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This thesis introduces a new set of rainfall thresholds for landslide warning in
the northern and the southern parts of Thailand. This thesis comprises five chapters
began with introduction. Relevant theories are presented in Chapter 2. The other three
chapters presents the landslide rainfall thresholds developed in this study. These
thresholds began with a three-dimensional rainfall threshold, namely cumulative
rainfall with event rainfall depth-duration (CED) threshold, which introduced for the
landslide in the southern part of Thailand. Thereafter, the CED threshold was further
elaborated to improve the performance of the CED threshold. The Elaboration was
done by integration of relevant spatial variables to the CED threshold. The relevant
spatial variables were extracted from susceptibility level indicated in the landslide
susceptibility map. The last chapter focused on the landslide rainfall threshold in the
northern part of Thailand. Based on the duration of the event rainfall, the CED
threshold was categorized for short and long duration rainfalls.

The thresholds in southern part of Thailand were established from the
precipitation data corresponding to 92 landslide events in the southern part of
Thailand that took place during 1988-2018. To identify a particular event rainfall, a
suitable inter-event criterion (IEC) had to be defined that separated two consecutive
rainfalls. It was found from this study that, a rainfall intensity no greater than 2 mm/day
lasting at least 1 day (IEC2,1) was the criterion established to separate two consecutive
rainfalls in the study area. Using quantile regression, an event rainfall depth-duration
(ED) threshold was drawn at a probability levels of 5% -95%. A 20-day cumulative
event rainfall depth (CR20) was found being the most suitable duration of cumulative
rainfall depth. A CR20 of 100 mm was the third rainfall variable to establish a three
dimensional threshold that integrated cumulative rainfall with event rainfall depth-

duration variable, namely cumulative rainfall with event rainfall depth-duration (CED)



threshold. Thereafter, the landslide susceptibility levels from the susceptibility maps
published by the Department of Mineral Resources (DMR) were introduced into a
rainfall event-duration (ED) thresholds and became the EDm and EDh thresholds. Each
for the locations classified for kdifferent susceptibility level. In this study, there are two
susceptibility levels: the modest and the huge susceptibility levels. The modest
susceptibility is a combination of very low, low, and moderate landslide susceptibility
levels indicated in DMR maps. The huge susceptibility is a combination of high and
very high landslide susceptibility levels indicated in DMR maps.

The northern Thailand is also known one of landslide hotspots. Rainfall-
triggered landslides in this region have caused much suffering and many fatalities. In
this work, a landslide-triggering rainfall threshold for northern Thailand is proposed
based on rainfall data relating to 48 triggering rainfall events that caused 59 landslides
in the study area. To account for different mechanism of landslide formation, the
threshold was portioned into two parts for different duration of rainfall events. A split
point of 3 days was chosen as a separator for portioning the threshold to be 1) a
threshold for rainfall events of duration no longer than 3 days and 2) a threshold for
rainfall events of duration longer than 3 days. The threshold also required a suitable
variable for antecedent rainfalls which was found to be cumulative rainfall over 25-
day period (CR25) of 140 mm. Therefore, the thresholds combining cumulative rainfall
with rainfall event — duration (CED) were established by incorporating the CR25 of 140
mm into the traditional ED threshold.

Assessment of the introduced thresholds was conducted through a contingency
matrix and a set of skill scores. Furthermore, the threshold receiver operating
characteristic (ROC) curve, and the area under the ROC curve (AUC) were also
employed for the assessment. The introduced threshold shows positive sign of the
prediction, particularly in term of false alarm rate, false alarm ratio, and critical success
index. The introduced threshold will be useful for landslide warning system in the

study area.
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CHAPTER |
INTRODUCTION

1.1  Background of the study

Landslide is known as a natural disaster caused by the gravitational movement
of soil or rock mass at the slope hillside. It is widely recognized that rainfall is an
important factor to trigger landslides.

The rainwater decreases the shear strength of the sloping soil. Under a certain
circumstance, a hill slope that experiences enough rainfall can lose its shear strength
and result in slope failure. Figure 1.1 presents cumulative annual rainfall in Thailand
during 1981-2017 (Meteorological Department). Since 2010, there were two of seven
years (2010 to 2017) that cumulative annual rainfall was significantly greater than the
average rainfall (orange dash line). Global climate change might be a major cause of
this extreme condition. Accordingly, it is expected that we are going to experience with

many years to encounter with torrential rainfalls.

Annual rainfall in Thailand 2008-2017 B.E.
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Figure 1.1 Annual rainfall in Thailand 2008-2017

(Source: Thai Meteorological Department)



Note: Estimated rainfall by Inverse Distance Weighting (IDW) using data from the

Meteorological Department's weather station

The Southern and the Northern parts of Thailand are two regions most suffering
from many landslide disasters (Department of Mineral Resources, 2019). The south is
settled on a narrow peninsula between the gulf of Thailand (east side) and Andaman
Sea (west side). As reported by Arai et al. (2019), the mean annual rainfall in the south
during 1981-2017 was more than 2,000 mm whereas the north was about 1,500 mm.
In the South, there are two rain periods from April to November. In the west side of
this region, rainfall takes place mostly in September and October. For the east side,
rainfall mostly takes place from October to December. The peak of rainfall happens
in November and lasts until the early New Year. The Northern Thailand is dominated
by mountain ranges in the western and northeastern parts of the region. Broadly
defined based on geological composition, there are two mountainous subsystems in
the study area. In the western part of the region, mountains run southwards from the
Daen Lao Range with the two parallel chains of the Thanon Thong Chai Range, which
includes the highest mountain in Thailand, Doi Inthanon (2,565m above mean sea
level). In the northeastern part of the region, parallel ranges extending into northern
Laos include the Khun Tan Range, the Phi Pan Nam Range, the Phlueng Range, and the
western part of the Luang Prabang Range. There also exists a set of strike-slip faults in
this region. However, landslides triggered by seismic events are rare in Thailand, and
the most recent earthquakes in 2006 and 2014 did not lead to significant landslides
(Schmidt-Thomé et al. 2018). The annual average minimum and maximum
temperatures are 4 and 40 °C, respectively. The annual rainfall is spread over 122 days
on average. Rainfall in this area is under the influence of the southwest monsoon,
which starts in May and ends in October. Streams of warm moist air from the Indian
Ocean bring abundant rain to the region, especially to the windward side of mountain
ranges. However, the southwest monsoon is not the only source of precipitation during
this period. The influence of the Inter Tropical Convergence Zone and tropical
cyclones can also deposit large amounts of rain. Based on the available records, all
major landslides in this area have been triggered by heavy rainfall caused by tropical

cyclones. Landslides in Phare and Phetchabun provinces in 2001 were triggered by



continuous heavy rain that fell during Typhoon Usagi. Several landslides in Uttaradit,
Sukhothai, Phrae, Lampang and Nan provinces in 2006 were caused by continuous
heavy rainfall in the wake of Typhoon Xangsane. More recently, in 2018, landslides at
Huay Khab village in Nan province followed ten days of continuous rainfall caused by
Typhoon Son-Tinh.

The incident of landslide or earthflow cannot be controlled or hard to control
but it can be investigated and warned. It is widely recognized that being proactive is
suggested for any measures to encounter with natural disasters. Warning system is one
of the most common proactive elements. Basically, there are two approaches; physical
and empirical approaches, for developing a landslide warning system which will be
activated if the rainfall amount reaches the threshold. The physical approach provides
more precise measures but requires detailed geotechnical properties of the sloping
ground such groundwater conditions, shear strength, soil water characteristics,
geological soil profile, etc. Furthermore, these properties are spatial properties, hence
it is more expensive and applicable over a small area (Guzzetti et al,, 2007). The
empirical approach is established based on precipitation records of landslide incidents.
Caine (1980) published the first global rainfall threshold, namely rainfall intensity (1)
and rainfall duration (D) or ID threshold, indicating the minimum rainfall conditions that
will trigger landslides. Since then, numerous reports on landslide rainfall threshold
have been published (Dahal and Hasegawa 2008, Rosi et al. 2012, Sengupta et al. 2010;
Vennari et al. 2014, Chang et al. 2008, Segoni et al., 2018). Diversity of suitable rainfall
parameters used in the introduced thresholds are mentioned in Peruccacci et al.
(2012). In summary, there are three categories of the landslide rainfall threshold; 1)
the thresholds measured by incident precipitation, 2) the thresholds measured by
antecedent precipitations, and 3) other thresholds involving hydrological conditions.
(Guzzetti et al. 2007). Among three threshold types, the thresholds based on an
incident precipitation are most widely used since they require less input data and are
easy to use (Rosi et al., 2021). However, one key difficulty of this threshold type is to
identify the start point of rainfall (Guzzetti et al., 2008). Rosi et al. (2012) stated the
need for appropriate criteria to determine the suitable starting point of the rainfall. At

present, the answer for identifying the start point of rainfall measurement is not



unique. To avoid this difficulty, some studies focused on the relationship between
daily and accumulated rainfalls (Kim et al,, 1991, Glade et al., 2000, Giannechchini et
al,, 2012) This approach is supported by reports that indicate the mutual influence of
antecedent and incident precipitations (Rahardjo et al., 2011; Rahimi et al.,, 2011).
However, one shortcoming of this approach is that it might lead to misinformation in
some dimension of the incident rainfall.

Presently, in Thailand, there is a national landslide warning system developed
by the Department of Water Resources. Rainfall data in the risk areas are continuously
recorded and analyzed. If the rainfall parameters reach the threshold, people living in
the affected locations will be informed. Furthermore, these data will be sent to the
central surveillance laboratory for landslides. The landslide rainfall threshold used in
this system was named AP model which was developed by Kasetsart University (Figure
1.2). This threshold uses two rainfall parameters; a cumulative rainfall in three days
and incident rainfall over 24 hours, to determine the warning alarm level. When the

both rainfall variables reach the threshold, the alarm will be activated.
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Figure 1.2 Rainfall criteria for different levels in the AP Model.



However, the threshold presently used was developed in (2009). Updated
landslides and the relevant rainfall data are necessary for sustainable improvement.
Since, topography and climate conditions in Thailand are different from region to
region, a threshold that separately developed for each region of Thailand might
provide more effective landslide assessment than a threshold that developed for a
whole region does. As such, this study gathered landslide events and relevant rainfall
data from two selected regions to develop new regional landslide rainfall thresholds;
each for each region of the study. Assessment of the thresholds was conducted by
contingency matrix and skill scores. Results from this study might be part of enhancing
accuracy of the warning and hence life quality of people living in landslide risk

locations.

1.2  Research objective

1.2.1  To introduce a set of new landslide rainfall thresholds that integrates
temporal and spatial variables to the introduced threshold.

1.2.2  To introduce a set of new landslide rainfall thresholds that explicitly

integrates rainfall variables from incident and antecedent rainfalls.

1.3  Scope and limitation of research

1.3.1 A set of relevant rainfall data corresponding to a single point of
landslide event was gathered from rainfall stations located in a same catchment area
with the location of a considered landslide.

1.3.2  These rainfall stations belong to the Department of Mineral Resources
and the Department of Water Resources.

1.3.3  Period of gathered rainfall data was 30 days prior to the event day.
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CHAPTER I
THEORETOCAL BACKGROUNDS

2.1  Definition of landslide

Landslide is conventionally defined as a mass movement of soil (in forms of
earth or debris) or rock downward along surface slope under gravitational influence
(Varnes, 1984; Cruden, 1991). At present, it has become vital hazard in most
mountainous and hilly areas around the world especially those in the tropics and
earthquake-influenced zones, as well as areas along the considerably steep river
bank or coastline. Landslide impacts depend fundamentally on their size and speed
(or momentum), elements at risk within their paths and vulnerability condition of
those elements. Every year, landslide incidences have generated large number of
deaths and injuries to the at-risk people and substantial damages to the
infrastructures (e.g., road, railway, pipeline) and properties (e.g., building, agricultural
land) (European Soil Portal, 2013).

Landslide phenomenon is conceptually a direct product of slope instability
due to the gravitation as when the gravitational stresses exceed the strength of rock
or soil that holds the surface soil layer together, slope failure shall often occur as a
consequence. Most landslides are initiated by some triggering factors that shall
increase stress and weaken strength of slope materials which include: (1) heavy
rainfall, rapid snowmelt, or irrigation that load slopes with water, (2) shaking by
earthquake, (3) natural erosion or human activities that increase slope angles or
undercut the toes of surface slopes, e.g. road construction, (4) removal of the
vegetation cover on land surface by, e.g. wildfire, logging, agriculture, or overgrazing,
and (5) loading of slopes with huge piles of rock, ore, or mining waste. Among these
factors, the most predominant ones around the world are two natural processes;

heavy rainfall and strong earthquake (Corominas and Moya, 2008).
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Figure 2.1 Principal components of (a) general landslide and (b) typical debris
flow (European Soil Portal, 2013)

Figure 2.1(a) illustrates principal components of the general landslide
structure which include tension cracks that appear when land is gradually pulling
apart from the hillside. With time, the ground surface on one side of these cracks
may slide downhill forming a scarp and if the ground moves far enough, it shall leave
an apparent mark called a scar. Typically, a fresh scar often has lighter color without
vegetation cover if compared to the surrounding slopes. Landslide volume can vary
greatly from less than a cubic kilometer (km?® for the small and medium-size
landslides to more than tens of cubic kilometers for the gigantic ones while speed
might vary from a few centimeters per year for the slow-moving slides to several
tens of kilometers per hour for the fast and destructive ones (Highland and
Bobrowsky, 2008; European Soil Portal, 2013). Typically, the most destructive
landslide incidences are often in form of the debris or mud flows as seen in Figure
2.1(b). These flows usually have rather rapid movement with combination volume of
loose soil, rock, organic matter, air, and water mixed in the intense surface-water

flow due to heavy precipitation or snow-melt.
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2.2 Types of landslides

Landslides can be broadly classified into two fundamental categories: shallow
type and deep-seated type. Shallow landslides normally involve sudden fail of top
soil layer and upper regolith zone while deep-seated ones additionally include
bedrock at higher depth and gradually develop over a relatively longer time period.
Most natural shallow landslides are triggered by prolonged heavy rainfall that
critically increase soil water pressure or accelerated ground due to earthquakes at
tectonic fault nearby. Most deep-seated landslides tend to fail incrementally, rather
than in the catastrophic manner of the shallow landslide. Their major causes are
accumulated rainfall over a long period (e.g., weeks to years) and also massive
ground acceleration experienced during large magnitude earthquakes. The latter is
commonly found in the seismically active regions around the world.

Standard classification scheme of the existing landslide types has been
developed based principally on work of Varnes (1978). In this system, landslides are
categorized based on basis of their predominant composed material type (i.e., rock,
debris, earth, or mud) in the first term and their movement type (i.e., fall, topple,
avalanche, slide, flow, or spread) in the second term. Thus, the landslides can be
identified using these terms that refer respectively to their major material and
movement mode, e.g., rock fall, debris flow, earth slide, and so forth. In general, the
material in landslide mass is either rock or soil (or both); the latter is described as
“earth” if mainly composed of the sand-sized or finer particles (with > 80% of the
particles are < 2 mm) and “debris” if composed of coarser fragments (with 20% to
80% of known particles are > 2 mm and the remainder are < 2 mm). Figure 2.2 and
Table 2.1 provide information on dominant landslide types according to Varnes
(1978) mentioned earlier

From Figure 2.2, slides consist of blocks of material moving on well-defined
shear planes and there is a distinct zone of weakness that separates slide material
from more stable underlying material. These are divided into the rotational slides
that move along concave surface and translational slides that often move parallel to
the referred ground surface. Falls are the sudden release of rocks or soils dropping

freely through the air with little contact with other surfaces until impact. Topples are
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similar to falls except that initial movement involves forward rotation of the
associated mass. Lateral spreads occur when liquefaction in underlying materials
causes surface rocks or soils to move down gentle slopes. Flows move entirely by
shearing within the transported mass and act like viscous fluids. They consist of five
kinds:

(1) Debris flow-a fast moving landslide in form of liquefied material of mixed
and unconsolidated water and debris [as illustrated in Figure 2.1(b).

(2) Debris avalanche-a variety of very rapid to extremely rapid debris flow.

(3) Earth flow-movement of slope material that liquefies and runs out forming
a bowl or depression at the head and have a characteristic of “hourglass” shape.

(4) Mudflow-an earth flow consisting of the material wet enough to flow
rapidly and contains at least 50% sand, silt, and clay-sized particles. In some cases,
mudflows and debris flows are commonly referred to as “mudslides”.

(5) Creep-a slow, steady downward movement of slope-forming soil or rock.

The movement is called complex landslide if it involves combination of two
or more types of the integrated movement. Debris flow and mudflow are among the
most dangerous landslide-related incidences to life and property of the affected
community, especially those in the tropical countries, due to the high speeds and

sheer destructive force of their flow (USGS, 2004; AGS, 2007b).
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Table 2.1 Major types of landslides according to Varnes (1978)

Type of Material
Engineering Soil
Type of Movement
Bedrock Predominantly Predominantly
Coarse Fine
Fall Rock Fall Debris Fall Earth Fall

Rock

Topples Debris Topple Earth Topple
Topple

Rotational
Slide Rock Slide Debris Slide Earth Slide
Translational

Rock

Lateral Spreads Debris Spread Earth Spread
Spread

Rock Flows Debris Flows Earth Flows
Flows (Deep

Soil Creep
Creep)
Complex Combination of Two or more Principal Types of Movement

2.3 Landslide Hazard in Thailand

Rural mountain areas in Thailand have a high hazard potential for landslides.
Settlements in hazardous areas are expanding and hill slopes are being deforested.
Many former forest areas have been converted into agricultural lands, thereby
decreasing slope stability. Since the beginning of the 21st-century disasters caused by
landslides have increased in Thailand. The landslides that lead to disasters in villages
are in fact debris flows caused by heavy rains and landslides upstream. Landslides
resulting from seismic activities are uncommon in Thailand. The landslide hazard risk
in Thailand is defined by the hazard (the debris flow, i.e., landslide-prone areas) and
the vulnerability (people living in landslide hazard areas). The landslide-prone area
mapping is based on the geology and the morphology, and the vulnerability upon
settlements. The resulting landslide risk map was used to identify all risk areas and

consequently the establishment of a community-based landslide observation
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network has been able to reduce the land-slide-related risks. This network focuses
on training local people to understand the risks related to landslides and provides
villages with simple tools to detect early signs of threatening landslides and evacuate
villagers to safe places. These networks have proven to be very successful because it
was possible to sensitize and train villagers on the hazard and the risk with the result
to effectively protect human lives during several landslide events.

The types of mass movement that lead to disasters are mainly debris flow
and rockfalls. The areas with the highest debris flow hazard in Thailand are in areas
with Precambrian and Paleozoic granites, gneisses, and schists that are found mainly
in the northwest of the country and at some outcrops in central and southern
Thailand (see Fig. 2.1). These rocks are deeply weathered, partly up to 60 m in
depth. Some debris flows also occur in areas of folded tertiary rocks in northern and
central Thailand. Rockfalls are common in Upper Paleozoic carbonate areas that are
mainly bound to the Peninsula, reaching from Surat Thani to the Satun Province.
The debris flows are caused by heavy rainfalls that trigger landslides among steeper
slopes. These landslides carry slope material and plant residues into streams. Due to
the rainfall, these streams swell and transport the landslide material downstream at
a very high speed, leading to debris flows. Rockfalls occur due to weathering of
tropical karst, mainly among steep, nearly vertical slopes. Since the term debris flow
and rockfall are not commonly used among laymen the overall term landslide is
preferred.

The landslide hazard in Thailand was mapped and assessed by the
department for Mineral Resources (DMR) utilizing a landslide prediction model that
runs under a Geographic Information System (GIS). The factors the model calculates
are geology, elevation, slope, flow accumulation, flow direction, vegetation, soil type,
and saturation (Pantanahiran, 1994). The results of the model were plotted in the
form of a landslide hazard zone map on a scale of 1:250,000 for the provincial level
and on a scale of 1:2,500,000 for the whole country. Based on this assessment, there
are 6563 villages, in 1084 communities (Tambon), located in landslide hazard zones
in 54 provinces, mainly in Northern and southern Thailand (Environmental Geology

Division, 2003). The landslide-prone area zones are categorized based on empirical
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studies. In 2004 the decades-long observations and field studies in the aftermath of
landslides have led to the decision in the DMR to categorize slopes steeper than 30
degrees as landslide-prone. The hazard zoning is applied by a combination of slope
steepness, soil type, and precipitation.

Zone 5 (Very low zone): Slope > 30 degrees, loose soil, landslide hazard if
precipitation reaches > 100 mm/day;

Zone 4 (Low zone): Slope > 30-degree, loose soil, landslide hazard if
precipitation reaches > 150 mm/day;

Zone 3 (Moderate zone): Slope is > 30-degree, loose soil, landslide hazard if
precipitation reaches > 200 mm/day.

Zone 2 (High zone): Slope > 30 degrees, loose soil, landslide hazard if
precipitation reaches > 250 mm/day;

Zone 1 (Very high zone): Slope > 30 degrees, loose soil, landslide hazard if

precipitation reaches > 300 mm/day;.
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Landslides are recurrent and devastated incidences commonly found in
Thailand especially in the mountainous regions and their vicinity. The predominant
type of landslides discovered is the rainfall-triggered shallow landslide caused by the
intense and continuous rainfalls where most vulnerable geologic formation is the

granite terrain which can be easily weathered into thin layers of the landslide prone
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residual soils (Soralump, 2007). Shallow failures occur due to saturation of top soil
layer along the terrain slope which shifts slope property from marginally stable to
unstable state. This could result in the rapid movement of soil cover downhill to the
surrounded low area (Liu and Wu, 2008). During this period, the landslide may
transform into a debris avalanche, with increasing velocity and volume. If the
landslide material flows into a gully at the base of the slope, then the run-out of the
material can reach long distance (up to several kilometers) (Revellino et al., 2004).
To reduce risk from the current widespread landslide activity, the landslide
susceptibility assessment is crucially needed in all areas that are potentially prone to
landsliding. However, reports on this issue for Thailand are still infrequent and
they typically focused only on small areas where the catastrophic landslides
have occurred before (e.g. Naramngam and Tangtham, 1997; Yumuang, 2006;
Akkrawintrawong et al.,, 2008; Oh et al., 2008) but the investigation on basin or
regional scales are still rarely found in literature (e.¢. LDD, 2001; DMR, 2005). In most
cases, only few causative factors were considered and the verification process was
largely ignored. To assist the effective susceptibility analysis in broader scale, in this
research, the formulation of landslide susceptibility map at basin scale for local
Thailand based on three different methods namely; analytical hierarchy process
(AHP), frequency ratio (FR) model and integrated AHP and FR model in lower Mae

Chaem watershed, northern Thailand.

2.4  Verification procedure for the Weather Forecasting

Demonstration Project severe weather forecasts

The best procedure to follow for verification depends not only on the
purpose of the verification and the users, but also on the nature of the variable
being verified. For the African the World Meteorological Organization Severe Weather
Forecasting Demonstration Project (SWFDP) s, the main forecast variables are extreme
precipitation and strong winds, with extreme defined by thresholds of 30 or 50 mm
in 6 hours, 30, 50 or 100 mm in 24 hours. These are therefore categorical variables,

and verification measures designed for categorical variables should be applied. In
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each case, there are two categories, referring to occurrence or non-occurrence of
weather conditions exceeding each specific threshold.

The following subsections describe the suggested procedures for building
contingency tables and calculating scores.

2.4.1 Defining the event

Categorical and probabilistic forecasts always refer to the occurrence
or non-occurrence of a specific meteorological event. The exact nature of the event
being predicted must be clearly stated, so that the user can clearly understand what
is being predicted and can choose whether to take action based on the forecast. The
event must also be clearly defined for verification purposes, specifically as follows:

— The location or area of the predicted event must be stated.

— The time range over which the forecast is valid must be stated.

— The exact definition of the event must be clearly stated.

Sometimes these aspects will be defined at the beginning of a season
or the beginning of the provision of the service and will remain constant, for
example, the establishment of fixed forecast areas covering the country. As long as
this information is communicated to the forecast user community, then it would not
be necessary to redefine the area to which a forecast applies unless the intent is to
subdivide the standard area for a specific forecast.

