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Abstract: A regional-scale landslide early warning system was developed in collaboration with a city
government. The structure and distinctive features of the system are described in detail. This system
employs the principles of the sequential evaluation method that consecutively applies three different
evaluation stages: statistical, physically based, and geomorphological evaluations. Based on this
method, the system determines five phases of warning levels with improved levels of certainty and
credibility. In particular, the warning levels are systematically derived to enable the discrimination of
slope failures and debris flows. To provide intuitive and pragmatic information regarding the warning
capabilities of the system, a comprehensive performance analysis was conducted. Early warning
level maps were generated and a historical landslide database was established for the study period
from 2009 to 2016. As a result, 81% of historical slope failures and 86% of historical debris flows
were correctly predicted by high-class warning levels. Miscellaneous details associated to the timing
efficiency of warnings were also investigated. Most notably, five high-class warning level events
and four landslide events were recorded for a study region during the eight-year period. The four
landslide events were all successfully captured by four out of the five warning events.

Keywords: landslide; slope failure; debris flow; early warning system; performance analysis;
historical landslide data; sequential evaluation method

1. Introduction

Catastrophic geological disasters caused by rainfall-induced landslides are increasing
worldwide [1–4]. In South Korea, various sources have persistently reported dramatic increases
in the frequency and scale of landslide disasters since the 2000s [5,6]. As Petley [7] points out, landslide
damages in urban areas have particularly increased since the 2000s due to land development in hillside
areas (given the persistent extension of urban and residential areas into hilly terrain), changes in
precipitation trends, and population growth. In response to such circumstances, an increasing amount
of focus has been directed towards landslide forecasting and the development of landslide early
warning systems (hereafter referred to as LEWSs). According to Guzzetti et al. [8] and Piciullo et al. [9],
territorial (or regional-scale) early warning systems are or have been operational over multiple
territories across the world with various coverage boundaries: catchment [10], citywide [11–13],
regionwide [14–16], and nationwide scales [17–19]. A majority of territorial LEWSs share a common
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feature involving the implementation of empirical rainfall or hydrological thresholds that rely on
statistical analyses of historical rainfall and landslide information. Although these are widely
preferred and convenient tools, such thresholds have been mostly oriented toward providing temporal
decisions regarding early warnings without taking into consideration the effects of geophysical
and geo-hydrological properties that are spatially variable; in rare cases, researchers such as
Peruccacci et al. [20] suggested various regional thresholds that consider variations in environmental
settings such as topography and lithology. As a result, a significant portion of past and present
operational regional-scale LEWSs have not been favorable options in spatially constraining early
warning information and providing physical bases. Whereas physically based landslide prediction
models are actively suggested and examined in the academic field, it is still rare to find purely
physically based models that have progressed to the level of achieving successfully operational LEWS
at a regional scale [21].

The evaluation of the regional-scale LEWS performance is another important element in
constructing a validated and credible LEWS. Nevertheless, no clear standard has been suggested
as of yet to systematically evaluate the early warning performance of LEWSs, and in many cases
LEWSs were operated without quantitative or qualitative performance analyses [8]. The majority
of the cases that analyzed the performance of LEWSs were basically rooted on the concept of
contingency tables [22] that combine two types of binary outcomes in general: true positive (event
occurrence with prediction), true negative (no event occurrence with no prediction), false positive
(no event occurrence with prediction; false prediction), and false negative (event occurrence with no
prediction; missed prediction). From this concept, a variety of useful performance indicators [23]
and skill scores [24,25] have been devised to measure the prediction capability of models. However,
although such indicators and scores are used as popular and effective indices for evaluating models,
they may be insufficient to a certain degree from the perspective of LEWS users (i.e., the public or
decision-makers) for the following reasons. First, different terminologies are used interchangeably
and it is sometimes difficult to intuitively recognize the meanings of certain terms. For example,
“the probability of detection”, “true positive rate”, “hit rate”, and “sensitivity” have the same definition
but are used interchangeably. Meanwhile, there are several indices with different definitions but
intuitively indistinguishable terminologies. For example, it is difficult to intuitively tell apart the
different practical meanings between the two different indices, “the probability of false detection” and
“the probability of false alarm”. Second, all model indicators based on contingency tables ultimately
refer to the degree in which a model can correctly predict events by reducing the frequency of false
and missed predictions to a minimum. However, although certain pragmatic information related to
early warnings is essentially required, such information is not obtainable from the model indicators.

This paper first provides a technical note that briefly describes the development, structure,
principles, and techniques of a citywide landslide early warning system that has distinct features in
several aspects. The LEWS implemented by the government of Busan, the second largest city in South
Korea, is based on the sequential evaluation method proposed by Park et al. [21] (hereafter referred to
as SEM-LEWS). By using time-varying rainfall data, the LEWS applies three consecutive evaluation
stages at each time step: statistical, physically based, and geomorphological evaluations. As a result,
the LEWS generates an early warning map that can be classified according to five levels at each
near-real-time step with improved credibility and spatial constraints. Each of the five warning level
classes defines its own unique interpretation based on the theoretical backgrounds of the evaluating
thresholds. In addition, the system is designed to enable the discriminative warning of debris flows
from other landslide types by assigning the highest warning level.

On the other hand, the performance analysis of this study aimed to provide pragmatic information
on the comprehensive warning capabilities of the SEM-LEWS in Busan by quantitatively evaluating the
conformity of the five warning level classes to their respective theoretical interpretations. The analysis
was conducted based on the simulation results of the SEM-LEWS operation that involved generating a
series of early warning level maps for the eight-year period from 2009 to 2016. This paper describes in
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detail the systematic processes involved in establishing an effective historical landslide database that
classifies 186 slope failure and 36 debris flow data. With consideration of several distinctive features of
the SEM-LEWS, this study addresses the processes that are undertaken to systematically evaluate the
early warning performance of the SEM-LEWS from various perspectives. The performance analyses
were carried out for two independent categories: prediction statistics of historical landslide data and
temporal performance. As a result, the analyses resulted in miscellaneous pragmatic details regarding
early warning capabilities in a probabilistic or quantitative form. Insights on the potential limitations
of the performance analyses and suggestions for future study are also discussed.

