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Abstract: Landslide warning models are important
for mitigating landslide risks. The rainfall threshold
model is the most widely used early warning model
for predicting rainfall-triggered landslides. Recently,
the rainfall threshold model has been coupled with
the landslide susceptibility (LS) model to improve the
accuracy of early warnings in the spatial domain.
Existing coupled models, designed based on a matrix
including predefined rainfall thresholds and
susceptibility levels, have been used to determine the
warning level. These predefined classifications
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inevitably have subjective rainfall thresholds and
susceptibility levels, thus affecting the probability
distribution information and eventually influencing
the reliability of the produced early warning. In this
paper, we propose a novel landslide warning model in
which the temporal and spatial probabilities of
landslides are coupled without predefining the
classified levels. The temporal probability of
landslides is obtained from the probability
distribution of rainfall intensities that triggered
historical landslides. The spatial probability of
landslides is then obtained from the susceptibility
probability distribution. A case study shows that the
proposed probability-coupled model can successfully



provide hourly warning results before the occurrence
of a landslide. Although all three models successfully
predicted the landslide, the probability-coupled
model produced a warning zone comprising the
fewest grid cells. Quantitatively, the probability-
coupled model produced only 39 grid cells in the
warning zone, while the rainfall threshold model and
the matrix-coupled model produced warning zones
including 81 and 49 grid cells, respectively. The
proposed model is also applicable to other regions
affected by rainfall-induced landslides and is thus
expected to be useful for practical landslide risk
management.

Keywords: Landslide; Hourly warning; Temporal
probability; Spatial probability; Rainfall threshold;
Susceptibility

1 Introduction

Landslides are one of the major geological
disasters leading to many casualties and property
losses worldwide (Iverson 2000; Froude and Petley
2018; Lan et al. 2021). Landslide early warning
models are currently a commonly utilized tool for
managing landslide risks globally. These early
warning models can assist local authorities in issuing
early warning information regarding future hazards
and quickly relocating individuals in high-risk
locations to safer places (Stihli et al. 2015; Ju et al.
2015).

Rainfall is among the major landslide-inducing
factors (Lan 2003b, 2013), and most landslide early
warning models are based on rainfall thresholds
derived from conditional links between historical
landslides and precipitation data (Marchi et al. 2002;
Lan et al. 2004; Giannecchini 2005; Segoni et al.
2018b; Komolvilas 2021). Among these links, the
intensity-duration (I-D) threshold has been widely
used to forecast the occurrence times of landslides
(Caine 1980; Guzzetti et al. 2007; Segoni et al. 2014;
Rosi et al. 2021), which focuses only on landslide
prediction in the temporal domain. In some studies,
the landslide susceptibility map is used for predicting
landslides in the spatial domain (Reichenbach et al.
2018; Li et al. 2020), but temporal information about
the occurrence of landslides is not considered. In
recent years, a growing number of studies have
presented the integration and global-scale
applications of the two methodologies, showing
improvements in the spatial and temporal prediction
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capabilities of landslide warnings (Wei 2018; Segoni
et al. 2018a; Guzzetti et al. 2020; Ciccarese 2021). To
the best of our knowledge, the first trial of regional-
scale landslide forecasting by combining rainfall
thresholds and the landslide susceptibility (LS) map
was conducted based on a hazard matrix (Segoni et al.
2015). In addition, Pradhan et al. (2019) developed a
landslide early warning system in which landslide
susceptibility classes were integrated with rainfall
threshold warning levels, and Monsieurs et al. (2019)
developed a new method of determining rainfall
thresholds based on antecedent rainfall estimates
directly coupled to landslide susceptibility data.

However, those existing coupled methods use a
matrix rather than quantitative spatial or temporal
landslide probabilities to compute landslide warning
levels. The classification of rainfall thresholds and LS
levels produces qualitative rather than quantitative
warning results, leading to low prediction precision.
In addition, hourly landslide warnings are more
effective for landslide hazard mitigation than are daily
predictions. However, due to limitations regarding
data sources, several coupled models (Ahmed et al.
2018; Monsieurs et al. 2019) can produce only daily
rather than hourly landslide warnings.

The study proposes an hourly and stably running
landslide warning model incorporating quantitative
spatial and temporal probabilities. In this paper, the
I-D threshold and an automatic modified frequency
ratio method (MFRM) are used to quantify the
temporal and spatial probabilities, respectively. To
meet the requirement of hourly landslide warnings,
the parallel method is utilized to reduce the operation
time, achieving hourly landslide warnings. The
accuracy and improvement of the proposed
probability coupled model are evaluated in a case
study. Finally, the advantages of the proposed model
owing to integrating temporal and spatial
probabilities, as well as the applicability of this new
model in practice, are discussed. We considered that
the proposed hourly probability-coupled model can be
easily applied to regions that are frequently impacted
by heavy rainfall and can provide practical help for
local authorities to efficiently make disaster
mitigation decisions.

2 Methodology

The development of the proposed probability-
coupled model includes the following three major
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steps (Fig. 1): (1) calculation of the temporal
probability (Prr); (2) calculation of the spatial
probability (Prs); and (3) calculation of the coupled
probability (Pr). The coupled landslide occurrence
probability (Pr) is obtained simply by multiplying the
temporal and spatial probabilities:

P, =P, X Pg X 100% €)

where Py is the coupled probability ranging from 0%
to 100%. The detailed procedures comprised in each
major step are described below.
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In this study, for the convenience of comparing
the warning results output from different models, the
warning results of the rainfall threshold model,
susceptibility map, matrix-coupled model and
probability-coupled model were converted to raster
format (pixel units) at a spatial resolution of 1 km.
The rainfall data were obtained in Micaps 4 format at
a spatial resolution of 1 km x 1 km. The
geoenvironmental factors, which were used to
generate the susceptibility map, had different spatial
resolutions. To match the warnings of the rainfall
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Fig. 1 Flowchart of procedures for calculating temporal and spatial probabilities of landslides.
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threshold model, the susceptibility map was
resampled with a resolution of 1 km x 1 km by the
resampling tool in ArcGIS.