The time range of forecast validity has been established as part of the
project definition, for example, 6-h and 24-h total precipitation, and wind maxima
over 24 hours. The 24-h period also needs to be stated. The definition which
corresponds to the observation validity period needs to be used for verification.

For the Severe Weather Forecasting Demonstration Project, it would
be best if the larger countries were to be divided geographically into fixed (constant)
areas of roughly the same size, areas which are climatologically homogeneous. Each
region should have at least one reporting station. The smaller the area size, the more
the forecast is potentially useful. However, the predictability is lower for smaller
areas, giving rise to a lower hit rate and higher numbers of false alarms and missed
events, that is more difficult to make a good prediction. The sparseness of

observational data also imposes constraints on the subdivision of areas. A forecast
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cannot be verified without relevant observations. On the other hand, larger areas
make the forecasts potentially less useful, for example, to disaster management
groups or other users who need detailed enough location information associated
with the predicted severe weather to effectively deploy their emergency resources,
or to implement effective protective or emergency actions.

To summarize, in choosing the size and location of fixed domains for
severe weather warnings, several criteria should be taken into account:

(a) The location and readiness of disaster relief agencies: The domains
should be small enough that disaster relief agencies can respond effectively to
warnings within the lead time that is normally provided.

(b) The availability of observation data: Each domain should have at
least one representative and reliable observation site for forecast verification
purposes.

(c) Climatology/terrain type: It is most useful to define regions so that
they are as climatologically homogeneous as possible. If there are parts of the
domain that are much more likely to experience severe weather than others, these
could be kept in separate regions.

(d) Severe weather impacts: The domain locations and sizes should
take into account factors affecting potential impacts such as population density and
disaster-prone areas.

Within these guidelines, it is also useful if the warning areas are
roughly equal in size, as that will help ensure consistent verification statistics. Also,
within each country, the warning criteria should be constant for all domains. Finally,
for the purposes of the African the Severe Weather Forecasting Demonstration
Project, and for possible comparisons with the results of verification of the global
model forecasts over multiple countries, it would be useful if the subdomains in all
countries would be roughly similar in size.

2.4.2 Preparing the contingency table

The first step in almost all verification activity is to collect a matched

set of forecasts and observations. The process of matching the forecast with the

corresponding observation is not always simple, but a few general guidelines can be
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stated. If the forecast event and the forecast are clearly stated, then it is much easier
to match with observations. For the Severe Weather Forecasting Demonstration
Project, the forecast event is the expected occurrence of severe weather conditions
somewhere in the forecast area, sometime during the valid time period of the
forecast. Then:

- A “hit” is defined by the occurrence of at least one observation of
severe weather conditions, as defined by the thresholds anywhere in the forecast
area, any time during the forecast valid time. Note that by this definition, more than
one report of severe weather within the forecast valid area and time period does not
add another event; only one hit is recorded.

- A “false alarm” is recorded when severe weather is forecast, but
there is no severe weather observed anywhere in the for which the forecast is valid
during the valid period.

- A “missed event” 'is recorded when severe weather is reported
outside the area and/or the time period for which the warning is valid, or whenever
severe weather is reported and no warning is issued. Only one missed event is
recorded on each day, for each region where severe weather has occurred that is not
covered by a warning.

- A “correct negative” or “correct non-event” is recorded for each
day and each fixed forecast region for which no warning is issued and no severe
weather is reported.

If observational data are sparse, it may be difficult to determine
whether severe weather occurred, as there is much space between stations for
smaller scale convective storms which characterize much of the severe weather
occurrences. It is permissible to use proxy data such as reports of flooding to infer
the occurrence of severe weather in the absence of observations, but full
justification of these subjective decisions must be included with verification reports.

It is possible to incur missed events, false alarms and hits all at once.
Consider the following example, represented schematically in Figure 2.3.

In Figure 2.3, the yellow regions represent forecast severe weather

areas and the stars represent observations of severe weather; represents
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observations of non-severe weather. This case contains one hit (because there are
observations of severe weather within the forecast severe weather area), one miss
(because there are one or more observations of severe weather that do not lie in a
forecast severe weather area) and one false alarm (because there is no severe
weather reported in a severe weather forecast area). Note that a false alarm is
recorded only because there is a separate forecast area with no report of severe
weather. The fact that not all the stations in the

larger area reported severe weather does not matter; only one severe weather report
is needed to score a hit. If there are no reporting stations in a forecast severe

weather area, then forecasts for that area cannot be verified.

*

Figure 2.4 Schematic showing the matching of forecast severe weather threat areas

with point precipitation observations (WMO, U. ,2014)

In this system, the number of hits cannot be increased by increasing the size
of the forecast area. However, increasing the size of the forecast area might reduce
the chance of a missed event. This should be kept in mind. If the size of the forecast
severe weather area is increased merely to reduce the chance of a missed event, the
forecast also becomes less useful, because disaster mitigation authorities may not
know where to deploy their resources to assist the needy. Each National
Meteorological and Hydrological Service must seek to achieve its own balance

between scale (size) of forecast areas and risk of false alarms and missed events.
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A contingency table illustrated in Figure 2.2 is then produced by totaling up
the number of hits, misses, false alarms and correct negatives for a sufficiently large
number of daily cases. Since the nominal verification period is one day, it makes
sense to record a single case for each day and each fixed geographical region of each
country. If more than one result is recorded for a particular day’s forecast, for
example, both a hit and a false alarm, then the result for that day should be divided
by the number of different outcomes, 2 or 3. The result is the addition of 1 case to
the totals of a, b, c and/or d for each day, though the 1 case may be partitioned
over 2 or 3 boxes of the table. The sum total of the table in the bottom right corner
will then equal the number of days times the number of separate geographical parts
of the country for which observation data were available.

It might be most convenient to make two columns of ones and zeros, one
each for the forecast and the observation. Then the logic functions of Excel, for
example, can be used to automatically produce the totals of a, b, c and d over a
sample of cases. A table which is built this way could include several columns for
forecasts from different sources, for example, the Regional Specialized
Meteorological Centres guidance, and the model output from each of the global
centres. Each forecast, when combined with the observations, would lead to a
different table. The different tables could be scored to give comparative results.
Some examples of Excel spreadsheets are available with the electronic version of

this publication:



Event observed
Event
forecast
Yes No Marginal total
Yes Hit False alarm Fc Yes
No Miss Correct Fc No
non-event
Marginal total Obs Yes Obs No Sum total
Event observed
Event
forecast
Yes No Marginal total
Yes a b a+b
No 4 d c+d
Marginal total a+c b+d a+b+c+d=n

Figure 2.5. The contingency table for dichotomous (yes-no) events (WMO, U. ,2014)

(@) European Centre for Medium Range Weather Forecasts calculator -
deterministic model forecasts for eastern African locations, matched to observations
from eastern African countries that were available on the Global Telecommunication
Network (GTS) from September 2010 to May 2011.

(b) National Centers for Environmental Prediction calculator — deterministic
model forecasts for eastern African locations, matched to observations from eastern
African countries that were available on the Global Telecommunication Network
from September 2010 to May 2011.

(o) Calculator, containing a sample of National Meteorological and
Hydrological Service severe weather forecasts and observations from Botswana.

A description of how to use these Excel files to carry out verification of
forecasts for specific locations and forecast projection times may also be found with

the electronic version of this publication.
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2.4.3 Calculating scores using the contingency table

Scores that can be computed from the contingency table entries are
listed in this section, along with their characteristics, strengths and weaknesses. This is
not an exhaustive list of scores that can be computed from the contingency table,
but those listed here are considered to be the most useful for verification of severe
weather forecasts. These scores are all functions of the entries of the contingency
table as shown in Figure 2.3 and are easily computed. The formulae shown below
are incorporated into the sample Excel spreadsheet available with the electronic
version of this publication.

Computation of these scores should be considered part of analysis
and diagnosis functions that are routinely performed by forecasters. These scores all
have specific interpretations, discussed below, which help the forecaster perform
these diagnosis tasks. The scores provide the most meaningful information if they are
computed from large enough samples of cases, say 100 or so. However, severe
weather occurrences are rare events, thus the number of forecasts and observations
of severe weather may be small (fortunately), which makes the task of verification
not only more important but also more challenging.

2.4.3.1 Probability of detection hit rate (HR) or prefigurance

The hit rate (HR) written in equation (2.1) has a range of 0 to 1
with 1 representing a perfect forecast. As it uses only the observed events a and c in
the contingency table, it is sensitive only to missed events and not false alarms.
Therefore, the HR can generally be improved by systematically over forecasting the
occurrence of the event. The HR is incomplete by itself and should be used in
conjunction with either the false alarm ratio or the false alarm rate both explained

below.

HR = (2.1)

2.4.3.2 False alarm ratio (FAR)
The false alarm ratio (FAR) written in equation (2.2) is the ratio

of the total false alarms (b) to the total events forecast (a + b). Its range is 0 to 1 and
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a perfect score is 0. It does not include c and therefore is not sensitive to missed
events. The FAR can be improved by systematically under forecasting rare events. It

also is an incomplete score and should be used in connection with the HR.

FAR=—— (2.2)

2.4.3.3 Frequency bias (B)

The frequency bias (B) written in equation (2.3) hereinafter
referred to as bias, uses only the marginal sums of the contingency table, and so is
not a true verification measure, as it does not imply matching individual forecasts
and observations. Rather, it compares the forecast and observed frequencies of
occurrence of the event in the sample. The forecast is said to be unbiased if the
event is forecast with exactly the same frequency with which it is observed, so that
the frequency bias of 1 represents the best score. Values higher than one indicate
over forecasting (too frequently) and values less than 1 indicate under forecasting
(not frequent enough). When used in connection with the HR or the FAR, the bias
can be used to explain the forecasting strategy with respect to the frequencies of
false alarms or misses. Note that the bias also can be computed for the non-events,
as (c + d)/ (b + d). If the frequency bias is computed for all the categories of the
variable, then it gives an indication of the differences between the forecast and

observed distributions of the variable.

Frequency = at+b (2.3)
a+c

2.4.3.4 critical success index, CS/

The critical success index (CS/) written in equation (2.4), is
frequently used as a standard verification measure, for example in the United States
of America. It has a range of 0 to 1 with a value of indicating a perfect score. The CS/
is more complete than the HR and FAR because it is sensitive to both missed events

and false alarms. Thus, it is harder to adopt a systematic forecasting strategy that is
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guaranteed to improve the score. It does, however, share one drawback with many
other scores: it tends to go to 0 as the event becomes rarer. This score is affected by
the climatological frequency of the event; if forecasts need to be compared (for
example, same forecasts from different sources) using this score, but based on
different verification samples, it might be wiser to use the equitable threat score
(ETS) written in equation (2.5), which adjusts for the effects of differences in the
climatological frequencies of the event between samples. For evaluation of a
forecast or for comparison of the accuracy of forecasts based on the same dataset,

the CSlis a good general score. The ETS is given by:

cSl=—2 (2.4)
a+b+c

ETS=_ 2-& (2.5)
a+b+c-a,

LGRS 20

where T is the sample size. The quantity a, written in equation (2.6), is the number of

forecasts expected to be correct by chance, by just guessing the category to forecast.
2.4.3.5 The Heidke skill score (HSS)

In verification, the term skill has a very specific meaning: Skill is
the accuracy of a forecast compared with the accuracy of a standard forecast. The
standard forecast is usually chosen to be a forecast which is simple to produce, and
may already be available to users. The idea of a skill score is to demonstrate
whether the forecast offers an improvement over the choice of an unskilled standard
forecast.

The Heidke skill score (HSS) written in equation (2.8), uses the

number correct for both categories to measure accuracy, and the standard forecast is
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a simple random guess which of the two categories will occur. The score is in the

format:
(a—b)— (a+b)(@a+c)+(c+d)(b+d)
_ T
ETS = T @h@E0)Ccr)brd) \2.0)
T
HSS — Numbercorl’ect B Numberchance (2'8)

Total — Number

chance

where the number correct by chance is the total number of forecasts, both
severe and non-severe, that would be expected to be right just by random guessing.
When forecasting severe weather, a guess could be made of which of the two
categories would occur, like tossing a coin. Anyone can do this; there is no need to
be a good forecaster. Yet, some of these guesses would by chance be correct. The
idea of the Heidke skill score is to adjust for the number of forecasts that would be
correct just by guessing.

The number correct by chance is defined in the same way as for the ETS, but
both categories are used. The number of forecasts correct is simply the sum of the
diagonal elements of the contingency table, (a + d).

The HSS ranges from negative values to +1. Negative values indicate that the
standard forecast is more accurate than the forecast; skill is negative and a better
score would have been obtained by just guessing what the forecast should be. The
HSS represents the fraction by which the forecast improves on the standard forecast.
A perfect forecast gives an HSS of 1, no matter how good the standard forecast is.

The HSS defined this way is the easiest to apply and use. All the information
needed is contained in the contingency table. It turns out that pure chance offers a
pretty low standard of accuracy. It is quite easy to improve on a chance forecast.
Other standards of comparison are persistence (“ no change from the observed
weather at the time the forecast was issued” or “what you see is what you get”) or

climatology, which for a categorical forecast is defined as the most likely of the two
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categories. That is, a climatological forecast is a forecast of no severe weather all the
time. This would not be a very useful forecast, but it would score well on most
scores since (fortunately) no severe weather occurs much more often than severe
weather. In the contingency table, d is much larger than a, b or c. A climatological
forecast of no severe weather may therefore be difficult to beat. In practice, though,
persistence and climatology are not often used in the HSS, because a separate
contingency table for the reference forecast must be compiled.
2.4.3.6 The false alarm rate (FA)

The false alarm rate ( FA) written in equation (2.9), is
unfortunately often confused with the false alarm ratio. The false alarm rate is
simply the fraction of observed non-events that are false alarms. By contrast, the
false alarm ratio is referenced to the total number of forecasts; it is the fraction of
forecasts that were false alarms. The best score for the FA is 0, that is, the wish is to
have as few false alarms as possible. The FA is not often used by itself but rather is
used in connection with the HR in a comparative sense. The HR is also referenced to

the observations, specifically, the total number of observed events.

b

A= 2.9
(b+d) 29

2.4.3.7 The Hanssen-Kuipers score (KSS) (Pierce score) (true skill
statistic (75S))

The Hanssen-Kuipers score (KSS) written in equation (2.10),
also known as the true skill statistic (75S), is easiest to remember as the difference
between the hit rate and the false alarm rate, as defined in 2.4.3.1 and 2.4.3.6,
respectively. This score measures the ability of the forecast to distinguish between
occurrences and non-occurrences of the event. The best possible score value is 1,
which is obtained when the HR is 1 and the FA is 0. If HR = FA, then the score goes
to 0, which is the worst value possible.

This score is used to indicate whether the forecast is able to
discriminate situations that lead to the occurrence of the event from those that do

not. If, for example, the forecaster attempts to improve the hits by forecasting the
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event more often, this score will indicate whether too many false alarms are incurred
by doing so. The idea is to increase the HR without increasing the FA too much.
One disadvantage of this score for rare events is that it tends to converge to

the HR because the value of d becomes very large.

(ad —bc)

KSS =TSS = (HR— FA) = & %)
(a+c)(b+d)

(2.10)
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CHAPTER 1l
RAINFALL THRESHOLD FOR LANDSLIDE WARNING IN SOUTHERN
THAILAND - AN INTEGRATED LANDSLIDE SUSCEPTIBILITY MAP
WITH RAINFALL EVENT - DURATION THRESHOLD

3.1 Introduction

Since the year 2000, the number of landslides per year has been increasing in
Thailand (Schmidt-Thomé et al., 2017). Southern Thailand lies on the narrow part of
the Malay Peninsula the landforms comprise two parallel mountain chains running
north-south: the Phuket and Nakhon Srithammarat ranges; situated to the west and
east, respectively. According to the report from the Department of Mineral Resources
in 2019, this region is one of Thailand’s hotspots for landslides. The landslides in
1988, which was known among of the worst natural disasters in the Thailand’s
history, also occurred in the Southern Thailand. Works on landslide risk assessment
constitute one of vital contributions in landslide mitigation measures. Since rainfall is
commonly recognized as main temporal factor causing landslides, landslide rainfall
threshold is commonly used as one of the vital components of landslide early
warning system (Aleotti, 2004; Salee et al.,, 2022; Chinkulkijniwat et al., 2022). The
most common parameters used to define the rainfall threshold are those based on
characteristic of triggering landslide rainfall event (Caine, 1980; Aleotti, 2004; Guzzetti
et al., 2008; Vennari et al,, 2014; Vessia et al,, 2014; He et al., 2020; Gariano et al,
2019; Peruccacci et al.,, 2017). Other than rainfall characteristics, a landslide can be
influenced by many spatial factors, such as slope aspect, eradient, relative relief,
lithology, degree of weathering, depth, permeability, porosity, etc. Incorporating
these spatial factors to the rainfall threshold might enhance the efficiency of the
landslide prediction. A landslide susceptibility map caries the relevant information,
relating to gseomorphology, geological, meteorological soil, land use, land cover and

hydrologic conditions, of the terrain and classifies the terrain into zones with differing
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likelihoods that landslides may occur. Integration of the landslide rainfall threshold
and the landslide susceptibility map would benefit the landslide prediction. In fact,
number of recent works reported the succession of the joint use of the landslide
rainfall thresholds and the landslide susceptibility maps (Segoni et al., 2015; Jemec
Auflic et al, 2016; Segoni et al., 2018). Recently, the Department of Mineral
Resources updated Thailand landslide susceptibility maps for the provincial level
(https://gis.dmr.go.th/DMR-GIS/ gis). These maps present five landslide susceptibility
levels; including very high, high, moderate, low, and very low landslide susceptibility
levels. This study used these susceptibility maps as a proxy to include the spatial
factors carried by the landslide susceptibility map to the landslide rainfall threshold
in the Southern Thailand. A contingency table and a set of skill scores were used to

assess the performance of the threshold.
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Figure 3.1 Locations of landslides and TMD rain gauge stations in the study area
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Table 3.1 Duration of rainfalls that caused eighty landslides during 1988-2018
categorized by landslide susceptibility level

Duration Landslide susceptibility levels

(day) Very high High Moderate Low Very low
1 7 1 0 0 0
2 1 2 0 0 0
3 2 10 0 0 0
4 0 5 7 0 0
5 1 5 0 0 0
6 0 3 0 0 0
7 0 5 6 0 0
8 0 g 0 0 0
9 0 3 0 0 0
10 0 0 1 3 0
11 0 0 q 7 0
12 0 0 1 1 0
13 0 0 0 3 0

Total 11 36 19 14 0

3.2 Data collection and rainfall characteristics in the study area

The authors gathered ninety-two landslide events that took place during 1988
to 2018 in the south of Thailand reported by the Department of Mineral Resources,
Ministry of Natural Resources and Environment. Among ninety-two landslides, some
landslides took place at the same time and their locations are close to each other.
Under this condition, the largest landslide was chosen to represent the others. After
this process, ninety-two landslides were reduced to eighty landslides. The Relevant
rainfall data from the years when these eighty landslide events occurred were
gathered from Thai Meteorological Department (TMD) rain gauge stations located in

the catchment area (Figure 3.1) where the considered landslide is located. Inverse
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distance weighting (IDW) was employed to map the amount of rainfalls at the
landslide locations.

To identify a rainfall event, a criterion that separates two consecutive rainfalls
must be defined. The criterion is defined by a combination of the rainfall intensity
threshold A and rainfall duration B and termed as inter-event criterion (/EC4). The
condition that distinguished two consecutive rainfall events had to satisfy the
combined criterion. On the basis of an assumption that inter-event times have an
exponential distribution for which the mean equals the standard deviation (Bonta
and Rao 1988), the suitable /EC was identified on the basis of a variation coefficient
(CV) of inter-event times equal to 1.0. Salee et al. (2022) reported that the inter-
event criterion of /EC,; can be used to distinguish two consecutive rainfalls in
Southern Thailand. Accordingly, a criterion IEC,; was used as the inter-event criterion
to distinguish two consecutive rainfalls collected in this study. Distinction of two
consecutive rainfall events is a condition that satisfied the combined criterion. As
depictured in Figure 3.2, if rainfall intensity is no greater than 2 mm/day for at least 1
day, two consecutive rainfall events are considered to have occurred.

Regarding to the landslide susceptibility maps published by the Department
of Mineral Resources, there are five susceptibility levels of landslide; very low
susceptibility (green color), low susceptibility (light ¢reen color), moderate
susceptibility (yellow color), high susceptibility (orange color), and very high
susceptibility (red color). Eighty landslide locations were mapped to the
corresponding susceptible maps for the provincial level to identify the landslide
susceptibility level at those locations. Figure 3.3 presents three landslides took
placed in Krung Ching subdistrict, Nopphitam district, Nakhon Si Thammarat (the
other landslides had been mapped to the corresponding susceptibility maps in a
similar manner). Table 3.1 summaries, from eighty landslides, the number of
landslide events took place for each landslide susceptibility level in the Southern
Thailand. A greater number of landslides was found for the higher landslide
susceptibility level. However, the number of landslides for very high susceptibility
was small. It was because the places classified as very high susceptibility level were

generally far from communities; hence, many landslides were neglected and not
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reported. Table 3.1 also presents, from the triggering rainfall events, distribution of

duration for the rainfalls that triggered the landslides at the places of different

susceptibility levels. There is no doubt that many of the landslides at the very high

susceptibility places were caused by rainfall events that lasts for only one-day. In

turn, no landslide at very low to moderate susceptibility places occurred with rainfall

duration less than 4 days.
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Figure 3.3 Landslide susceptibility map for Krung Ching subdistrict, Nopphitam
district, Nakhon SiThammarat and locations of landslide took place in

this area (https://gis.dmr.go.th/DMR-GIS/gis)

3.3 Landslide triggering rainfall thresholds and the assessment

Figure 3.4 presents the rainfall event (£) and rainfall duration (D) data points
of non-triggering-rainfalls (open circles) and triggering-rainfalls (gray circles) plotted on
a double logarithmic scale. On the basis of Eq. 1, the landslide rainfall threshold was

analyzed from rainfall event (E) and duration (D) of triggering-rainfalls,

log,, E=a+blog,, D (3.1)

where: a and b are regression coefficients.

