated range. A single optimal combination of
parameters cannot be identified because the failure frequencies in the three graphs do not match.

The calibration also gave outcomes for FD and Kappa. Figure 18 presents two graphs with information
related to the FD magnitudes obtained in the calibration within the initiation area depicted in Figure 11.
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Figure 18. Failure Depth (FD) obtained in the calibration within the initiation area depicted in Figure 11. Graph A is
a 3-dimensional scatter plot where the dots colors represent the FD magnitude. Graph B is a density plot showing
the FD distribution.

In Figure 18A, the color gradient in the 3-dimensional scatter plot is used to represent the FD magnitude
on a continuous scale. It can be observed that heavier soils with less cohesion and lower IFA exhibited
lower FD magnitudes. On the other hand, a density plot built with the FD magnitudes is presented in
Figure 18B. The minimum and maximum depths are 0.76 and 1.17 m, but most failures, 620 out of 845
(73%), fall between 1.10 and 1.17 m. The remaining 225 (27%) are between 0.76 and 1.09 m.

The Cohen's Kappa coefficients obtained in the calibration are presented in Figure 19 for the 845
simulations that showed failures at timestep 13. In Figure 19A, the color gradient in the 3-dimensional
scatter plot is used to represent the Kappa values on a continuous scale. The highest Kappa scores, which
indicate greater agreement between the observed and predicted failures, are evidenced in parameter

combinations with low max sd and low cohesion. The relationship is unclear for IFA, but the higher

scores are around 32° and 35°. In Figure 19B, the density plot shows the distribution of the resulting
Kappa values, which can be divided into three parts: (1) [0.00 to 0.04]: 542 combinations (64%), (2) (0.04
to 0.08]: 261 combinations (31%), and higher than 0.08: 42 combinations (5%). The maximum Kappa
obtained was 0.105.
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Figure 19. Cohen's Kappa coefficients obtained for the 845 parameter combinations that generated failures during
the calibration. Graph A is a 3-dimensional scatter plot where the dot colors represent the Kappa values. Graph B is
a density plot showing the Kappa distribution.

As explained in Section 3.3: Calibration, a sample of combinations is selected to continue calculating the
evaluation metrics precision, recall, and F1. It was decided to take the combinations that exhibited the

maximum Kappa scores since the FS and FD outcomes are inconclusive. The cutoff was set at Kappa
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greater than 0.08, resulting in a sample of 42 combinations. The resulting maps with the highest precision,

recall, and F1 are introduced in the next section.

4.3. Model Results Using Observed Precipitation

This section presents the maps generated with the observed precipitation in Table 3 and the parameter
combinations that produced the highest Cohen's Kappa, precision, recall, and F1 in the calibration.

Figure 20 presents the failure frequency map created from the sum of pixels with FD above zero among
the 42 combinations selected with the maximum Kappa. Figure 20A displays the entire simulated area for
hydrology and slope stability, as described in Section 3.2: Model Setup. Figure 20B zooms to the
Quaternary deposit, where the landslides were reported. In Figure 20B is observed that the most frequent
failure locations in the sample, up to 35 pixels in red color, coincide with the source areas in the landslide
inventory. Also, the failures match the erosion zones identified in aerial photographs from norgeibilder.no.
As an illustration, an orthophoto from 2015 is displayed in Figure 20C. A landslide scar in the left gully

and another active erosion zone on top of the right earthen road can be detected.

‘ !ﬂf' S

Failure Frequency | Pixel
Pixel Frequency Frequency
w High : 35 |

- Low: 1

== Runout Area
Landslide Inventory

Figure 20. Failure frequency map created from the sum of pixels that exhibited failure among the 42 combinations
with the highest Kappa. A covers the entire simulated area. B and C zoom to the reported landslides' location.

The failure and runout maps obtained with the combinations that yielded the highest precision, recall, and
F1 are presented in Figure 21, Figure 22, and Figure 23. In this case, the combination with the maximum

F1 score is the same for Kappa.