2.1 Calculation of landslide

probability

temporal

The temporal probability of landslides was
calculated herein using the rainfall threshold method,
a powerful tool for obtaining regional landslide
warnings. The critical I-D threshold concept has been
widely used to assess the occurrence of shallow
landslides and debris flows all over the world (Caine
1980). The threshold curve is a simple power law
relationship that takes the following form:

= AD7B (2)
where I is the rainfall intensity of a single rainfall
event in millimeters per hour, D is the rainfall
duration of that rainfall event in hours, and A and B
are empirical parameters.

The prerequisite for establishing a rainfall
threshold model is determining the duration of the
rainfall process related to the landslide occurrence. A
rainfall process may last more than ten days during
the plum rain season or for only a few hours during a
single rainstorm; thus, determining the effective
rainfall process duration can be problematic. In this
study, the effective rainfall duration was determined
by obtaining the generalized extreme value (GEV)
distribution (Fig. 1), which has been shown to be
applicable to rainfall events (Jenkinson 1955). For a
given rainfall process, based on the hourly rainfall
data, the accumulated rainfall value can be calculated
by determining the number of hours before the
occurrence time of the landslide. The return period
can then be obtained for each accumulated rainfall
value. The time period corresponding to the
maximum return period was used herein as the
effective rainfall duration (D) (Floris et al. 2008; Wu
et al. 2015). According to the GEV model, the
distribution function is given as follows:

Gn(CHn,j | Un) Op,y gn)
1

CH,; — Up\1 &n
=exp{— [1 + ¢, (—]U s )] 3

where CH,; =%/ ; ,.,H; is the cumulative
precipitation over n hours, j is the serial number of
the rainfall event that needs to be observed, H; is the
precipitation in hour i, and u,, g, and ¢, are the
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position, scale and shape parameters, respectively.
According to the established definition, the return
period is the average interval of elements greater than
or equal to a certain level during the statistical period
of the historical record. Therefore, the return period
of a particular rainfall intensity is the average interval
between the occurrence of a rainstorm intensity
greater than or equal to the selected value. By using
the extreme rainfall event distribution function (e.g.,
Eq. (3)), the extreme rainfall return period (RP) can
be calculated as follows:
1

RP() = 1-G,(CHy,;)

(4)
where n is the number of hours in the effective rainfall
interval and G,,(CH,,;) is the cumulative probability of
rainfall occurring within n hours of the effective
rainfall interval. The number of rainfall hours when
the RP reaches its maximum in the selected interval is
selected as the effective rainfall duration (D), which
can be calculated as follows:

D =arg mT?X(RP(n)) (5)

where n is the number of hours in the effective rainfall
duration, RP can be calculated from Eq. (4), and D is
the effective duration of the rainfall process that
induced the landslide. Then, the average hourly
rainfall intensity (I) during the effective rainfall
duration can be calculated. The two parameters A and
B are calculated by obtaining logarithmic
transformations on D and I:

Logl =logA + (—BlogD) (6)

Then, the best-fitting line in the log-log plot is
obtained based on the empirical data of D and I (Fig.
1), thus defining parameter B. We supposed that the
best-fitting line represents the trend of the
relationship of all rainfall intensities that triggered
landslides during the reference rainfall duration.
Then, every landslide point was converted to the
reference rainfall duration (Fig. 2a) using the slope of
the best-fitting line. The parameter A can be defined
as the lower bound of the rainfall-induced landslide
event points in the graph. Therefore, the equivalent
rainfall intensity points can be obtained over the
rainfall duration; this step represents the preparation
for the next calculation.

The probability distribution of landslide-
triggering rainfall intensities, i.e., the distribution of
the temporal probability of landslides occurring, is
derived based on an equivalency conversion of the
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Fig. 2 Temporal probability distribution. (a) the I-D relationship and the equivalency conversion of rainfall intensities
that triggered landslides; (b) the empirical and fitted CDF (red curve) of equivalent rainfall intensities.

rainfall intensity (Fig. 1). A reference rainfall duration
is first defined such that it is larger than all empirical
effective rainfall durations. All rainfall-induced
landslide event points exhibit varying rainfall
durations on the I-D graph (Fig. 2a). The best-fitting
line in the I-D graph represents the trend of the
relationship of all rainfall-induced landslide event
points. Then, a dataset containing the landslide points
identified under the same rainfall duration converted
by the slope of the best-fitting line can be calculated.
We assumed that all landslides were induced by
rainfall processes with the same rainfall duration but
that the equivalent-occurrence rainfall intensity
values varied. An empirical cumulative distribution of
all equivalent rainfall intensities triggering landslides
was then obtained after sorting these values from low
to high. Then, as shown in Fig. 2b, the equivalent
rainfall intensity points were plotted as scatter plots
in the coordinate space, with the vertical axis
representing the rainfall intensity (I) and the
horizontal axis representing the cumulative frequency
(i.e., temporal probability). Finally, a cumulative
distribution function (CDF) of the equivalent rainfall
intensities was fitted to the normal distribution. The
temporal probability of triggering a landslide (i.e.,
Pr7) under a certain rainfall intensity within the
reference rainfall duration could then be obtained
from this fitted CDF (Fig. 2b).