With the above-mentioned relationship, the threshold gave a straight line in
double logarithmic scale. Quantile regression (Koenker and Bassett, 1978; Koenker
and Hallock, 2001; Koenker, 2009) was employed to fit the specified percentiles of
the triggering events. The £D threshold given at various probability levels from 5-90%
was presented in Figure 3.4. The corresponding magnitudes of parameters a and b for

the ED threshold are given in Table 3.2.
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For ease of incorporating the landslide susceptibility level to the rainfall
threshold, the susceptibility level was re-categorized from five levels to two levels;
termed as the modest susceptibility level and the huge susceptibility level. The
modest level is the combination of the very low, low, and moderate susceptibility
levels indicated in the landslide susceptibility maps. The huge level is the
combination of the high, and very high susceptibility levels indicated in the landslide
susceptibility maps. Among eighty events, thirty-three and forty-seven events
occurred at the locations classified as the modest level and the huge level,
respectively. Figure 3.5a presents rainfall event (E) and rainfall duration (D) data
points of non-triggering-rainfalls (open circle) and triggering-rainfalls (colored circle)
plotted on a double logarithmic scale. Indeed, this plot is Figure 3.4 modified by
grouping the data with susceptibility levels (the modest level and the huge level).
The green color plots are for the rainfalls that took place at the modest suscep-
tibility places and the red color plots are for the rainfalls that took place at the huge
susceptibility places. The ED threshold for the modest level places (ED™ threshold)
and that for the huge level places (ED" threshold) at various probability levels
together with scatter plots, in double logarithmic rainfall event-duration plane, of
non-triggering and triggering-rainfalls are given in Figure 3.5b. The threshold
parameters a and b for exceedance probabilities from 5 to 90% of the ED™ and ED"

thresholds are given in Table 3.2.
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Figure 3.4 Relationship between rainfall event (£) and its duration (D) form triggering

rainfalls and non-triggering rainfalls in the Southern Thailand. Gray circles

represent the triggering rainfalls that caused landslides and open circles

represent the non-triggering rainfall events. The ED threshold drawn from

quantile regression at various probability levels of triggering rainfall

events

Table 3.2 Threshold parameters a and b for the ED, EDm, and EDh thresholds at

exceedance probabilities from 5 to 90%

Probabilistic ED parameters ED™ parameters ED" parameters
level (%) q b q b q b
5 3.322 1.130 1.283 1.188 1.065 1.508
10 1.992 1.689 1.223 1.342 1.081 1.523
25 0.773 1.932 1.650 0.922 1.226 1.455
50 1.322 1.444 1.565 1.206 1.555 1.204
75 1.833 1.008 1.626 1.197 1.943 0.870
80 1.893 0.941 1.827 1.019 2.004 0.805
85 1.965 0.888 1.827 1.020 1.962 0.892
90 2.045 0.810 2.260 0.604 1.962 0.908
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Figure 3.5 a) Relationship between rainfall event (£) and its duration (D) form
triggering rainfalls and non-triggering rainfalls in the Southern Thailand.
Red circles represent the triggering rainfalls that caused landslides at the
huge susceptibility places and green circles represent that at the modest
susceptibility places. In turn, open green circles and open red circles are
for the non-triggering rainfalls in the modest and huge susceptibility
places, respectively. b) The ED™ and ED" thresholds drawn from quantile
regression at various probability levels of triggering rainfalls at the

modest and the huge susceptibility places, respectively

3.4  Assessment of the thresholds

The aforementioned thresholds were assessed through a contingency table
and a receiver operating characteristic (ROC) curve. There are four scenarios in
contingency table; including (1) true positives (TP), (2) true negative (TN), (3) false
positive (FP), and (4) false negative (FN). Figure 3.6 presents TP, FN, FP, and TN
defined from threshold value and distribution curve of triggering rainfall events and
those of non-triggering rainfall events. TP indicated the cases in which landslides
were correctly predicted, FN indicated the cases in which landslides took place with-
out prediction, FP indicated the cases in which landslides were forecasted but did
not take place, and TN stood for the correct prediction of a rainfall event without a
landslide. These contingencies were employed to calculate the following skill scores;

i) a hit rate (HR) which is defined as number of correct prediction per total number of
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event rainfall: HR = TP / (TP + FN), ii) a false alarm rate (FAR) which is defined as
number of false alarm per the total number of non-event rainfall: FAR = FP / (FP +
TN) , and iii) Hanssen and Kuipers skill score (HK): HK = HR - FAR. HK is proportional
to the frequency of events being forecast by equal emphasis on ability to forecast
both events and nonevents. The receiver operating characteristic curves (ROC curve),
HR against FAR, was plotted at various probabilistic levels of landslide threshold and
the areas under the ROC curves (AUC) were determined. At each threshold
probabilistic level, the Euclidean distance O was calculated from the distance
between the point corresponding to the threshold on the ROC curve and the perfect
point of coordinate (0,1).

Assessment of the thresholds was conducted by considering triggering and
non-triggering rainfall events that took place at the places corresponding to the
established thresholds. For the ED threshold, the rainfall events that took place in
the whole study area were employed for the assessment. In turn, for the assessment
of the ED™ and ED" thresholds, only the rainfall events at the places classified to the
corresponding susceptibility levels were employed. Furthermore, the considered data
indicated that the rainfall events that caused landslides at the modest level places
had duration no shorter than 4 days; the authors of this paper implied that the
rainfall events of their duration shorter than 4 days did not cause landslides at the
modest level places. Hence, for the rainfalls at the modest level places, only the
rainfall events having their duration no shorter than 4 days were used for the assess-

ment of ED™ threshold.
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3.5 Results and discussions

Table 3.3 summarizes the four contingencies (TP, FP, FN, TN) and the four
skill scores (HR, FAR, HK, O) for ten probabilistic levels (from 5 to 90%) from the ED,
the ED™ and the ED" thresholds. The best compromise between the minimum
number of incorrect landslide predictions (FP, FN) and the maximum number of cor-
rect predictions (TP, TN), indicated by combination of the largest values for the HK
and the smallest value of the 5, were obtained at 15%, 5%, and 10% for the ED, the
ED™, and the ED" thresholds, respectively. Since the assessment of ED™ threshold
was conducted by considering only the rainfall events having a duration no shorter
than 4 days, the number of rainfall in contingency table for the ED™ threshold was
not as high as that reported in the contingency table for the £D" threshold.

Figure 3.7 presents the ROC curves obtained from the ED, ED™, and ED"
thresholds. The areas under the ROC curves (AUC), indicating prediction capability,
are also reported in Figure 3.7. Incorporating landslide susceptibility into the
threshold resulted in an improvement of the threshold performance. Even at very
high and high landslide susceptibility places, the threshold established particularly
these zones (ED" threshold) which exhibited significantly better performance (AUC =
0.89) than the ED threshold (AUC = 0.71). Since there was no non-triggering rainfall
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event laid above the ED™ threshold, this threshold yielded FAR of 0.0 at every
probabilistic level. This character was expressed through the ROC curve of the ED™
threshold that indicated perfect performance with AUC of 1.00. The years in which
landslides occurred at very low to moderate landslide susceptibility places are
presented in Table 3.4. Twenty landslides from thirty-three landslides took place in
two periods (gray shaded rows in Table 4.4); 1) the period from the late 2010 to the
early 2011, and 2) the year 2017. During the period from late 2010 to the early 2011,
there were fourteen landslides were reported in this study. For late 2010, a tropical
depression in November over Southern Thailand caused very heavy rain occupied
widely over southern east-coast. Lastly, the daily maximum rainfall recorded 396
mm/day at Don Sak, Surat Thani. Thereafter in March 2011, an active low pressure
cell caused intense rainfall over the Southern Region of Thailand, resulting in
unprecedented flash floods and landslides in many provinces in Southern of Thai-
land. It was noted that in 2011, Thailand experienced the worst flood in over fifty
years, as volume of flood water occupied more than half the country. For the 2017,
there were six landslides reported in our study. In this year, a significantly strong
southwest monsoon extended over Southern Thailand in January resulting in series
of torrential rainfalls. The total amount of rainfall from December 30" to January
31st exceeded 1,000 mm in many provinces. According to Jin and Fu (2019), the
maximum 24-h accumulated precipitation of up to 330 mm appeared around
Nakhon Si Thammarat province on January 5th and the maximum 24-h accumulated
precipitation of up to 420 mm appeared around the Pattani province on January 7th.
In short, the locations classified to the zone of very low to moderate landslide
susceptibility could suffer from landslide only if they experience unusual torrential
rainfalls. The ED™ threshold established in this study laid above rainfall event of 400
mm which could represent unusual torrential rainfalls, and hence 100% of usual

rainfalls were not predicted.
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Table 3.3 Summary of the four contingencies (TP, FP, FN, TN) and the four skill

scores (HR, FAR, HK, O) obtained from the ED, ED™, and ED" thresholds

for nine probabilistic levels

Probabilistic

Contingencies and skill scores

Threshold level (%)
TP | FN TN FP HR FAR HK Fo)
5 7 3 848 1312 0.96 0.61 0.36 0.61
10 72 8 884 1276 0.9 0.59 0.31 0.6
15 62 18 1299 861 0.78 0.4 0.38 0.46
25 40 | 40 1358 802 0.5 0.37 0.13 0.62
ED 50 21 | 59 2026 134 0.26 0.06 0.2 0.74
75 15 | 65 2046 114 0.19 0.05 0.13 0.81
80 12 | 68 2091 69 0.15 0.03 0.12 0.85
85 8 72 2123 37 0.1 0.02 0.08 0.9
90 4 76 2149 11 0.05 0.01 0.04 0.95
5 28 3 151 0 0.9 0 0.9 0.1
10 26 5 151 0 0.84 0 0.84 0.16
15 26 5 151 0 0.84 0 0.84 0.16
25 23 8 151 0 0.74 0 0.74 0.26
ED™ 50 17 14 151 0 0.55 0 0.55 0.45
75 8 23 151 0 0.26 0 0.26 0.74
80 5 26 151 0 0.16 0 0.16 0.84
85 6 25 151 0 0.19 0 0.19 0.81
90 4 el 151 0 0.13 0 0.13 0.87
5 46 1 800 301 0.98 0.27 0.71 0.27
10 43 4 846 255 0.91 0.23 0.68 0.25
15 41 6 859 242 0.87 0.22 0.65 0.25
25 35 12 900 201 0.74 0.18 0.56 0.31
ED" 50 24 | 23 1052 49 0.51 0.04 0.47 0.49
75 11 36 1069 32 0.23 0.03 0.2 0.77
80 11 36 1078 23 0.23 0.02 0.21 0.77
85 6 41 1081 20 0.13 0.02 0.11 0.87
90 3 44 1086 15 0.06 0.01 0.05 0.94




=
o0

0.6

0.4

Hit rate, HR (-)

0.2

aaq

q=0.05
q=0.1
q=0.15 AUC Category
09-1.0 Excellent
0.8-0.9 Good
0.7-0.8 Fair
q4=0:25 0.6-0.7 Improvement
0.5-0.6 Poor
g=0.5
q=0.75 -+ED threshold (AUC=0.71)
q=0:8 +ED™ threshold (AUC = 1.00 )
9:0%8 +ED" threshold (AUC =0.89 )
0 0.2 0.4 0.6 1

False alarm rate, FAR (-)

Figure 3.7 Receiver operating characteristic (ROC) and corresponding area under the

ROC curve (AUC) of the ED, ED™ and ED" thresholds

Table 3.4 Number of landslides with respect to time that landslide occurred at the

very low to moderate susceptibility places

Number of landslides in modest
Month Year susceptibility places
Moderate Low Very low
1988-2009 a4 2 -
Nov. 2010 3 3
Mar. 2011 3 5
Jan. 2012 2 1
Jul. 2013 1
Nov. 2013
Oct. 2014 1
Jan. 2017 4 2
Jul. 2017
Sep. 2017 1
Nov. 2017 1
Dec. 2017
Mar. 2018
Jul. 2018
Aug. 2018 1
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3.6 Conclusions

Landslide rainfall threshold based on rainfall event and rainfall duration (ED
threshold) was proposed for landslide prediction in the Southern Thailand. Other
than rainfall characteristic, a landslide can be influenced by various spatial factors,
such as slope conditions, lithology, soil type, and hydrologic conditions.
Incorporation of such factors to the rainfall threshold might enhance the
predictability of the rainfall threshold. For this purpose, the landslide susceptibility
maps at provincial level published by the Department of Mineral Resources
(https://gis.dmr.go.th/DMR-GIS/ gis) were used as a proxy to allow the connection
between the ED threshold and the spatial factors. To facilitate the process, five
susceptibility levels, ranging from very low to very high, indicated in the landslide
susceptibility maps, were regrouped to two susceptibility levels (the modest and the
huge susceptibility levels). The modest susceptibility level was a combination of very
low, low, and moderate susceptibility levels indicated in the maps. The huge
susceptibility level was a combination of high and very high susceptibility levels
indicated in the map. Two ED thresholds, namely £D™ and ED" thresholds, were
introduced, each for different susceptibility level. The £D™ threshold was established
for landslide warning at the places classified as very low to moderate susceptibility
levels, while the ED" threshold was established for the places classified as high and
very high susceptibility levels. The following conclusions were drawn from this study:

1) On the basis of the rainfall event that triggered 99 landslides in
Southern Thailand in 1988- 2018, a rainfall event-duration (ED) threshold was
introduced for landslide warning in the whole Southern Thailand. However, the pre-
dictability of the ED threshold was fair with an area under a receiver operating
characteristic curve (AUC) of 0.71.

2) Integration of the landslide rainfall threshold and the landslide
susceptibility map gave a new set of £D thresholds (ED™ and ED" thresholds). These
thresholds provided much better predictions than the original £D threshold. The AUC
for the ED" threshold was 0.89 comparing with AUC of 0.71 for the £D threshold. In
turn, the ED™ threshold provided perfect prediction with AUC of 1.00.
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3) For the landslides reported in this study, it was found that the
landslides in very low to moderate landslide susceptibility level zones were triggered
only by the rainfall events having duration no shorter than 4 days. Under these
conditions, many rainfall events with their duration shorter than 4 days were filtered
out before the assessment of the £ED™ threshold. Furthermore, the cumulated rainfall
of triggered events was found greater than 400 mm, indicating that landslides in such

places would be triggered by unusual torrential rainfall.
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CHAPTER IV
NEW THRESHOLD FOR LANDSLIDE WARNING IN THE SOUTHERN
PART OF THAILAND INTERGRATES CUMULATIVE RAINFALL WITH
EVENT RAINFALL DEPTH-DURATION

4.1 Introduction

Landslides are considered as one of major natural hazards that result in
economic and human losses every year. Risk analysis and assessment is an important
tool for landslides management. In fact, risk assessment has been broadly applied in
various geotechnical works (Lyu et al 2020; Lin et al. 2021a, b, c; Kardani et al. 2021,
Zheng et al. 2021). As for risk assessment in landslides, reliable landslides early
warning system (LEWS) is one of the vital components. Because of ease in
measurement of their monitoring variables, landslide rainfall thresholds are
extensively used as part of developing an efficient LEWS. Since Thailand is not
among the world’s landslide hotspots, limited attempts have been devoted to
establish landslide rainfall threshold in Thailand. According to Segoni et al. (2018),
there is only one landslide rainfall threshold in Thailand (Kanjanakul et al. 2016)
published in journals indexed in Scopus or ISI Web of Knowledge database during
2008-2016. It is a threshold, which was defined using monthly rainfall measures,
established for a very specific place, i.e., at Sichon District in Nakhon Si Thammarat
Province, Southern Thailand. However, landslide events in Thailand have caused
significant damage to residents and infrastructure, and loss of human life as reported
in Phien-Wej et al. (1993), Yumuang (2006). Accordingly, this study aims to determine
the appropriate landslide-triggering rainfall threshold for the south of Thailand. The
south of Thailand sits on a narrow peninsula between the Gulf of Thailand to the
east and the Andaman Sea to the west. As reported by Arai et al. (2019), the mean
annual rainfall in the south during 1981-2017 was more than 2000 mm, versus about

1500 mm from the center to the northern and northeastern regions in this country.
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According to Department of Mineral Resources (2019), this region experiences rainfall-
triggered landslides most frequently comparing to other regions of Thailand.

There are ways the threshold can be determined: using a physical approach
or an empirical approach. Since the physical approach requires high-resolution
images and relevant data such as groundwater conditions, shear strength of sloping
soils, and geological soil profiles, it is more suitable for the assessment of conditions
over small areas (Guzzetti et al. 2007a, b). The empirical approach, which is more
widely employed, uses the statistical analysis of rainfall datasets collected in the
area that experienced the rainfall-triggered landslide. The thresholds established by
the empirical approach can be grouped into three categories: (1) thresholds obtained
from precipitation measurements for specific landslide events, (2) thresholds based
on cumulative or antecedent rainfall conditions, and (3) other thresholds,
incorporating hydrological thresholds (Guzzetti et al. 2007a, b). Thresholds in the first
category are the most widely used since they are easy to establish and require few
input data (Rosi et al. 2020). The most commonly used type of rainfall threshold is
the intensity—duration (/D) threshold. Since the introduction of the first global /D
threshold by Caine (1980), reports have been published about the threshold by
Peruccacci et al. (2012); Segoni et al. (2014); Gariano et al. (2015); Peruccacci et al.
(2017); and Guzzetti et al. (2005a) and (2005b). The literature also contains reports
about the rainfall eventduration (ED) threshold (Vennari et al. 2014; Vessia et al.
2014; He et al. 2020; Gariano et al. 2020; Peruccacci et al. 2017). Gariano et al. (2020)
pointed out that the two rainfall variables in the ED threshold are not dependent on
each other, whereas in the case of the ID threshold, the average rainfall intensity
depends on the rainfall duration. For this reason, the ED threshold was preferred in
this study since two rainfall parameters must be considered independently.

One key important of determining a threshold based on a precipitation event
is the identification of the starting point of the rainfall event (Guzzetti et al. 2008). To
resolve this problem, studies by Kim et al. (1991); Dahal and Hasegawa (2008); Glade
(2000); Hasnawir and Kubota (2008); Giannecchini et al. (2012); and Khan et al. (2012),
focused either on the relationship between daily rainfall and cumulative rainfall or

used /D thresholds established from continuous rainfall events. This approach avoids
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the need to identify the start point of a rainfall event. Furthermore, the rainfall event
and the cumulative rainfall are implicitly incorporated. Although this approach
underpins reports that both event and antecedent rainfalls influence slope stability
(Rahardjo et al 2011; Rahimi et al. 2011; Wicki et al. 2020; Rosi et al. 2020; Kim et al.
2020; Yang et al. 2020), it might lead to misinformation in some magnitudes of event
rainfall. Based on the aforementioned concerns, this paper aims to: (1) establish an
ED threshold for the south of Thailand through a suitable criterion that identifies the
starting point of event rainfall and (2) explicitly incorporate a cumulative rainfall
variable to the event rainfall threshold.
4.1.1 Data collection

Ninety-two landslide events that took place in the south of Thailand
from 1988 to 2018 were considered. Data were collected mainly from scientific
papers published by the Department of Mineral Resources, Ministry of Natural
Resources and Environment and partly from local newspapers. Landslide information
had to convey at least the following details: (1) the date of the occurrence of the
landslide, (2) the location of the landslide event, and (3) consequential damages.
Among 92 events, 50 events took place on the east side of the study area and the
42 events took place on the west side. The rainfall data associated with each
landslide were gathered from Thai Meteorological Department (TMD) rain gage
stations located in the catchment area where the considered landslide is located.
The locations of landslide events and TMD rain gage stations in the study area are
indicated in Figure. 4.1. Inverse distance weighting (/DW), which assigned a larger
weight, based on inverse functions of distance, to a station closer to a landslide
location than a station further away, is most commonly used method and usually
used as standard method for comparison (Li et al. 2011). Although it is deterministic
or non-geostatistic modeling, number of literatures reports that IDW is one of reliable
methods for spatial interpolation in various applications, i.e., point spread function
(Gentile et al. 2012), baseflow and baseflow index (Ditthakit et al. 2021). As for
interpolation of rainfall data, Kong and Tong (2008), Kurtzman et al. (2009), Chen et
al. (2010), Yang et al. (2015), among others, reported successful application of IDW in

various locations. Accordingly, IDW was employed in this study to approximate
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rainfall data at the landslide locations. Figure 4.2 presents the distribution of
landslide events on the west side (Figure. 4.2a) and the east side (Figure. 4.2b) with
respect to the different monsoon periods: southwest, northeast, and pre-monsoons.
The southwest monsoon blows from the Indian Ocean during June to September. It
brings more rain to the west side than the east. During November to January,
northeasterly winds bring heavy rainfall to the east side. As expected, on the east
side, more landslides (46%) occurred during the northeast monsoon than at any
other time, while more landslides (43%) on the west side occurred during the
southwest monsoon. On the west side, 36% of landslides took place during the pre-
monsoon period compared to 16% on the east side.
4.1.2 Geological setting of the study area

Southern Thailand lies on the narrow part of the Malay Peninsula
whose landforms comprise two parallel mountain chains running north-south: the
Phuket and Nakhon Srithammarat ranges; situated to the west and east, respectively.
Alluvial fans, foothills, alluvial plains, and coastal plains can be found alongside the
ranges. Geologically, the southern part of Thailand consists of a succession of
Paleozoic and Mesozoic sedimentary and metamorphic rocks, intruded by Late
Paleozoic to Mesozoic igneous rocks, and covered by Cenozoic sedimentary rock or
sediments. According to Ridd et al. (2011), the upper part of the study area is
dominated by upper Paleozoic sedimentary rock, which is intruded by chains of
granitic bodies rising up to 1000 m in height through forested mountains. The lower
part of the study area comprises a main chain of granitic mountains which continues
north into the Gulf of Thailand, forming islands such as Koh Samui, Koh Phangang,
and Koh Tao. Khao Luang, where the worst landslide disaster in Thailand took place
in 1988, belongs to this chain of granite bodies. Since many landslides have occurred
on Khao Luang, reports of landslide investigations in this area have indicated that
most landslides developed within a thin layer of residual soil even though the
weathering of granite was more than 10 m deep

Due to the tropical temperatures and high annual precipitation,
weathering of granitic rocks in the study area is generally deep. The residual soils

consist of a thin capping veneer of sandy to silty clay which changes transitionally to
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a clayey to silty, coarse sand layer that preserves some relics of the rock structure.
This layer, which is very hard but friable when dry, becomes weak when wet. Its
medium permeability permits easy water filtration and a build-up of high-water
pressure underneath the capping layer. These physical characteristics of the

weathered materials make them susceptible to slide or flow on steep slopes.
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Figure 4.1 Location of the landslide as depicted by the black triangle, and location
of the Rain station shown by the black circle. The area in thick black line
represents catchment area locations. The thin black line area is a
representation of sub catchment area locations. The gradient black and
white area will show the elevation value of the area. (Figure created using
ESRI ArcGIS 10.5 software, https://www.esri. com/en- us/arcgis/ about-

arcgis/overview)
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Figure 4.2 Number of landslide events (the proportion is presented in parenthesis)
associated with different monsoon periods; including southwest,
northeast, and pre-monsoons, on the west side (Figure. 4.2a) and on the

east side (Figure. 4.2b) of the study area

4.1.3 Rainfall characterization

In order to characterize a rainfall event in the study area, criteria must
be identified that enable distinction between two consecutive rainfalls. The inter-
event criterion (/EC) used in this study to separate two consecutive rainfalls is shown
in Figure. 4.3. The inter-event criterion /ECagis a combination of the rainfall intensity
threshold A and rainfall duration B. In Figure. 4.3, if rainfall intensity is no greater than
A mm/day for at least B consecutive days, two consecutive rainfall events were
considered to have occurred, defined by two different results. Conversely, if the
rainfall intensity and duration between two rainfalls do not meet the /EC, these two
rainfalls are not separate and are considered as one continuous rainfall.
Determination of a suitable /EC is crucial for establishing the landslide-triggering
rainfall threshold. An /EC which is easy to meet might result in the rejection of some
continuous rainfall, and an /EC which is hard to meet might produce too long a
rainfall duration that includes independent rainfall events. Saito et al. (2010) used a
24-h duration to define a rainfall event in Japan; Brunetti et al. (2010) proposed
different periods without rainfall for late spring and summer (2 days) and for the

other seasons (4 days). In South Korea, Hong et al. (2017) analyzed /D thresholds
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through skill scores; including receiver operating characteristic (ROC) plots and threat
scores (TS), and concluded that 12 h was a suitable interevent time for separating
two different rainfall events for landslide prediction. In this study, the suitable /EC
was identified using rainfall data from the years in which landslide events occurred in

the study areas.

Rainfall Intensity [mm/day]

Antecedent rainfalls Landslide — triggering rainfall event

________________________________

:—L Landslide
i occurrence

A [mm/day] | |

]|||i ||lﬂ|<é”

B >B

l ] 11!
>B <B

Time [day]

Figure 4.3 Definition of inter-event criteria used to separate two consecutive rainfalls

in this study

Table 4.1 A set of inter-event criteria used to characterize rainfall data in the study

area
Rainfall intensity, A Number of days, B (day)
(mm/day) 1 2 3
0 IECos IECo, IECo.5
1 IEC,, IEC,, IEC, 5
2 IEC,. IEC,, IEC,
5 IECs, IECs., IECs 5

A set of twelve variables examined to identify the suitable /ECag is given in
Table 4.1. Statistics of rainfall characteristics including rainfall depth, rainfall intensity,

and rainfall duration, calculated from the different JEC are given in Table 4.2. The
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max, mean and standard deviation for rainfall depth more than doubled, as rainfall
duration increased from 1 to 3 days, except when the rainfall intensity threshold was
equal to 5 mm/day. We inferred that setting rainfall intensity threshold A at 5
mm/day reduced the sensitivity of the rainfall depth to the B variable. From the data
for years corresponding to studied landslide events, the average rainfall intensity
ranged from 7.4 mm/day at /ECy; to 15.3 mm/day at /ECs;. The average rainfall
intensity was more sensitive to variation of A than variation of B. A greater value of A
resulted in a higher average rainfall intensity. As for the rainfall duration, the average
rainfall duration varied widely from 2.6 days at /ECs; to 21.9 days at IECy3. The max,
mean and standard deviation of rainfall duration became lower with the increasing
magnitude of A. Furthermore, at low magnitudes of A, the max, mean and standard
deviation for rainfall duration were more sensitive to variation in B than the max,
mean and standard deviation for rainfall duration at high magnitudes of A.

