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Abstract: Shallow landslides are a major natural hazard in the UK, causing more than £10M
of economic losses annually and posing clear threats to life. Rainfall is an essential control on
shallow landslide risk, but network operators currently use generic ‘on-off” warnings based on
localised rainfall intensity and duration, giving no strategic information about where the hazard
is highest or evolving the quickest for any particular rainfall event. A new procedure has been
developed to automatically evaluate the stability of slopes across regional scales in response to
spatially and temporally variable rainfall events, quantified by rainfall radar data updated every
5 minutes. A physically based programme, TRIGRS, was used to assess the factor of safety
(FS) of slopes in response to spatially variable rainfall radar data. The dynamic FS maps
produced provide early warning and informed decision-making for the management of regional
to national-scale infrastructures. Sensitivity analyses were performed to investigate the effect
of the soil thickness, shear strength parameters, hydraulic parameters, and antecedent rainfall
on the FS during a known landslide-causing rainfall event in Glen Croe, western Scotland. The
results specifically highlight the slope where the failure occurred as a high-hazard area 1.0 hour
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before the event. The dynamic FS maps were particularly sensitive to soil thickness, the
saturated hydraulic diffusivity and Gardner’s unsaturated conductivity, suggesting that more
effort should be put into improving network-scale datasets of these parameters. Ultimately, the
ability developed here to account for near-real-time spatial variabilities in rainfall data and
slope responses measured through the relative change in FS values provides a potentially
transformative new tool for network operators to proactively mitigate the impacts of specific
storms as they develop.

Keywords: Real-time hazard assessment; dynamic hazard maps; early warning systems;

shallow landslides; rainfall radar data



Introduction

On average, about 28 landslides are reported every year in the UK and the financial losses
incurred are estimated to exceed £10 million per year, a figure that is expected to grow in the
future due to climate change (Gibson et al. 2013). The economic impacts of landslides that
affect transport networks can include severance of access to and from relatively remote
communities for services and markets for goods; employment, health and educational
opportunities; and social activities (Winter et al. 2019b) and those impacts can extend over
very significant areas (Klose et al. 2015; Winter et al. 2019b). Physical damage to vulnerable
infrastructure (Winter et al. 2014; Argyroudis 2019) can be associated with significant repair
times thus magnifying the economic impacts.

Lee and Giles (2020) note that the occurrence of landslides in the UK is typically linked
with rainfall and this effect is amplified when shallow landslides such as debris flows (Winter
2020) are considered. However, direct triggers are often not possible to determine as rainfall
events of similar magnitudes and intensities produce different outcomes (Winter et al. 2010,
2019a; Bainbridge et al. 2022). This uncertainty makes it extremely difficult for road and rail
network operators, and other regional-scale infrastructure owners and operators, to make
informed decisions on where or when risks of failure might be particularly high. Consequently,
much of the management of landslide hazards is responsive and reactive to failure events.
Quantitative risk assessment can articulate the risk of fatalities on a timescale that relates to the
processes in play and is independent of the usually rather limited timespan over which human
knowledge is robust (e.g., Winter and Wong 2020). Accordingly, there is a need for improved
information on the spatial distribution of landslide susceptibility across wide areas and to
correlate that information in near real-time, with specific rainfall events to identify the highest

hazard locations to help target close monitoring, preventative or mitigative efforts.



Regional landslide assessments aim, at least initially, to assess the susceptibility of the
slopes to failure or to identify the rainfall threshold of the landslides within a region (Segoni et
al. 2018). The approaches used can be divided into two categories: empirically based methods
and physically based methods. Empirically based methods (such as statistical or regression
methods) employ empirical equations to express the relationships between landslide
susceptibility and causal factors such as hydrogeological conditions and landslide responses
(e.g., Ayalew et al. 2004; Remondo et al. 2005; Liu and Wu 2008, Harrison et al. 2008; Mathew
et al. 2009; Baeza et al. 2010; Erener and Diizgiin 2010; Akgun 2012; Felicisimo et al. 2013).
For example, network operators currently rely on generic ‘on-off” warnings based on rainfall
intensity and duration for specific slopes within a local area. The main disadvantage of
empirically based methods is that they disregard spatially and temporally distinct physical
processes causing landslides such as the hydraulic response of different soil types to rainfall.
As a result, the dynamic nature of the landslide hazard under a specific rain event cannot be
captured. The empirically based methods give no strategic information about where the hazard
is highest or evolving the quickest for any particular rain event. Physically based methods
include the use of limit equilibrium or finite element methods to evaluate slope stability as well
as the hydraulic response of the slope to rainfall (e.g., Borga 1998; Teixeira et al. 2005; Arnone
et al. 2011; Chen and Zhang 2014; Teixeira et al. 2015; Hsu et al. 2018; Marin 2020). These
numerical methods were used to derive the rainfall intensity and duration thresholds, perform
early warning of landslide hazards using the factor of safety (FS) index, or evaluate the
probability of failure of slopes. They provide a physically meaningful susceptibility assessment
of slope stability but can be data-intensive and computationally expensive where large data
volumes such as topographic, geotechnical, and geological information are required; they are

thus less well-suited to regional assessments.