2.2 Calculation of spatial probability
The spatial probability of a landslide occurring

was calculated herein using the LS, as this metric
denotes the relative possibility of a future landslide
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occurring in a given spatial domain. Data-driven LS
assessment methods have been extensively studied
(Guzzetti et al. 1999; Cachon et al. 2006; Corominas
2014), including the frequency ratio (FR) (Aditian
2018; Li et al. 2017; Sharma et al. 2018), weight of
evidence (Kayastha et al. 2012; Roy 2019; Torizin et
al. 2022), certainty factor model (Lan et al. 2004),
fuzzy logic (Vakhshoori et al. 2016; Zhang et al.
2022), information value (Wang et al. 2015; Ghobadi
2017), artificial neural network (Choietal et al. 2012;
Hong et al. 2020), support vector machine (Huang
2018) and random forest methods (Youssef et al.
2016; Chapi et al., 2017; Liao et al. 2022).

The frequency ratio method is widely employed
by researchers due to its simplicity and clarity (Zhang
et al. 2020). In the traditional frequency ratio
method, landslide-related geoenvironmental factors
with continuous values are classified before the
frequency ratio value is calculated using various
classification methods, such as natural breaks (Jaafari
et al. 2014; Ozturk et al. 2022), equal intervals (Chen
et al. 2017) and manual methods. Assuming that D
and F represent specific geological disasters and
geoenvironmental factors, respectively, first, F is
grouped into several types or classes as Fi(i = 1, 2,
3,..., m); then, the FR value of each type or class
corresponding to this factor is calculated as follows:

_ P(DF)
=P

Q)

where P(DF;) is the frequency of F; in D and P(F;) is
the frequency of F;in the study area. Summing the
frequency ratios obtained for different factors gives
the landside susceptibility index (LSI) value:



n
LSI = Z FR/ ®)
7

where j j = 1, 2, 3, .., n) is the ID of each
geoenvironmental factor and FR’ is the frequency
ratio of the ith type or class of the jth factor.

However, inconsistency and  subjectivity
problems associated with the traditional frequency
ratio method arise as a result of the categorization of
geoenvironmental factors. To address this issue,
MFRM and an automatic GIS extension called
“Automatic Landslide Susceptibility Assessment”
(ALSA) were proposed by Li et al. 2017; this method
consists of three basic procedures: normalization,
precision setting, and frequency statistics. The
modified method does not require that the
classification of geoenvironmental factors be executed
with continuous values. Therefore, the modified
method does not provide frequency ratios for only a
limited number of factor classes but provides these
ratios for all identical normalized factor values (Li et
al. 2017). In this way, many more LS values can be
obtained, thus facilitating the generation of the LS
probability distribution.

An empirical cumulative distribution of the
calculated LS values can be obtained after sorting
these values, similar to the procedures applied to
derive the temporal landslide probability (Fig. 1).
Then, the CDF of the LS values can be fitted to a
normal distribution (Fig. 1). The spatial probability of
triggering a landslide (i.e., Prs) under a certain LS
value can then be obtained from this fitted CDF. The
susceptibility map and the corresponding CDF remain
unchanged until the landslide inventory and
geoenvironmental factor data are updated.

2.3 Criterion for coupled warnings

A spatiotemporally comprehensive probability
(i.e., Pr) was calculated by coupling Prr and Prs
according to Eq. (1). The coupled probability was then
used to issue landslide warning levels (“very low”,
“low”, “moderate”, “high” or “very high”) according to
the criteria shown in Fig. 3. A light-blue alert (i.e.,
very low) indicates that the probability of a landslide
occurring is very low, while a red alert (i.e., very high)
indicates that the potential for a landslide occurring is
enormous; in this situation, the immediate
implementation of efficient risk mitigation measures
is expected.

J. Mt. Sci. (2022) 19(12): 3370-3387

3 Case Study

3.1 Study area and data

Nanping city, located in Fujian Province,
Southeast China, was chosen as the study area in this
research (Fig. 4). This city has a population of
approximately 2.68 million people and occupies
26,300 km2, comprising one-fifth of Fujian Province.
Hills and low mountains occupy approximately 80%
of this area, and the terrain is high in the northeast
and low in the southwest, spanning the Wuyi
Mountains, Shanling  Mountains, Xianxialing
Mountains, and Jiufeng Mountains. The residual-
slope soil layer is widely developed and thick in this
area. The geological environment is fragile, and
planes of weakness are widespread. The southern
study area is dominated by metamorphic rocks; the
center contains Mesozoic rocks and
sedimentary rocks, whereas the northern region is
composed of granite. The forest coverage rate reaches
75%, and the forest types include evergreen needleleaf
forests, evergreen broadleaf forests, and economic
forests. There are also abundant water systems in the

volcanic

Probability
@ |7

Warning High Moderate
level

Fig. 3 Criterion for classifying landslide warning levels
based on value of landslide probability (PL).

%~100%]50.1%~90% | 10.1%~50%| 1.1% ~ 10%

28°0'0"

27°0'0"

Landslides

Elevation
2158m
0510 20 30 40
e 39m O km
117°0'0" 118°0'0" 119°0'0"

Fig. 4 Landslide inventory of Nanping, Fujian Province,
China used in this study.
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study area, mainly including one river, the Minjiang
River, and eight stream systems. The study area has a
typical subtropical humid monsoon climate. The
annual average temperature is 17°C, and the average
precipitation amount ranges between 1400 and 2000
mm each year. Nanping suffers from typhoons and
short-term heavy rainfall, especially during the rainy
season, which lasts from May to September. Short-
term heavy rainfall is the main factor causing
landslides in the study area.