In order to determine a suitable /EC, two consecutive rainfalls were identified
for each /EC. All inter-event times between the two consecutive rainfalls were read
and then employed to calculate the variation coefficient (CV) of inter-event times,
where the CV was the ratio of the standard deviation to the mean. Based on an
assumption that inter-event times have an exponential distribution for which the
mean equals the standard deviation (Bonta and Rao. 1988), the suitable /EC was
identified on the basis of a variation coefficient (CV) of inter-event times equal to 1.0.
Since the suitable /EC can vary depending on seasonal and climatic conditions, and
there is a clear distinction between two consecutive rainfalls in the pre-monsoon
period, the determination of the suitable /EC was based on a dataset that excluded
rainfall events in the pre-monsoon period. The /ECs that returned a CV near 1.0 were
selected as candidate suitable criteria. Based on Table 4.3, which presents statistics
of rainfall inter-event time, there were two inter-event criteria that gave a CV close to

1.0: /ECZ,l and /EC5’1‘
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Table 4.2 Basics statistics of rainfall depth corresponding to various inter-event

criteria
Rainfall intensity Rainfall duration
Rainfall depth (mm)
(mm/day) (day)

IEC,5

Max | Mean | SD Max Mean SD Max Mean SD
IECo; | 19169 | 583 | 133.1 | 1159 79 11.1 | 67.0 6.3 7.6
IEC,, | 4007.8 | 124.5 | 256.2 | 101.4 7.7 10.7 | 190.0 14.1 18.8
IECos | 4019.7 | 197.7 | 3d9.8 | 63.4 7.4 9.1 196.0 219 | 283
IEC,; | 1351.1 | 44.7 | 101.8 | 142.6 9.5 12.0 | 53.0 4.0 4.0
IEC,, | 1916.6 | 85.6 | 167.7 | 142.6 9.2 12.0 | 65.0 8.4 9.1
IEC;5 | 2739.0 | 146.3 | 257.6 | 142.6 9.2 12.0 | 195.0 15.2 18.0
IEC,, | 1351.1 | 41.2 97.5 153.9 11.0 13.1 26.0 3.1 3.0
IEC,, | 1881.1 | 66.9 | 145.4 | 142.6 10.2 124 | 61.0 58 6.3
IEC,5 | 21258 | 116.6 | 213.1 | 142.6 10.4 13.1 92.0 11.1 124
IECs, | 1311.6 | 43.6 | 102.0 | 14538 15.3 16.1 24.0 2.6 2.6
IECs, | 13239 | 54.1 | 128.1 | 14538 13.3 13.1 32.0 3.5 3.5
IECs5 | 1397.1 | 72.1 | 165.7 | 125.0 12.9 12.8 57.0 5.1 6.4
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Table 4.3 Basic statistics of interevent duration corresponding to various inter-event

Criteria
Inter-event
Max. (day) Mean (day) SD (day) cv
criteria

IECo 4 30 4.1 5.1 1.23
IECo 26 5.0 4.5 0.9
IECo 5 25 6.7 4.2 0.64
IEC, 4 29 3.5 3.9 1.13
IEC,, 30 5.1 4.8 0.93
IECy 3 28 6.8 4.8 0.71
IEC;, 28 4.3 4.4 1.03
IEC,, 30 6.1 5.6 0.92
IEC,3 30 8.0 6.3 0.79
IECs, 30 5.7 6 1.05
IECs, 29 7.0 5.6 0.79
IECs 5 30 7.4 5.5 0.73

4.2  Event rainfall depth=duration (ED) threshold

The event rainfalls that corresponded to the 92 landslides studied were

established based on the inter-event criteria IEC,; and IECs;. They are presented in

double logarithmic rainfall event depth-duration planes in Figure 4a, b, respectively.

Rainfall events that took place on the west side are represented by an open triangle

and those on the east side are represented by a cross. To determine whether there

were any differences between the distributions of the two plots, we conducted a 2-
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dimensional Kolmogorov Smirnov test, which extends an earlier idea due to Peacock
(1983) and an implementation proposed by Fasano and Franceschini (1987). Table
4.4 presents the Kolmogorov-Smirnov statistic D with significance level for the event
rainfall depth versus duration established using /EC,; and /ECs;. The significance
levels for both inter-event criteria were greater than 0.90. These results indicated
that there was no significant difference between the event rainfall depth and
duration that satisfied the criteria IEC,; and IECs, for landslides studied on the east
side and those studied on the west side. Therefore, the ED threshold could be
established by combining rainfall data corresponding to landslides on both sides of
the study area. The landslide-triggering rainfall threshold was analyzed using rainfall

event depth and duration based on Eq. 4.1.

log,, E=a+blog,, D (4.1)

where g and b are regression coefficients. With the above relationship, the
threshold gave a straight line in double logarithmic scale. ED thresholds are given at
a probability level of 5% corresponding to landslide-triggering rainfalls defined by
inter-event criteria IEC,; (Figure. 4.43) and /ECs; (Figure. 4.4b). Quantile regression,
which was introduced by Koenker and Bassett (1978), to fit specified percentiles of a
response, was performed in the R program using the package “quantreg” (Koenker et

al. 2001; Koenker 2009).
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Table 4.4 Two-dimensional Kolmogorov-Smirnov test results determined the

variation in the distributions of the scatter plots (in double logarithmic

rainfall event depth—duration plane) for event rainfalls corresponding to

landslides on the west and east sides of the study area

Inter-event | Kolmogorov-Smirnov statistic Corresponding probability
criteria D (Significant level)
IEC,, 0.383 0.936
IECs 0.445 0.976
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Figure 4.4 Scatter plot, in double logarithmic rainfall event depth-duration plane, of

92 triggering events established using (a) /EC,; and (b) /ECs;. Rainfall
thresholds at probability level of 5% based on triggering events defined
by inter-event criteria (a) IEC,, and (b) IECs

The performances of these thresholds were assessed through analysis of the

contingency matrix, skill scores, and the receiver operating characteristic (ROC). The

contingency matrix comprised four scenarios; including true positive (TP), true

negative (TN), false positive (FP), and false negative (FN). These scenarios were based

on two conditions (1) whether rainfall triggers a landslide or not, and (2) whether the

threshold gives a warning or not. As depicted in Figure. 4.53, true positive (TP) stood



61

for the outcome that the landslide was correctly predicted, false negative (FN)
indicated a missed alarm in which case a landslide took place without prediction,
false positive (FP) indicated a false alarm in which case a landslide was forecasted
but did not take place, and true negative (TN) stood for the correct prediction of a
rainfall event without a landslide. Skill scores, including hit rate (HR) and false alarm
rate (FAR), were calculated according to Equation. 2, and 3, respectively. The optimal
prediction was one that yielded an HR of 1 and an FAR of 0. The distance between
the optimal prediction and the prediction result could indicate the performance of
the prediction: the closer the prediction result to the perfect point, the better the
prediction performance. The receiver operating characteristic (ROC) curve, HR against
FAR, was plotted at various probabilistic levels of landslide threshold and the areas
under the ROC curves (AUC) were determined. The larger the AUC, the better the
predictive capability.

TP

R=— (4.2)
TP+ FN

FP

FAR=——
FP+TN

(4.3)
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Figure 4.5 (a) Definition of true positive (TP), true negative (TN), false positive (FP),
and false negative (FN) in the contingency matrix. Results from quantile
regression at various probability levels and scatter plot, in double
logarithmic rainfall event depth-duration plane, of triggering events and

non-triggering events in established using (b) /EC,; and (c) /ECs,

Figure 4.5b, c depicts scatter plots, in double logarithmic rainfall event
depth—duration plane, of triggering and non-triggering rainfall events together with

thresholds at various probabilistic levels from 5 to 95% for the inter-event criteria
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IEC;, and IECs 4, respectively. The ROC curves are given in Figure. 4.6. Each curve was
drawn for rainfall data created using each /EC and the dots on each curve represent
the variation of the threshold setting. The area under ROC curve (AUC) for the inter-
event criteria IECs; was slightly greater than the AUC for the inter-event criteria IEC, ;.
However, at high HR, the ROC curve for IEC,, possesses the notable lower FAR than
the ROC curve for IECs; does. The ED threshold based on IEC,, is preferable to the
ED threshold based on IECs ;. Hence the ED threshold based on IEC,; will be further
elaborated and proposed as the threshold for the study area. This ED threshold

could be written as:

log,,(E) =3.322+1.13log,, (D) (4.4)

0.8 r

e
)

Hit Rate,HR (-)
o
B

«~" —ED threshold IEC;1 (AUC=0.705)
-+ ED threshold /ECs ; (AUC=0.719)

- Random chances
0 0.2 0.4 0.6 0.8 1
False alarm rate,FAR (<)

0.2

Figure 4.6 Receiver operating characteristic (ROC) curves for ED thresholds established

based on inter-event criteria /EC2,1 and /EC5,1

4.3 CED Threshold: an integrated cumulative rainfall with event

rainfall depth =~ duration threshold
Figure 4.7a presents rainfall depth on a failure day (DR) with respect to
cumulative rainfall over various periods prior to the failure day. A 1:1 line divides the

plots into two zones to clarify bias in the scattering toward either rainfall depth on a
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failure day (y-axis) or cumulative rainfall prior to failure (x-axis). The plot reveals that
the occurrence of landslide events was biased toward cumulative rainfall prior to
failure rather than rainfall depth on a failure day. In other words, out of 92 landslide
events, most took place under the influence of cumulative rainfall prior to failure.
The plots confirm that cumulative rainfall prior to failure plays a bigger role in the
occurrence of landslides than the rainfall depth on a failure day. Figure 4.7b-f are
the plots of DRy with respect to cumulative rainfall over 3 (CRs), 10 (CRyq), 15 (CRys),
20 (CRy), and 30 (CRsp) days prior to the failure day, respectively. Seventy-six cases
were biased toward CR3. The bias toward cumulative rainfall increases as the
number of cumulative days increases and reaches a maximum of 91 cases at
cumulative rainfall beyond 20 days. From Figure. 4.7e, a 20-day cumulative rainfall of
100 mm was an indicator that could potentially be used as a landslide threshold in

the studied area.
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Figure 4.7 Rainfall depth on a failure
rainfall depth (3, 10, 15, 20

day is plotted with respect to cumulative

, 30 days) before the failure day (a). CRs (b),

CRyp (0), CRy5 (d), CRyg (e), and CRsq (f) show relationships between rainfall

depth on a failure day and 3-, 10-, 15-, 20-, and 30-day cumulative

rainfall depth before the failure day

The variable CR,, then had to be integrated to the ED threshold. To do so,

three rainfall variables, CRy, E, and D, were plotted in three-dimensional space

(Figure. 4.8). This threshold was named the CED threshold, standing for cumulative

rainfall integrated with event rainfall depth-duration threshold. Setting CR,, on the z-

axis, the warning zone was defined by shifting the ED threshold 100 mm along the z-

axis. The warning zone in Figure. 4.8 is the zone above the gray-shaded area. The
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performance of the 3D threshold was compared with that of the ED threshold
through ROC curves and skill scores. The ROC curves are given in Figure. 4.9. For the
ED threshold and the CED threshold, the areas under the ROC curves (AUC) were
0.705 and 0.944, respectively, indicating that the predictive capability of the CED
threshold was much better than the predictive capability of the ED threshold. Since
many rainfall events having CR,, lower than 100 mm were excluded from the FP
score, the false alarm rate produced by the CED threshold is much lower than the
false alarm rate produced by the ED threshold. Since 4 out of 92 landslide events
had CR,o lower than 100 mm (Figure. 4.7e), at low probabilistic levels, four fewer true
positive (TP) events were indicated by the CED threshold than by the ED threshold.
Accordingly, at low probabilistic levels, the HR of the CED threshold was a bit lower
than the HR of the ED threshold. At a 5% probabilistic level, the HR of the CED
threshold was 0.918 compared with an HR of 0.965 for the £D threshold.
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Figure 4.8 CED threshold plotted in three -dimensional space
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Figure 4.9 Receiver operating characteristic (ROC) curves for ED and CED thresholds

4.4 Conclusions

Rainfall events corresponding to 92 landslides in the south of Thailand were
used to establish a landslide-triggering rainfall threshold. Event rainfall and cumulative
rainfall were found to play important roles in landslide initiation in the study area.
Event rainfall depth (E), duration of event rainfall (D), and cumulative rainfall depth of
20 days prior to the failure day (CRs), were explicitly included in the threshold in a 3-

dimensional plot. The following conclusions were drawn from this study.

® The suitable inter-event criterion to separate two consecutive rainfalls
(IEC) was identified using three parameters: (1) an inter-event criterion
(IEC) that returned the variation coefficient (CV) of inter-event times
closest to 1.0, (2) an IEC that returned the highest value of the AUC of
receiver operating characteristic curves, and (3) an /EC that, at high HR,

possess the lower FAR.

® Based on the procedure stated above, the suitable inter-event
criterion was [EC,;. This variable describes a rainfall condition having
an intensity no greater than 2 mm/day for at least 1 consecutive day.

Event rainfalls based on /EC,; was used to draw an ED threshold. The
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proposed ED threshold was based on quantile regression at a
probability level of 5% and it is written as: log;o(F) = 3.322 + 1.13
log(D).

Cumulative rainfall of 100 mm for 20 days prior to a failure day (CRy,)
was chosen as an extra rainfall variable added to the proposed ED
threshold. The new threshold, namely the CED threshold, was plotted
in 3-dimensional space integrating two rainfall variables from event

rainfall and one variable fromm cumulative rainfall.

The new CED threshold is implemented by assessing of the CRy, first
followed by assessment of the event rainfall using the ED threshold.

The implementation is conducted in the following manner:

The CR,y assessment determines whether cumulative rainfall exceeds

100 mm.

If the CR, is not over 100 mm, it is presumed that land sliding will not
happen. If CRyq is equal to or more than 100 mm, the event rainfall
will be assessed through the £D threshold. If the event rainfall returns
a rainfall depth and duration above the ED threshold, the landslide

warning will be activated.

Although the CED threshold provides a little lower hit rate (HR) than
the ED threshold does, the CED threshold performs much better in
terms of false alarm rate (FAR) than the ED threshold does since many
rainfalls are filtered by the 20-day cumulative rainfall (CR,o) lower limit
of 100 mm prior to the assessment of the event rainfall.

The area under the receiver operating characteristics curve (AUC) was
significantly bigger for the CED threshold than for the ED threshold.
This result indicates the superiority of the CED threshold, particularly

in the view of the respective false alarm rates.
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CHAPTER V
LANDSLIDE RAINFALL THRESHOLD FOR LANDSLIDE WARNING
IN NORTHERN THAILAND

5.1 Introduction

Every year, landslides result in economic and human losses. Understanding,
managing, monitoring, and preventing these major natural hazards can mitigate the
human and economic impacts. Studies of the many different aspects of landslide
hazards have investigated triggering factors and hydrological responses
(Chinkulkijniwat, Yubonchit et al.2016; Chinkulkijniwat, Horpibulsuk et al., 2016; 2019,
Yang et al. 2021), biological stability (Indraratna et al. 2006), and landslide hazard
assessment ( Grozavu and Patriche 2021). Work carried out on landslide risk
assessment has made some of the most vital contributions to landslide mitigation
measures. Since rainfall is known to be an important factor in landslide events (lida
2004; Fan et al. 2016), landslide rainfall thresholds are commonly utilized as an
important component of landslide early warning systems (Guzzetti et al. 1994; Aleotti
2004; Wieczorek and Glade 2005; Ya’acob et al. 2019; Maturidi et al. 2020; Yang et al.
2020; Rosi et al. 2021). The most common parameters used to define landslide-
triggering rainfall thresholds are based on event rainfall parameters, particularly the
parameter that combines rainfall intensity and rainfall event duration, known as the
ID threshold (Caine 1980; Crosta and Frattini 2001; Ahmad 2003; Aleotti 2004;
Guzzetti et al. 2008; Yubonchit et al. 2017). Since the rainfall variables used to
predict the /D threshold are not independent (Gariano et al. 2020), certain studies
(Vennari et al. 2014; Vessia et al. 2014; Gariano et al. 2015; Peruccacci et al. 2017;
Gariano et al. 2019; He et al. 2020; Germain et al. 2021; Lee et al. 2021) have
preferred to use a threshold that takes into account event rainfall and rainfall

duration, known as the £D threshold
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Thailand’s Northern Region regularly experiences rainfall-triggered landslides
that cause tragedy, injuries and loss of life (Yumuang 2006; Teerarungsigul et al. 2016;
Komolvilas et al. 2021). In 2001, 176 people lost their lives in rainfall-triggered
landslide events in the area. In 2006, 87 fatalities were recorded, andin 2018, eight
people died but 260 casualties were reported. In 2003, Thailand’ s Environmental
Geology Division reported that 6563 villages, in 1084 rural subdistricts, in 54
provinces, mostly in Northern Thailand, were located in landslide hazard zones.
According to Segoni et al. (2018), who conducted a review of the recent literatures
on rainfall thresholds for landslide occurrence published in journals indexed in
Scopus or ISI Web of Knowledge database during 2008-2016, there was only one
report for landslide rainfall threshold in Thailand (Kanjanakul et al. 2016) during the
period of 2008-2016. The present work determines a landslide rainfall threshold at
regional scale for Northern Thailand. The introduced threshold was modified from a
landslide rainfall threshold for the Southern Thailand region that combined
cumulative rainfall with rainfall event - duration, known as the CED threshold (Salee
et al. 2022). The modification was achieved by portioning the CED threshold to two
portions; one for short duration rainfall events and the other for long duration rainfall
events. In general, the short duration, high intensity rainfall events involved shallow
landslides, while the long duration, low to medium intensity rainfall events caused
deep seat landslides (Caine 1980; Giannecchini et al. 2012, 2015; Zhang et al. 2019).
Taking rainfall duration into account in an established landslide rainfall threshold, the
difference mechanism of landslide formation might be incorporated to the threshold.
Contingency tables and sets of skill scores were used to assess the performances of
the thresholds. The threshold introduced in this study will be useful for rainfall-
triggered landslide warning in Northern Thailand. Furthermore, this study shows the
first attempt to incorporate the difference mechanism of landslide formation by

dividing the CED threshold to two portions for difference durations of rainfall event.

5.2  Background of the study area
The Northern Thailand region (Figure 5.1) consists of nine administrative

provinces, namely Chiang Rai, Mae Hong Son, Chiang Mai, Lamphun, Lampang,
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Phayao, Nan, Phrae, and Uttaradit. The region covers approximately 93,691 km? The
landscape of Northern Thailand is dominated by mountain ranges in the western and
northeastern parts of the region. Theses ranges are part of the wider system that
covers neighboring Burma and Laos. Broadly defined based on geological
composition, there are two mountainous subsystems in the study area. In the
western part of the region, mountains run southwards from the Daen Lao Range with
the two parallel chains of the Thanon Thong Chai Range, which includes the highest
mountain in Thailand, Doi Inthanon (2,565m above mean sea level). In the
northeastern part of the region, parallel ranges extending into northern Laos include
the Khun Tan Range, the Phi Pan Nam Range, the Phlueng Range, and the western
part of the Luang Prabang Range. There also exists a set of strike-slip faults in this
region. However, landslides triggered by seismic events are rare in Thailand, and the
most recent earthquakes in 2006 and 2014 did not lead to significant landslides
( Schmidt-Thom e et al. 2018). The annual average minimum and maximum
temperatures are 4 and 40 °C, respectively. The average annual rainfall of 943.2mm
is spread over 122 days on average. Rainfall in this area is under the influence of the
southwest monsoon, which starts in May and ends in October. Streams of warm
moist air from the Indian Ocean bring abundant rain to the region, especially to the
windward side of mountain ranges. However, the southwest monsoon is not the only
source of precipitation during this period. The influence of the Inter Tropical
Convergence Zone and tropical cyclones can also deposit large amounts of rain.
Based on the available records, all major landslides in this area have been triggered
by heavy rainfall caused by tropical cyclones. Landslides in Phare and Phetchabun
provinces in 2001 were triggered by continuous heavy rain that fell during Typhoon
Usagi. Several landslides in Uttaradit, Sukhothai, Phrae, Lampang and Nan provinces
in 2006 were caused by continuous heavy rainfall in the wake of Typhoon Xangsane.
More recently, in 2018, landslides at Huay Khab village in Nan province followed ten

days of continuous rainfall caused by Typhoon Son-Tinh.
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Figure 5.1 Location of the landslide as depicted by the red cross on black circle, and
location of the Rain station shown by the white triangle. The area in dot-
dash line represents boundary of catchment area. The thin dot line
represents boundary of sub catchment area. The gradient color shows the

elevation value of the area.

5.3 Data collection and rainfall characterization

This study considered 59 landslide events recorded in Northern Thailand
during the years 2002 to 2018. Data were collected mainly from scientific papers
published by the Department of Mineral Resources, Ministry of Natural Resources and
Environment and partly from local newspapers. For an event to be taken into
consideration, the available information had to convey at least the following details:
(1) the date of the occurrence of the landslide, (2) the location of the landslide
event, and (3) consequential damages. Triggered and non-triggered rainfall data from
the years when these landslide events occurred were gathered from Thai

Meteorological Department (TMD) rain gauge stations. These rain gauge stations
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located in the catchment area where the considered landslides were located. The
locations of landslide events and TMD rain gauge stations in the study area are
indicated in Figure 5.1. To estimate rainfall at landslide locations, rainfall data from
TMD rain gauge stations was processed by use of Inverse Distance Weighting (IDW).
Based on inverse functions of distance, IDW assigned a larger weight to a station
closer to a landslide location than it assigned to a station further away. Although,
IDW is a deterministic model, it has been considered a reliable method of spatial
interpolation in applications such as point spread function (Gentile et al. 2013), and
baseflow measurement and baseflow index calculation (Ditthakit et al. 2021). IDW
has also been successfully applied to the interpolation of rainfall data in various
locations by Kong and Tong (2008), Kurtzman et al. (2009), Chen et al. (2010), and
Yang et al. (2015) among others.

In order to characterize rainfall in this region, criteria must be identified that
enable distinction between two consecutive rainfalls. The inter - event criterion (/EC)
used in this study to separate two consecutive rainfalls is shown in Figure 5.2.

In Figure 5.2, the inter-event criterion /EC,5is a combination of the rainfall
intensity threshold A and duration B. The condition that distinguished two
consecutive rainfall events had to satisfy the combined criterion. If rainfall intensity
was no greater than A mm/day for at least B consecutive days, two consecutive
rainfall events were considered to have occurred. Conversely, if the rainfall intensity
and duration of two rainfalls did not meet the /EC,p5, these two rainfalls were
considered as one continuous rainfall. The determination of a suitable /EC was crucial
to establishing a suitable landslide-triggering rainfall threshold. An /EC which is easy
to meet might result in the rejection of a continuous rainfall, and an IEC which is
hard to meet might produce too long a rainfall duration that includes independent

rainfall events.
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Figure 5.2 The chart shows how consecutive rainfall events were determined to
have satisfied both conditions of the inter-event criterion used to define

a single rainfall event in this study.

In this study, the suitable /EC was identified using all rainfall data (both
tricgered and non-triggered rainfall events) from the years in which landslide events
occurred in the study areas. Since the suitable /EC can vary depending on seasonal
and climatic conditions, and there is a clear distinction between two consecutive
rainfalls in the pre-monsoon period, the determination of the suitable /EC in this
study was based on a dataset that excluded inter-event rainfall in the pre-monsoon
period. Twelve sets of variables A and B were examined to identify the suitable
IEC4 . For each IEC,p, all inter-event times between every consecutive rainfalls were
read and then employed to calculate the mean and the standard deviation of the
inter-event times. Based on an assumption that inter-event times have an
exponential distribution for which the mean equals the standard deviation (Bonta
and Rao 1988), the suitable /EC was identified on the basis of a variation coefficient
(CV) of inter-event times equal to 1.0. The variation coefficient (CV), defined as the
ratio of the standard deviation to the mean, was calculated and presented in Table
5.1. As expressed in Table 1, the /EC that returned the CV closest to 1.0 was the
IECs;, which stands for the condition that rainfall intensity was no greater than 5

mm/day for at least 1 days.