2. Landslide Early Warning System for Busan: SEM-LEWS

2.1. Principles of Landslide Early Warning System: Sequential Evaluation Method

In this study, we designed a landslide early warning system for Busan to evaluate the hazard
of rainfall-induced landslides and determine appropriate warning levels based on the principles of
the sequential evaluation method proposed by Park et al. [21]. As shown in Figure 1, the proposed
early warning system is characterized by five distinct warning levels (Null, Attention, Watch, Alert,
and Emergency) that are driven by a decision-making algorithm. The algorithm sequentially uses
three different evaluation stages to determine appropriate warning levels. The first evaluation phase
is a statistical evaluation, initiated at the “Null” warning level. This evaluation uses two different,
statistically defined rainfall thresholds in combination with a statistically derived geo-spatial threshold
to determine whether the warning level should be raised to “Attention.” The two rainfall thresholds are
the rainfall intensity–duration threshold (I–D curve) and the extreme rainfall-induced landslide index (IERL),
while the geo-spatial threshold is represented by a landslide susceptibility index (ILS). If the outcome
of the first evaluation is to raise the warning level to “Attention,” the second evaluation phase is
initiated. The second stage, a physically based evaluation, applies critical continuous rainfall (CRCritical)
to determine whether to increase the warning level to “Watch” or further to “Alert.” Here, if the
observed or predicted rainfall reaches 70 or 100% of a physically derived critical rainfall amount, the
warning level will be increased to “Watch” or “Alert,” respectively. If the warning level is determined
as “Alert,” the decision-making algorithm enters the third and final evaluation stage. This third
evaluation phase is a geomorphological evaluation, where a debris flow mobilization index (IDF) is used
to evaluate several geomorphological factors and thereby determine whether the warning level should
be increased to the highest level of “Emergency.”

Using a series of thresholds grouped in terms of theoretical backgrounds, each of the five warning
levels offers specific theoretical interpretations of landslide hazards. Firstly, by using lower limits
of the three statistically defined thresholds, “Attention” represents a conservative and preliminary
warning that advises for preemptive preparations. Secondly, both “Watch” and “Alert” warnings
focus on slope instability from a physically based perspective. Specifically, “Watch” functions as a
precautionary warning to extend response time prior to a slope becoming unstable, while “Alert”
indicates that a slope has become completely unstable and that a slope failure may occur at any point.
Thirdly, “Emergency” indicates that a slope is completely unstable and, in addition, the potential failed
mass of the slope is highly likely to transition into channelized debris flows, which can have severe
physical and social implications for surrounding communities.

Further detailed information regarding the sequential evaluation method including the
relevant decision-making algorithm, theories of constituent thresholds, required parameter datasets,
and processes to generate early warning level maps are described in Park et al. [21].
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Figure 1. Conceptual diagram of the sequential evaluation method used for landslide early warnings,
including three evaluation stages and hazard interpretations of each warning level [21].

2.2. Development and Structure of SEM-LEWS

Busan is the second largest city in South Korea with an area that extends up to ~770 km2 populated
by 3.5 million people. The city has historically been considered as a relatively vulnerable location from
a geographical perspective due to the frequent landslide disasters that have occurred. A great portion
of the city’s area is composed of forested mountainous terrain, and an increasing amount of land is
being developed for housing and infrastructure to the point where such sites extend out to hillside
locations. As a result, physical and social damages incurred by landslides have been persistently
reported for several years [26–29]. The most prevailing landslide types are shallow landslides and
debris flows induced by intense rainfall concentrated within several hours [30,31].

Although the Korea Forest Service operates a nationwide landslide early warning system that
uses an empirically defined soil-water-index threshold [32] to share warning information with local
governments in Korea, the accuracy and credibility of the warning information has often been limited
when applied at the level of public activations. Through an agreement (memorandum of understanding)
with the local government of Busan on a mutual working-level cooperation, our research group was
able to implement a test-operational citywide landslide early warning system within the disaster
safety management division of the Busan local government, in July 2017. Within this context, Figure 2
and Table 1 illustrate the structure and offer a summary of the main specifications of the SEM-LEWS,
respectively. The system can be organized into different data sources, a main server, and a GIS-based
graphical user interface within the national disaster management platform called Smart Big Board [33].
In the system, two different modules run independently according to temporal hazard evaluation
specifications. The “Nowcasting” module determines current early warning levels for landslides using
near-real-time recorded rainfall data obtained from 51 rain gauges distributed over the Busan area,
while the “Forecasting” module determines landslide early warning levels 24 h in advance, primarily by
using predicted rainfall data obtained from the Korea Meteorological Administration (KMA). The time
required for the main server to perform a series of processes ranging from processing raw data for input
parameters to generating and visualizing landslide early warning level maps for Busan is between 5
and 8 min, and this processing time is shorter than the time interval (10 min) to call the now-recorded
rainfall data. Therefore, in our study, the update frequency of the landslide early warning level map
for the “Nowcasting” module was set to 10 min, which is considered sufficient for the near real-time
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monitoring of sharply increasing landslide hazard levels. Furthermore, the Forecasting module was
set to update early warning level maps every 6 h to correspond with the update interval of the rainfall
prediction data from the KMA.

Figure 2. Structure of the landslide early warning system for Busan based on the sequential
evaluation method.

Table 1. Specifications of the landslide early warning system for Busan based on the sequential
evaluation method [21].

Category Specifications

Areal management scale Regional scale (citywide)

Typical landslide type Rapid shallow landslide and debris flow induced by heavy rainfall.

Hazard evaluation method

Sequential evaluation approach using the following thresholds:

• Statistical thresholds: IERL, I-D curve, and ILS
• Physically based threshold: CRCritical
• Geomorphological threshold: IDF

* Ground-monitoring instruments for validation analysis.