Similarly to Figure 20, all three figures are composed of maps A, B, and C. A shows the failures in the
entire hydrology and slope stability simulation area, and B and C zoom to the runout region, as explained
in Section 3.2: Model Setup. The legend in A characterizes the FD, while in C reports the maximum
height (hmax) of the solids and fluids mixture in the debris flow. The figures are accompanied by tables
with information about the calibrated parameters employed in each case.
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Figure 21 depicts the simulated failure and runout with the highest precision in the calibration using the
parameters summarized in Table 7. In this case, the deepest failure and the maximum runout height have
the same magnitude: 1.38 m. Figure 21B shows that the failures for the highest precision are relatively few
and small. These are exhibited inside the initiation area of the March 22, 2012 (left) and August 16, 2011
(right) landslides, although it was only calibrated based on the latter. Also, no failures are detected outside
the landslide boundaries. It is observed in Figure 21C that the runout for both landslides follows the same
direction as the polygons in the inventory. However, the released material is not enough to reach the road
as expected for the aim of reproducing the August 16, 2011 (right) landslide.

Table 7. Combination of parameters that reproduced the August 16, 2011 landslide failure with the best precision.

iteration precision parsd maxsd[m] cohesion [Pa] IFA [rad] IFA [deg]

Failure Depth [m]

r . High : 1.38

~Low:0.89
| | == Runout Area
Landslide Inventory

hmax 4 [m]
m High :1.38

L Low: 0.01

Figure 21. Failure and runout maps obtained with the combination that yielded the highest precision in the
calibration. A covers the entire hydrology and slope stability simulated area. B and C zoom to runout region. C
displays the runout derived from the failures presented in B.
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Figure 22 depicts the simulated failure and runout with the highest recall in the calibration using the
parameters summarized in Table 8. The deepest failure exhibited was 1.66 m, and the maximum runout
height was 2.22 m. In this case, the debris flow material was accumulated upon reaching the road in the
outlet of the March 22, 2012 (left) landslide, and thus, its height is above the maximum FD. Figure 22B
shows that the failures with the highest recall, unlike the ones with the highest precision in Figure 21B, are
scattered in the initiation areas, especially in the March 22, 2012 (left) landslide. Additionally, several
failures are observed outside the polygons' boundaries, some quite close to the road.

Table 8. Combination of parameters that reproduced the August 16, 2011 landslide failure with the best recall.

iteration recall parsd maxsd[m] cohesion [Pa] IFA [rad] IFA [deg]
5670 0.506 29.0

‘| Highest Recall Iteration 625 ‘

| Failure Depth [m]
High : 1.66

~Low: 0.69
== Runout Area

Landslide Inventory
7.7 TR

hmax 625 [m]
o High : 2.22

i Low: 001 |

Figure 22. Failure and runout maps obtained with the combination that yielded the highest recall in the calibration. A
covers the entite hydrology and slope stability simulated area. B and C zoom to runout region. C displays the runout
derived from the failures presented in B.

Figure 22C depicts the runout generated from the failures in Figure 22B. It overflows more than the
runout produced with the highest precision in Figure 21C. The failures on the left of the zoomed figures
generated a runout that covered the road with a thin layer of dislodged material. However, this is not
reflected in the inventory, meaning that (1) it may never have happened or (2) it was too minor to report.
On the other hand, the highest recall reproduced the debris flow direction of the August 16, 2011 (right)
landslide better than the highest precision. It spilled over the north roadside but did not cover the road as
expected. Like the highest precision simulation, the volume released in the case of the highest recall
remained insufficient for replicating the landslide impact area.
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Figure 23 depicts the simulated failure and runout with the highest F1 and Kappa in the calibration using
the parameters summarized in Table 9. In this case, the deepest failure was 1.38 m, and the maximum
runout height was 1.87 m. The highest F1 for failure and runout generally exhibited an intermediate
behavior compared to that obtained using the highest precision and recall cases. The failures in Figure 23B
are more abundant than the highest precision in Figure 21B but not as scattered as the highest recall in
Figure 22B. In Figure 23C, some roadside failures produced a runout that spread over the pavement,
although not as wide as the highest recall in Figure 22C.

Table 9. Combination of parameters that reproduced the August 16, 2011 landslide failure with the best F1 and
Kappa.

iteration F1 Kappa parsd maxsd[m] cohesion [Pa] IFA [rad] IFA [deg]
304 0.1047 = 0.1045 0.95 8.59 4005 0.587 33.6

Highest F1 Iteration 304

Failure Depth [m]
High : 1.38

“Low:0.76
== Runout Area
Landslide Inventory

hmax 304 [m]
o High : 1.87

L Low: 0.01

Figure 23. Failure and runout maps obtained with the combination that yielded the highest F1 and Kappa in the
calibration. A covers the entire hydrology and slope stability simulated area. B and C zoom to runout region. C
displays the runout derived from the failures presented in B.