There remain critical drawbacks limiting effective susceptibility or hazard assessments of
landslides. Firstly, the relative likelihood of slope failure changes dynamically through time
and across space during a rainfall event, due to the uneven distribution of water across the
region. Real-time slope hazard assessments methods incorporating temporally varying rainfall
intensity have been proposed for localised areas (e.g., Xie et al. 2004; Bainbridge et al. 2022),
limited by data availability and transferability to wider regional scales. Advances have been
made using real-time rain gauge data to assess landslide hazard (e.g., Montrasio et al. 2011;
Chen and Zhang 2014; Canli and Glade 2016; Chen et al. 2016; Zieher et al. 2017; Dikshit et
al. 2019), but rain gauge networks typically achieve sparse coverage and comparability, and
extrapolation can be challenging. Kirschbaum and Stanley (2018) combined satellite-based
precipitation estimations with a landslide susceptibility map to identify the landslide hazard in
near real-time, but the precipitation data have a low pixel resolution (i.e., 0.1° = 11 km) and
frequency (i.e., 30 min) and the accuracy of landslide detections thus is low. In addition, the
susceptibility of different slopes within an area of interest (at any scale) is controlled by site-
specific factors that determine how the water is distributed and then propagates. For example,
the same rainfall event is likely to induce variations in the surface runoff on slopes of different
gradients, altering the hydraulic response within the soil and thus associated susceptibility.
Therefore, a single, static rainfall threshold is likely to become increasingly less effective for
the wider or more complex area of concern. It is worth noting that probabilistic slope stability
analysis could be one potential solution to address the uncertain slope response, but it is
normally computationally expensive and the estimation of the inherent variability parameters
of the soil properties, such as the mean value, standard deviation, and scale of fluctuation,
which are key inputs of probabilistic analyses, requires large quantities of soil data.

This paper proposes a new near-real-time hazard assessment procedure for slope stability

using national databases of model parameters and rainfall radar. The outcomes demonstrate the



potential to proactively target responses to evolving landslide hazards by accounting for the
actual distribution of live (or forecast or simulated) rainfall events, potentially at any scale. In
particular, this study highlights the change in the FS (&gs) as well as the actual FS value as
being the critical metrics of landslide hazards as dgg is less sensitive to the initial parametric
values than FS. This paper is organized as follows. Firstly, the proposed procedure for near-
real-time regional-scale hazard shallow landslide assessments is illustrated. Secondly, the
procedure was applied to a known rainfall-triggered landslide case and its effectiveness is
evaluated by comparing the dynamic FS maps with the actual landslide locations and timing.
The sensitivity of the FS maps to various factors is investigated to account for the uncertainty
of the input physical parameters.

Developing near-real-time regional-scale hazard assessment for shallow landslide

This section presents the proposed procedure for a near-real-time regional-scale shallow
landslide hazard assessment. The procedure uses a physically based program, TRIGRS (Baum
et al. 2002) to assess the slope stability and rainfall radar data to account for the spatio-temporal
variability of rainfall intensity. The proposed stages are detailed below, and the procedure is
summarized in Fig. 1.

Stage 1: cell partition. The area to be investigated is divided into cells, with the cell size
determining the resolution of the hazard map. The selection of the cell size is a trade-off
between the map resolution and computational time as a small cell size leads to a high
resolution of the map but significantly increases the computational time.

Stage 2: data preparation. The required data for network-scale slope stability analysis
includes geotechnical, geological, topographical and meteorological data. The geological data
mainly refer to the superficial deposit thickness to be used in slope stability analysis. The
topographical data were downloaded from the digital terrain model of the Ordnance Survey

(https://www.ordnancesurvey.co.uk/business-government/products/terrain-5) while soil type



and superficial deposit thickness data were from Edina Digimap (https://digimap.edina.ac.uk/).

These data sets have full national coverage of Great Britain. The topographical data and the
thickness data have a spatial resolution of 50 m. The superficial deposit thickness database was
derived from the British Geological Survey (BGS) archive borehole records using interpolation
algorithms (Lawley and Garcia-Bajo 2009). Where necessary, spatial interpolation is used to
extrapolate the most likely values at the centres of the cells created in Stage 1. The slope angle
and aspect are derived using the “Spatial Analyst tool” in the ArcMap (ArcGIS Desktop 10.5,
ESRI 2016) and used to specify the connectivity between a cell and adjacent downslope cells.

Rainfall data for each cell are taken from the Met Office's UK rainfall radars via the Met
Office NIMROD system, a very short-range forecasting system providing forecasts of up to six
hours (https://catalogue.ceda.ac.uk/uuid/27dd6ffba67f667a18c62de5c¢3456350). The system
processes radar and satellite data, together with surface reports and numerical weather
prediction fields to obtain the precipitation rate at a resolution of 1 km and a frequency of 5
minutes.