Input factors

• Four different rainfall characteristics, saturated hydraulic conductivity,
and storage capacity required to run the decision-making algorithm for
early warning levels.

• Topographic, geotechnical, geo-hydraulic, and geomorphological
properties used to derive fixed thresholds, including ILS, CRCritical,
and IDF in advance.

Interest in time
for hazard evaluation

• Current for “Nowcasting” module
• 24 h in advance for “Forecasting” module

Warning level
resolution

Temporal
(Update frequency)

• “Nowcasting” module: every 10 min
• “Forecasting” module: every 6 h

Spatial
• Specific areal warning map: 5 × 5 m grid cell area
• Administrative warning map: primary administrative division area

All calculations related to the decision-making algorithm of the sequential evaluation method
were performed by the main server, which also stored all required input parameter datasets and
previously generated warning level maps.

In the two designated landslide-prone valley sites, ground-monitoring instruments (including
volumetric water content and matric suction sensors) were installed to monitor slope hydrological
parameters. These data were transmitted every 10 min and stored on the main server. Through a
comparative study, the cumulated monitoring data allows for the validation and updating of numerically
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analyzed rainfall infiltration modeling results used to derive a physically based threshold (CRCritical)
for the SEM-LEWS.

Two landslide early warning level maps with different spatial resolutions were generated as
final outputs from the single evaluation cycles of each module as follows: a specific areal warning
map and an administrative warning map. The specific areal warning map includes warning level
information with a spatial resolution of 5 × 5 m that helps identify warning levels related to specific
areas and establish localized management plans (Figure 3a), while the administrative warning map
provides individual warning level information for each primary administrative division area (Figure 3b).
This allows for the rapid identification of representative warning levels per primary administrative
division and thus, assists in the making of efficient and swift decisions in response to potential
disasters. The outputs (landslide early warning level maps) are displayed on the GIS-based interface
of Smart Big Board, which supports public officials or other decision-makers in charge of disaster
management in making timely and appropriate decisions with improved certainty and efficiency.
Additionally, other supplemental information on geo-properties, as well as real-time-collected rainfall
tracking information relative to the thresholds of IERL, I-D curve, and CRCritical, and landslide historical
information, among others, can be displayed on the system interface.
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 Figure 3. Two different types of landslide early warning level maps obtained from a landslide early
warning system based on the sequential evaluation method including (a) a specific areal warning map
and (b) an administrative warning map.
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3. Performance Analysis of SEM-LEWS Based on the Simulation Results of 8-Year Histories

3.1. Study Framework

The performance analyses were conducted based on the simulation results of SEM-LEWS operation
over a period of eight years from 2009 to 2016. The rainfall input data during the eight-year period
were sourced from the 17 KMA observatories that are distributed in and adjacent to the Busan area;
the 51 city-owned rain gauges introduced in Section 2.2. were not feasible sources in this study as
these gauges were installed and have been in operation since 2017. As shown in Figure 4, the entire
area of Busan can be divided into 17 Thiessen polygon areas by black lines based on the locations of
the distributed KMA observatories. In this study, each Thiessen area was considered as a unit region
that exhibits independent and homogeneous meteorological behaviors (i.e., rainfall characteristics).
Therefore, raster dataset layers of rainfall input parameters were generated in such a way that data
values are equal within each Thiessen area. By using hourly-recorded rainfall data from the KMA
observatories, early warning level maps in the form of a raster dataset were generated with an interval
of 1 h for the rainy seasons (June to October) of the study period.

Figure 4. Map of eight infiltration characteristic (IC) zones and 17 Korea Meteorological Administration
(KMA) rainfall observatories distributed within and near the Busan territory.

On the other hand, historical landslide data with valid quality and sufficient quantity constitute
an important basis for testing the performance of landslide early warning systems at a regional
scale. Therefore, a GIS historical landslide database was constructed by determining time and
location information using several effective methods. Detailed processes are described in detail in
the Sections 3.2 and 4.1. The data were collected in two categories depending on its landslide type:
slope failure or debris flow. This is important information to test the discriminative capabilities of the
SEM-LEWS in terms of debris flows that tend to cause significant damage to surrounding communities.
Moreover, the collected historical landslide data were reclassified and analyzed according to the
infiltration characteristic zone in which they are located. As shown in Figure 4, the mountainous areas
of Busan were divided into eight different zones by considering geographical and geological features.
These zones are denoted as infiltration characteristic zones (hereafter referred to as IC zones). It was
presumed that unique and homogeneous geo-hydrological features are exhibited throughout each
IC zone.
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The SEM-LEWS performance in terms of early warnings was examined according to two categories
depending on the focus of early warning performance: analysis of the prediction statistics of historical
landslide data and temporal performance analysis. Figure 5 depicts the framework of the performance
analysis conducted in this study.

Figure 5. Performance analysis framework of the landslide early warning system for Busan applying
the sequential evaluation method.

Firstly, to analyze the prediction statistics, the relevance and accuracy of the warning level that
was issued at each location of the collected historical landslide events were investigated for a particular
fixed time (i.e., its occurrence time). In other words, for the simulated historical eight-year period,
the prediction statistics were derived to provide answers for the following pragmatic questions: (1)
Had appropriate warning levels been assigned when the landslide occurred? (2) How correctly did
the warnings issued discriminate between slope failure and debris flow? (3) How many landslides
occurred without the issuing of warnings (i.e., in the “Null” level)?

Secondly, for the temporal performance analysis, several quantitative warning capabilities
associated to timing were analyzed for a study region with high landslide-frequency. From the
perspective of users (i.e., decision makers or the public), this analysis was conducted to provide
probabilistic or quantitative information as answers for the following pragmatic questions: (1) How
often is a warning event expected each year? (2) What is the probability of landslides occurring given
that an early warning has been issued? (3) As a particular warning level is issued, how much time can
one expect to be left before landslide incidents probably take place?