Like the previous cases, the highest Il reproduced the runout of the March 22, 2012 (left) and August 16,
2011 (right) landslides, even though it was calibrated based only on the latter. The failure locations and
runout directions were relatively well reproduced, but the released material was not enough to cover the
road as the August 16, 2011 (right) polygon indicates.
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5. DISCUSSIONS AND CONCLUSIONS

5.1. Discussions

In this thesis, an analysis was performed to explore the potential of integrating landslide failure and runout
physically-based modeling in territorial LEWSs. A physically-based model built with LISEM was calibrated
using a rainfall-induced landslide event on August 16, 2011.

After running 1728 simulations in the calibration, it was found that the obtained I'S could be related to the
daily timesteps. The results were classified according to the stability before and during the August 16, 2011
landslide in three cases: premature failure (792), correct day failure (53), and no failure (883), as depicted in
Figure 15.

The parameters calibrated were soil depth, cohesion, and IFA, which were selected because these directly
influence the magnitude of FS and, therefore, the occurrence of failures, as demonstrated by Johari &
Javadi (2012). The failure frequency of the iterated values was calculated for all the combinations of
parameters that produced failure in the calibration, which includes the premature and correct day cases
(845). Figure 16 shows that the failure frequency changed almost linearly as these three parameters varied.
The relationship was proportional in the case of soil depth, meaning that the deeper and heavier soils
exhibited failures more frequently. The relationship was inverse for cohesion and IFA, as failures were
more frequent with lower magnitudes of these two parameters. This behavior was expected as soil depth,
cohesion, and IFA are included in the equation of the infinite slope approach employed in the model, as

well as it agrees with Johari & Javadi's (2012) findings.

It was also expected that an optimal combination of soil depth, cohesion, and IFA could be found among
the 53 correct-day failure cases for replicating the selected landslide. In this case, the failure frequencies
presented in Figure 17 did not show a clear trend but instead fluctuated in the range of the iterated values.
As no match could be identified in the three graphs, it was concluded that the calibrated parameters in the

correct-day failure class do not converge to a single optimal value based on FS.

Subsequently, the FD results were analyzed in all the 845 combinations that produced failure since
identifying an optimal combination was not possible with FS in the correct-day failure class. The color
gradient in the 3-dimensional scatter plot in Figure 18A indicates that FD increases as the combinations
approach the correct-day failure interface. However, the depth magnitude and its variation among the
simulations were relatively small. From the density plot in Figure 18B, it is translated that 73% of the
simulations showed between 1.10 and 1.17 m depth, with a minimum variation of 0.07 m. The remaining
27% corresponded to even lower depths, between 0.76 and 1.09 m, but with a more significant variation
of 0.33 m. Overall, the obtained FD magnitudes were shallow, meaning that the simulated failures would
release little material for potential runout. Additionally, a single combination where the calibration
converges to a greater depth value could not be identified because the deepest failures were scattered in

the space, as shown in Figure 18A.

The only available information for comparing the predicted and observed failures were the landslide
inventory polygons from skredregistrering.no. The evaluation metrics Cohen's Kappa, precision, recall,
and F1 were performed because these allow assessing the accuracy based on the area. As the calibration
focuses on the failure, the area considered as observed was the initiation of the August 16, 2011 landslide
depicted in Figure 11. Adjacent zones to the inventory polygon were included in the observed area to
incorporate erosion identified in multitemporal aerial photographs from norgeibilder.no. From direct
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communication with Graziella Devoli, part of the NVE personnel, it was known that some landslides are
drawn with uncertainty. For example, the March 22, 2012 polygon presented in Figure 2D encloses the
entire gully where erosion is active and not just the zone affected by that particular landslide. Hence, in
this study, the inventory was not treated rigorously as ground truth but more like a reference. Thus, the
evaluation metrics were employed to identify the combinations that produced a greater agreement

between the predicted and observed failures, more than absolute accuracy measurements.