It is impractical to achieve sufficient spatial coverage of such data to provide for network-
scale analyses. Therefore, geotechnical parameters are assumed based on the soil types and
parametric values reported in the literature (e.g., Milne 2008; Cascini et al. 2015; Gioia et al.
2016; Clarke BG 2018; Hsu and Liu 2019). TRIGRS uses four parameters to approximate soil-
water characteristic curves for unsaturated soils in the focus area and to derive the dynamic
hydraulic conductivity K(-), as given by:

0=0,+ (0;-0,)exp(ay”) (1)

K(p)=K; exp(ay’) (1b)

where 6, 6., and 6, denotes the volumetric water content, residual volumetric and saturated
volumetric water content, respectively; w'= w + 1/0, in which v is the pressure head; « is a

constant which can be obtained by fitting Eqg. 1b to data points of (pressure head, volumetric
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water content); K is the saturated hydraulic conductivity. Eq. 1b is called Gardner’s (1958)
unsaturated conductivity model. The value of a can also be derived from other commonly used
soil-water characteristic models such as the van Genuchten (VG) model, as shown in Marin
(2020) and Marin et al. (2021). Along with the four hydraulic parameters, other soil properties
data include shear strength parameters (i.e., friction angle and cohesion), unit weight, and
diffusivity (e.g., Milne 2008; Cascini et al. 2015; Gioia et al. 2016; Clarke BG 2018; Hsu and
Liu 2019).

Stage 3: calculation in TRIGRS. The TRIGRS uses an analytical solution for partial
differential equations to compute the transient pore-pressure changes and a simple infinite-
slope model to compute the factor of safety on a cell-by-cell basis. The outputs include time-
varying FS, time-varying suction, failure time, and critical slip depth. Further details for the
methods for seepage and slope analyses in TRIGRS can be found in Baum et al. (2002). There
are inevitably varied levels of uncertainty associated with the input parameters, such as the
initial condition of pore water pressure, initial water table and the thickness of soils overlying
the rock layer. Therefore, here this study emphasises the change in the FS as well as the actual
FS value as being the critical metrics.

Stage 4: dynamic FS map production. The dynamic maps of FS on slopes across the area
of interest are analysed to target particular areas of concern across the network during current
or forecast rainfall events and to initiate strategic decisions or early warnings for the areas with

high hazards to that particular distribution and sequence of rainfall.
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Fig. 1. Flowchart of the new procedure for near-real-time hazard assessments for shallow
landslides across wide areas.

Application to real landslide hazards

The new procedure has been applied to the A83 Rest and Be Thankful (RabT), a problematic
landslide hazard site within the Glen Croe in western Scotland. Fig. 2 presents the investigated
watershed as well as the superficial deposit thickness of the area. The geological, geometrical,
geotechnical and rainfall data information available has been extracted from datasets with
national coverage, making the approach transferrable to other UK sites. The watershed has
been divided into 16256 cells of 200 m x 200 m. This cell size is a trade-off between the
accuracy of the FS map and the computational efficiency. A smaller cell size leads to a more
precise identification of the high-hazard area, but the overall distribution of the landslide hazard
does not change significantly. If more precise hazard information is required, it would be more
efficient to firstly use coarser-resolution analyses to identify vulnerable (e.g., areas with FS <
2) areas and then perform higher-resolution (such as 50 m) slope stability analyses at the
vulnerable areas. As shown in Fig. 2, the A83 is a major arterial road surrounded by steep

slopes (the steepest slope has a slope angle as high as 42.2°).
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Fig. 2 Superficial deposit thickness of the investigated watershed in Western Scotland, UK,
derived from the British Geological Survey and obtained from the online database
Digimap (digimap.edina.ac.uk), overlain on a topographic hillshade map of the region
(UK national grid coordinate system).

Several types of superficial deposits, such as till, alluvium, peat and river terrace deposits,
can be found in the watershed. However, since most of these deposits are constituted of coarse-
grained soils such as sand and gravel, the geotechnical parameters for the superficial deposits
were assumed to be similar and are summarized in Table 1. These values were assumed
according to parametric values reported in the literature (e.g., Milne 2008; Cascini et al. 2015;

Gioia et al. 2016; Clarke BG 2018; Hsu and Liu 2019).
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Table 1 Geotechnical parameters

Parameter Values
Cohesion, ¢ (kPa) 6
Friction angle, ¢ (°) 30
Saturated hydraulic conductivity, Ks (m/s) 8x10°
Saturated hydraulic diffusivity, Do (m?/s) 8x 107
Gardner’s unsaturated conductivity model 1
parameter, a (m™)
Saturated volumetric water content, 6,,; 0.45
Residual volumetric water content, 6, 0.05
Unit weight of soil (kN/m?) 22

Most of the soil deposits in the watershed have a thickness of around 1 m, a value that
was used in the analysis for all soil deposits. It should be noted that certain areas within the
watershed have soil deposits as thick as 10 m and could be more susceptible to deep slope
failures than shallow failures that provide the focus for this work. The unshaded areas, i.e., the
areas without superficial deposits, in Fig. 2, were considered to be bedrock. The major rock
formation found in the watershed area is the Neoproterozoic schistose psammites and
semipelites belonging to the Beinn Bheula Schist Formation of the Southern Highland Group
(BGS, 1987).