3.2. Establishment of Historical Landslide Database Using Indirect Field-Checks

In our study, a historical landslide database was used to analyze and validate the developed
landslide early warning system. The database consists of information on 317 reported landslides
that occurred in Busan between 1999 and 2016. Primary information on these historical landslides
was obtained from various sources, including landslide documents from the local government of
Busan, articles from internet news archives, landslide files obtained from the National Institute of
Forest Science, as well as information from several district offices and a local university in Busan.
These primary sources, in a text data sheet format, generally included the following information: date
of landslide occurrence, landslide location using either a road-name or land-lot format, surrounding
landmarks or buildings, area of damage, and recovery costs. In an effort to construct a point feature
GIS dataset that identifies landslide source areas, all landslide locations reported in the primary sources
were indirectly field-checked using maps provided by Google Earth and two South Korean web portals
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(Naver and Daum). These map services provide annual satellite imagery, as well as aerial photographs,
and street views to the public (Figure 6). The aerial photographs shown in Figure 7 represent the
indirect field-check method, where a reported landslide location sourced from primary data sheets was
aerial-photographed by a web portal service (Kakao Map) before and after the landslide (Figure 7a
and b, respectively). By comparing the two photographs, information on the precise location of the
landslide source area and landslide type (debris flow or slope failure) could be obtained.

Figure 6. Map services provided by Google Earth and South Korean web portals including (a) street
view [mar]; (b) satellite imagery (Google Earth) and (c) aerial views [34].

Figure 7. Explanation of the indirect field-check method using map services from a web portal [35],
with aerial photographs taken (a) before and (b) after landslide occurrence.
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Based on these processes, a database consisting of 317 historical landslide data points was
established in the form of GIS point feature classes (Figure 8a). Within this context, Table 2 specifies
the number of GIS landslide data points according to landslide occurrence date and spatial precision
class. The GIS historical landslide data was classified into three hierarchical groups according
to the spatial precision of the estimated landslide source area. First-class spatial precision data
included data with landslide initiation source areas clearly confirmed through indirect field-checks.
Second-class spatial precision data included data with specific landslide locations, but with a lower
confidence level compared to first-class data, due to a lack of confirmation through indirect field
checks. Error distances of second-class data points from actual landslide initiation source areas were
estimated to be less than 50 m. The first and second-class data were considered applicable for refined
validation analyses on spatial performances of advanced models. Third-class spatial precision data,
however, included somewhat randomly marked landslide locations within the respective boundaries
of administrative areas provided by the primary sources. This is due to the provided administrative
boundaries being too broad to specify landslide locations, in addition to failure to find evidential areas
of landslide occurrence from indirect field checks. The maximum error distance of third-class data
points from actual landslide initiation source areas was estimated to be approximately 400 m. Due to
such low spatial precision, the third-class landslide data was only considered for analyses that were
less sensitive to the spatial precision of historical landslide data. This included analyses associated
with susceptibility zonation as well as rainfall-threshold derivation and validation at the regional-
or national-scale.

Figure 8. Historical landslide database in the form of GIS point feature classes including the distribution
of (a) data recorded from 1999 to 2016 and classified by spatial precision and (b) 1st and 2nd class
spatial precision data recorded from 2009 to 2016 and reclassified by landslide type.

Table 2. Classification of historical landslide data according to occurrence date and spatial precision.

Occurrence Date
Number of GIS

Landslide Data Points
Number of Classified Data Points According to Spatial Precision

1st Class 2nd Class 3rd Class

2 July 1999 1 - - 1
10 September 1999 1 1 - -

14 July 2000 1 - - 1
9 August 2002 1 - - 1
10 August 2002 2 1 - 1
11 August 2002 1 - - 1

12 September 2003 3 - - 3
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Table 2. Cont.

Occurrence Date
Number of GIS

Landslide Data Points
Number of Classified Data Points According to Spatial Precision

1st Class 2nd Class 3rd Class

6 September 2005 2 - 1 1
9 July 2006 12 2 1 9

10 July 2006 12 3 9 -
15 August 2008 1 - 1 -
16 August 2008 1 - 1 -

7 July 2009 13 8 5 -
16 July 2009 148 69 55 24
27 July 2011 60 17 22 21
15 July 2012 13 2 10 1

18 August 2014 1 1 - -
25 August 2014 41 12 18 11

4 July 2016 2 1 1 -
5 October 2016 1 - 1 -

Total 317 117 125 75

The established historical landslide database included data on various types of landslides that
could be classified as “slope failure” and “debris flow.” Figure 8b depicts the distribution of debris
flow and slope failure data recorded from 2009 to 2016 with 1st and 2nd class spatial precision. Due to
the lack of detailed event descriptions for each slope failure, it was not feasible to further categorize
the data. Therefore, the slope failure category included landslides caused by the failure of both natural
slopes as well as artificial slopes, such as embankments, retaining walls, and cut or fill slopes. However,
as the source area of the majority of debris flows was located at the head of gullies in mountainous
areas, the majority of recorded debris flows are highly likely to have been spontaneously induced by
rainfall with negligible influence of human activities. Table 3 specifies the numbers of slope failures
and debris flows depicted in Figure 8b according to the respective IC zone. This dataset includes
222 data points and was used to analyze the performance of SEM-LEWS in our study.

Table 3. Reclassification of 1st and 2nd class historical landslide data recorded from 2009 to 2016,
according to the infiltration characteristic (IC) zone and landslide type.