81

Table 5.1 Basic statistics of inter-event duration corresponding to various inter-event

criteria.
Mean SD cv
Inter-event criteria

[day] [day] [-]
IECo, 3.00 3.49 1.16
IECo, 5.32 4.02 0.75
IECy 5 6.81 4.03 0.59
IEC, 3.19 3.64 1.14
IEC,, 5.79 4.60 0.79
IEC, 7.25 4.62 0.64
IEC,, 3.30 3.64 1.10
IEC,, 5.06 4.07 0.80
IEC, 5 6.67 4.21 0.63
IECs 4 3.64 3.79 1.04
IECs, 5.10 4.04 0.79
IECs 5 6.52 4.18 0.64

Table 5.2 Frequency distribution of rainfall duration.

Duration Number of rainfall events Number of rainfall events

[day] gl [ % ]
1 881 46.8
2 410 21.8
3 298 15.8
4 121 6.4
5 56 3
6 48 2.6
7 37 2
8 14 0.7
9 9 0.5
11 2 0.1
12 2 0.1
13 1 0.1
15 2 0.1
17 1 0.1

Remark: The rainfall events were defined by /ECs ;.



Table 5.3. Frequency distribution of rainfall event in mm.
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Cumulated number
Rainfall Number of rainfall Number of rainfall ]
o
events events events
rainfall event
[ mm] [-] [% ] [% ]
0-10 658 35.0 35.0
11 -20 356 18.9 539
21-30 250 13.3 67.2
31-40 179 9.5 76.7
41 - 50 114 6.1 82.8
51-60 46 2.4 85.2
61-70 62 3.3 88.5
71-80 33 1.8 90.3
81-90 44 2.3 92.6
91 - 100 24 e 939
101 -
36 1.9 95.8
110
111 -
12 0.6 96.4
120
121 -
14 0.7 97.1
130
131 -
10 0.5 97.6
140
141 -
2 0.1 97.7
150
150 -
24 1.3 99.0
200
>200 18 1.0 100.0

Remark: The rainfall events were defined by /ECs ;.
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Figure 5.3 Average monthly rainfall in mm derived from gauge data for 30-year
period from 1981 to 2010 (gray column) and for the recent year 2021
(green column). The blue line represents average monthly rainfall from
data extracted in years when landslides occurred and from rain gauges

located in the catchment areas where landslides had occurred.

Based on rainfall events defined by /ECs;, frequency distributions tables were
produced of rainfall duration in days (Table 5.2) and rainfall event in mm (Table 5.3)
for rainfall events from the years in which landslide events occurred in the study
areas. Eighty-four percent of the collected rainfalls lasted no longer than 3 days.
With regard to a depth of rainfall, it was found that eighty-three percent of the
collected rainfalls fell to a depth no greater than 50 mm. Figure 5.3 presents average
monthly rainfall in mm (blue line) calculated from rainfall data in this study
compared with 30-year average monthly rainfall from years 1981-2010 (gray column)
and monthly rainfall of the recent year 2021 (green column) sourced from Thai
Meteorological Department (2022). The rainfall data gathered in this study produced
a similar distribution to the results from gauge readings throughout the Northern
Thailand. Since the rainfall data in this study were collected from the years when the

landslide events occurred and from selected rain gauge stations located in the same
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catchments with the considered landslides, the average monthly rainfall from rainfall

data in this study was surely higher than the 30-year average and the recent year.

5.4 Measures of evaluation

In the evaluation of the performance of the thresholds to be established in
this study, we considered various measures that are applied in the contingency table,
comprising numbers of true positives (TP), true negatives (TN), false positives (FP),
and false negatives (FN), and were employed in diagnosing landslide rainfall
threshold in the study area. A hit rate (HR) in Eq. 1 indicates the proportion of the
correctly predicted landslide triggered rainfall events among all triggered rainfall
events. The HR ranges from zero (0) at the poor end to one (1) at the good end. A
false alarm rate (FAR) in Eq. 2 measures the number of false alarms per total number
of non-triggering rainfalls. A false alarm ratio (FA) in Eg. 3 measures the fraction of
forecasted events that did not occur. The FAR and FA range from zero (0) at the
good end to one (1) at the poor end. A Hanssen-Kuiper skill score (KH) in Eqg. 4
represents the hit rate with respect to the false alarm rate and remain positive while
the hit rate is higher than the false alarm rate. The best possible KH score is 1, which
is returned when the HR is 1 and the FAR is 0. The worst possible HK is 0, which is
returned when HR = FA. A critical success index (CS/) in Eq. 5 combines HR and FA
into one score for low frequency events. This score measures the fraction of
observed and/or forecast events that were correctly predicted. It ranges from zero (0)

at the poor end to one (1) at the good end.

TP

R= (5.1)
TP+ FN
FAR=_P __ (5.2)
FP+TN
kP (5.3)

FA=—
TP+FP
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HK = HR— FAR (5.0)
cSl=— 17 (5.5)
TP+ FP+FN

Other than the aforementioned scores, the receiver operating characteristic
(ROC) curves of HR against FAR were plotted at various probabilistic levels of
landslide threshold and the corresponding areas under the ROC curves (AUC) were
calculated to determine predictability. Furthermore, for each probabilistic level, the
Euclidean distance, O, was calculated between the point corresponding to the

threshold on the ROC curve and the ideal coordinate (0,1).

5.5 The event rainfall - duration thresholds

Based on rainfall events defined by /ECs;, rainfall event (£) and rainfall
duration (D) data points of non-triggering- and triggering-rainfalls plotted on a double
logarithmic scale were plotted on a double logarithmic scale in Figure 5.4a. The
threshold was being established from rainfall event (£) and rainfall duration (D) of
landslide-triggering rainfall events in Northern Thailand. Quantile regression (Koenker
and Bassett 1978) was employed to generate sets of rainfall thresholds at various

probabilistic levels using Eq. (5.6).

log,, E =a+blog,, D (5.6)

where a and b are regression coefficients. Using the above relationship, the ED

threshold gave a straight line in double logarithmic scale.
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Figure 5.4 (a) From the data of non-triggering and triggering rainfalls, double
logarithmic scatter plots were built from data points of rainfall event
versus rainfall duration. The rainfall event — duration (ED) threshold was
determined at various probability levels using quantile regression. (b)
The ED threshold was divided to two categories; short duration rainfall
threshold and log duration rainfall threshold, using a split point at 2
days, (c) The ED threshold using a split point at 3 days, (d) The ED
threshold using a split point at 4 days.

To account for short- and long-duration rainfall events, the rainfall events
were divided to two groups: short- and long- duration rainfall events. However, due
to wide variety of hydrogeological conditions, a time at a split point between short-
and long-duration rainfall thresholds lays over a range from many hours to few days.
He et al. (2020) divided rainfalls to two groups; short- and long-duration rainfalls,
using 48 hours as a split point to establish landslide rainfall threshold in China. Wicki
et al. (2020) used rainfall duration of 6 hours to classified if the rainfall is short- or

longduration rainfalls. Chen and Chen (2022) characterized rainfalls that triggered
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landslide in Taiwan to three types; including high rainfall intensity over a short
duration (<12 h), high-intensity and prolonged rainfall, and high cumulative rainfall
over a long duration (>36 h). Based on distribution of rainfall duration presented in
Table 5.2, most of the rainfall events (almost 70%) last no longer than 2 days and
there are few rainfall events (less than 10%) last longer than 4 days. Therefore, a
time at a spilt point between short- and long-duration rainfall thresholds could be
within 2-4 days. In order to define a suitable split point, three sets of the ED
thresholds having their split point at 2-day (Figure 5.4b), 3-day (Figure 5.4c) and 4-day

(Figure 5.4d) were established and assessed.

p=01 P=0.05

0.8
AUC Category
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Figure 5.5 Receiver operating characteristic (ROC) curve and the corresponding area
under the ROC curve (AUC) generated from the ED thresholds and the
CED threshold.

Figure 5.5 presents the ROC curve and the corresponding AUC of three ED
thresholds split at 2-day, 3-day, and-4 day. The performance was fair (AUC less than
0.76) for the ED threshold with the split point at 2-day. For the split point at 3-day
and 4-day, the ED thresholds yielded good predictability of their AUC magnitudes
greater than 0.80. Among three £D thresholds, the ED threshold that used 3-day as a
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spilt point between short- and long-duration rainfalls exhibited the highest AUC.
Hence, the split point at 3-day was chosen as a separator for establishing the ED
threshold for short duration rainfall events (EDs threshold) and the ED threshold for
long duration rainfall events (ED, threshold). Threshold parameters a and b for

exceedance probabilities from 5 to 90% are reported in Table 5.4.

Table 5.4 Threshold parameters a and b (see Eqg. 5.1) for exceedance probabilities
from 5 to 90%. The threshold was portioned to two parts; EDs (for short
duration rainfall events) and ED, (for long duration rainfall events)

thresholds. The threshold was portioned using a split point at 3 days.

EDs Threshold Parameters ED, Threshold Parameters
Prob. Level a b Prob. Level a b

5 0.954 0.177 5 1.147 0.672

10 0.954 0.402 10 1.264 0.652

20 1.058 0.860 20 1.844 0.096

30 1.058 1.465 30 1.771 0.292

40 1.522 0.558 a0 1.558 0.676

50 1.522 0.673 50 1.895 0.373

60 1.522 0.887 60 2.050 0.234

70 1.526 1.205 70 1.962 0.421

80 1.844 0.538 80 2.483 -0.002

90 1.960 0.542 90 2.509 -0.015
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Table 5.5 Summarizes the four contingencies (TP, FP, FN, TN) and the six skill scores
(HR, FAR, FA, CSI, HK, O) obtained from the ED threshold for ten

probabilistic levels.

Probabilistic Contingencies and skill scores
level TP | FN N FP HR FAR FA Csl HK Fo)
5 a8 | 0 611 1223 | 1.00 | 0.67 | 0.96 | 0.04 | 0.33 | 0.67
10 451 3 658 1176 | 094 | 0.64 | 096 | 0.04 | 0.3 | 0.64
20 38 | 10 | 1025 | 809 | 0.79 | 0.44 | 0.96 | 0.04 | 0.35 | 0.49
30 35| 13 | 1344 | 490 | 0.73 | 0.27 | 0.93 | 0.07 | 0.46 | 0.38
40 30 | 18 | 1681 153 | 0.63 | 0.08 | 0.84 | 0.15 | 0.54 | 0.38
50 26 | 22 | 1734 100 | 0.54 | 0.05 | 0.79 | 0.18 | 0.49 | 0.46
60 22 | 26 | 1756 78 0.46 | 0.04 | 0.78 | 0.17 | 0.42 | 0.54
70 14 | 34 | 1793 a1 0.29 | 0.02 | 0.75 | 0.16 | 0.27 | 0.71
80 9 | 39 | 1831 3 0.19 | 0.00 | 0.25 | 0.18 | 0.19 | 0.81
90 6 | 42 | 1831 3 0.13 | 0.00 | 0.33 | 0.12 | 0.12 | 0.88

Table 5.5 summarizes the four contingency scores and the six skill scores at
ten probabilistic levels from 5 to 90% produced by results obtained from the ED
threshold portioned to short- and long-duration rainfall thresholds by 3-day duration.
At low probabilistic levels, the threshold yielded very high FA value (i.e. FA = 0.96 at
probabilistic level of 5%). Threshold with high FA results in the operators losing trust
in its reliability. Furthermore, the CS/ value generated by the threshold was much
lower than 0.50 at every probabilistic level suggesting that the forecast had little or
no skill. Hence, we concluded that the ED threshold is not practically useful in the

study area.

5.6  The cumulative rainfall with rainfall event — duration threshold
For ease to account for antecedent rainfalls, cumulative rainfall over certain

period prior to the failure day was integrated to the established threshold. Figure

5.6a presents the rainfall on a failure day (DRy) against cumulative rainfall over 3-, 5-,

10-, 15-, 20-, 25-day periods prior to the failure day. The plots were divided into two
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portions with a 1:1 line to clarify bias in the scattering, whether towards the rainfall
on a failure day or cumulative rainfall prior to the failure day. From 48 triggered
rainfall events, 34 events were biased toward cumulative rainfall of 3-day period
prior to the failure day. The number of biasness toward cumulative rainfall increased
to 35, 40, 42, 42, and 46 events when period of cumulative rainfall increased to 5-,
10- 15-, 20-, 25-day period, respectively. Therefore, cumulative rainfall over 25-day
period prior to the failure day (CR,s) was considered as a suitable threshold variable
for landslides in the studied area. Figure 5.5.6b presents a scatter plot of data points
representing DRy and CR,s for 48 triggered rainfall events. The scatter plot revealed
that the highest value of CR.s that returned few numbers of triggered rainfall events
was CR,5 of 149 mm. Hence, the CRys value of 140mm was an indicator that could

potentially be used as a landslide-triggering threshold in the studied area.
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Figure 5.6 Rainfall on a failure day in mm was plotted with respect to cumulative
rainfall over 3-, 10-, 15-, 20-, and 25- day period prior to the failure day
(a). Rainfall on a failure day in mm was plotted with respect to

cumulative rainfall over 25- day period before the failure day (b).
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e logE = 1.147 + 0.672log D

B e logE = 0.954 + 0.117log D

® Triggering rainfall event with duration <3 days
e Triggering rainfall event with duration >3 days

+Non-triggering rainfall event with duration <3 days
+Non-triggering rainfall event with duration >3 days

Figure 5.7 The CED threshold plotted in three -dimensional space. The threshold

was portioned at 3-day becoming the CED threshold for rainfall events of

their duration no longer than 3 days and the CED threshold for rainfall

events of their duration longer than 3 days.

Table 5.6 Summarizes the four contingencies (TP, FP, FN, TN) and the six skill scores

(HR, FAR, FA, CSI, HK, &) obtained from the CED threshold for ten

probabilistic levels.

Probabilistic Contingencies and skill scores
level TP | FN TN FP | HR FAR FA Csl/ HK o
5 45 3 1799 35 | 0.94 0.02 0.44 0.54 0.92 | 0.07
10 42 6 1801 33 | 0.88 0.02 0.44 0.52 0.86 | 0.13
20 35 | 13 1812 22 0.73 0.01 0.39 0.50 0.72 | 0.27
30 33 | 15 1821 13 0.69 0.01 0.28 0.54 0.68 | 0.31
40 28 | 20 1830 4 0.58 0.00 0.13 0.54 0.58 | 0.42
50 24 | 24 1830 4 0.50 0.00 0.14 0.46 0.5 0.5
60 20 | 28 1830 4 0.42 0.00 0.17 0.38 0.41 | 0.58
70 13 | 35 1832 2 0.27 0.00 0.13 0.26 0.27 | 0.73
80 9 39 1832 2 0.19 0.00 0.18 0.18 0.19 | 0.81
90 6 42 1832 2 0.13 0.00 0.12 0.12 0.12 | 0.88
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The CR,s of 140mm was introduced into the ED threshold presented in Figure
5.4c to establish a CED threshold portioned by rainfall duration (Figure 5.7). This
threshold was portioned into a threshold for rainfall events of their duration no
longer than 3 days, and a threshold for rainfall events of their duration longer than 3
days. Table 5.6 presents the four contingencies and the six skill scores for ten
probabilistic levels from 5 to 90% calculated for the CED threshold. Introducing the
CR,5 of 140mm into the threshold resulted in notably fewer FP cases, and hence the
FAR for the CED threshold was considerably lower than the FAR for the ED threshold.
The reduction of FAR significantly improved the overall reliability of the threshold,
indicated by the ROC curve and the corresponding AUC of the CED threshold (Figure
5.5). The reliability of prediction with the CED threshold was very good (AUC = 0.96).
The FA of the CED threshold (FA = 0.44) yielded positive results since it was
significantly lower than the FA yielded by the ED threshold (FA = 0.96). The best
compromise between the minimum number of incorrect landslide predictions (FP,
FN) and the maximum number of correct predictions (TP, TN), was indicated by
combination of the largest values for the HK and the smallest value of the d. It was
found that the best compromising predictions was obtained at probabilistic levels of
5% for the CED threshold (HK = 0.92 and O = 0.07). The CED thresholds proposed in

this study can be employed as shown in Figure 5.8.
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5.7  Conclusion

Rainfall data corresponding to 59 landslides recorded in Northern Thailand
during the years 2002 to 2018 was used to establish landslide rainfall threshold in
the study area. Based on the variation coefficient (CV) of inter-event times, a suitable
inter-event criterion (/EC) to separate two consecutive rainfalls was /ECs5,; standing for
the condition that rainfall intensity was no greater than 5mm/day for at least 1 days.
The threshold introduced in this study was a threshold that explicitly included
rainfall event and antecedent rainfall parameters in the threshold, namely
cumulative rainfall with rainfall event-duration (CED) threshold. 140mm of the
cumulative rainfall over 25-day period prior to a failure day (CR,s) was found to be a
suitable indicator to deal with antecedent rainfall events. Based on the threshold
predictability and distribution of rainfall duration, a period of 3 days was chosen as
an indicator to distinguish the rainfall event to short- and long-duration rainfall
events. And the introduced threshold included the CED threshold for rainfall event
of their duration no longer than 3days and the CED threshold for rainfall events of
their duration longer than 3 days. Introducing the CR,s of 140mm into the threshold
resulted in notably fewer false positive (FP) cases, and hence the false alarm rate
(FAR) for the CED threshold was considerably lower than the FAR for the rainfall
event-duration (ED) threshold. The reduction of FAR significantly improved the
overall reliability of the threshold, indicated by the magnitude of the area under the
receiver operating characteristic. Furthermore, the false alarm ratio (FA) of the CED
threshold yielded positive results since it was significantly lower than the FA yielded
by the ED threshold. Since the CED threshold at probabilistic levels of 5% returned
the largest Hanssen and Kuipers (HK) score and the smallest value of d, this
threshold at probabilistic level of 5% can be recommended as the landslide rainfall

threshold in Northern Thailand.
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ABSTRACT

Southern Thailand is one of hotspots for landslides. So far, the rainfall triggered landslides in this region caused
many sufferers and fatalities. On the basis of the rainfall data that triggered ninety-two landslide events during
1988-2018 and the landslide susceptibility maps published by the Department of Mineral Resources (DMR),
this study introduced rainfall event-duration (£D) thresholds, namely £D" and ED" thresholds, for the places
classified as the modest and the huge susceptibility levels, respectively. The modest susceptibility is a combina-
tion of very low, low, and moderate landslide susceptibility levels indicated in DMR maps. The huge suscepti-
bility is a combination of high and very high landslide susceptibility levels indicated in DMR maps. Indicated
by an area under the receiver operating characteristic curve (4AUC), the ED™ and ED" thresholds yielded the
significantly better predictability than the original threshold did. Furthermore, the £D” threshold yielded the

perfect prediction with AUC of 1.00.

Keywords: rainfall threshold; landslide susceptibility level; contingency matrix; skill scores.

INTRODUCTION

Since the year 2000, the number of land-
slides per year has been increasing in Thailand
(Schmidt-Thomé et al., 2017). Southern Thailand
lies on the narrow part of the Malay Peninsula
the landforms comprise two parallel mountain
chains running north—south: the Phuket and Na-
khon Srithammarat ranges; situated to the west
and east, respectively. According to the report
from the Department of Mineral Resources in
2019, this region is one of Thailand’s hotspots
for landslides. The landslides in 1988, which
was known among of the worst natural disasters
in the Thailand’s history, also occurred in the
Southern Thailand. Works on landslide risk as-
sessment constitute one of vital contributions in

124

landslide mitigation measures. Since rainfall is
commonly recognized as main temporal factor
causing landslides, landslide rainfall threshold is
commonly used as one of the vital components
of landslide early warning system (Aleotti, 2004;
Salee et al., 2022; Chinkulkijniwat et al., 2022).
The most common parameters used to define the
rainfall threshold are those based on characteris-
tic of triggering landslide rainfall event (Caine,
1980: Aleotti, 2004; Guzzetti et al., 2008; Vennari
et al., 2014; Vessia et al., 2014; He et al., 2020;
Gariano et al., 2019; Peruccacci et al., 2017).
Other than rainfall characteristics, a landslide
can be influenced by many spatial factors, such
as slope aspect, gradient, relative relief, lithology,
degree of weathering, depth, permeability, poros-
ity, etc. Incorporating these spatial factors to the
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rainfall threshold might enhance the efficiency of
the landslide prediction. A landslide susceptibility
map caries the relevant information; relating to
geomorphology, geological, meteorological soil,
land use, land cover and hydrologic conditions,
of the terrain and classifies the terrain into zones
with differing likelihoods that landslides may oc-
cur. Integration of the landslide rainfall threshold
and the landslide susceptibility map would benefit
the landslide prediction. In fact, number of recent
works reported the succession of the joint use of
the landslide rainfall thresholds and the landslide
susceptibility maps (Segoni et al., 2015; Jemec
Auflic et al., 2016; Segoni et al., 2018). Recently,
the Department of Mineral Resources updated
Thailand landslide susceptibility maps for the
provincial level (https://gis.dmr.go.th/ DMR-GIS/
gis). These maps present five landslide suscepti-
bility levels; including very high, high, moderate,
low, and very low landslide susceptibility levels.
This study used these susceptibility maps as a
proxy to include the spatial factors carried by the
landslide susceptibility map to the landslide rain-
fall threshold in the Southern Thailand. A contin-
gency table and a set of skill scores were used to
assess the performance of the threshold.

98°0'0'E 100°0'0°E

Data collection and rainfall
characteristics in the study area

The authors gathered ninety-two landslide
events that took place during 1988 to 2018 in the
south of Thailand reported by the Department of
Mineral Resources, Ministry of Natural Resources
and Environment. Among ninety-two landslides,
some landslides took place at the same time and
their locations are close to each other. Under this
condition, the largest landslide was chosen to rep-
resent the others. After this process, ninety-two
landslides were reduced to eighty landslides. The
Relevant rainfall data from the years when these
eighty landslide events occurred were gathered
from Thai Meteorological Department (TMD)
rain gauge stations located in the catchment area
(Figure 1) where the considered landslide is lo-
cated. Inverse distance weighting (/DW) was
employed to map the amount of rainfalls at the
landslide locations.

To identify a rainfall event, a criterion that
separates two consecutive rainfalls must be de-
fined. The criterion is defined by a combination of
the rainfall intensity threshold 4 and rainfall dura-
tion B and termed as inter-event criterion (IEC, ).
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Figure 1. Locations of landslides and TMD rain gauge stations in the study area
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The condition that distinguished two consecutive
rainfall events had to satisfy the combined criteri-
on. On the basis of an assumption that inter-event
times have an exponential distribution for which
the mean equals the standard deviation (Bonta
and Rao 1988), the suitable /EC was identified
on the basis of a variation coefficient (CV) of inter-
event times equal to 1.0. Salee et al. (2022) reported
that the inter-event criterion of ZEC, | can be used to
distinguish two consecutive rainfalls in Southern
Thailand. Accordingly, a criterion /EC, | was used
as the inter-event criterion to distinguiéh two con-
secutive rainfalls collected in this study. Distinction
of two consecutive rainfall events is a condition
that satisfied the combined criterion. As depictured

Rainfall intensity, / (mm/day)

in Figure 2, if rainfall intensity is no greater than 2
mm/day for at least 1 day, two consecutive rainfall
events are considered to have occurred.