In recent years, landslide events have led to the repeated closure of the A83 RabT Road
that passes through the valley midway up the slope (Bainbridge et al. 2022) and there is an old
military road near the slope base that is used as a single carriageway alternative when
landslides, or the threat of landslides impact the main road. Fig. 3 shows the location of
landslides that have occurred at the site during the year 2015~2020. These locations were
identified by analysing satellite images on different dates using Google earth engine (e.g.,
Handwerger et al. 2020; Prasetya et al. 2021). This study focuses on a particularly well time-
constrained landslide (Landslide A) that occurred on October 31, 2020, at 10:00 am, as

highlighted in Fig. 3.
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Fig. 3 Location of landslides detected by satellite

Accounting for the spatial distribution of rainfall

Two types of rainfall data for the watershed area have been analysed, namely data from a rain
gauge located at the site and data derived from rainfall radar. The precipitation rate at a
resolution of 1 km and a frequency of 5 minutes has been obtained from the Met Office
NIMROD system and compared to 15-minute-frequency rainfall data from a rain gauge located
approximately 1 km west of the landslide area. The rain gauge data were collected by Scottish
Environment Protection Agency’s automated rain gauge at the site.

Fig. 4(a) presents the rain gauge data and the storm rainfall radar data at the cell
corresponding to the landslide location and rain gauge location, starting one day before the
event until its occurrence (October 31%, 2020). For validation, the frequency of the rainfall
radar data is transformed from 5 min to that of the rain gauge data, i.e., 15 min by averaging
rainfall intensities at three successive time points. As shown, the rain gauge data are generally

consistent with the site-specific radar data, in both the rainfall-intensity-peak occurrence time
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and in peak magnitudes, for both days. The rainfall intensity for Oct 30, 2020, is much lower
than that for the following day, the day the landslide occurred. Before the storm event
associated with the landslide relatively little rain was recorded but the storm comprised a
sustained period of heavy rainfall with an initial peak at hour -6 and larger peaks at hours -2
and -1.

Fig. 4(b) presents the spatial distribution of rainfall data, which progresses from being
largely concentrated in the east and upper peaks of the catchment at hours -7 and -4 to being
highly concentrated at the landslide location at hours -1 to +1 when peak rainfall intensity
occurred (identified in Fig. 4(a) by the vertical grey dashed lines). Such variability of the
rainfall intensity is caused by the prevailing storm direction moving from the southwest

towards the northeast of the catchment.
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Fig. 4 Rainfall intensity at different times during the landslide-inducing storm

The initial water table was considered to be located at the bottom of the soil layer and the

lower boundary of the soil layer was taken to be impermeable underlying rock. The initial

condition was obtained by performing a steady seepage analysis based on the assumed depth

of the initial water table. The soil thickness of the superficial deposit was taken to be 1 m (see
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Fig. 2; Bainbridge et al. 2022) unless the area was classified as rock with very limited soil,
where a soil thickness of 0.1 m was assumed to account for a thin, weathered layer.

An initial comparison was run between the spatially constant rainfall intensity data
(Case 0Ob) from the rain gauge and the spatially variable radar data (Standard Case: case 0a)
with the same initial conditions assumed (Table 2).

Table 2 Cases for illustrating the proposed procedure

Cases Soil thickness c ¢ Ks a Dy Depth  Rainfall Antecedent
(m) (kPa) (°) (m/s) (m™') (m¥s) of rainfall
initial
water
table
(m)
Standard 1 m for 6 30 8x 1 8 x 1 Spatially varying 0
Case: superficial 10 107 rainfall radar data

Case Oa depositand 0.1 m
for rock layer

Case Ob 1 m for 6 30 8x 1 8 x 1 Spatially 0
superficial 10°° 10° constant rainfall
depositand 0.1 m intensity (rain
for rock layer gauge)

The FS maps at hours -7, -4, -1 and +1 (immediately after the Landslide A event) for
Standard Case Oa are shown in Fig. 5. The FS maps are overlain on the map representing the
superficial deposits present at the site. Accounting for the uncertainties in the initial parameters
at this particular site, the critical FS value was considered to be 1.2 (represented by the red
colour). As shown by the increased number and size of red areas in the FS maps as time elapses,
the FS in the watershed generally reduces with time. The high-hazard areas (defined as areas
with FS <1.2) at one hour before failure are highly consistent with the landslide sites shown in
Fig. 3, including the known event (Landslide A) and several smaller landslides that occurred
during this particular storm. More importantly, the FS maps highlight the potentially
problematic slopes for network operators to focus attention on, which account for a small
percentage (< 1%) of slopes in the watershed. This facilitates better planning and more targeted
allocation of the resources and implementation of early warning measures of landslide hazards.