Landslide Type
Number of Historical Landslide Data Points

Total
IC Zone 1 IC Zone 2 IC Zone 3 IC Zone 4 IC Zone 5 IC Zone 6 IC Zone 7 IC Zone 8

Slope failure 4 2 68 60 9 24 17 2 186
Debris flow - 1 10 18 4 1 2 - 36

Notably, as indicated in Figure 8, the majority of historical landslides are distributed in the
south-central part of Busan (i.e., IC zones 3 and 4), which is the most populated and urbanized
region of the city. This implies that the primary data sources showed a bias towards recording
damage-causing landslide events, which, in turn, indicates that regions with sparsely distributed
historical landslide data (e.g., IC zones 1, 2, and 8) do not necessarily represent areas of more stable
geological or meteorological conditions. The relatively sparse distribution of historical landslide data
in the northeastern and southwestern areas of Busan may be because landslides triggered in outer
areas or deep mountainous areas had a lower chance of being reported, as they are unlikely to have a
significant impact on society.

4. Results and Discussion

4.1. Analysis of Prediction Statistics of Historical Landslide Data

In this study, we ran simulations of the SEM-LEWS operation to generate a series of landslide early
warning level maps for the Busan area during the rainy season (June to October) over an eight-year
period (2009–2016). During this period, the city of Busan experienced eight days in which at least one
landslide was recorded. The previously introduced historical data of 186 slope failures and 36 debris
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flows in Figure 8b and Table 3 were all recorded during these eight days. Ideally, the timing information
of each historical landslide forms the basis of the model’s evaluation, for example, an evaluation of
the prediction results from the SEM-LEWS model. Especially in terms of rainfall-induced landslides,
hourly-, or minute-scale timing information is necessary, as most landslide-triggering rainfall in Korea
tends to be concentrated over a few hours, and therefore, landslide hazards can vary greatly over an
hour. However, it is almost impossible to obtain minute-scale individual occurrence times for such a
large number of historical landslides. This is primarily due the majority of primary sources used for
constructing the historical landslide database being compiled by public officials and thus, in most cases,
only containing information on the occurrence date or period and not the exact time of occurrence.
Such uncertainties arising from the lack of the accurate landslide occurrence time information have been
reported by various landslide-modelling researchers [36–38]. In our study, we obtained minute-scale
time information for only a limited number of the 222 historical landslide data points, and these were
mostly sourced from internet news archives. To obtain relevant incident times for the remainder of the
historical landslides, the following assumptions were made: (1) historical landslides recorded during a
particular rainstorm and distributed within the same IC zone have a negligible difference in occurrence
time and thus, can be said to have occurred at the same time; (2) in the case of an IC zone containing
more than one landslide with recorded occurrence times, the earliest recorded time can be used as the
representative occurrence time of the IC zone for conservative evaluations; (3) in the case of an IC zone
in which no landslide occurrence time information is present, the representative landslide occurrence
time was postulated by considering that of adjacent IC zones with the same lithological conditions and
comparatively analyzing cumulative landslide-triggering rainfall patterns of adjacent IC zones.

In terms of assumption (2), our study contained two cases in which multiple landslide-timing
records were present within an IC zone on the same date. The time difference between the records was
not significantly large for both cases, specifically, 1 h and 1 h 8 min, respectively. Brand [39] concluded
that a large number of landslides are triggered near the peaks of severe rainstorms. In the case of a
landslide where only the occurrence date and rainfall event are known, Brunetti et al. [40] considered
the time (hour) of the last rainfall measurement of the day on which the landslide occurred as the
landslide occurrence time. As such, determining the correct landslide occurrence time remains
a limiting factor in landslide research that uses historical data. Table 4 represents the landslide
occurrence times and IC zones for landslides that occurred on each of the eight landslide event dates.
The representative times with superscript “P” are those that were postulated in compliance with
assumption (3).

Table 4. Representative landslide occurrence times per infiltration characteristic (IC) zones in which
landslides occurred on the eight landslide event dates.

Date of Landslide
Representative Landslide Occurrence Time (hh:mm)

IC Zone 1 IC Zone 2 IC Zone 3 IC Zone 4 IC Zone 5 IC Zone 6 IC Zone 7 IC Zone 8

7 July 2009 - - - 09:23 12:50 09:20 - -
16 July 2009 06:30 P 06:30 P 07:50 10:40 7:00 P 10:00 07:30 -
27 July 2011 - - 10:14 10:20 - - - -
15 July 2012 - 13:00 02:30 04:00 00:10 - - -

18 August 2014 - - - - 05:25 - - -
25 August 2014 - - 15:30P 14:22 14:30 P 16:00 P 16:00 16:00

4 July 2016 - 03:21 08:07 - - - - -
5 October 2016 - - - - - 10:00 - -

P Postulated landslide occurrence time.

In the next step, early warning levels at the respective landslide occurrence times were investigated
for each of the 222 historical landslide records using early warning level maps. These maps were
generated using an hourly interval, as historical rainfall data from the KMA observatories were also
recorded hourly. Therefore, the early warning level maps that correspond to the rounded-down
hours of the respective landslide occurrence times were used to determine early warning levels of the
historical landslide events. In addition, a polygon circle centered around each historical data point
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with a 50 m radius was used as the domain area for determining a representative early warning level
for each historical landslide. The radius of 50 m was determined in reference to the maximum possible
error distance of the 2nd class spatial precision data points, as the 222 historical landslide records
contained either 1st or 2nd spatial precision data. Among the early warning levels of the grid cells
(5 × 5 m) constituting the domain area, the early warning level assigned to the largest number of cells
was considered as the representative early warning level of that domain area. In the case of the highest
“Emergency” level, however, the domain area was represented by this level only if the number of cells
classified as “Emergency” exceeded half the maximum number of cells that could be assigned this
warning level within the domain area. This is because the area to which the “Emergency” level can be
assigned is limited to debris-flow-prone areas by a geomorphologically fixed threshold (i.e., IDF = 0.8).