Table 1 shows detailed information about the data
used in this study. The landslide inventory utilized
herein (Fig. 4) contains a total of 912 landslides that
occurred in the period from 2010 to 2019. These
landsides were reported to the emergency agency by
local residents. The inventory records the occurrence
time, location information (e.g., specific address and
coordinates), type, volume, and lithology of each
landslide. Rock slides (mainly consisting of granite
and metamorphic sandstone) accounted for 6.9% of
all events, while soil slides (mainly involving residual-
slope soils and sandy clay soils) accounted for 79.3%.
These rainfall data were produced through
multisource data fusion methods, including
observation data collected from rainfall stations (256
stations in the study area), radar-derived rainfall data,
and satellite-based precipitation products (e.g.,
precipitation data provided by the rainfall products of
the Fengyun-2 satellite). These rainfall data are
available at a temporal resolution of one hour and a
spatial resolution of 1 km. The period of this rainfall
data product spans from 2010 to the present, thus
covering the occurrence times of all landslides in the
inventory used herein. These real-time rainfall data
are provided hourly.

Table 1 Detail information about dataset

Parameters Original Converted Resolution
data format dataformat (Original data)
Excel files Shapefile
Landslides (Detailed b -
. . (Point)
information)
Rainfall Micaps 4 ASCII file
DEM Raster Raster 90 m
. Shapefile .
Lithology (Polygon) Raster 1:20,0000
Soil Shapefile .
thickness  (Polygon) Raster 1:20,0000
Geomorphic Shapefile .
types (Polygon) Raster 1:140,0000
Faults Shapefﬂe Raster 1:20,0000
(Polyline)
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3.2 Results

3.2.1 Temporal probability distribution

The I-D relationship was derived in this work
based on the 912 historical landslides recorded in the
utilized landslide inventory and their corresponding
rainfall processes. The effective rainfall duration (D)
and corresponding rainfall intensity (I) of each
historical landslide were plotted on a log-log graph,
and a best-fitting line was defined through linear
regression (Fig. 2a). In this study, a maximum
effective rainfall duration of 120 hours was selected as
the reference rainfall duration to determine the
rainfall threshold. Then, the equivalent landslide-
triggering rainfall intensities were calculated with
regard to the reference rainfall duration for each
historical landslide (Fig. 2a). The obtained empirical
and fitted CDFs of the equivalent rainfall intensities
are shown in Fig. 2b. The maximum equivalent
rainfall intensity that triggered a landslide was 30.4
mm/h; therefore, the probability of a rainfall intensity
equal to or larger than this value triggering a landslide
would be considered 100%. The warning results
produced by the traditional rainfall threshold model
could be obtained by the classified warning levels
based on the equivalent rainfall intensity. To maintain
consistency, the warning level of the rainfall threshold
has the same grading criteria as the proposed
probability coupled model (Fig. 3). It should be
mentioned that this I-D relationship and the
corresponding CDF should be updated when new
landslides occur.

3.2.2 Spatial probability distribution

The LS in the study area was evaluated using

Resolution

(Converted data) Data source

Fujian Meteorological
Service Centre (FMSC)

1 km (spatial resolution) 1km (spatial resolution) FMSC (Production of
1 h (temporal resolution) 1h (temporal resolution) multi-source data fusion)

Geospatial Data

Cloud website

GeoCloud database of the
China Geological Survey

1km FMSC

GeoCloud database of the
China Geological Survey
GeoCloud database of the
China Geological Survey

1 km

1 km

1 km

1 km



eight landslide-related geoenvironmental factors,
namely, elevation, slope, aspect, profile curvature,
lithology, soil thickness, geomorphology, and distance
to fault (Fig. 5). The four topographic factors,
including the elevation, slope, aspect, and profile
curvature, were derived from the terrain data at a
spatial resolution of 9o m. The other four factors,
including the lithology, distance to fault,
geomorphology, and soil thickness, were derived from
vector maps at a 1:20,0000 scale. The elevation data
of Nanping city were obtained from the SRTM at a
resolution of 9o m. The terrain in the study area is
high in the northwest, southwest, and eastern border
areas, while the central region contains scattered
plains and hills (Fig. 5a). The slope values range from

J. Mt. Sci. (2022) 19(12): 3370-3387

0° to 77.6°. The slopes are steeper in the northwest,
southwest, and east areas and gentler in the central
region; this distribution is consistent with the spatial
elevation distribution (Fig. 5b). The aspect is
expressed in positive degrees from 0° to 360°,
measured clockwise from the north direction. The flat
cells in the input raster (cells with slopes of zero) were
assigned an aspect of -1 (Fig. 5¢). The curvature values
ranged from -0.09 to 0.11 (Fig. 5d). A positive value
indicates that the surface is upwardly convex at the
plan curvature cell. A negative plane indicates that the
surface is upwardly concave at that cell. A value of o
indicates that the surface is flat. Eight different
geological lithology types were classified by ranking
the hardness from high to low, including granodiorite,

(a) (b)

Slope angle
. 7760
-

Elevation

P— 2158m
-,

(©)

Aspect

0 20 40

. mmwr——km — km

(d) (e)