Note that one high-hazard slope is detected by the FS map at the location of (easting, northing)
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= (229700 m, 710900 m) (see site (ii) in Fig. 5), but no slope failures were observed at the same
location on the landslide detection map in Fig. 3. The reason may be the inaccurate soil
properties used in slope stability analyses or that very small-scale landslides cannot be detected

from the satellite images.
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Fig. 5 Evolution of factor of safety maps across the storm event for the Standard Case, Case Oa

17



In reality, it is important to observe the evolution of the FS and for slopes where failure
may be possible. Rapid or significant changes in FS could be more effective than set threshold
values for early warning applications. Fig. 6(a) plots the frequency of the FS for slopes with an
initial FS at hour -10, FS_;, < 3 and the FS variation relative to FS_, 6ps= FS-FS_,,, for slopes
with FS_;, < 1.6. These plotted slopes represent relatively high-hazard slopes in the presence
of the large uncertainties in the physical parameters. Only 6 slopes have FS less than 1.2 while
20 slopes have an FS_j < 1.6 and dgg < -0.2 at hour -1. This is equivalent to 0.5% and 1.8% of
all the 1140 slopes with FS_;, < 3, respectively, demonstrating the effectiveness of the proposed
procedure in focussing attention on the high-hazard slopes for a specific event. Fig. 6(b) plots
the variation of the percentage of high-hazard slopes with time. The high-hazard slopes
represent the possibly problematic slopes with FS < 1.2 or égg < -0.2 with FS_;, < 1.6 while
the percentage is the ratio of the number of high-hazard slopes to the number of slopes with
FS_;p <3 (i.e., 1140). The percentage of the high-hazard slopes shows the evolution of the slope
hazard in the watershed but remains a low proportion of the catchment area. For instance, 28
slopes have FS < 1.2 at hour +1, accounting for 28/1140 = 2.5% of the slopes with FS_;, < 3
and 28/16256 = 0.17% of the catchment area. Furthermore, an early warning can be issued as
shown in Fig. 7, which shows the critical areas determined based on the magnitude of FS and
drs 1 hour (hour -1) before the landslide occurrence. As shown, the area with significant
changes in FS is also consistent with the Landslide A location, indicating the effectiveness of

this early warning strategy based on 6.

18



—
N
(=]

n 2.5% T
S0 | 8777 [—e—Fs<12
g 2 —2—0 <-02and FS  <1.6
%2} FS -10
= g
0 <
< 1.5%
S
8 =
- | 5 1.0%¢
= (]
Q an
S 4 18
o = 0.5%r
2 2 ] o
= 5
0 A 0.0%e—e—e—o—06—0—o : :
04 -035 -03 -025 -02 -0.15 -0.1 /?10 8 6 4 2 0 2
6Fs Time (hour)
(@) FS and &g (FS.;¢ < 1.6) at hour -1 (b) Percentage of high-hazard slopes

Fig. 6 Frequency of FS and 8gg for the standard case at 1 hour before Landslide A failure and
evolution of the percentage of high-hazard slopes with time
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Fig. 7 Early warning of landslide hazards based on FS and 65 maps at 1 hour before Landslide

A failure

Fig. 8(a) shows the AFS (FS-FSgiandara, 1-€- the difference of FS for any case and the
Standard Case, Case 0a) map at 1 hour after Landslide A failure (hour +1) for case Ob with
spatially constant rainfall (i.e., use rain gauge data) while Fig. 8(b) presents the FS variation
with time for the slope at the landslide site for cases Oa and Ob. The close agreement of the FS
calculated through the rainfall event using radar data with that using a local rain gauge (Fig.
8(b)) effectively validates the radar data. However, the spatial limitations of using rain gauge
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data are also evident, making the FS for slopes far away from the rain gauge highly biased

(AFS can be as large as 1.6).
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Fig. 8 Variation of factor of safety (AFS) relative to the standard case for Case Ob with spatial
constant rainfall intensity

Parameterisation and significance analyses

The assumed physical parametric values could potentially vary significantly from the actual
values because of the limited resolution and accuracy of existing information and the natural
heterogeneity of soil properties. Therefore, it is important to have an understanding of the
sensitivity of the FS maps to the various input parameters, which may also focus network
operator effort at improving data on the most influential parameters. This section presents four
sets of cases to investigate the significance of soil thickness, shear strength parameters,
hydraulic parameters, and antecedent rainfall events on the landslide hazard map produced.
The four sets of cases are summarized in Table 3. Note that the effects of the saturated
volumetric water content and residual water content are not presented as they were found to
have a neglectable effect on the FS for this site because of the relatively shallow soil layers

found throughout the area.
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Set 1 contains two cases, which make different assumptions on the soil thickness
overlying the rock but adopt the same soil properties and rainfall conditions as in Standard
Case Oa. In Case 1a, a constant soil thickness was considered across the entire watershed. Case
1b considers the areas classified as rock layers as unweathered, exposed rock, modelled with a
lower Ks value and a shear strength value higher than the soil deposits.

Set 2 contains two cases with varying shear strength parameters but the same thickness
for the soil deposits, hydraulic parameters and rainfall intensity as the Standard Case. The
superficial deposits mostly consist of coarse-grained soils so relatively low values of cohesion
and high values of friction angles have been selected.

Set 3 contains four cases with different hydraulic parameters (Ks, a, D, and initial water
table depth), but the other parameters remained the same values as the Standard Case. For Case
3a, the value of Ks was reduced to 2 x 10 m/s, which is a reasonable value for coarse-grained
soil. For Case 3b, a value of 5 m™1 has been used for a, which ranges from 1 to 10 m~? (Gioia
et al. 2016). For Case 3c, the value of D, was set to 50Ks, which is within the normal range of
Dy, i.e., from 10 Ks to 100 Ks (Ku et al. 2017). For Case 3d, a shallower initial water table than

that of the Standard Case (i.e., initial water table depth = 0.5 m) was considered.