Among the 222 historically recorded landslides, 186 (84%) were categorized as slope failures
and 36 (16%) as debris flows. In Figure 9, the recorded landslides are grouped into the two landslide
types, and sub-grouped according to assigned warning level at the respective time of occurrence.
The “Alert” and “Emergency” levels were interpreted as states in which slopes are saturated to the
point of imminent danger of failure, and states in which possible failure masses are likely to mobilize
as debris flow, respectively. Therefore, ideal predictions would forecast all 186 slope failures within the
“Alert” level and all 36 debris flows within the “Emergency” warning level. Results from our analyses
indicate that 81% (150/186) of slope failures and 86% (31/36) of debris flows were correctly predicted
by the “Alert” and “Emergency” warning levels, respectively. More specifically, there were no cases
of slope failures incorrectly predicted as “Emergency” or debris flows wrongly predicted by “Alert”,
which shows the ability of the system to discriminate between slope failure and debris flows. The results
also indicate that 17% ((12 + 20)/186) of slope failures were incompletely predicted by conservative (or
low) warning levels (i.e., “Attention” and “Watch”). Considering that the interpretation of these two
levels involves the possible occurrence of minor failures or erosive soil losses, it can be concluded that
the SEM-LEWS succeeded in warning for 98% (182/186) of slope failures.

Figure 9. Prediction results of historical landslide data based on the simulation of landslide early
warning system applying the sequential evaluation method for the period of 2009–2016.

From the perspective of the fundamental purpose of early warning systems, i.e., to enable
preparation for or avoidance of future danger, the most significant error of LEWS may be where
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landslides occurred without warning or with insufficient warning information (hereafter, referred to
as missed-warning errors). Five debris flows were classified as having missed-warning errors due
to warning levels only being raised to “Watch” at the time of occurrence. These five events were
recorded during lower rainfall events that did not exceed thresholds of “Alert” and “Emergency” levels.
Through indirect field checks and information from primary sources on damage area and recovery
costs, the five events were found to be a type of minor erosive soil loss from valley channels and not
large-scale debris flows. As for slope failures, four were classified to have occurred without warnings
(i.e., “Null” level), and 32 occurred at low warning levels (i.e., “Attention” and “Watch”). Therefore, 36
of 186 slope failures (19%) occurred with lower rainfall than the threshold level for the “Alert” warning.
We suggest that the relatively large dispersion of prediction results for slope failures, compared to
that of debris flows, can be attributed to historical slope failure data that includes artificial as well as
natural slopes (see Section 3.2.). As shown in Figure 10, the four slope failures that occurred without
warning were found to be minor local failures of artificial slopes such as retaining walls, embankments,
or cut slopes. Assuming that the respective landslide occurrence times are correct and rainfall was
correctly recorded without rain gauge malfunction, these incidents indicate that the prediction of
artificial slope failure may require the consideration of additional failure mechanisms and various
uncertainties caused by human influence and slope-design factors. 

2 

(a) (b) 

 

 

Figure 10. Historical slope failures that occurred within the “Null” level including (a) soil loss of a cut
slope in 2012 (captured from a Korean news video clip) and (b) failure of an embankment within a
housing area in 2016.

Figure 11 shows the results of reclassifying predicted historical landslide data for each of the eight
IC zones in Busan. While IC zones 1, 2, and 8 were regions with the least number of recorded landslides,
IC zones 3 and 4 represented regions with the highest number of recorded landslides. As mentioned
in Section 3.2., differences in the number of landslides depend on whether the regions were located
in densely populated and urbanized areas. IC zones 1, 2, and 8 are located in the outskirts of Busan,
where risk elements (people and infrastructure such as buildings and roads) are sparse. Therefore,
the lower number of landslides in these areas compared to other IC zones do not necessarily indicate
that they are geologically or meteorologically more stable. Although SEM-LEWS results satisfactorily
predicted landslides that occurred in IC zones 3, 4, and 6, considering the large proportions of the
landslides that occurred under the “Alert” and “Emergency” levels, the SEM-LEWS results did not
effectively predict landslides in IC zone 5, as a large proportion of landslides occurred at relatively low
warning levels (“Watch”, “Attention”, and “Null” levels).
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Figure 11. Prediction results of historical landslide data in each of the eight infiltration characteristic
(IC) zones in Busan.

4.2. Temporal Performance Analysis

In this section, the results of a temporal performance analysis of SEM-LEWS are described using
historical rainfall and landslide data from Busan for the eight years from 2009 to 2016. For a temporal
performance analysis, the scale of study area should be constrained to the point where causative factors
of landslides, such as rainfall and geo-properties, are nearly homogeneous. Therefore, in this study,
we selected a specific region (Figure 12) that has near-uniform meteorological and hydrogeological
characteristics. In terms of meteorological characteristics, spatially uniform rainfall input data was
generated for each of the 17 Thiessen districts that partition the entire Busan territory. In terms of
hydrogeological characteristics, a part of IC zone 4 that overlaps with the Daeyeon Thiessen district
was selected to reduce the spatial variability of hydrogeological characteristics. This was possible as IC
zone boundaries demarcate areas with specific unsaturated soil characteristics so that slopes within
each IC zone have near-homogeneous rainfall infiltration and subsurface water flow characteristics.
In a physically based modelling study to define CRCritical thresholds of shallow landslides, Park [41]
reported that, in Busan, infiltration characteristics related to unsaturated soil parameters play a bigger
role in reducing slope stability than other geotechnical characteristics such as cohesion, friction angle,
and slope angle. Therefore, it can be inferred that the selected region would exhibit near-uniform
spatial changes regarding landslide hazard, and thus the same warning levels over the same time
scales. Using historical rainfall data obtained from the Daeyeon rainfall observatory, the changes
in warning levels over time were investigated for the specific region where the highest number of
historical landslides were recorded within the Busan area. During the eight-year period, on four dates,
landslides were recorded in this specific region (hereafter referred to as study region). The distribution
of the recorded historical landslide data is shown in Figure 12. On each of the four dates, only one
landslide record contained occurrence time information as follows: 09:23 on 7 July 2009, 10:40 on
16 July 2009, 10:20 on 27 July 2011, and 04:00 on 15 July 2012. The remainder of the historical landslides
was assumed to have occurred concurrently.
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Figure 12. Map of the study region used for temporal performance analysis including the distribution
of historical landslides recorded on four different dates.