Lithology

Granodiorite
Granite

Rhyolite
Curvature Ghi’te'nite
e 0.11 - Mica quartz schist
—_— Quartz Sandstone
. -0.09 , 0 20 40 l Limestone
—km Siltstone

Soil thickness
1-3m
3.1-5m
5.1-Tm
7.1-10m
0 20 40 10.1-15m
| BEN
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£4% Bgre Y -
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e %4 52 B,
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Fig. 5 Eight causative factors for
landslides: (a) elevation, (b) slope, (¢)
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granite, rhyolite, glutenite, mica quartz schist, quartz
sandstone, limestone, and siltstone (Fig. 5e). Six
grades were classified in the surface soil depth map.
The larger the depth value was, the greater the depth
grade was (Fig. 5f). We divided the geomorphic types
into five categories: plains, hilly plateaus, low
mountains, low and medium mountains, and high
and medium mountains (Fig. 5g). The distance to
faults was divided into seven classes. The closer the
distance to a fault was, the greater the effect on
potential landslides was (Fig. 5h).

To increase the objectivity of our evaluation and
obtain a more reliable landslide susceptibility map,
comparisons were made among various methods. In
recent years, machine learning has become one of the
most popular approaches to assessing landslide
susceptibility. Therefore, landslide susceptibility
maps have been produced using machine learning
methods, e.g., Artificial Neural Network (ANN) and

MFRM (Fig. 6). The landslide points were regarded as
the landslide dataset, and an equal number of
nonlandslide points were randomly generated from
the grid cells of the study area. Both the landslide
dataset and nonlandslide dataset were randomly split
into 80% to be used for data training and 20% to be
used for data testing (Di Napoli et al. 2020) by using
the ArcGIS tool “Subset Features”. Both of these
susceptibility maps were normalized to facilitate a
more objective comparison, and the findings showed
that the vast majority of landslides occurred in areas
with relatively high susceptibility values. The central
and southwestern parts of the study area showed
relatively high susceptibility levels in both maps,
while the northwestern and eastern areas showed
lower susceptibility levels. However, the susceptibility
level of the western area was higher in the ANN map
than in the MFRM map. Overall, the highest and
lowest susceptibility values accounted for the vast
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Fig. 6 Normalized landslide susceptibility map and AUC of different methods: (a) susceptibility map of MFRM, (b)
susceptibility map of machine learning method (ANN), (¢) AUC result of MFRM, (d) AUC result of ANN.
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majority of the study region in the ANN map (Fig.
6b), meaning that the number of median-
susceptibility values in this map was excessively
small, leading to overly high or low warning level
results.

A Kolmogorov—Smirnov (KS) test was used for
statistical significance, and the p value was used to
determine the probability of rejecting the null
hypothesis as a result of hypothesis rejection. A p
value < 0.05 indicates that the null hypothesis must
be rejected, indicating a statistically significantly
different algorithm (Ma et al. 2022). The
susceptibility values of ANN and MFRM were
normalized prior to the statistical significance test
(Table 2). The p value was 2.706e-15, which was much
lower than 0.05 and clearly indicated statistical
significance. The receiver operating characteristic
(ROC) curve and the area under the ROC curve (AUC)
of the success rate and prediction rate are frequently
used to assess the performances of landslide
susceptibility methods (Sala et al. 2021). The closer
the AUC value is to 1, the more perfect the method is.
The AUC of the ANN susceptibility map was 0.621,
while that of the modified frequency method was
0.648 (Fig. 6¢, d). The AUC result of the modified
frequency method was slightly higher than that of the
ANN method. This finding may have been due to the
characteristics of the landslide point data used in the
study; one landslide represented only one raster pixel.
This number of landslide pixels was thus too small
considering the more than thirty thousand raster
pixels in the study area. Therefore, the ANN method
may not be the most advantageous method. One of
the benefits of the FR method is that it allows
variations in individual geoenvironmental factors to
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be considered in landslide susceptibility assessments.
The weight values of all these factors can be
conveniently adjusted according to the actual changes
in the local geoenvironmental conditions.

This modified method prevents the subjective
classification of geoenvironmental factors with
continuous values; thus, this method was utilized
herein. The minimum and maximum susceptibility
values were 0.47 and 46.5, respectively (Fig. 7b). The
obtained empirical and fitted CDFs of the LS values
are shown in Fig. 7c. Then, the probability of a given
LS value triggering a landslide, i.e., the spatial
probability of a landslide occurring (Prs), was
obtained from the continuous fitted CDF (Fig. 7c).
Similarly, when landslide data are updated, an update
of the susceptibility map is also recommended.

Table 2 Descriptive statistics of normalized
susceptibility values and the p value of KS test

Parameter Artificial neural Modified frequency

network (ANN) ratio method (MFRM)

Count 33441 33441
Mean 1.79348E-13 -2.39181E-12
Std. deviation 1.00003E+0 1.00003E+0
Minimum -2.79074E+0 -5.58586E+0
Maximum 3.23647E+0 1.00564E+1
Pvalue 2.706E-15

3.3 Validation

A random sample of the utilized landslide
datasets was divided into two sets: a training set and a
test set; this division represents a conventional
method used to test the performances of models
(Brunetti et al. 2021). To test the performance of the
model developed herein, we randomly split the
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Fig. 7 Spatial probability distribution. (a) LS map; (b) the sorted susceptibility value of all cells; (c) the empirical and

fitted CDF (red curve) of susceptibility values.
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Fig. 8 Success rate and ROC curve for MFRM with different four groups of datasets. (a) Success rates; (b) ROC

curves.

landslide dataset into two parts by using the ArcGIS
tool “Subset Features”, with 80% being used as
training data and 20% as testing data. Eighty percent
of the landslide dataset was used to build the
susceptibility map with the MFRM, while 20% of the
landslide dataset was wused to validate the
performance of this method. Three iterations were
conducted with different groups of random datasets
to perform a validation procedure. Fig. 8 shows the
success rate and ROC curve of the MFRM with all
three 80% random dataset groups and all datasets.
The AUC values of these four dataset groups varied
little, indicating that the performance of the MFRM
susceptibility assessment was both stable and
applicable.