Table 3 Different cases for sensitivity analyses
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Case set Cases Soil c ¢ Ks a Dy Depth Rainfall ~ Antecedent
thickness  (kPa) (°) (m/s) (m~') (m?s) of rainfall
(m) initial (m/s)
water
table
(m)
Set 1: Case la 1m 6 30 8x 1 8 x 1 Spatially 0
Thickness  (Uniform across the 10° 10° varying
set soil region
thickness)
Case 1b 1 m for 6 30 8x 1 8 x 1 Spatially 0
(Bare rock)  superficial 10°° 10° varying
deposit
andOm
for rock
layer
Set 2: Case 2a 1 m for 4 30 8x 1 8 x 1 Spatially 0
Shear (Reduced superficial 107 10 varying
strength cohesion) deposit
set and0.1m
for rock
layer
Case 2b 1 m for 6 25 8x 1 8 x 1 Spatially 0
(Reduced superficial 10° 10° varying
frictional deposit
angle) and0.1m
for rock
layer
Set 3: Case 3a 1 m for 6 30 2x 1 8 x 1 Spatially 0
Hydraulic  (Reduced superficial 10° 10 varying
parameter  Ks) deposit
set and0.1m
for rock
layer
Case 3b 1 m for 6 30 8x 5 8 x 1 Spatially 0
(Increased  superficial 10° 10 varying
a) deposit
and 0.1 m
for rock
layer
Case 3c 1 m for 6 30 8x 5 4 x 1 Spatially 0
(Increased  superficial 10° 10 varying
Dy) deposit
and0.1m
for rock
layer
Case 3d 1 m for 6 30 8x 5 8 x 0.5 Spatially 0
(Shallower  superficial 107 10° varying
initial water  deposit
table) and 0.1 m
for rock
layer
Set 4: Case 4 1 m for 6 30 8x 1 8 x 1 Spatially 2 hours,
Antecedent (Antecedent superficial 107 10° varying  intensity =
rainfall set  rainfall) deposit 4x10°
and0.1m
for rock
layer
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Set 4 contains one case with a different scenario for rainfall precedence while maintaining
the remaining parameters as the Standard Case. The antecedent rainfall has a duration of 2
hours and an intensity of 4 x 10° m/s. The antecedent rainfall was artificially imposed due to
the lack of significant real rainfall events during the 24 hrs preceding the day of landslide
occurrence (i.e., 30th October 2020; Fig. 4(a)).

Effect of soil thickness

It should be noted that the underpinning principle of the model is that of an infinite slope where
the length is large compared to the depth of the soil, making it particularly applicable to shallow
failures. The shallow slopes are focused on herein as it is shallow slope failures that cause most
of the disruption in the UK. The soil thickness data are relatively uniform across the study area
and so have been modelled accordingly, but the model can include spatially variable soil
thickness if appropriate at other sites. The map of FS for Case 1a with a uniform soil thickness
at 1 hour after the landslide failure is shown in Fig. 9. In contrast with the Standard Case (Fig.
5), the high-hazard areas (FS <1.2) became more pronounced when uniform soil thickness was
applied over the whole region. The simplification to a single soil layer thickness generally
relatively underestimates the FS and produces unrealistically high coverage of high-hazard

areas.
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Fig. 9 Factor of safety map for Case 1a with uniform soil thickness at 1 hour after the Landslide

A failure

The FS maps at 4 hours before and 1 hour after the Landslide A failure have been produced
for Case 1b that considered the areas not classified as surficial deposits to be bare rock (Fig.
10(a)). The variation of FS with time for the landslide-producing slope is also compared with
the Standard Case that assumes a 0.1m weathered soil layer over these areas (Fig. 10(b)). High-
hazard areas (FS <1.2) are already present at 4 hours before the recorded failure for Case 1b,
contrasting with the Standard Case (Fig. 5), where slopes were relatively stable at this point.
The reason for this quicker reduction in FS is shown in Fig. 11, which presents the lateral
surface runoff 4 hours before failure for the case with bare rock (Case 1b). The surface runoff
flows into the neighbouring cells covered by superficial deposits faster over bare rock, reducing
the soil strength in these cells more efficiently. By contrast, there is no surface runoff at the
start of the rainfall event (hour -4) for the Standard Case because the rainfall intensity was less
than the Ks of the soil, 8 x 10 m/s. These results show the importance of sufficiently and

appropriately representing the thickness of soils across a site, and the marked difference that a
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thin soil layer can have over bare and exposed rock in governing the behaviour of the slope

system.
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Fig. 11 Surface runoff at 4 hours before the Landslide A failure for Case 1b with bare rock
Effect of soil strength