Figure 13 shows the changes in rainfall and corresponding warning levels in the study region during
the rainy season (June to October) across the eight-year time period. Although small, the initiation time
of a particular warning level was spatially variable within the study region. Therefore, we defined the
initiation time as the time when a particular warning level starts to constitute the largest area within
the study region compared to other warning levels. In the case of the highest “Emergency” level,
however, the study region was considered to enter the phase of this level if the number of “Emergency”
cells exceeded half the maximum number of cells that could be assigned this warning level within the
study region.

Figure 13. Cont.
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Figure 13. Progression of changes in rainfall and corresponding warning levels in the specific case
study region during the rainy season of (a) 2009; (b) 2010; (c) 2011; (d) 2012; (e) 2013; (f) 2014; (g) 2015
and (h) 2016.

During the rainy season of 2009 (Figure 13a), the landslide early warning model characterized
seven rainfall conditions among various combinations of continuous rainfall and 20-day antecedent
rainfall by generating warnings. In particular, SEM-LEWS successfully discriminated two rainfall
conditions that triggered landslides from the five remaining rainfall conditions, by further raising
the warning level to higher than “Watch.” For the remaining five rainfall conditions that did not
trigger landslides, the warning level was raised to “Attention” for relatively low continuous rainfall
as considerably high levels of 20-day antecedent rainfall caused the threshold of IERL to be exceeded.
In the case of a weak continuous rainfall event with a high antecedent rainfall amount, we suggest
a precautionary “Attention” level to be reasonable, as it offers time to prepare for possible slope
instability and post-rain slope failure induced by increased soil moisture conditions. In Figure 14,
the progression of continuous rainfall and the corresponding warning levels that led to Landslide
occurrence 2 (a debris-flow type event) in Figure 13a are depicted over a specific time scale. Under
the condition of great antecedent rainfall amounts, the warning level increased from “Attention”
to the highest level of “Emergency” in response to the continuous rainfall amount increasing from
approximately 140 to 200 mm in an hour. Considering that, as shown in Figure 14, the debris flow
event was reported after the rainfall became tenuous, it is speculated that the debris flow actually
initiated several minutes to a few hours before it was reported.

Before further discussing results from the temporal performance analysis, the term “warning
event” should be defined as follows: an event in which a series of warning levels are initiated and then
reduced to “Null.” During the 1224-day period corresponding to the duration of the rainy seasons over
the eight years, a total of 55 days had warning events (4.5%). This indicates that approximately seven
days with warning levels can be expected annually when the system is operational. Another important
temporal characteristic of early warnings is lead-time. Corominas and Mavrouli [42] defined lead-time
as “a time interval between the moment when the occurrence of a landslide event is reasonably certain
(i.e., initiation of each warning level), and the moment of its actual occurrence.” Table 5 shows the mean
lead-time for each warning level in the study region over the eight-year period. We suggest that the
deduced mean lead times are reasonable, considering that these values are similar to the preliminary
applicability test results of the SEM-LEWS model in which six historical landslide events were sampled
and analyzed (Park et al., 2019). During the eight-year study period, SEM-LEWS generated a total of
30 warning events. Among the events, five were cases that involved high warning levels (“Alert” or
“Emergency”), and landslides occurred in four of those five cases (Figure 13a,c,d). The remaining case
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that falsely warned with high warning levels is shown in Figure 13f. Here, the “Emergency” level
was reached, but no landslides occurred. Therefore, from our results, landslide probabilities during a
warning event and during a high-level warning event were 13% (4/30) and 80% (4/5), respectively.

Figure 14. Progression of changes in rainfall and the corresponding warning levels over a specific time
scale leading to Landslide occurrence 2 in Figure 13a.

By analyzing rainfall and landslide data over the eight-year study period, we suggest the
importance of certain rainfall boundaries, i.e., critical amounts of rainfall that trigger landslides in the
study region. With a continuous rainfall of approximately 220 mm as a criterion, no landslides were
recorded in areas with smaller continuous rainfall amounts, while the occurrence of larger continuous
rainfall amounts resulted in landslides. Furthermore, the two largest landslides (landslides 1 and 2,
Figure 13a) could be distinguished from other landslides by having continuous rainfall amounts of
more than 310 mm. The results of our analysis of the temporal performance of SEM-LEWS in the study
region are summarized in Table 5.
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Table 5. Summary of temporal performance of the landslide early warning system based on the sequential evaluation method in the specific case study region.

Mean Lead Time Annual Expected Total
Duration of Warning

Landslide Probability
During Warning Event

Landslide Probability at
High Warning Levels

Approximate Critical
Continuous Rainfall AmountAttention Watch Alert Emergency

1 d 8 h 4 h
25 min

1 h
43 min

1 h
10 min 7 d 13% 80% ~220 mm (small-scale landslides)/

~310 mm (large-scale landslides)
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4.3. Potential Limitations and Future Study

The performance analysis results discussed above demonstrated that the proposed SEM-LEWS
was effective in providing useful and timely information associated with expected landslide type and
hazard levels. However, to address potential limitations and overcome these issues in the future,
it is necessary to reflect on the modeling effectiveness in terms of both the SEM-LEWS operation and
historical landslide incidents during the study period. As a result, this study is considered to possess
potential uncertainties and insufficiencies arising from the following three aspects.

Firstly, the results of the temporal performance analysis of this study may not represent global
performance, as the analysis was limited to a specific local region that includes the most landslide-prone
areas in Busan. Given the limited accessibility to perfectly collected data on historical landslide incidents
that actually took place within the entire Busan area, the performance analysis results can be refined by
conducting sustained and thorough investigations to ensure that future landslide events are recorded
in a systematic format over time, which can further improve the credibility of SEM-LEWS.