Cohen's Kappa was run inside the calibration code, and the resulting scores for all the 845 combinations
that generated failure are shown in Figure 19. A critical finding when comparing the results for FS (Figure
15), FD (Figure 18), and Cohen's Kappa (Figute 19) was that Kappa and FD did not show their maximum
values in the same combinations as the correct-day interface indicated by FS. Therefore, it was concluded
that with the performed calibration, it was unachievable to find a single combination that (1) produces
failures only on the timestep of the triggering day, (2) that has the maximum FD, and (3) that the initiation

area coincides with the inventory.

In the methodology, it was proposed to calculate the remaining evaluation metrics according to the
previous interpretation of the calibration results to save computational time. Hence, it was decided to take
a sample of combinations with the highest Kappa. This selection ensures the most attainable agreement
between the observed and predicted failures among the calibration results, which is essential to replicate
the landslide accurately. Thus, precision, recall, and F1 were computed for 42 combinations with Kappa
values above 0.08. It was considered a good number to compare the failures because the variation in the
agreement was already evident in this range. Additionally, a failure frequency map was created with this

sample to examine the initiation areas predicted by the physically-based model.

The maximum Kappa obtained in the calibration was 0.105. Thereby, the overall Kappa results showed
poor to slight agreement, according to Sim & Wright (2005). When examining the failure frequency map
in Figure 20B, it was noticed that most failures related to the August 16, 2011 landslide occurred towards
the left of the area indicated as observed. Since the predicted failures only partially matched the
observation, the evaluation metrics scores were consistently low. Nevertheless, based on visual
comparison with aerial photographs like in Figure 20C, it can be concluded that the simulations with
higher Kappa could reproduce the initiation areas of the reported landslides in Kjellberget reasonably well.

The failure and runout maps obtained with the combinations that yielded the highest precision, recall, and
F1 were presented in Figure 21, Figure 22, and Figure 23. As the combination with the maximum F1 score
was the same for Kappa, both were represented in the last figure. The tables accompanying the maps
report the soil depth, cohesion, and IFA values used in each case. It is evidenced that the optimal
calibrated parameters are not identical for the different evaluation metrics. Although the values are
concentrated in the first five rows of Table 4, the part of the range where the lowest numbers are found, it
was not possible to determine their convergence towards a single optimal combination of parameters.

Moreover, there is also no coincidence with the field measurements in Table 2.

In the failure and runout maps, it is observed that the August 16, 2011 and March 22, 2012 landslides were
replicated simultaneously in the three cases, even though the calibration was based only on the first. This
fact shows the uncertainty in the model because it simulates two events when it should only be one. On
the other hand, the failure locations and runout directions were replicated reasonably well. Nevertheless,
the released volume was not enough to cover the road as the August 16, 2011 polygon indicates, which
was suspected since the FD magnitudes were found to be shallow. Therefore, it was unattainable to

reproduce the landslide impact area with the performed calibration.
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For the Norwegian LEWS, the proposed methodology in this thesis would be relevant if it can provide
accurate predictions at a lower spatial resolution than what is already available. In theory, the statistical
model currently used by NVE is reliable at the scale of administrative units such as municipalities (Krogli
et al., 2018). In practice, empirical knowledge plays a fundamental role in the local response, according to
Graziella Devoli. In the case of the August 16, 2011 event, the E14 road was closed in advance to prevent
accidents because NVE is aware that landslides regularly occur on that road. However, the E14 runs
approximately 67 km across Norway. The ability to detect where there is more probability of landslides
along the road for forecasted rainfall events would be of an added value to improve the response

mechanisms.

In this study, it was not possible to replicate the landslide impact area, but the failure locations and runout
directions showed promising results. Validation with landslides from different dates and experiments in
separated areas would be necessary to determine if the reproduced failure and runout are reliable enough
to raise warnings. Also, a less detailed scale may be considered for interpreting the model results,
distinguishing the slopes by geomorphological features or geological materials. For instance, the sole
runout development exhibited in the simulations may indicate that landslides could be potentially triggered
in the Kjellberget Quaternary deposit.

The first specific objective of this thesis was to find an optimal combination of parameters to replicate the
August 16, 2011 landslide impact area with observed precipitation. However, achieving this objective with
the obtained results was concluded to be not possible. It was expected that failures in accurate locations
would release enough volume to reproduce the observed runout. Thus, the calibration only considered the
slope stability process. After the analysis, the outcomes proved that this assumption was wrong. For a
multi-process model like the one in this study, basing the calibration on a single process led to

unsuccessful results.