The FS maps at 4 hours before the Landslide A failure (hour -4) calculated with reduced
cohesion (Case 2a) and reduced friction angle (Case 2b) are presented in Fig. 12(a). The
variations of FS through the rainfall event for the slope associated with Landslide A are
presented in Fig. 12(b). The FS maps show high-hazard areas (FS <1.2) at hour -4 (see the red
areas in Fig. 12(a)), indicating that the FS for the two cases is smaller than that of the Standard
Case. These results are expected as Cases 2a and 2b have smaller shear strength parameters,
resulting in a lower initial FS for the Landslide A slope as shown in Fig. 12(b). Moreover, the
differences in FS between Case 2a and the Standard Case remain constant whereas there is a
reduced difference between Case 2b and the Standard Case with time (Fig. 12(b)). This can be
explained by the expression of the factor of safety for the infinite slopes, given by

tan c-p(Z, t)y, tang .
i O L it 4 for saturated soils
tand 7,Zsindcosd

FS= 2)

tan c-xp(Z, t)y. tang .
tang y 22 Y for unsaturated soils
tand 7,Zsindcosd

where ¢ is the frictional angle; § is the slope angle; c is the soil cohesion; Z is the depth of
slope; ¢(Z, 1) is the pore water pressure head at depth Z and time t; y and y_are the unit weight
of the water and soil, respectively; y = (8 — 6,) /(85 — 6,) is an effective stress parameter to
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consider the contribution of suction stress to effective stress. As shown from Eq. 2, the
contribution of cohesion to the FS (i.e., ¢/y Zsindcosd) remains constant with time, but the

o(Z, Oy,

contribution from the friction angle to the FS (i.e., tanqﬁ(t w6~ Zeindoosd

)) reduces with time as

the pore water pressure becomes larger as time elapses. As a result, the difference of FS for

two slopes with frictional angles of ¢, and ¢, (assume ¢, > ¢,), (tang, _tand)Z)(tané

Z,t . .
—(p(, D ) also reduces with time.
7,Zsindcosd
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Effect of hydraulic parameters

The effect of four hydraulic parameters, Ks, a, D, and initial water table depth on the regional-
scale FS map has been investigated. Fig. 13(a-b) shows the FS map with a reduced Ks (Case
3a), with increased a (Case 3b), with increased D, (Case 3c) and with a shallower initial water
table (Case 3d). By comparing Fig. 13(a) with Fig. 5, it is evident that the FS for reduced Ks
and increased a are generally higher than for the Standard Case, evidenced by the limited
number of high-hazard cells, namely cells with an FS < 1.2 just after the failure occurrence.
The FS variation through the duration of the rainfall event at the Landslide A slope is also
presented (Fig. 13(c)). The FS difference between the Standard Case and Case 3a with reduced
Ks at the point of slope failure was 0.15 but a large difference (0.4) was noted between the FS
in the Standard Case and Case 3b with increased a. A smaller value of Ks and a larger value
of a lead to a slower infiltration rate, and, in turn, slow the reduction in the shear strength of
slope materials. Fig. 13(d) shows the hydraulic conductivity curves become steeper as a
increases, meaning that the unsaturated zone is less permeable for a large a and the infiltration
rate is reduced.

The FS for increased D, (Case 3c) and shallower initial water tables (case 3d) is generally

lower than that for the Standard Case. High-hazard cells (FS < 1.2) are observed in the FS maps
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at 4 hours before the Landslide A failure (hour -4) for cases 3c and 3d (Fig. 13(b)). The FS for
the increased D, case drops more rapidly than the Standard Case while consideration of a
shallower initial water table produces a smaller initial value of FS (Fig. 13(c)). This is because
a larger value of D, results in more rapid spreading of water through the soil medium while a
shallower initial water table produces a higher pore water pressure and a lower soil shear
strength. These results demonstrate the importance of identifying the actual value of the four
hydraulic parameters, Ks, a, D, and initial water table depth to attain the most accurate starting

values of FS.
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Effect of antecedent rainfall

The effect of antecedent rainfall on the regional-scale FS map (Fig. 14(a)) and change in the

FS through time at the Landslide A slope failure location (Fig. 14(b)) has been investigated.

There are already some high-hazard areas (FS <1.2) before the main rainfall event (hour -4)

because the FS has been reduced relative to the Standard Case by the antecedent rain. The
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reduction in FS is initially dramatic with a high sensitivity to additional rainfall before a more

gradual decline, reaching its lowest value 3 hours before the Standard Case.
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Parameter significance for shallow landslide early warning applications

Analyses of the nine cases in Table 3 have shown that physical parameters can play a varied
role in the stability of slopes at a regional scale. An appreciation of the different influence
parameters can have on the FS can guide site investigation efforts to the most critical
parameters to better constrain. The AFS is defined as the difference between the FS for any

case at a certain time and location and the FS produced by the Standard Case, FSgandara- F19-
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15 plots the variation of AFS with time for Landslide A slope (Fig. 15a), the histogram of FS
and AFS for relatively high-hazard slopes with FSg, 40 < 3 at hour -1 (Fig. 15b, ¢). This
comparative analysis demonstrates that the FS is particularly sensitive to the saturated
hydraulic diffusivity parameter, D,, Gardner’s unsaturated conductivity model, «, the initial
water table depth, shear strength, and antecedent rainfall. The D, and « mainly affect the
reduction rate of the FS of a slope during rainfall events whereas the shear strength, initial
water table depth, and antecedent rainfall primarily influence the initial value of the FS.
Therefore, the former set should be focused upon if the decisions are based on a rate of change
in the FS, but the latter four parameters are most important if the decision-making thresholds
are based on a set value of FS.