Secondly, as Gariano et al. [24] highlighted, it was unfeasible to ensure truly complete examination
of statistics associated with spatial false-warning (or false-positive) rates. This was due to the fact
that it was almost impossible to find and collect historical data for all landslide incidents that could
have actually taken place across the Busan area during the study period. Accordingly, this precluded
the clarification of false-warning areas in which high warning levels were assigned but no landslide
incidents occurred. However, considering that the fundamental purpose of landslide early warnings
is directly connected to saving human lives, the tendency of the LEWS for spatial overestimations is
an inevitable compromise to avoid missed-warning cases (landslides occurring without warnings).
Therefore, in practice, it is desirable to consider the areas falsely warned with “Alert” and “Emergency”
levels as areas with a high potential for slope failure or debris flow occurrences, respectively, which can
be triggered at any moment in the near future.

Thirdly, the introduced representative occurrence times of the 222 historical landslide data may
not sufficiently take into account the general tendency of time lags between slope failure and debris
flow incidents. From a theoretical perspective, under the condition of equal rainfall characteristics and
subsurface hydrologic processes, shallow failures are supposed to occur at an earlier stage on steep
slopes when a wetting front reaches shear planes. In contrast, debris flows are generally initiated at
later stages on relatively gentle slopes in channelized concave terrain as potential shear masses tend
to require excessive pore-water pressures on shear planes. As a matter of fact, for both of the two
cases (aforementioned in Section 4.1.) in which multiple landslide timings were recorded within an IC
zone at a particular rainstorm event date, the records preceding by about 1 h were slope failure types
whereas the later records were debris flow types.

Lastly, rainfall input data sourced from the historical records of the 17 KMA observatories may not
have effectively reflected the pelt-points of localized intense rainfall during rainstorm events that took
place in the Busan area within the study period. The spatial variability of rainfall over the distances
between the observatories and historical landslide locations can diminish the reliability of the early
warning modeling results. Moreover, the evolutions in early warning levels that occur within each
hourly interval are not known due to the fact that hourly rainfall measurement data are the most
fractionized historical records that are available from the KMA observatories. In addition, malfunctions
and repair works in some of the rain gauges or other unknown circumstances may have resulted in
underestimations in the rainfall records.

It should be noted that SEM-LEWS is inherently most suited for capturing rapid shallow landslide
and debris flow typologies. This is because CRCritical, a physically based rainfall threshold in SEM-LEWS,
was modelled considering the kinematics of shallow landslides primarily governed by short and intense
rainfalls in Korean geological conditions, where poorly or well graded silty sand represents weathered
residual soils in hillslope areas. In other words, the concept of CRCritical may not be applicable to regions
with fine-grained soils or rainfall conditions that exhibit progressive increases. In fact, landslides in
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such geological/climatic settings exhibit completely different kinematics from shallow landslides and
are primarily governed by long-term drainage effects of prolonged antecedent rainfalls.

The quality of rainfall recordings and predictions are paramount factors that determine the quality
of warning information provided by SEM-LEWS. This is because rapid shallow landslides and debris
flows are initiated by intense and spatially localized rainfalls over short time scales, as mentioned in
previous sections. Rainfall patterns can dramatically differ within 2- 3 km distances under such climate
characteristics. Future solutions could include increasing the number of rainfall observatories to create
denser arrangements or further advancing rainfall forecasting models.

5. Conclusions

By collaborating with the city government, this research developed a regional-scale and
test-operational landslide early warning system that applies the sequential evaluation method.
Subsequently, the early warning performance of the developed system was comprehensively analyzed
to derive intuitive and pragmatically useful information for the public as well as administrative
officials. The analysis was based on simulated early warning level maps for each hourly time step
and a collection of historical landslide data that classify 186 slope failure and 36 debris flow data
during the rainy seasons (June to October) from 2009 to 2016. The analysis was divided according to
two independent focuses: the system’s prediction statistics regarding historical landslide data and its
temporal performance. The comprehensive results of this research are summarized as follows:

• According to real-time recorded or forecasted rainfall data, the developed system determines
five warning level classes by consecutively applying three different evaluation stages: statistical,
physically based, and geomorphological evaluations.

• Each of the five warning level phases has its own interpretations derived from the theoretical
backgrounds of the evaluation thresholds. Most notably, the highest warning level class,
“Emergency”, was defined to discriminatively issue warnings regarding potential debris
flow initiations.

• The system exhibits nowcasting and forecasting capabilities and is able to generate two types of
early warning level maps depending on the management interest: specific areal warning maps or
administrative division warning maps.

• As a result of the prediction statistics analysis, 81% (150/186) of historical slope failure data and
86% (31/36) of historical debris flow data were correctly predicted by the “Alert” and “Emergency”
levels, respectively.

• Four slope-failure events and five debris-flow events were classified as missed-warning errors,
although these were determined as minor local failures of artificial slopes and small-scale erosive
soil flows.

• As a result of analyzing temporal performance in a study region that is characterized by
almost homogeneous rainfall, geo-properties, and hence the initiation timing of warning levels,
miscellaneous quantitative information associated to the timing of early warnings was derived to
provide answers for pragmatic questions including: “How much lead time is given?”, “What is
the duration of the issued early warning?”, and “What is the probability of a landslide occurring
given that an early warning has been issued?”

• During the study period, the system generated a total of 30 warning events. Among the events,
five warning events were cases that involved high-class warning levels, and landslides occurred
in four out of these five warning events. It was inferred that there exist critical amounts of rainfall
that serve as boundaries for triggering landslide events.

The development and validation of a LEWS are complex tasks that are never conclusively achieved
in any single occasion, but instead requiring robust and consistent support and investment over time for
progressive improvements, periodic updates, and adaptations of the technology. Close collaboration
and feedback between researchers and operating authorities are essential. In addition, clear divisions
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of legal responsibility between authorities and organizations associated to landslide early warnings
is another important prerequisite to fully realize the implementation and sustainable operation of a
territorial LEWS.
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