Regarding to the landslide susceptibility
maps published by the Department of Mineral
Resources, there are five susceptibility levels of
landslide; very low susceptibility (green color),
low susceptibility (light green color), moderate
susceptibility (yellow color), high susceptibility
(orange color), and very high susceptibility (red
color). Eighty landslide locations were mapped to
the corresponding susceptible maps for the pro-
vincial level to identify the landslide susceptibil-
ity level at those locations. Figure 3 presents three
landslides took placed in Krung Ching subdistrict,
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Figure 2. Definition of inter-event criteria used to separate two consecutive rainfalls in this study
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Figure 3. Landslide susceptibility map for Krung Ching subdistrict, Nopphitam district, Nakhon Si
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Table 1. Duration of rainfalls that caused eighty landslides during 1988-2018 categorized by landslide

susceptibility level

Landslide susceptibility levels
Duration (day) - -
Very high High Moderate Low Very low
4 7 1 0 0 0
2 1 2 0 0 0
3 2 10 0 0 0
4 0 5 7 0 0
5 1 5 0 0 0
6 0 3 0 0 0
7 0 5 6 0 0
8 0 2 0 0 0
9 0 3 9] 0 9]
10 0 0 1 3 0
1 0 0 4 7 0
12 0 0 1 1 0
13 0 0 0 3 0
Total 1 36 19 14 0

Nopphitam district, Nakhon Si Thammarat (the
other landslides had been mapped to the corre-
sponding susceptibility maps in a similar man-
ner). Table 1 summaries, from eighty landslides,
the number of landslide events took place for
each landslide susceptibility level in the South-
ern Thailand. A greater number of landslides
was found for the higher landslide susceptibility
level. However, the number of landslides for very
high susceptibility was small. It was because the
places classified as very high susceptibility lev-
el were generally far from communities; hence,
many landslides were neglected and not reported.
Table | also presents, from the triggering rain-
fall events, distribution of duration for the rain-
falls that triggered the landslides at the places of
different susceptibility levels. There is no doubt
that many of the landslides at the very high sus-
ceptibility places were caused by rainfall events
that lasts for only one-day. In turn, no landslide
at very low to moderate susceptibility places oc-
curred with rainfall duration less than 4 days.

Landslide triggering rainfall
thresholds and the assessment

Figure 4 presents the rainfall event (£) and
rainfall duration (D) data points of non-trigger-
ing-rainfalls (open circles) and triggering-rain-
falls (gray circles) plotted on a double logarithmic
scale. On the basis of Eq. I, the landslide rainfall

threshold was analyzed from rainfall event (£)
and duration (D) of triggering-rainfalls,

log19E = a + blog19D (D

where: a and b are regression coefficients.

With the above-mentioned relationship, the
threshold gave a straight line in double loga-
rithmic scale. Quantile regression (Koenker
and Bassett, 1978; Koenker and Hallock, 2001;
Koenker, 2009) was employed to fit the specified
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Rainfall Event Duration, D (Day)

Figure 4. Relationship between rainfall event (£) and
its duration (D) form triggering rainfalls and non-
triggering rainfalls in the Southern Thailand. Gray
circles represent the triggering rainfalls that caused
landslides and open circles represent the non-triggering
rainfall events. The ED threshold drawn from quantile
regression at various probability levels of triggering
rainfall events
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Table 2. Threshold parameters « and b for the £D, £D™, and ED" thresholds at exceedance probabilities from 5 to 90%

Probabilistic ED parameters ED™ parameters ED" parameters
level (%) a b a b a b
5 3.322 1.130 1.283 1.188 1.065 1.508
10 1.992 1.689 1.223 1.342 1.081 1.523
25 0.773 1.932 1.650 0.922 1.226 1.455
50 1.322 1.444 1.565 1.206 1.555 1.204
75 1.833 1.008 1.626 1.197 1.943 0.870
80 1.893 0.941 1.827 1.019 2.004 0.805
85 1.965 0.888 1.827 1.020 1.962 0.892
90 2.045 0.810 2.260 0.604 1.962 0.908

percentiles of the triggering events. The ED
threshold given at various probability levels
from 5-90% was presented in Figure 4. The cor-
responding magnitudes of parameters a and b for
the £D threshold are given in Table 2.

For ease of incorporating the landslide suscep-
tibility level to the rainfall threshold, the suscep-
tibility level was re-categorized from five levels
to two levels; termed as the modest susceptibility
level and the huge susceptibility level. The mod-
est level is the combination of the very low, low,
and moderate susceptibility levels indicated in the
landslide susceptibility maps. The huge level is the
combination of the high, and very high susceptibil-
ity levels indicated in the landslide susceptibility
maps. Among eighty events, thirty-three and forty-
seven events occurred at the locations classified as
the modest level and the huge level, respectively.
Figure 5a presents rainfall event (£) and rainfall
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Figure 5. a) Relationship between rainfall event (E) and it
rainfalls in the Southern Thailand. Red circles represent
susceptibility places and green circles represent that at th

duration (D) data points of non-triggering-rain-
falls (open circle) and triggering-rainfalls (colored
circle) plotted on a double logarithmic scale. Tn-
deed, this plot is Figure 4 modified by grouping
the data with susceptibility levels (the modest level
and the huge level). The green color plots are for
the rainfalls that took place at the modest suscep-
tibility places and the red color plots are for the
rainfalls that took place at the huge susceptibil-
ity places. The ED threshold for the modest level
places (ED™ threshold) and that for the huge level
places (ED" threshold) at various probability levels
together with scatter plots, in double logarithmic
rainfall event-duration plane, of non-triggering
and triggering-rainfalls are given in Figure 5b. The
threshold parameters a and b for exceedance prob-
abilities from 5 to 90% of the £D™ and ED" thresh-
olds are given in Table 2.
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and open red circles are for the non-triggering rainfalls in the modest and huge susceptibility places, respectively.
b) The £D" and £D" thresholds drawn from quantile regression at various probability levels of triggering rainfalls

at the modest and the huge susceptibility places, respecti
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Assessment of the thresholds

The aforementioned thresholds were assessed
through a contingency table and a receiver oper-
ating characteristic (ROC) curve. There are four
scenarios in contingency table; including (1) true
positives (7P), (2) true negative (7N), (3) false
positive (/P), and (4) false negative (/N). Fig-
ure 6 presents 7P, FN, FP, and TN defined from
threshold value and distribution curve of trigger-
ing rainfall events and those of non-triggering
rainfall events. TP indicated the cases in which
landslides were correctly predicted, FN indicated
the cases in which landslides took place with-
out prediction, FP indicated the cases in which
landslides were forecasted but did not take place,
and TN stood for the correct prediction of a rain-
fall event without a landslide. These contingen-
cies were employed to calculate the following
skill scores; i) a hit rate (AR) which is defined
as number of correct prediction per total number
of event rainfall: //R = TP/ (TP + FN), ii) a false
alarm rate (F4R) which is defined as number of
false alarm per the total number of non-event
rainfall: FAR = FP/ (FP + TN) , and iii) Hanssen
and Kuipers skill score (HK): HK = HR — FAR.
HK is proportional to the frequency of events being
forecast by equal emphasis on ability to forecast
both events and nonevents. The receiver operat-
ing characteristic curves (ROC curve), HR against
FAR, was plotted at various probabilistic levels of
landslide threshold and the areas under the ROC
curves (AUC) were determined. At each threshold
probabilistic level, the Euclidean distance & was
calculated from the distance between the point
corresponding to the threshold on the ROC curve
and the perfect point of coordinate (0,1).

Threshold

Distribution of non-triggering rainfall events }

L.

Assessment of the thresholds was conducted
by considering triggering and non-triggering
rainfall events that took place at the places cor-
responding to the established thresholds. For the
ED threshold, the rainfall events that took place
in the whole study area were employed for the
assessment. In turn, for the assessment of the
ED™ and ED' thresholds, only the rainfall events
at the places classified to the corresponding sus-
ceptibility levels were employed. Furthermore,
the considered data indicated that the rainfall
events that caused landslides at the modest level
places had duration no shorter than 4 days; the
authors of this paper implied that the rainfall
events of their duration shorter than 4 days did
not cause landslides at the modest level places.
Hence, for the rainfalls at the modest level plac-
es, only the rainfall events having their duration
no shorter than 4 days were used for the assess-
ment of £D" threshold.

RESULTS AND DISCUSSIONS

Table 3 summarizes the four contingencies
(TP, FP, FN, TN) and the four skill scores (HR,
FAR, HK, &) for ten probabilistic levels (from
5 to 90%) from the ED, the ED" and the ED"
thresholds. The best compromise between the
minimum number of incorrect landslide predic-
tions (P, /“N) and the maximum number of cor-
rect predictions (77, 7N), indicated by combi-
nation of the largest values for the HK and the
smallest value of the 8, were obtained at 15%,
5%, and 10% for the ED, the ED”, and the ED"
thresholds, respectively. Since the assessment
of ED" threshold was conducted by considering

True positive (TP)
False positive (FP)
True negative (TN)

NUN 7

False negative (FN)

Distribution of triggering rainfall events

-

Figure 6. Distribution of triggering and non-triggering rainfalls and the threshold to define the
meaning of true positive (7P), true negative (7NV), false positive (#P), and false negative (¥N)
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only the rainfall events having a duration no
shorter than 4 days, the number of rainfall in
contingency table for the £D™ threshold was not
as high as that reported in the contingency table
for the ED" threshold.

Figure 7 presents the ROC curves obtained
from the £D, ED™, and ED" thresholds. The ar-
eas under the ROC curves (4UC), indicating
prediction capability, are also reported in Fig-
ure 7. Incorporating landslide susceptibility into
the threshold resulted in an improvement of the
threshold performance. Even at very high and
high landslide susceptibility places, the thresh-
old established particularly these zones (ED"
threshold) which exhibited significantly better
performance (4UC = 0.89) than the ED thresh-
old (AUC = 0.71). Since there was no non-trig-
gering rainfall event laid above the ED™ thresh-
old, this threshold yielded /4R of 0.0 at every

probabilistic level. This character was expressed
through the ROC curve of the ED™ threshold
that indicated perfect performance with AUC
of 1.00. The years in which landslides occurred
at very low to moderate landslide susceptibility
places are presented in Table 4. Twenty land-
slides from thirty-three landslides took place in
two periods (gray shaded rows in Table 4); 1)
the period from the late 2010 to the early 2011,
and 2) the year 2017. During the period from
late 2010 to the early 2011, there were fourteen
landslides were reported in this study. For late
2010, a tropical depression in November over
Southern Thailand caused very heavy rain occu-
pied widely over southern east-coast. Lastly, the
daily maximum rainfall recorded 396 mm/day
at Don Sak, Surat Thani. Thereafter in March
2011, an active low pressure cell caused intense
rainfall over the Southern Region of Thailand,

Table 3. Summary of the four contingencies (7P, FP, FN, TN) and the four skill scores (HR, FAR, HK, 8) obtained
from the £D, ED™, and £D" thresholds for nine probabilistic levels

Probabilistic Contingencies and skill scores
Threshold
level (%) TP FN ™ /I HR FAR HK 3

5 g 8 848 1312 0.96 0.61 0.36 0.61
10 72 8 884 1276 0.9 0.59 0.31 0.6
15 62 18 1299 861 0.78 0.4 0.38 0.46
25 40 40 1358 802 0.5 0.37 0.13 0.62

ED 50 21 59 2026 134 0.26 0.06 0.2 0.74
75 15 65 2046 114 0.19 0.05 0.13 0.81
80 12 68 2091 69 0.15 0.03 0.12 0.85
85 8 72 2123 37 0.1 0.02 0.08 0.9
90 4 76 2149 1 0.05 0.01 0.04 0.95
5 28 3 151 0 0.9 0 0.9 0.1
10 26 5 151 0 0.84 0 0.84 0.16
15 26 5 151 0 0.84 0 0.84 0.16
25 23 8 151 0 0.74 0 0.74 0.26

ED™ 50 17 14 151 0 0.55 0 0.55 0.45
75 8 23 151 0 0.26 0 0.26 0.74
80 5 26 151 0 0.16 0 0.16 0.84
85 6 25 151 0 0.19 0 0.19 0.81
90 4 27 151 0 0.13 0 0.13 0.87
5 46 1 800 301 0.98 0.27 0.71 0.27
10 43 4 846 255 0.91 0.23 0.68 0.25
15 41 6 859 242 0.87 0.22 0.65 0.25
25 35 12 900 201 0.74 0.18 0.56 0.31

ED" 50 24 23 1052 49 0.51 0.04 0.47 0.49
75 11 36 1069 32 0.23 0.03 0.2 0.77
80 11 36 1078 23 0.23 0.02 0.21 0.77
85 6 41 1081 20 0.13 0.02 0.11 0.87
90 3 44 1086 15 0.06 0.01 0.05 0.94
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Figure 7. Receiver operating characteristic (ROC) and corresponding area
under the ROC curve (AUC) of the ED, ED” and ED" thresholds

resulting in unprecedented flash floods and land-
slides in many provinces in Southern of Thai-
land. It was noted that in 2011, Thailand expe-
rienced the worst flood in over fifty years, as
volume of flood water occupied more than half
the country. For the 2017, there were six land-
slides reported in our study. In this year, a sig-
nificantly strong southwest monsoon extended
over Southern Thailand in January resulting in
series of torrential rainfalls. The total amount of
rainfall from December 30" to January 31* ex-
ceeded 1,000 mm in many provinces. Accord-
ing to Jin and Fu (2019), the maximum 24-h

accumulated precipitation of up to 330 mm ap-
peared around Nakhon Si Thammarat province
on January 5™ and the maximum 24-h accumu-
lated precipitation of up to 420 mm appeared
around the Pattani province on January 7". In
short, the locations classified to the zone of very
low to moderate landslide susceptibility could
suffer from landslide only if they experience un-
usual torrential rainfalls. The £D" threshold es-
tablished in this study laid above rainfall event
of 400 mm which could represent unusual tor-
rential rainfalls, and hence 100% of usual rain-
falls were not predicted.

Table 4. Number of landslides with respect to time that landslide occurred at the very low to moderate

susceptibility places

Number of landslide in modest susceptibility places

Month Year

Moderate Low Very low

1988-2009 4 2 -
Nov. 2010 3 3 -
Mar. 2011 8 -] -
Jan. 2012 2 1 -
Jul. 2013 1 - -
Nov. 2013 - - -
Oct. 2014 - 1 -
Jan. 2017 4 2 -
Jul. 2017 - - -
Sep. 2017 - 1 -
Nov. 2017 1 - -
Dec. 2017 = & %
Mar. 2018 - - -
Jul. 2018 - - -
Aug. 2018 1 - -
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CONCLUSIONS

Landslide rainfall threshold based on rainfall
event and rainfall duration (ED threshold) was
proposed for landslide prediction in the South-
ern Thailand. Other than rainfall characteristic, a
landslide can be influenced by various spatial fac-
tors, such as slope conditions, lithology, soil type,
and hydrologic conditions. Incorporation of such
factors to the rainfall threshold might enhance the
predictability of the rainfall threshold. For this
purpose, the landslide susceptibility maps at pro-
vincial level published by the Department of Min-
eral Resources (https://gis.dmr.go.th/DMR-GIS/
gis) were used as a proxy to allow the connection
between the £D threshold and the spatial factors.
To facilitate the process, five susceptibility levels,
ranging from very low to very high, indicated in
the landslide susceptibility maps, were regrouped
to two susceptibility levels (the modest and the
huge susceptibility levels). The modest suscepti-
bility level was a combination of very low, low,
and moderate susceptibility levels indicated in the
maps. The huge susceptibility level was a combi-
nation of high and very high susceptibility levels
indicated in the map. Two £D thresholds, namely
ED" and ED" thresholds, were introduced, each
for different susceptibility level. The ED™ thresh-
old was established for landslide warning at the
places classified as very low to moderate suscep-
tibility levels, while the ED" threshold was estab-
lished for the places classified as high and very
high susceptibility levels. The following conclu-
sions were drawn from this study:

1) On the basis of the rainfall event that triggered
99 landslides in Southern Thailand in 1988-
2018, a rainfall event-duration (£D) threshold
was introduced for landslide warning in the
whole Southern Thailand. However, the pre-
dictability of the £D threshold was fair with an
area under a receiver operating characteristic
curve (AUC) of 0.71.

2) Integration of the landslide rainfall threshold
and the landslide susceptibility map gave a new
set of ED thresholds (ED™ and ED" thresholds).
These thresholds provided much better predic-
tions than the original £D threshold. The AUC
for the £D" threshold was 0.89 comparing with
AUC of 0.71 for the ED threshold. In turn, the
ED" threshold provided perfect prediction with
AUC of 1.00.

3) For the landslides reported in this study, it
was found that the landslides in very low to
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moderate landslide susceptibility level zones
were triggered only by the rainfall events hav-
ing duration no shorter than 4 days. Under
these conditions, many rainfall events with
their duration shorter than 4 days were filtered
out before the assessment of the £D” threshold.
Furthermore, the cumulated rainfall of trig-
gered events was found greater than 400 mm,
indicating that landslides in such places would
be triggered by unusual torrential rainfall.
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Abstract

A landslide-triggering rainfall threshold for the southern part of Thailand was introduced.
The new threshold explicitly integrates the variables of event rainfall and cumulative rain-
fall from precipitation data corresponding to 92 landslide events in the study area. To
determine event rainfall, a suitable inter-event criterion (/EC) had to be defined that sepa-
rated two consecutive rainfalls. A rainfall intensity no greater than 2 mm/day lasting at
least 1 day (/EC, ) was the criterion established to separate two consecutive rainfalls in
the study area. Using quantile regression, an event rainfall depth-duration (ED) threshold
was drawn at a probability level of 5%. A 20-day cumulative event rainfall depth (CR,)
was the most suitable duration of cumulative rainfall depth. A CR,, of 100 mm was the
third rainfall variable to give a threshold that integrated cumulative rainfall with event rain-
fall depth-duration (CED). This threshold is proposed for the study area depicted in three-
dimensional space. The CED threshold is implemented by an assessment of CR,, followed
by an assessment of E£D. The hit rate (HR) of the CED threshold is a little lower than the
HR of the ED threshold, but the CED threshold is far better than the ED threshold in terms
of false alarm rate (FAR) since the CR,, of 100 mm filters out many non-triggering rain-
falls prior to the assessment of the event rainfall.

Keywords Landslide - Rain fall threshold - Quantile regression - Inter-event criteria - Three
dimensional rainfall threshold - South of Thailand

1 Introduction

Landslides are considered as one of major natural hazards that result in economic and
human losses every year. Risk analysis and assessment is an important tool for landslides
management. In fact, risk assessment has been broadly applied in various geotechnical
works (Lyu et al 2020; Lin et al. 2021a, b, c¢; Kardani et al. 2021; Zheng et al. 2021). As for
risk assessment in landslides, reliable landslides early warning system (LEWS) is one of
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the vital components. Because of ease in measurement of their monitoring variables, land-
slide rainfall thresholds are extensively used as part of developing an efficient LEWS. Since
Thailand is not among the world’s landslide hotspots, limited attempts have been devoted
to establish landslide rainfall threshold in Thailand. According to Segoni et al. (2018),
there is only one landslide rainfall threshold in Thailand (Kanjanakul et al. 2016) published
in journals indexed in Scopus or ISI Web of Knowledge database during 2008-2016. It
is a threshold, which was defined using monthly rainfall measures, established for a very
specific place, i.e., at Sichon District in Nakhon Si Thammarat Province, Southern Thai-
land. However, landslide events in Thailand have caused significant damage to residents
and infrastructure, and loss of human life as reported in Phien-Wej et al. (1993), Yumuang
(2006). Accordingly, this study aims to determine the appropriate landslide-triggering rain-
fall threshold for the south of Thailand. The south of Thailand sits on a narrow peninsula
between the Gulf of Thailand to the east and the Andaman Sea to the west. As reported by
Arai et al. (2019), the mean annual rainfall in the south during 1981-2017 was more than
2000 mm, versus about 1500 mm from the center to the northern and northeastern regions
in this country. According to Department of Mineral Resources (2019), this region experi-
ences rainfall-triggered landslides most frequently comparing to other regions of Thailand.

There are ways the threshold can be determined: using a physical approach or an empir-
ical approach. Since the physical approach requires high-resolution images and relevant
data such as groundwater conditions, shear strength of sloping soils, and geological soil
profiles, it is more suitable for the assessment of conditions over small areas (Guzzetti et al.
2007a, b). The empirical approach, which is more widely employed, uses the statistical
analysis of rainfall datasets collected in the area that experienced the rainfall-triggered
landslide. The thresholds established by the empirical approach can be grouped into three
categories: (1) thresholds obtained from precipitation measurements for specific landslide
events, (2) thresholds based on cumulative or antecedent rainfall conditions, and (3) other
thresholds, incorporating hydrological thresholds (Guzzetti et al. 2007a, b). Thresholds in
the first category are the most widely used since they are easy to establish and require
few input data (Rosi et al. 2020). The most commonly used type of rainfall threshold is
the intensity—duration (/D) threshold. Since the introduction of the first global /D thresh-
old by Caine (1980), reports have been published about the threshold by Peruccacci et al.
(2012); Segoni et al. (2014); Gariano et al. (2015); Peruccacci et al. (2017); and Guzzetti
et al. (2005a) and (2005b). The literature also contains reports about the rainfall event-
duration (ED) threshold (Vennari et al. 2014; Vessia et al. 2014; He et al. 2020; Gariano
et al. 2020; Peruccacci et al. 2017). Gariano et al. (2020) pointed out that the two rainfall
variables in the ED threshold are not dependent on each other, whereas in the case of the
ID threshold, the average rainfall intensity depends on the rainfall duration. For this reason,
the ED threshold was preferred in this study since two rainfall parameters must be consid-
ered independently.

One key important of determining a threshold based on a precipitation event is the
identification of the starting point of the rainfall event (Guzzetti et al. 2008). To resolve
this problem, studies by Kim et al. (1991); Dahal and Hasegawa (2008); Glade (2000);
Hasnawir and Kubota (2008); Giannecchini et al. (2012); and Khan et al. (2012), focused
either on the relationship between daily rainfall and cumulative rainfall or used /D thresh-
olds established from continuous rainfall events. This approach avoids the need to identify
the start point of a rainfall event. Furthermore, the rainfall event and the cumulative rain-
fall are implicitly incorporated. Although this approach underpins reports that both event
and antecedent rainfalls influence slope stability (Rahardjo et al2011; Rahimi et al. 2011;
Wicki et al. 2020; Rosi et al. 2020; Kim et al. 2020; Yang et al. 2020), it might lead to
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misinformation in some magnitudes of event rainfall. Based on the aforementioned con-
cerns, this paper aims to: (1) establish an £D threshold for the south of Thailand through a
suitable criterion that identifies the starting point of event rainfall and (2) explicitly incor-
porate a cumulative rainfall variable to the event rainfall threshold.

1.1 Data collection

Ninety-two landslide events that took place in the south of Thailand from 1988 to 2020
were considered. Data were collected mainly from scientific papers published by the
Department of Mineral Resources, Ministry of Natural Resources and Environment and
partly from local newspapers. Landslide information had to convey at least the following
details: (1) the date of the occurrence of the landslide, (2) the location of the landslide
event, and (3) consequential damages. Among 92 events, 50 events took place on the east
side of the study area and the 42 events took place on the west side. The rainfall data asso-
ciated with each landslide were gathered from Thai Meteorological Department (TMD)
rain gage stations located in the catchment area where the considered landslide is located.
The locations of landslide events and TMD rain gage stations in the study area are indi-
cated in Fig. 1. Inverse distance weighting (/DW), which assigned a larger weight, based on
inverse functions of distance, to a station closer to a landslide location than a station fur-
ther away, is most commonly used method and usually used as standard method for com-
parison (Li et al. 2011). Although it is deterministic or non-geostatistic modeling, number
of literatures reports that /DW is one of reliable methods for spatial interpolation in various
applications, i.e., point spread function (Gentile et al. 2012), baseflow and baseflow index
(Ditthakit et al. 2021). As for interpolation of rainfall data, Kong and Tong (2008), Kurtz-
man et al. (2009), Chen et al. (2010), Yang et al. (2015), among others, reported successful
application of /DW in various locations. Accordingly, /DW was employed in this study to
approximate rainfall data at the landslide locations. Figure 2 presents the distribution of
landslide events on the west side (Fig. 2a) and the east side (Fig. 2b) with respect to the dif-
ferent monsoon periods: southwest, northeast, and pre-monsoons. The southwest monsoon
blows from the Indian Ocean during June to September. It brings more rain to the west
side than the east. During November to January, northeasterly winds bring heavy rainfall
to the east side. As expected, on the east side, more landslides (46%) occurred during the
northeast monsoon than at any other time, while more landslides (43%) on the west side
occurred during the southwest monsoon. On the west side, 36% of landslides took place
during the pre-monsoon period compared to 16% on the east side.