The second specific objective was to assess the accuracy of the landslide prediction with forecast
precipitation. Nevertheless, a simulation with sufficient accuracy to reproduce the August 16, 2011
landslide impact area was not achieved. In this case, the forecasted rainfall depicted in Figure 6 was
considerably lower than the observed. As the water entering the model would be less with the forecast, the
added weight to the soil would also be less, and the stability would not be affected as much as with the
observed precipitation. Therefore, running the model with the forecast would not generate a more
extensive runout that could improve the results. However, this information is not enough to conclude the
overall performance of the forecast, which may even have improved in recent years, considering that in
2011 the weather model was an older version of the one currently employed. Hence, more experiments
will be necessary to determine the accuracy of landslide predictions with physically-based models using

forecast precipitation.

LISEM was chosen for the modeling because it allows the construction of a multi-process model capable
of simulating slope stability to obtain failure depth, which can be used as initial volume for runout. It is an
advantage over other physically-based models tested in Norway, where inputs for initiation area and
released volume are required. However, the runout obtained with LISEM was not enough to reproduce
the August 16, 2011 landslide impact area. On the contrary, previous research with physically-based
models like Flow-R (Fischer et al., 2012) and TRIGRS (Schilito et al, 2021) could replicate the
displacement and spatial distribution of tested landslides successfully. In the context of territorial LEWSs,
a detailed physically-based model would be of interest if it can provide accurate predictions automatically.
Nevertheless, all the approaches, either consulted or tested, showed drawbacks in simultaneously

achieving the model automatization and the generation of accurate predictions.
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Finally, the general objective of this thesis was to explore the potential of integrating physically-based
failure and runout modeling in territorial LEWSs. Because of the high uncertainty, dependence on data
availability, and complex calibration settings, it was found that the studied physically-based modeling

would not improve the applicability of these systems.

5.2. Limitations

Several aspects of the datasets employed, and the methodology applied in this study might be subject to

limitations.

The physically-based approach implemented a relatively simple setup, meaning numerous assumptions
were adopted, such as the simplified groundwater representation or the infinite slope hypothesis. The
hydrology was not individually calibrated and lacked slower groundwater response from the unsaturated
layer, which can be particulatly relevant for replicating the water behavior in deeper soils. In the infinite
slope method, horizontal forces are not considered, and the failures are limited to a local equilibrium.
Therefore, small local failures might be predicted unrealistically, and more complex types of failures might
not even be predicted. Additionally, data constraints exacerbate these limitations. For instance, several
significant subsurface properties like spatial strength parameters and groundwater permeability are
unknown. The simplified model setup allows running a model despite the limited circumstances, but

important processes might be missed.

On the other hand, including multiple processes in the calibration, such as slope stability and runout,
would have been beyond the scope of this study in terms of time availability and computational power.
Moreover, the failure and runout simulations showed that the different accuracy metrics resulted in
distinct calibrated parameters. While it was not possible to find a single combination that converged
towards an optimal landslide replication, it was also found that there is no straightforward way to
determine it. Therefore, analyzing the convergence of the parameters in a multi-process calibration could
be even more challenging. Likewise, using additional observed information, such as precipitation with a
higher temporal resolution, groundwater stages, failure time, released volume, runout evolution, and

others, might benefit the model but also leads to a highly complex setup.

In this work, the simulations were performed at 1 m? spatial resolution. For larger areas, a lower resolution
would be required to run the model in a reasonable time, leading to even further limitations related to the
performance of the model. Indeed, an advantage of placing the study in Norway was the access to a high-
quality DTM model and other data obtained from online databases, in addition to the information
provided by NVE. Therefore, the transferability of this study to other regions with less documentation is a

major limitation for further research.