The proposed probability-coupled model was
validated based on a landslide inventory containing
40 landslides that occurred from January to May
2021. The warning results were classified into three
categories, including successful warnings, false
warnings and failed warnings (Fig. 9). A warning
result was considered successful if the corresponding
landslide points were located in “high” or “very high”
warning level areas, while a warning result was
considered false when the landslide-point regions
were not captured by either of these two warning
levels. If a warning result corresponded to the “high”
or “very high” warning level when no landslide
occurred, it was considered a failed warning. As
shown in Fig. 9, 33 landslides were successfully
captured in the warning results, accounting for 82.5%
of all landslides in the inventory, while 7 landslides
occurred without warning. Most of these failed
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warnings occurred in January, February, and March.
This was likely because rainfall is minimal in the first
three months of the year and gradually begins to
starting in April, and the proposed
probability-coupled model is strongly governed by the
rainfall conditions. This may result in false alarms, as
there is now more rainfall in May than in the previous
months.

increase

I Failed Warning
[ False Warning
] Successful Warning

Warning counts

202101 202102 202103 202104

202105
Warning time (yymm)

Fig. 9 Warning results based on the probability coupled
model from January to March 2021.

The proposed probability-coupled model was
tested using the typical Raoba landslide that occurred
in Nanping, which has a longitude and latitude of
117°44’47"E and 27°16’39”N at 12:05 on 28 June
2021 (Fig. 10a). The main body of this landslide was
approximately 50 m - 60 m wide, and its axial length
was approximately 65 m. The volume of the slump



i

* Raoba landslide

Fig. 10 Validation of the model. (a) the Raoba landslide photographed during the field investigation, view from east;
(b) hourly rainfall intensity before the occurrence of the landslide; (¢) warning result at 9:00 (moderate); (d) warning
result at 10:00 (high); (e) warning result at 11:00 (very high); (f) warning result at 12:00 (very high).

soil was approximately 8000 m3. The slope surface
was composed of residual cohesive soils with depths
of 2 m - 3 m. The slope failure was induced by short-
term heavy rainfall according to the field investigation
and rainfall record. In particular, the hourly rainfall
intensity peaked at 19.4 mm/h at 11:00 (Fig. 10b). The
continuous infiltration of surface water in the slope
destroyed the original equilibrium stress state of the
slope.

The warning levels in different hours provided by
the probability-coupled model suggest that the Raoba
landslide region was in a moderate-alert zone at 9:00
(Fig. 10c). The model predicted that at 10:00, the
Raoba landslide region became a high-alert zone (Fig.
10d), and at 11:00, it became a very-high-alert zone
(Fig. 10e). At 12:00, although the rainfall intensity
value was lower than that recorded at 11:00, the
model predicted that the Raoba landslide region was
still in a very-high-alert zone (Fig. 10f). This case
suggests that the proposed probability-coupled model
can successfully provide informative hourly warnings
before the occurrence of a landslide.

4 Discussion

4.1 Advance of probability coupled model

Rainfall intensity (mm/h)

. Very high . High ]:l Moderate . Low . Very low
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Landslide risk management is thus difficult
owing to uncertainties in both the temporal and
spatial probabilities of landslides (Lan 2003a).
Rainfall threshold models focus on the temporal
probability of landslides occurring. However,
landslides are also influenced by geoenvironmental
factors, which determine the spatial probability of
landslides occurring. Therefore, a landslide warning
model in which temporal and spatial probabilities are
coupled may be advantageous in integrating the
spatial probability of landslides.

A landslide warning model that couples spatial
and temporal probabilities was created herein based
on coupling the rainfall threshold model with the LS
map. In recent years, some researchers have tried to
propose a version of the matrix model wherein the
matrix is calibrated with objective criteria (Segoni et
al. 2018a; Wei et al. 2018; Ahmed et al. 2018;
Pradhan et al. 2019). Before the landslide warning
level calculation of the matrix, the results of the
rainfall threshold and the LS assessment were
classified into different grades. Although the matrix
operation calculates a warning result, it may not be
truly representative of the probability of landslides. In
addition, the subjectivities inherent in the manual
classification of rainfall thresholds and the LS
assessment will affect the accuracy of the landslide
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Fig. 11 Landslide warning results of 15:00 on May 31, 2021. (a) the rainfall threshold model; (b) the matrix coupled
model; (c) the proposed probability coupled model; (d, e, f, g, h, i) locally magnified pictures.

predictions. To show the advantages of the proposed
probability-coupled model, a rainfall process that
triggered four landslides at approximately 15:00 on 31
May 2021 in Nanping was analyzed. The warning
results obtained at 15:00 on 31 May 2021 from three
different models, namely, the rainfall threshold
model, the matrix-coupled model and the probability-
coupled model, are shown in Fig. 11. The rainfall
threshold model utilizes only the temporal probability
of landslides, as shown in Fig. 2. The matrix-coupled
model, which most previous studies have utilized, has
classified the warning levels of rainfall thresholds and
LS assessments. To compare the results of the
probability-coupled model, five classes, e.g., four
cutoff percentages (90%, 50%, 20% and 1%), were
used. The LSI values were classified using a manual
classifier into five categories. According to this
classification method, more than 84% of landslides
could be captured by the “very high” or “high”
susceptibility warning level classes (Table 3). In this
study, the matrix-coupled model determined warning
levels based on a mixed matrix rather than providing
continuous quantitative landslide probabilities (Fig.
12).