The minimum FS of the slope is determined mainly by the shear strength of saturated soils
rather than hydraulic parameters. The hydraulic parameters primarily affect the time it takes to
saturate the slope. More detailed, site-specific information on the most influential parameters
will produce more accurate dynamic FS maps and hence improve the identification of the high-
hazard areas for any particular rain event. Furthermore, the histogram also shows how many
slopes would be of concern in the presence of particularly uncertain soil properties. For
example, Fig. 15(b) shows that 40 slopes (or 0.25% of the catchment area) may have high
hazard (i.e., FS < 1.2) at hour -1 in the most critical case, i.e., case 3c with increased D,.

A ‘real-time’ early warning map incorporating both FS and &g information can now be
generated in response to spatially and temporally complex rainfall events, each generating a
unique distribution of water into slope systems. For example, Fig. 16 presents the landslide risk
map 1 hour before the Landslide A failure, combining the dynamic FS maps of the Standard
Case. The highest risk level (level 1) is associated with both a relatively low value of FS (<
1.2) and a relatively low value of 8gg (< -0.2) at hour -1, while for the medium risk level (level

2a and 2b), only one of the two indexes has a relatively low value (either FS < 1.2 or 8gg < -
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0.2). The relatively low level pertains to a relatively high FS and 6gg (1.2 < FS < 1.4 and &g
> -0.2). The 8gg index serves as a good complement of the FS as it measures the evolution of
the landslide occurrence risk. More importantly, the Sgs index is less sensitive to the input
parameters, which is evident in Fig. 15(a, c). Indeed, five cases including the standard case,
Case 2a with reduced c, Case 2b with reduced ¢, Case 3d with a shallower initial water table
and Case 4 with 2-hour antecedent rainfall have similar values of 6gg as their AFS curves are
almost parallel to each other. In this regard, it is a reliable way to use the 8gg to identify the
high-hazard areas and could for instance be used to increase the frequency of slope movement
monitoring at key sites (Khan et al. 2021).
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Conclusions

The study has developed and applied a procedure for real-time hazard assessment of shallow

landslides on a regional scale. A physically based program, TRIGRS, was used to evaluate the
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factor of safety (FS) for slopes on a regional scale in response to spatially and temporally

specific rainfall radar data. Dynamic FS maps were produced for early warning or decision-

making across regional-scale infrastructure operations impacted by extreme events. The
proposed procedure has been demonstrated at a well-known landslide hazard area round Glen

Croe, western Scotland. To consider the uncertainty of various parameters, the sensitivity of

the dynamic FS map to the soil thickness, shear strength, hydraulic parameters, and antecedent

rainfall conditions were investigated. The following conclusions are drawn from the analyses.

(1) The high-hazard areas of the watershed identified with the procedure during an actual high-
intensity rainfall period correspond well with the sites where actual landslides occurred
during that event. The dynamic FS map can issue an early warning for slopes across a
wide scale that are approaching a critical threshold or where stability is changing most
rapidly in response to rainfall. The current practice that uses a spatially constant site-
specific rainfall intensity across wide regions, may induce significant biases (such as an
overestimation of 1.6) of the FS of slopes. The new procedure developed can identify the
slopes with relatively high hazards, which account for a small percentage (<1%) of the
whole watershed. This facilitates a better and more effective planning and targeted
deployment of resources to these relatively small but critical areas.

(2) The selection of the soil thickness model significantly affects the sensitivity of the FS map.
Using a uniform soil thickness across the region generally overestimates the soil thickness
over shallow or exposed rock layers, resulting in an unrealistic overestimation of the high-
hazard areas. In contrast, a rock layer treated as bare rock induces extra surface runoff in
seepage analyses, leading to an underestimation of the FS if thin layers of soil are present.
Hence, it is beneficial to identify the actual thickness of the soil layers at key sites to

improve hazard analyses.
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(3) Both the strength parameters and hydraulic parameters play a vital role in the evolution of
the FS of slopes. The saturated hydraulic diffusivity D, and Gardner’s unsaturated
conductivity model parameter o mainly affect the reduction rate of the FS of a slope during
rainfall events whereas the shear strength, initial water table depth, and antecedent rainfall
primarily affect the initial value of the FS. The minimum value of FS of slopes is
determined by the shear strength parameters. These parameters need to be further explored
and identified through site investigations.

(4) Where wide areas are considered because of the extent of the operational interests or the
magnitude of the rainfall event, datasets on key parameters are likely to be available at
coarse resolution. However, it has been shown that by analysing the change in FS with
time (8gg) rather than absolute thresholds for slopes where failure is a real possibility
(FS<1.6), uncertainty in parameters can be negated and effective hazard maps produced.
This approach enables mitigation and remediation efforts to be targeted for each unique
storm event that impacts extensive areas.
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