1.2 Geological setting of the study area

Southern Thailand lies on the narrow part of the Malay Peninsula whose landforms com-
prise two parallel mountain chains running north—south: the Phuket and Nakhon Sritham-
marat ranges; situated to the west and east, respectively. Alluvial fans, foothills, alluvial
plains, and coastal plains can be found alongside the ranges. Geologically, the southern
part of Thailand consists of a succession of Paleozoic and Mesozoic sedimentary and met-
amorphic rocks, intruded by Late Paleozoic to Mesozoic igneous rocks, and covered by
Cenozoic sedimentary rock or sediments. According to Ridd et al. (2011), the upper part
of the study area is dominated by upper Paleozoic sedimentary rock, which is intruded by
chains of granitic bodies rising up to 1000 m in height through forested mountains. The
lower part of the study area comprises a main chain of granitic mountains which continues
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Fig.1 Location of the landslide as depicted by the black triangle, and location of the Rain station shown
by the black circle. The area in thick black line represents catchment area locations. The thin black line
area is a representation of sub catchment area locations. The gradient black and white area will show the
clevation valuc of the arca. (Figurc created using ESRT ArcGIS 10.5 software, https://www.csri.com/cn-us/
arcgis/about-arcgis/overview)

north into the Gulf of Thailand, forming islands such as Koh Samui, Koh Phangang, and
Koh Tao. Khao Luang, where the worst landslide disaster in Thailand took place in 1988,
belongs to this chain of granite bodies. Since many landslides have occurred on Khao
Luang, reports of landslide investigations in this area have indicated that most landslides
developed within a thin layer of residual soil even though the weathering of granite was
more than 10 m deep.

Due to the tropical temperatures and high annual precipitation, weathering of granitic
rocks in the study area is generally deep. The residual soils consist of a thin capping veneer
of sandy to silty clay which changes transitionally to a clayey to silty, coarse sand layer that
preserves some relics of the rock structure. This layer, which is very hard but friable when
dry, becomes weak when wet. Its medium permeability permits easy water filtration and a
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Fig.2 Number of landslide events (the proportion is presented in parenthesis) associated with different
monsoon periods; including southwest, northeast, and pre-monsoons, on the west side (Fig. 2a) and on the
cast side (Fig. 2b) of the study areca

build-up of high water pressure underneath the capping layer. These physical characteris-
tics of the weathered materials make them susceptible to slide or flow on steep slopes.

1.3 Rainfall characterization

In order to characterize a rainfall event in the study area, criteria must be identified that
enable distinction between two consecutive rainfalls. The inter-event criterion (/EC) used
in this study to separate two consecutive rainfalls is shown in Fig. 3. The inter-event crite-
rion IEC, y is a combination of the rainfall intensity threshold A and rainfall duration B.
In Fig. 3, if rainfall intensity is no greater than A mm/day for at least B consecutive days,
two consecutive rainfall events were considered to have occurred, defined by two different
results. Conversely, if the rainfall intensity and duration between two rainfalls do not meet
the /EC, these two rainfalls are not separate and are considered as one continuous rainfall.
Determination of a suitable /EC is crucial for establishing the landslide-triggering rainfall
threshold. An /EC which is easy to meet might result in the rejection of some continuous
rainfall, and an /EC which is hard to meet might produce too long a rainfall duration that

Rainfall Intensity [mm/day]

/Antecedent rainfall\s Landslide — triggering rainfall event
i o . -
i i : i "L Landslide
P | i | occurrence
P! i ; i
- | | :
P : : -
[ S W11 Tl |
H i H h H
:I “ lII:“ “|| |:||‘ ,|||i| III| ,,,|I|l|
B >B <B >B <B Time [day]

Fig.3 Dcfinition of inter-cvent criteria used to separate two consccutive rainfalls in this study
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Table 1 A set of inter-event

e ; Rainfall intensity, A Number of days, B (day)
criteria uscd to characterize ¢
o X (mm/day)
rainfall data in the study area 1 2 3
0 TEC, TECy, TEC, 3
1 TEC, IEC,, IEC, ;
2 IEC, IEC,, 1EC,;
5 IECs 1EC;, IEC; 5

Table 2 Basics statistics of rainfall depth corresponding to various inter-cvent criteria

Rainfall depth (mm) Rainfall intensity (mm/day) Rainfall duration (day)

Max Mean SD Max Mean SD Max Mean SD
TEC,, 1916.9 58.3 133.1 115.9 79 111 67 6.3 7.6
1EC,, 4007.8 124.5 256.2 101.4 7.7 10.7 190 14.1 18.8
IEC,; 4019.7 197.7 349.8 63.4 7.4 9.1 196 21.9 28.3
IEC, 1351.1 44.7 101.8 142.6 9.5 12.0 53 4.0 4.0
IEC, , 1916.6 85.6 167.7 142.6 9.2 12.0 65 8.4 9.1
IEC, 4 2739.0 146.3 257.6 142.6 9.2 12.0 195 15.2 18.0
IEC,, 1351.1 41.2 97.5 153.9 11.0 13.1 26 3. 3.0
IEC,, 1881.1 66.9 145.4 142.6 10.2 12.4 61 5.8 6.3
IEC, ; 2125.8 116.6 213.1 142.6 10.4 13.1 92 11.1 124
IECs 1311.6 43.6 102.0 145.8 153 16.1 24 2.6 2.6
IECs, 1323.9 54.1 128.1 145.8 138 13.1 32 3.5 3.5
IECs 5 1397.1 72.1 165.7 125.0 12.9 12.8 57 5.1 6.4

includes independent rainfall events. Saito et al. (2010) used a 24-h duration to define a
rainfall event in Japan; Brunetti et al. (2010) proposed different periods without rainfall for
late spring and summer (2 days) and for the other seasons (4 days). In South Korea, Hong
et al. (2017) analyzed ID thresholds through skill scores; including receiver operating char-
acteristic (ROC) plots and threat scores (7), and concluded that 12 h was a suitable inter-
event time for separating two different rainfall events for landslide prediction. In this study,
the suitable /EC was identified using rainfall data from the years in which landslide events
occurred in the study areas.

A set of twelve variables examined to identify the suitable /EC, y is given in Table 1.
Statistics of rainfall characteristics including rainfall depth, rainfall intensity, and rainfall
duration, calculated from the different JEC are given in Table 2. The max, mean and stand-
ard deviation for rainfall depth more than doubled, as rainfall duration increased from 1 to
3 days, except when the rainfall intensity threshold was equal to 5 mm/day. We inferred
that setting rainfall intensity threshold A at 5 mm/day reduced the sensitivity of the rain-
fall depth to the B variable. From the data for years corresponding to studied landslide
events, the average rainfall intensity ranged from 7.4 mm/day at /EC 5 to 15.3 mm/day at
IECs . The average rainfall intensity was more sensitive to variation of A than variation
of B. A greater value of A resulted in a higher average rainfall intensity. As for the rainfall
duration, the average rainfall duration varied widely from 2.6 days at /ECs 5 to 21.9 days
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at JEC ;. The max, mean and standard deviation of rainfall duration became lower with
the increasing magnitude of A. Furthermore, at low magnitudes of A, the max, mean and
standard deviation for rainfall duration were more sensitive to variation in B than the max,
mean and standard deviation for rainfall duration at high magnitudes of A.

In order to determine a suitable /EC, two consecutive rainfalls were identified for
each IEC. All inter-event times between the two consecutive rainfalls were read and then
employed to calculate the variation coefficient (CV) of inter-event times, where the CV was
the ratio of the standard deviation to the mean. Based on an assumption that inter-event
times have an exponential distribution for which the mean equals the standard deviation
(Bonta and Rao. 1988), the suitable /EC was identified on the basis of a variation coeffi-
cient (CV) of inter-event times equal to 1.0. Since the suitable /EC can vary depending on
seasonal and climatic conditions, and there is a clear distinction between two consecutive
rainfalls in the pre-monsoon period, the determination of the suitable JEC was based on a
dataset that excluded rainfall events in the pre-monsoon period. The /ECs that returned a
CV near 1.0 were selected as candidate suitable criteria. Based on Table 3, which presents
statistics of rainfall inter-event time, there were two inter-event criteria that gave a CV close
to 1.0: IEC, ; and IECs .

1.4 Eventrainfall depth-duration (ED) threshold

The event rainfalls that corresponded to the 92 landslides studied were established based on
the inter-event criteria /EC, ; and IEC; ;. They are presented in double logarithmic rainfall
event depth—duration planes in Fig. 4a, b, respectively. Rainfall events that took place on
the west side are represented by an open triangle and those on the east side are represented
by a cross. To determine whether there were any differences between the distributions of
the two plots, we conducted a 2-dimensional Kolmogorov Smirnov test, which extends an
earlier idea due to Peacock (1983) and an implementation proposed by Fasano and France-
schini (1987). Table 4 presents the Kolmogorov—Smirnov statistic D with significance level
for the event rainfall depth versus duration established using /EC, ; and /EC; ;. The signifi-
cance levels for both inter-event criteria were greater than 0.90. These results indicated that
there was no significant difference between the event rainfall depth and duration that satis-
fied the criteria /EC, | and /ECs | for landslides studied on the east side and those studied

Table 3 Basic statistics of inter-

¥ g Inter-event criteria ~ Max. (mm) Mean (mm) SD (mm) CV
event duration corresponding to

various inter-event criteria 1EC,, 30 41 5.1 1.23
IEC , 26 5.0 4.5 0.90
TECy 3 25 6.7 42 0.64
1EC, 29 3.5 3.9 1.13
IEC, , 30 5:1 48 0.93
IEC, ; 28 6.8 4.8 0.71
IEC, 28 43 44 1.03
IEC,, 30 6.1 5.6 0.92
TEC,; 30 8.0 6.3 0.79
IEC; | 30 54 6.0 1.05
IECs , 29 7 5.6 0.79
IECs 5 30 7.4 5.5 0.73
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Fig.4 Scatter plot, in double logarithmic rainfall event depth—duration plane, of 92 triggering events estab-
lished using (a) /EC,, and (b) /ECs,. Rainfall thresholds at probability level of 5% based on triggering
events defined by inter-event criteria (a) /EC, | and (b) /ECs

Table 4 Two-dimensional Kolmogorov—Smirnov test results determined the variation in the distributions of
the scatter plots (in double logarithmic rainfall event depth—duration plane) for event rainfalls correspond-
ing to landslides on the west and east sides of the study area

Kolmogorov—Smirnov statistic D Corresponding prob-
ability (Significant
level)

IEC, 0.383 0.936
IEC; 0.445 0.976

The test was conducted for event rainfalls that triggered landslides

on the west side. Therefore, the ED threshold could be established by combining rainfall
data corresponding to landslides on both sides of the study area. The landslide-triggering
rainfall threshold was analyzed using rainfall event depth and duration based on Eq. 1.

log,gE =a+ blog,,D (1)

where a and b are regression coefficients. With the above relationship, the threshold gave
a straight line in double logarithmic scale. ED thresholds are given at a probability level
of 5% corresponding to landslide-triggering rainfalls defined by inter-event criteria /EC,
(Fig. 4a) and /ECs; (Fig. 4b). Quantile regression, which was introduced by Koenker and
Bassett (1978), to fit specified percentiles of a response, was performed in the R program
using the package “quantreg” (Koenker et al. 2001; Koenker 2009).

The performances of these thresholds were assessed through analysis of the contingency
matrix, skill scores, and the receiver operating characteristic (ROC). The contingency
matrix comprised four scenarios; including true positive (7P), true negative (TN), false
positive (FP), and false negative (FN). These scenarios were based on two conditions (1)
whether rainfall triggers a landslide or not, and (2) whether the threshold gives a warning
or not. As depicted in Fig. 5a, true positive (7P) stood for the outcome that the landslide
was correctly predicted, false negative (FN) indicated a missed alarm in which case a land-
slide took place without prediction, false positive (FP) indicated a false alarm in which
case a landslide was forecasted but did not take place, and true negative (7N) stood for the
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Fig.5 a Definition of true positive (7P), true negative (TN), false positive (£P), and false negative (¥N) in
the contingency matrix. Results from quantile regression at various probability levels and scatter plot, in
double logarithmic rainfall cvent depth—duration plane, of triggering cvents and non-triggering cvents in

established using b /EC, ; and ¢ IECs

correct prediction of a rainfall event without a landslide. Skill scores, including hit rate

(HR) and false alarm rate (FAR),

were calculated according to Egs. 2, and 3, respectively.

The optimal prediction was one that yielded an HR of 1 and an FAR of 0. The distance
between the optimal prediction and the prediction result could indicate the performance
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of the prediction: the closer the prediction result to the perfect point, the better the predic-
tion performance. The receiver operating characteristic (ROC) curve, HR against FAR, was
plotted at various probabilistic levels of landslide threshold and the areas under the ROC
curves (AUC) were determined. The larger the AUC, the better the predictive capability.

TP

HR= 2 _
TP+ FN @
FP
FAR= 1T __
FP+TN <)

Figure 5b, ¢ depicts scatter plots, in double logarithmic rainfall event depth—duration
plane, of triggering and non-triggering rainfall events together with thresholds at various
probabilistic levels from 5 to 95% for the inter-event criteria /EC, ; and IECs ,, respec-
tively. The ROC curves are given in Fig. 6. Each curve was drawn for rainfall data cre-
ated using each /EC and the dots on each curve represent the variation of the threshold
setting. The area under ROC curve (AUC) for the inter-event criteria /ECs; was slightly
greater than the AUC for the inter-event criteria /EC, . However, at high HR, the ROC
curve for JEC, | possesses the notable lower FAR than the ROC curve for IECs ; does. The
ED threshold based on JEC, | is preferable to the £D threshold based on IECs ;. Hence the
ED threshold based on /EC, | will be further elaborated and proposed as the threshold for
the study area. This ED threshold could be written as:

log,o(E) +3.322 + 1.13 log,((D) 4)

1.5 CED Threshold: an integrated cumulative rainfall with event rainfall
depth-duration threshold

Figure 7a presents rainfall depth on a failure day (DR)) with respect to cumulative rainfall
over various periods prior to the failure day. A 1:1 line divides the plots into two zones
to clarify bias in the scattering toward either rainfall depth on a failure day (y-axis) or

Fig.6 Receiver operating 1
characteristic (ROC) curves for
ED thresholds established based
on inter-event criteria IEC, ; and DELN
1ECs
Z o6
S
T
2
2 0.4
h= s
b
&8 -" —e—ED threshold /EC2,1 (AUC=0.705)
’ ~— ED threshold IECs ; (AUC=0.719)
~-Random chances
O L 1

0 0.2 0.4 0.6 0.8 1
False alarm rate,FAR (-)
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Fig. 7 Rainfall depth on a failure day is plotted with respect to cumulative rainfall depth (3, 10, 15, 20,
30 days) before the failure day a. CR; b, CR,; ¢, CR5 d, CR,, e, and CRjy, f show relationships between
rainfall depth on a failure day and 3-, 10-, 15-, 20-, and 30-day cumulative rainfall depth before the failure
day

cumulative rainfall prior to failure (x-axis). The plot reveals that the occurrence of land-
slide events was biased toward cumulative rainfall prior to failure rather than rainfall depth
on a failure day. In other words, out of 92 landslide events, most took place under the influ-
ence of cumulative rainfall prior to failure. The plots confirm that cumulative rainfall prior
to failure plays a bigger role in the occurrence of landslides than the rainfall depth on a fail-
ure day. Figure 7b—f are the plots of DR, with respect to cumulative rainfall over 3 (CR5),
10 (CR ), 15 (CRy5), 20 (CR,), and 30 (CR5) days prior to the failure day, respectively.
Seventy-six cases were biased toward CR5. The bias toward cumulative rainfall increases as
the number of cumulative days increases and reaches a maximum of 91 cases at cumulative
rainfall beyond 20 days. From Fig. 7e, a 20-day cumulative rainfall of 100 mm was an indi-
cator that could potentially be used as a landslide threshold in the studied area.

The variable CR,, then had to be integrated to the ED threshold. To do so, three
rainfall variables, CR,, E, and D, were plotted in three-dimensional space (Fig. 8). This
threshold was named the CED threshold, standing for cumulative rainfall integrated
with event rainfall depth-duration threshold. Setting CR,, on the z-axis, the warning
zone was defined by shifting the ED threshold 100 mm along the z-axis. The warning
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Fig.8 CED threshold plotted in three -dimensional space

zone in Fig. 8 is the zone above the gray-shaded area. The performance of the 3D
threshold was compared with that of the ED threshold through ROC curves and skill
scores. The ROC curves are given in Fig. 9. For the ED threshold and the CED thresh-
old, the areas under the ROC curves (AUC) were 0.705 and 0.944, respectively, indicat-
ing that the predictive capability of the CED threshold was much better than the predic-
tive capability of the ED threshold. Since many rainfall events having CR,, lower than
100 mm were excluded from the FP score, the false alarm rate produced by the CED
threshold is much lower than the false alarm rate produced by the ED threshold. Since
4 out of 92 landslide events had CR,, lower than 100 mm (Fig. 7e), at low probabilistic
levels, four fewer true positive (7P) events were indicated by the CED threshold than by
the ED threshold. Accordingly, at low probabilistic levels, the HR of the CED threshold
was a bit lower than the HR of the ED threshold. At a 5% probabilistic level, the HR of
the CED threshold was 0.918 compared with an HR of 0.965 for the ED threshold.
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2 Conclusions

Rainfall events corresponding to 92 landslides in the south of Thailand were used to
establish a landslide-triggering rainfall threshold. Event rainfall and cumulative rainfall
were found to play important roles in landslide initiation in the study area. Event rainfall
depth (E), duration of event rainfall (D), and cumulative rainfall depth of 20 days prior
to the failure day (CR,), were explicitly included in the threshold in a 3-dimensional
plot. The following conclusions were drawn from this study.

The suitable inter-event criterion to separate two consecutive rainfalls (/EC) was
identified using three parameters: (1) an inter-event criterion (/EC) that returned the
variation coefficient (CV) of inter-event times closest to 1.0, (2) an /EC that returned
the highest value of the AUC of receiver operating characteristic curves, and (3) an
IEC that, at high HR, possess the lower FAR.

Based on the procedure stated above, the suitable inter-event criterion was IEC), ;.
This variable describes a rainfall condition having an intensity no greater than
2 mm/day for at least 1 consecutive day. Event rainfalls based on /EC, | were used to
draw an £D threshold. The proposed £D threshold was based on quantile regression
at a probability level of 5% and it is written as: log,o(E) + 3.322 + 1.13 log, (D).
Cumulative rainfall of 100 mm for 20 days prior to a failure day (CR,,) was chosen
as an extra rainfall variable added to the proposed ED threshold. The new threshold,
namely the CED threshold, was plotted in 3-dimensional space integrating two rain-
fall variables from event rainfall and one variable from cumulative rainfall.

The new CED threshold is implemented by assessing of the CR,, first followed by
assessment of the event rainfall using the ED threshold. The implementation is con-
ducted in the following manner:

The CR,, assessment determines whether cumulative rainfall exceeds 100 mm.

If the CR,, is not over 100 mm, it is presumed that land sliding will not happen.

If CR,, is equal to or more than 100 mm, the event rainfall will be assessed through
the ED threshold. If the event rainfall returns a rainfall depth and duration above the
ED threshold, the landslide warning will be activated.

Although the CED threshold provides a little lower hit rate (HR) than the ED thresh-
old does, the CED threshold performs much better in terms of false alarm rate (FAR)
than the ED threshold does since many rainfalls are filtered by the 20-day cumula-
tive rainfall (CR,,) lower limit of 100 mm prior to the assessment of the event rain-
fall.

The area under the receiver operating characteristics curve (AUC) was significantly
bigger for the CED threshold than for the ED threshold. This result indicates the
superiority of the CED threshold, particularly in the view of the respective false
alarm rates.
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ABSTRACT ARTICLE HISTORY
Northern Thailand is a hotspot for landslides. Rainfall-triggered land- Received 15 June 2022
slides in this region have caused much suffering and many fatalities. Accepted 30 August 2022

In this work, a landslide-triggering rainfall threshold for Northern
Thailand is proposed based on rainfall data relating to 48 triggering
rainfall events that caused 59 landslides in the study area. To Rai -

7 . 5 3 ainfall duration;
account for different mechanism of landslide formation, the thresh- Contingency tables;
old was portioned into two parts for different duration of rainfall Northern Thailand
events. A split point of 3 days was chosen as a separator for portion-
ing the threshold to be 1) a threshold for rainfall events of duration
no longer than 3days and 2) a threshold for rainfall events of dur-
ation longer than 3 days. The threshold also required a suitable vari-
able for antecedent rainfalls which was found to be cumulative
rainfall over 25-day period (CR,s) of 140 mm. Therefore, the thresh-
olds combining cumulative rainfall with rainfall event - duration
(CED) were established by incorporating the CR,s of 140mm into
the traditional ED threshold. This is the first attempt to incorporate
the difference mechanism of landslide formation by dividing the
CED threshold to two portions for difference rainfall duration. The
introduced threshold shows positive sign of the prediction, particu-
larly in term of false alarm rate, false alarm ratio, and critical success
index. The introduced threshold will be useful for landslide warning
system in the study area.

KEYWORDS
Landslide rainfall threshold;

Introduction

Every year, landslides result in economic and human losses. Understanding, manag-
ing, monitoring, and preventing these major natural hazards can mitigate the human
and economic impacts. Studies of the many different aspects of landslide hazards
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have investigated triggering factors and hydrological responses (Chinkulkijniwat,
Yubonchit et al.2016; Chinkulkijniwat, Horpibulsuk et al., 2016; 2019; Yang et al.
2021), biological stability (Indraratna et al. 2006), and landslide hazard assessment
(Grozavu and Patriche 2021). Work carried out on landslide risk assessment has
made some of the most vital contributions to landslide mitigation measures. Since
rainfall is known to be an important factor in landslide events (lida 2004; Fan et al.
2016), landslide rainfall thresholds are commonly utilized as an important component
of landslide early warning systems (Guzzetti et al. 1994; Aleotti 2004; Wieczorek and
Glade 2005; Ya’acob et al. 2019; Maturidi et al. 2020; Yang et al. 2020; Rosi et al.
2021). The most common parameters used to define landslide-triggering rainfall
thresholds are based on event rainfall parameters, particularly the parameter that
combines rainfall intensity and rainfall event duration, known as the ID threshold
(Caine 1980; Crosta and Frattini 2001; Ahmad 2003; Aleotti 2004; Guzzetti et al.
2008; Yubonchit et al. 2017). Since the rainfall variables used to predict the ID thresh-
old are not independent (Gariano et al. 2020), certain studies (Vennari et al. 2014;
Vessia et al. 2014; Gariano et al. 2015; Peruccacci et al. 2017; Gariano et al. 2019; He
et al. 2020; Germain et al. 2021; Lee et al. 2021) have preferred to use a threshold
that takes into account event rainfall and rainfall duration, known as the
ED threshold.

Thailand’s Northern Region regularly experiences rainfall-triggered landslides that
cause tragedy, injuries and loss of life (Yumuang 2006; Teerarungsigul et al. 2016;
Komolvilas et al. 2021). In 2001, 176 people lost their lives in rainfall-triggered land-
slide events in the area. In 2006, 87 fatalities were recorded, andin 2018, eight people
died but 260 casualties were reported. In 2003, Thailand’s Environmental Geology
Division reported that 6563 villages, in 1084 rural subdistricts, in 54 provinces, mostly
in Northern Thailand, were located in landslide hazard zones. According to Segoni
et al. (2018), who conducted a review of the recent literatures on rainfall thresholds
for landslide occurrence published in journals indexed in Scopus or ISI Web of
Knowledge database during 2008-2016, there was only one report for landslide rain-
fall threshold in Thailand (Kanjanakul et al. 2016) during the period of 2008-2016.
The present work determines a landslide rainfall threshold at regional scale for
Northern Thailand. The introduced threshold was modified from a landslide rainfall
threshold for the Southern Thailand region that combined cumulative rainfall with
rainfall event - duration, known as the CED threshold (Salee et al. 2022). The modifi-
cation was achieved by portioning the CED threshold to two portions; one for short
duration rainfall events and the other for long duration rainfall events. In general, the
short duration, high intensity rainfall events involved shallow landslides, while the
long duration, low to medium intensity rainfall events caused deep seat landslides
(Caine 1980; Giannecchini et al. 2012, 2015; Zhang et al. 2019). Taking rainfall dur-
ation into account in an established landslide rainfall threshold, the difference mech-
anism of landslide formation might be incorporated to the threshold. Contingency
tables and sets of skill scores were used to assess the performances of the thresholds.
The threshold introduced in this study will be useful for rainfall-triggered landslide
warning in Northern Thailand. Furthermore, this study shows the first attempt to
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incorporate the difference mechanism of landslide formation by dividing the CED
threshold to two portions for difference durations of rainfall event.