The prediction accuracies of the three models
were evaluated using the “landslide hit index” (LHI)
parameter:

LHI =2 4 9)

where Lw is the number (or area) of landslides hit by a
warning zone and Aw is the area of the warning zone.
For a regular grid, the area can be quantified by
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counting the grid cells. A higher LHI value suggests
that more landslides are predicted in a smaller
warning zone, indicating a higher prediction accuracy.
In this study, red (very high) and orange (high) level
zones were considered warning zones. Although the
warning zones provided by the three models all
successfully predicted the four landslides used as case
studies, the areas differed notably. The results showed
that the numbers of cells in the warning zones output
by the matrix-coupled model and the probability-
coupled model were much lower than the number of
cells in the warning zone produced by the rainfall

Table 3 Warning level classes of landslides
susceptibility

Vet LandSiSf;‘l'ty‘ . gercen?fle of
susceptpiity mdex usceptiple o
level (LSI)Izzalue interval area P Landslides
Very high 20.08~46.50 8.94% 25.69%
High 15.70~20.07 52.31% 58.44%
Moderate 13.05~15.69 27.48% 13.92%
Low 11.03~13.04 7.49% 1.34%
Very low 0.47~11.02 3.78% 0.61%

Susceptibility warning level

‘Warning
level
Emergency
(90.1~100%)

Alarm
(50.1~90%)

Moderate

Attention
(10.1~50%)

Rainfall threshold
warning level

Monitor
(0~1%)

Fig. 12 Warning levels based on matrix coupled model.



threshold model (Fig. 11). The LHI values of the
rainfall threshold, matrix-coupled, and probability-
coupled models were 0.0494, 0.0816 and 0.1026,
respectively (Table 4). From a quantitative point of
view, the probability-coupled model exhibited 107.7%
and 25.7% improvements in their predictive
accuracies compared to the rainfall threshold and
matrix-coupled models, respectively.

Table 4 Comparison of warning results at 15:00, on
May 31, 2021 among rainfall threshold model, matrix
coupled model and probability coupled model

oot Landslide
Warning Grid cells  Predicted hit index
model of warning landslides in (LHI)
zone warning zone
Rainfall
threshold 81 4 0.0494
model
Matrix
coupled 49 4 0.0816
model
Probability
coupled 39 4 0.1026
model

The probability-coupled model exhibited a 25.7%
precision when predicting landslides
compared to the matrix-coupled model. In the matrix-
coupled model, the rainfall threshold and LS were
first divided into several levels; then, a coupled
warning matrix was constituted with the derived
rainfall threshold and susceptibility levels. Probability
distribution information is lost during the rainfall
threshold and susceptibility level classification
processes. Moreover, this classification process
introduces subjectivity, thus influencing the reliability
of the resulting landslide predictions. The proposed
probability-coupled model adopts only one
classification step, i.e., the final step that determines
warning levels based on the landslide probability (Pz).
Landslide predictions are provided by the proposed
model through the use of rainfall threshold and
susceptibility probability distribution information;
thus, the proposed model can issue warnings with a
higher precision than those obtained by previous
models.

increase

4.2 Analysis of the effect caused by factors

The proposed probability coupled model consists
of the rainfall threshold model and the LS assessment
obtained from the FR method. Both the I-D model and
the FR method are statistical models, and the input
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data, i.e., rainfall data and environmental factors, have
a great impact on the warning result. The quality of
rainfall data impacts the accuracy of the landslide
warning model. High-precision data are critical for
determining rainfall thresholds (Jiang et al. 2022).

In this study, the rainfall data and the
geoenvironmental factors directly impacted the
results of the I-D threshold model and the MFRM,
respectively. Because the surface runoff derived from
rainwater removes unstable soil particles, the slope is
eroded (Bai et al. 2022). The relationship between
elevation and landslides is usually related to human
activities. The lower the altitude is, the more frequent
and denser human activities are. Human activities
will easily change the local geological environment
and the stability of slopes, which will improve the
probability of landslides (Sun et al. 2022).

The landslide frequency (LF) represents the
proportion of landslides in this category, and the class
frequency (CF) is the proportion of each category in
the factor. The FR value represents the contribution
of every geoenvironmental factor to the occurrence of
landslides (Fig. 13). When the FR value of a class
exceeds 1, this class has a positive contribution to the
occurrence of landslides. In contrast, an FR value of
less than 1 indicates a negative contribution to the
occurrence of landslides. The terrain data, i.e., the
elevation, slope angle, slope aspect and curvature
data, can be derived from the DEM data, which did
not need to be classified in MFRM. The
geoenvironmental data, i.e., the lithology, soil
thickness, geomorphic types and distance to faults
data, were divided into different classes (Fig. 13). The
geology and geomorphology also play an important
role and constitute the major predisposing factor
controlling landslides (Shankar et al. 2022). Since soil
landslides account for 79.3% of the Nanping landslide
inventory, concave slope and the soil thickness are
favorable factors to increase the water content of the
soil slope. Water content is one of the main inducing
factors of soil landslides, which explains the high LF
and FR of 7-10 m and 10-15 m in soil thickness (Fig.
13b). Rock weathering in the study area is strong due
to the erosion of typhoons and rainstorms. The
strength of granite, glutenite and mica quartz schist
become low after rock weathering, making the slope
unstable. Therefore, the LF and FR in these three
classes are high (Fig. 13a). The undulating terrain in
hilly areas and human activity may be the reason why
the majority of landslides in Nanping are distributed
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“quartz sandstone”, “Is” means “limestone”, “sltst” means “siltstone”); (b) soil thickness; (¢) geomorphic (“HMM”
means “high/medium mountain”, “LMM” means “low/medium mountain”, “LM” means “low mountain”, “HP” means