5.3. Recommendations
For NVE:

e The information collected during the KlimaDigital project was essential for conducting this research.
A continuous gathering of data, as well as accurately monitoring and systematically registering

landslides, allows studies like the one presented in this thesis to continue being performed.

e  When plotting the time series in subsection 3.1.6: Precipitation, it was noticed that the triggering
rainfall was between 60 and 70 mm for the four analyzed landslide events. Localized rainfall
thresholds derived from empirical relationships could be a more practical approach to explore in

predicting local landslide triggering.
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For future research:

¢ The main impediment for replicating the August 16, 2011 landslide event with the proposed
methodology was that the failures did not released enough volume for the runout. Two alternatives
can still be investigated: (1) to apply a multi-process calibration including a factor multiplying the
initial runout height to increase the released volume, and (2) to explore other failure methods that
might generate deeper failures like the ellipsoid sampling (Hovland, 1977) or the fiber bundle
method (Cohen et al., 2009).

e Approaches such as the one proposed in Zhang et al. (2018) for calibrating coupled hydrology and
slope stability processes could be considered for developing methods for accurate simultaneous

calibration of slope stability and runout.

5.4. Conclusions

In this thesis, an analysis was performed to explore the potential of integrating landslide failure and runout
physically-based modeling in territorial LEWSs. The Norwegian Landslide Forecasting and Warning
Service currently operates at the national level in Norway, which allowed to structure the methodology of
this study within the framework of an established system. A physically-based model was built and
calibrated using the LISEM software. The study area was Kjellberget, a location in the Stjordal
municipality in central Norway. The calibration of the model was based on a rainfall-induced landslide on
August 16, 2011.

When plotting the results in the 3-dimensional space formed by the calibrated parameters soil depth,
cohesion, and IFA, it was found that FS could be related to the simulated daily timesteps. The
combinations of parameters that exhibited instability only on the correct day of the triggering represented
an interface between the underlying cases with premature failure and the ovetlaying combinations that
generated stability during the entire simulation. However, identifying a single combination converging
towards an accurate replication of the August 16, 2011 landslide was not possible based cither on FS, FD,
or Cohen's Kappa.

According to the obtained failure and runout maps with the highest precision, recall, and F1 in the
calibration, it is concluded that the model was able to replicate the initiation areas and runout directions
reasonably well. Nevertheless, the released volume derived from the FD was insufficient to replicate the
landslide impact area. Only slope stability was considered in the calibration, and the evaluation metrics
were calculated by comparing the observed and predicted initiation areas. However, not including the
runout in the calibration of the multi-process model employed in this study led to unsuccessful results.

Based on the experiment performed, it is concluded that it is non-viable to apply the proposed
methodology in territorial LEWSs because of the high uncertainty, dependence on data availability, and
complex calibration settings of multi-process physically-based models. Nevertheless, approaches for
increasing the released volume to produce more accurate runout simulations can still be explored in

further research to improve their applicability.
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ANNEX

Granulometry and moisture content for soil hydraulic properties estimation.

Table 10. Granulometry of boreholes 1 and 2 in Figure 4 Statens vegvesen (2016) geotechnical report.

Borehole X Y Date Depth [m] co:ﬁlelt: r(%) Clay (%) | Sand (%) | Gravel (%)
*
1 7038921.5 621324.35 26/08/2015 1.5 32 35 33.3 59.1
1 7038921.5 621324.35 26/08/2015 3.5 7.1 4.1 54.4 21.2
2 7038892.1 621326.43 26/08/2015 1.5 22 11.2 57.3 12.2
2 7038892.1 621326.43 26/08/2015 3.5 13.9 11.2 45.4 32.7
2 7038892.1 621326.43 26/08/2015 5.5 12.8 21 47 19.2

Table 11. Derived soil hydraulic properties from SPAW hydrology (Saxton & Rawls, 2006) using granulometry from

Table 10.
SPAW Field SPAW Saturated SPAW Saturated
Organic Wt (%) SPAW Porosity Capacity (%) Hydraulic Hydraulic Matric Potential | Pressure head
Assumed (%) thetas apactty {70 Conductivity (Ksat) Conductivity (Ksat) [kPa] [m] with %
thetar
[mm/ht] [m/s]
1.5 427 219 13.77 3.83E-06 1500 0.153
0.5 39.5 14.8 37.97 1.05E-05 185 0.019
1.5 42.4 18.8 29.12 8.09E-06 29 0.003
0.5 39.6 20.3 12.4 3.44E-06 134 0.014
0 39.2 24.3 6.56 1.82E-06 1414 0.144
Average 40.68 20.02 5.55E-06 0.078
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