Background of the study area

The Northern Thailand region (Figure 1) consists of nine administrative provinces,
namely Chiang Rai, Mae Hong Son, Chiang Mai, Lamphun, Lampang, Phayao, Nan,
Phrae, and Uttaradit. The region covers approximately 93,691 km®. The landscape of
Northern Thailand is dominated by mountain ranges in the western and northeastern
parts of the region. Theses ranges are part of the wider system that covers neighbor-
ing Burma and Laos. Broadly defined based on geological composition, there are two
mountainous subsystems in the study area. In the western part of the region, moun-
tains run southwards from the Daen Lao Range with the two parallel chains of the
Thanon Thong Chai Range, which includes the highest mountain in Thailand, Doi
Inthanon (2,565 m above mean sea level). In the northeastern part of the region, par-
allel ranges extending into northern Laos include the Khun Tan Range, the Phi Pan
Nam Range, the Phlueng Range, and the western part of the Luang Prabang Range.
There also exists a set of strike-slip faults in this region. However, landslides triggered
by seismic events are rare in Thailand, and the most recent earthquakes in 2006 and
2014 did not lead to significant landslides (Schmidt-Thomé et al. 2018). The annual
average minimum and maximum temperatures are 4 and 40°C, respectively. The
average annual rainfall of 943.2mm is spread over 122days on average. Rainfall in
this area is under the influence of the southwest monsoon, which starts in May and
ends in October. Streams of warm moist air from the Indian Ocean bring abundant
rain to the region, especially to the windward side of mountain ranges. However, the
southwest monsoon is not the only source of precipitation during this period. The
influence of the Inter Tropical Convergence Zone and tropical cyclones can also
deposit large amounts of rain. Based on the available records, all major landslides in
this area have been triggered by heavy rainfall caused by tropical cyclones. Landslides
in Phare and Phetchabun provinces in 2001 were triggered by continuous heavy rain
that fell during Typhoon Usagi. Several landslides in Uttaradit, Sukhothai, Phrae,
Lampang and Nan provinces in 2006 were caused by continuous heavy rainfall in the
wake of Typhoon Xangsane. More recently, in 2018, landslides at Huay Khab village
in Nan province followed ten days of continuous rainfall caused by Typhoon
Son-Tinh.

Data collection and rainfall characterization

This study considered 59 landslide events recorded in Northern Thailand during the
years 2002 to 2018. Data were collected mainly from scientific papers published by
the Department of Mineral Resources, Ministry of Natural Resources and
Environment and partly from local newspapers. For an event to be taken into consid-
eration, the available information had to convey at least the following details: (1) the
date of the occurrence of the landslide, (2) the location of the landslide event, and (3)
consequential damages. Triggered and non-triggered rainfall data from the years
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Figure 1. Location of the landslide as depicted by the red cross on black circle, and location of
the Rain station shown by the white triangle. The area in dot-dash line represents boundary of
catchment area. The thin dot line represents boundary of sub catchment area. The gradient color
shows the elevation value of the area.

when these landslide events occurred were gathered from Thai Meteorological
Department (TMD) rain gauge stations. These rain gauge stations located in the
catchment area where the considered landslides were located. The locations of land-
slide events and TMD rain gauge stations in the study area are indicated in Figure 1.
To estimate rainfall at landslide locations, rainfall data from TMD rain gauge stations
was processed by use of inverse distance weighting (IDW). Based on inverse functions
of distance, IDW assigned a larger weight to a station closer to a landslide location
than it assigned to a station further away. Although, IDW is a deterministic model, it
has been considered a reliable method of spatial interpolation in applications such as
point spread function (Gentile et al. 2013), and baseflow measurement and baseflow
index calculation (Ditthakit et al. 2021). IDW has also been successfully applied to
the interpolation of rainfall data in various locations by Kong and Tong (2008),
Kurtzman et al. (2009), Chen et al. (2010), and Yang et al. (2015) among others.

In order to characterize rainfall in this region, criteria must be identified that
enable distinction between two consecutive rainfalls. The inter - event criterion (IEC)
used in this study to separate two consecutive rainfalls is shown in Figure 2. In
Figure 2, the inter-event criterion IEC,p is a combination of the rainfall intensity
threshold A and duration B. The condition that distinguished two consecutive rainfall
events had to satisfy the combined criterion. If rainfall intensity was no greater than
A mm/day for at least B consecutive days, two consecutive rainfall events were
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Figure 2. The chart shows how consecutive rainfall events were determined to have satisfied both
conditions of the inter-event criterion used to define a single rainfall event in this study.

considered to have occurred. Conversely, if the rainfall intensity and duration of two
rainfalls did not meet the IEC4 , these two rainfalls were considered as one continu-
ous rainfall. The determination of a suitable IEC was crucial to establishing a suitable
landslide-triggering rainfall threshold. An IEC which is easy to meet might result in
the rejection of a continuous rainfall, and an IEC which is hard to meet might pro-
duce too long a rainfall duration that includes independent rainfall events.

In this study, the suitable JEC was identified using all rainfall data (both triggered
and non-triggered rainfall events) from the years in which landslide events occurred
in the study areas. Since the suitable IEC can vary depending on seasonal and cli-
matic conditions, and there is a clear distinction between two consecutive rainfalls in
the pre-monsoon period, the determination of the suitable IEC in this study was
based on a dataset that excluded inter-event rainfall in the pre-monsoon period.
Twelve sets of variables A and B were examined to identify the suitable IEC, g. For
each TEC, g, all inter-event times between every consecutive rainfalls were read and
then employed to calculate the mean and the standard deviation of the inter-event
times. Based on an assumption that inter-event times have an exponential distribution
for which the mean equals the standard deviation (Bonta and Rao 1988), the suitable
IEC was identified on the basis of a variation coefficient (CV) of inter-event times
equal to 1.0. The variation coefficient (CV), defined as the ratio of the standard devi-
ation to the mean, was calculated and presented in Table 1. As expressed in Table 1,
the IEC that returned the CV closest to 1.0 was the IECs,, which stands for the con-
dition that rainfall intensity was no greater than 5mm/day for at least 1 days.

Based on rainfall events defined by IEC;s ,, frequency distributions tables were pro-
duced of rainfall duration in days (Table 2) and rainfall event in mm (Table 3) for
rainfall events from the years in which landslide events occurred in the study areas.
Eighty-four percent of the collected rainfalls lasted no longer than 3 days. With regard
to a depth of rainfall, it was found that eighty-three percent of the collected rainfalls
fell to a depth no greater than 50 mm. Figure 3 presents average monthly rainfall in
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Table 1. Basic statistics of inter-event duration corresponding to various inter-event criteria.

Inter-event criteria Mean [day] SD [day] CV [-]
1ECo 1 3.00 3.49 1.16
1ECo 5.32 4.02 0.75
IECo 3 6.81 4.03 0.59
IECy 4 3.19 3.64 1.14
IEC, 5.79 4.60 0.79
IECy 5 725 4,62 0.64
IEC, 4 330 3.64 1.10
IEC,, 5.06 4.07 0.80
IECy3 6.67 4.21 0.63
1ECs 4 3.64 3.79 1.04
IECs 5.10 4,04 0.79
IECs 3 6.52 418 0.64

Table 2. Frequency distribution of rainfall duration.

Duration [day] Number of rainfall events [-] Number of rainfall events [%]
1 881 46.8
2 410 21.8
3 298 15.8
4 121 6.4
5 56 3.0
6 48 2.6
7 37 20
8 14 0.7
9 9 0.5
1 2 0.1
12 2 0.1
13 1 0.1
15 2 0.1
17 1 0.1

a'\ark: The rainfall e\znts were defﬁed by IECSJ,*

Table 3. Frequency distribution of rainfall event in mm.

Rainfall event Number of rainfall Number of rainfall Cumulated number of
[mm] event [-] event [%] rainfall event [%)]
0-10 658 35.0 35.0
11-20 356 18.9 53.9

21 -30 250 133 67.2

31- 40 179 9.5 76.7

41 - 50 114 6.1 82.7

51 - 60 46 24 85.2
61-70 62 33 88.5

71 - 80 33 1.8 90.2
81-90 44 23 92.6

91 - 100 24 13 93.8

101 - 110 36 1.9 95.7
111-120 12 0.6 96.4

121 - 130 14 0.7 97.1

131 - 140 10 0.5 97.7

141 - 150 2 0.1 97.8

151 - 200 24 1.3 99.0

>200 18 1.0 100.0

Remark: The rainfall events were defined by /ECs ;.

mm (blue line) calculated from rainfall data in this study compared with 30-year
average monthly rainfall from years 1981-2010 (gray column) and monthly rainfall of
the recent year 2021 (green column) sourced from Thai Meteorological Department
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Figure 3. Average monthly rainfall in mm derived from gauge data for 30-year period from 1981
to 2010 (gray column) and for the recent year 2021 (green column). The blue line represents aver-
age monthly rainfall from data extracted in years when landslides occurred and from rain gauges
located in the catchment areas where landslides had occurred.

(2022). The rainfall data gathered in this study produced a similar distribution to the
results from gauge readings throughout the Northern Thailand. Since the rainfall data
in this study were collected from the years when the landslide events occurred and
from selected rain gauge stations located in the same catchments with the considered
landslides, the average monthly rainfall from rainfall data in this study was surely
higher than the 30-year average and the recent year.

Measures of evaluation

In the evaluation of the performance of the thresholds to be established in this study,
we considered various measures that are applied in the contingency table, comprising
numbers of true positives (TP), true negatives (TN), false positives (FP), and false
negatives (FN), and were employed in diagnosing landslide rainfall threshold in the
study area. A hit rate (HR) in Eq. 1 indicates the proportion of the correctly pre-
dicted landslide triggered rainfall events among all triggered rainfall events. The HR
ranges from zero (0) at the poor end to one (1) at the good end. A false alarm rate
(FAR) in Eq. 2 measures the number of false alarms per total number of non-trigger-
ing rainfalls. A false alarm ratio (FA) in Eq. 3 measures the fraction of forecasted
events that did not occur. The FAR and FA range from zero (0) at the good end to
one (1) at the poor end. A Hanssen-Kuiper skill score (KH) in Eq. 4 represents the
hit rate with respect to the false alarm rate and remain positive while the hit rate is
higher than the false alarm rate. The best possible KH score is 1, which is returned
when the HR is 1 and the FAR is 0. The worst possible HK is 0, which is returned
when HR = FA. A critical success index (CSI) in Eq. 5 combines HR and FA into
one score for low frequency events. This score measures the fraction of observed and/
or forecast events that were correctly predicted. It ranges from zero (0) at the poor
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end to one (1) at the good end.

TP
HR=—"— 1
TP + FN W

FP
FAR=— (2)

FP+ TN

FP
FA=— 3
TP + FP )
HK = HR—FAR (4)

TP
CS[=———— 5
. TP + FP + FN )

Other than the aforementioned scores, the receiver operating characteristic (ROC)
curves of HR against FAR were plotted at various probabilistic levels of landslide
threshold and the corresponding areas under the ROC curves (AUC) were calculated
to determine predictability. Furthermore, for each probabilistic level, the Euclidean
distance, 0, was calculated between the point corresponding to the threshold on the
ROC curve and the ideal coordinate (0,1).

The event rainfall - duration thresholds

Based on rainfall events defined by IEC; ,, rainfall event (E) and rainfall duration (D)
data points of non-triggering- and triggering-rainfalls plotted on a double logarithmic
scale were plotted on a double logarithmic scale in Figure 4a. The threshold was
being established from rainfall event (E) and rainfall duration (D) of landslide-trigger-
ing rainfall events in Northern Thailand. Quantile regression (Koenker and Bassett
1978) was employed to generate sets of rainfall thresholds at various probabilistic lev-
els using Eq. 6.

log 10E = a + blog o D (6)

where a and b are regression coefficients. Using the above relationship, the ED
threshold gave a straight line in double logarithmic scale.

To account for short- and long-duration rainfall events, the rainfall events were
divided to two groups: short- and long- duration rainfall events. However, due to
wide variety of hydrogeological conditions, a time at a split point between short- and
long-duration rainfall thresholds lays over a range from many hours to few days. He
et al. (2020) divided rainfalls to two groups; short- and long-duration rainfalls, using
48 hours as a split point to establish landslide rainfall threshold in China. Wicki et al.
(2020) used rainfall duration of 6hours to classified if the rainfall is short- or long-
duration rainfalls. Chen and Chen (2022) characterized rainfalls that triggered land-
slide in Taiwan to three types; including high rainfall intensity over a short duration
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Figure 4. (a) From the data of non-triggering and triggering rainfalls, double logarithmic scatter
plots were built from data points of rainfall event versus rainfall duration. The rainfall event - dur-
ation (ED) threshold was determined at various probability levels using quantile regression. (b) The
ED threshold was divided to two categories; short duration rainfall threshold and log duration rain-
fall threshold, using a split point at 2days, (c) The ED threshold using a split point at 3 days, (d)
The ED threshold using a split point at 4 days.

(<12h), high-intensity and prolonged rainfall, and high cumulative rainfall over a
long duration (>36h). Based on distribution of rainfall duration presented in Table
2, most of the rainfall events (almost 70%) last no longer than 2days and there are
few rainfall events (less than 10%) last longer than 4 days. Therefore, a time at a spilt
point between short- and long-duration rainfall thresholds could be within 2-4 days.
In order to define a suitable split point, three sets of the ED thresholds having their
split point at 2-day (Figure 4b), 3-day (Figure 4¢) and 4-day (Figure 4d) were estab-
lished and assessed.

Figure 5 presents the ROC curve and the corresponding AUC of three ED thresh-
olds split at 2-day, 3-day, and-4 day. The performance was fair (AUC less than 0.76)
for the ED threshold with the split point at 2-day. For the split point at 3-day and 4-
day, the ED thresholds yielded good predictability of their AUC magnitudes greater
than 0.80. Among three ED thresholds, the ED threshold that used 3-day as a spilt
point between short- and long-duration rainfalls exhibited the highest AUC. Hence,
the split point at 3-day was chosen as a separator for establishing the ED threshold
for short duration rainfall events (EDs threshold) and the ED threshold for long dur-
ation rainfall events (ED;, threshold). Threshold parameters a and b for exceedance
probabilities from 5 to 90% are reported in Table 4.

Table 5 summarizes the four contingency scores and the six skill scores at ten
probabilistic levels from 5 to 90% produced by results obtained from the ED
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Figure 5. Receiver operating characteristic (ROC) curve and the corresponding area under the ROC
curve (AUC) generated from the ED thresholds and the CED threshold.

Table 4. Threshold parameters a and b (see Eq. 1) for exceedance probabilities from 5 to 90%.
The threshold was portioned to two parts; EDs (for short duration rainfall events) and ED; (for
long duration rainfall events) thresholds. The threshold was portioned using a split point at 3 day.

Parameters Parameters
EDs Threshold ED; Threshold
Prob. level a b Prob. level a b
5 0.954 0.177 5 1.147 0.672
10 0.954 0.402 10 1.264 0.652
20 1.058 0.86 20 1.844 0.096
30 1.058 1.465 30 1.771 0.292
40 1.522 0.558 40 1.558 0.676
50 1.522 0.673 50 1.895 0373
60 1.522 0.887 60 2.050 0.234
70 1.526 1.205 70 1.962 0.421
80 1.844 0.538 80 2483 —0.002
90 1.960 0.542 20 2.509 —0.015

Table 5. Summarizes the four contingencies (TP, FP, FN, TN) and the six skill scores (HR, FAR, FA,
CSI, HK, o) obtained from the ED threshold for ten probabilistic levels.
Contingencies and skill scores

Probabilistic level TP FN N FP HR FAR FA cst HK 8

5 48 0 611 1223 1.00 0.67 0.96 0.04 0.33 0.67
10 45 3 658 1176 0.94 0.64 0.96 0.04 0.30 0.64
20 38 10 1025 809 0.79 0.44 0.96 0.04 0.35 0.49
30 35 13 1344 490 0.73 0.27 093 0.07 0.46 0.38
40 30 18 1681 153 0.63 0.08 0.84 0.15 0.54 0.38
50 26 22 1734 100 0.54 0.05 0.79 0.18 049 0.46
60 22 26 1756 78 0.46 0.04 0.78 0.17 042 0.54
70 14 34 1793 M 0.29 0.02 0.75 0.16 0.27 0.71
80 9 39 1831 3 0.19 0.00 0.25 0.18 0.19 0.81

90 6 42 1831 3 0.13 0.00 033 0.12 0.12 0.88
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Figure 6. Rainfall on a failure day in mm was plotted with respect to cumulative rainfall over 3-,
10-, 15-, 20-, and 25-day period prior to the failure day (a). Rainfall on a failure day in mm was
plotted with respect to cumulative rainfall over 25-day period before the failure day (b).

threshold portioned to short- and long-duration rainfall thresholds by 3-day duration.
At low probabilistic levels, the threshold yielded very high FA value (i.e. FA=0.96 at
probabilistic level of 5%). Threshold with high FA results in the operators losing trust
in its reliability. Furthermore, the CSI value generated by the threshold was much
lower than 0.50 at every probabilistic levels suggesting that the forecast had little or
no skill. Hence, we concluded that the ED threshold is not practically useful in the
study area.

The cumulative rainfall with rainfall event - duration threshold

For ease to account for antecedent rainfalls, cumulative rainfall over certain period
prior to the failure day was integrated to the established threshold. Figure 6a presents
the rainfall on a failure day (DR;) against cumulative rainfall over 3-, 5-, 10-, 15-, 20-,
25-day periods prior to the failure day. The plots were divided into two portions with
a 1:1line to clarify bias in the scattering, whether towards the rainfall on a failure day
or cumulative rainfall prior to the failure day. From 48 triggered rainfall events, 34
events were biased toward cumulative rainfall of 3-day period prior to the failure day.
The number of biasness toward cumulative rainfall increased to 35, 40, 42, 42, and 46
events when period of cumulative rainfall increased to 5-, 10- 15-, 20-, 25-day period,
respectively. Therefore, cumulative rainfall over 25-day period prior to the failure day
(CR,5) was considered as a suitable threshold variable for landslides in the studied
area. Figure 6b presents a scatter plot of data points representing DRy and CRy5 for
48 triggered rainfall events. The scatter plot revealed that the highest value of CR,s
that returned few number of triggered rainfall events was CR,5 of 149 mm. Hence,
the CR,s value of 140 mm was an indicator that could potentially be used as a land-
slide-triggering threshold in the studied area.

The CRy5 of 140 mm was introduced into the ED threshold presented in Figure 4c
to establish a CED threshold portioned by rainfall duration (Figure 7). This threshold
was portioned into a threshold for rainfall events of their duration no longer than
3 days, and a threshold for rainfall events of their duration longer than 3 days. Table
6 presents the four contingencies and the six skill scores for ten probabilistic levels
from 5 to 90% calculated for the CED threshold. Introducing the CR,s of 140 mm
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Figure 7. The CED threshold plotted in three -dimensional space. The threshold was portioned at
3-day becoming the CED threshold for rainfall events of their duration no longer than 3 days and
the CED threshold for rainfall events of their duration longer than 3 days.

Table 6. Summarizes the four contingencies (TP, FP, FN, TN) and the six skill scores (HR, FAR, FA,
CSl, HK, 3) obtained from the CED threshold for ten probabilistic levels.

Contingencies and skill scores

Probabilistic level TP N ™ FP HR FAR FA csl HK 3

5 45 3 1799 35 0.94 0.02 0.44 0.54 0.92 0.07
10 42 6 1801 33 0.88 0.02 0.44 0.52 0.86 0.13
20 35 13 1812 22 0.73 0.01 0.39 0.50 0.72 0.27
30 33 15 1821 13 0.69 0.01 0.28 0.54 0.68 0.31
40 28 20 1830 4 0.58 0.00 0.13 0.54 0.58 0.42
50 24 24 1830 0.50 0.00 0.14 0.46 0.50 0.50

4
4 0.42 0.00 0.17 0.38 0.41 0.58
70 13 35 1832 2 0.27 0.00 0.13 0.26 0.27 0.73
2 0.19 0.00 0.18 0.18 0.19 0.81
2 0.13 0.00 0.25 0.12 0.12 0.88

into the threshold resulted in notably fewer FP cases, and hence the FAR for the CED
threshold was considerably lower than the FAR for the ED threshold. The reduction
of FAR significantly improved the overall reliability of the threshold, indicated by the
ROC curve and the corresponding AUC of the CED threshold (Figure 5). The reliabil-
ity of prediction with the CED threshold was very good (AUC =0.96). The FA of the
CED threshold (FA=0.44) yielded positive results since it was significantly lower
than the FA yielded by the ED threshold (FA=0.96). The best compromise between
the minimum number of incorrect landslide predictions (FP, FN) and the maximum
number of correct predictions (TP, TN), was indicated by combination of the largest
values for the HK and the smallest value of the ¢. It was found that the best compro-
mising predictions was obtained at probabilistic levels of 5% for the CED threshold
(HK=0.92 and 6 = 0.07). The CED thresholds proposed in this study can be
employed as shown in Figure 8.
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Figure 8. Flowchart of landslide rainfall assessment using the introduced threshold.

Conclusion

Rainfall data corresponding to 59 landslides recorded in Northern Thailand during the years
2002 to 2018 was used to establish landslide rainfall threshold in the study area. Based on
the variation coefficient (CV) of inter-event times, a suitable inter-event criterion (IEC) to
separate two consecutive rainfalls was IECs; standing for the condition that rainfall intensity
was no greater than 5 mm/day for at least 1 days. The threshold introduced in this study was
a threshold that explicitly included rainfall event and antecedent rainfall parameters in the
threshold, namely cumulative rainfall with rainfall event-duration (CED) threshold. 140 mm
of the cumulative rainfall over 25-day period prior to a failure day (CRys) was found to be a
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suitable indicator to deal with antecedent rainfall events. Based on the threshold predictability
and distribution of rainfall duration, a period of 3 days was chosen as an indicator to distin-
guish the rainfall event to short- and long-duration rainfall events. And the introduced
threshold included the CED threshold for rainfall event of their duration no longer than
3days and the CED threshold for rainfall events of their duration longer than 3 days.
Introducing the CR,s of 140 mm into the threshold resulted in notably fewer false positive
(FP) cases, and hence the false alarm rate (FAR) for the CED threshold was considerably
lower than the FAR for the rainfall event-duration (ED) threshold. The reduction of FAR sig-
nificantly improved the overall reliability of the threshold, indicated by the magnitude of the
area under the receiver operating characteristic. Furthermore, the false alarm ratio (FA) of
the CED threshold yielded positive results since it was significantly lower than the FA yielded
by the ED threshold. Since the CED threshold at probabilistic levels of 5% returned the larg-
est Hanssen and Kuipers (HK) score and the smallest value of d, this threshold at probabilis-
tic level of 5% can be recommended as the landslide rainfall threshold in
Northern Thailand.

List of abbreviations and symbols

AUC area under receiver operating characteristic curve

CED threshold cumulative rainfall with rainfall event - duration threshold.
CRys cumulative rainfall over 25-day period before a failure day.
CSI critical success index

cv coefficient of variation

E rainfall event in mm

ED threshold rainfall event - duration threshold

ED; threshold rainfall event - duration threshold for long duration rainfalls
EDyg threshold rainfall event - duration threshold for short duration rainfalls
D duration of rainfall event in day

DRy rainfall event in mm on a failure day

FA false alarm ratio

FAR false alarm rate

FN false negative

FP false positive

HK Hanssen and Kuipers score

HR hit rate

IEC inter — event time criterion

ROC receiver operating characteristic

TP true positive

TN true negative

o Euclidean distance from the ideal co-ordinate 0,1.
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