“hilly plateau”) and (d) distance to faults.

in hilly plateaus with low elevations (Fig. 13c). The LR
and FR in distance to faults vary little, which means
that this factor makes little contribution to landslides
in the study area (Fig. 13d). Some categories showed
very high FR values, while the LF and CF values were
too small. For example, the FR of siltstone in the
lithology factor is the highest, while the LF and CF of
siltstone are the lowest of all categories in lithology.
This may be because the zone of siltstone occupies the
smallest area, and a few landslides will cause a high
FR value. Therefore, these special high FRs will not
change the macroscopic distribution of regional
landslide susceptibility assessment.

4.3 Real-time performance of the warning
model

Landslide warning models usually require real-
time performance with the premise of ensuring the
effectiveness of the produced warnings. However,
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some studies (Ahmed et al. 2018; Monsieurs et al.
2019) were only able to generate a daily warning
result, which cannot meet the actual demand for
landslide warning models.

The proposed probability-coupled model can
fulfill the real-time requirements of landslide warning
results. Some approaches adopted in the probability-
coupled model serve to increase its computational
efficiency. For instance, a reference rainfall duration
equal to the maximum empirical effective rainfall
duration was defined to allow the shortest possible
rainfall records to be considered. A minimum
cumulative rainfall threshold was also defined within
the reference duration according to the historical
rainfall record in the study area, so calculations were
not performed at locations (grid cells) with
nonsignificant rainfall less than the established
threshold. This approach can drastically minimize the
computational time required by the warning model.
As the calculation of each cell is conducted completely



separately, the parallel method was used to speed up
the model computing process. The perspective of this
study was to also use rainfall forecasting to obtain a
landslide early warning system.

The proposed model took just 15 min to provide
landslide warning results covering the entirety of
Nanping city (with an area of 26,300 km?) at a spatial
resolution of 1 km x1 km during the nonrainy season,
while the computation time was twice as long or
longer during the rainy season. The Raoba case study
(Fig. 10) shows that the hourly warning results
obtained using the proposed probability-coupled
model could successfully meet the hourly real-time
performance requirements. A very-high-level warning
zone corresponding to the landslide location was
successfully predicted an hour before the landslide
occurrence (Fig. 10b).

4.4 Applicability in practice

The case study performed herein shows that the
proposed probability-coupled model can satisfy the
demands for landslide warning models in coastal
regions of Southeast China, which is frequently
affected by short-term heavy rainfall, in practice. The
mitigation of landslide risks calls for the production of
warnings as early as possible; thus, forecasted rainfall
data can be utilized in the proposed model to calculate
proactive real-time and hourly landslide warning
results.

The proposed probability-coupled model can be
easily applied to regions that are frequently impacted
by heavy rainfall. Some preparations should be made
before starting a similar application: (1) a detailed
inventory of rainfall-induced landslides should be
compiled to calculate the rainfall threshold; (2) the
appropriate geoenvironmental factors should be
selected for the LS assessment; and (3) precipitation
data with the highest possible temporal and spatial
resolutions should be collected.

The proposed probability-coupled model could
be further improved by introducing automatic
updates to the temporal and spatial probability
distribution functions. The I-D relationship and LS
map could be manually updated as new landslide
events occur. The development of a completely
automated module for updating the I-D relationship,
LS map and their corresponding CDFs once the
landslide inventory is updated would significantly
improve the running efficiency of the model.
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5 Conclusion

In this study, we proposed an hourly landslide
warning model by coupling the temporal and spatial
probabilities of landslides, which were calculated
based on the rainfall threshold model and the LS
model, respectively. The probability distribution of
rainfall intensities that induced historical landslides
was derived using the I-D threshold model and was
then adopted to calculate the probability of a certain
rainfall intensity triggering a landslide, i.e., the
temporal probability of a landslide occurring. The
landslide susceptibility probability distribution was
obtained by the MFRM and was then used to calculate
the probability that a landslide would occur in a
certain location, i.e., the spatial landslide probability.
Finally, the spatial and temporal landslide
probabilities were multiplied to obtain the coupled
landslide probability, and these probabilities were
then classified into five levels to issue warning results.

The case study conducted herein shows that the
proposed probability-coupled model can fully satisfy
the accuracy, effectiveness, and hourly real-time
performance requirements of landslide warnings. In
terms of its quantitative precision, the probability-
coupled model outperformed the rainfall threshold
and matrix-coupled models by 107.7% and 25.7%,
respectively. The proposed probability-coupled model
is simple to implement and can be easily applied to
other areas affected by rainfall-induced landslides. In
further research, we will add forecasted rainfall data
to the model to build a landslide early warning
system. We believe that the proposed model in which
the quantitative temporal and spatial landslide
probabilities are coupled with real-time performance
capabilities will positively contribute to local landslide
risk mitigation.
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