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Abstract: Empirical rainfall thresholds for predicting rainfall-triggered shallow landslides are pro-
posed for Guangzhou city, which is prone to widespread geological hazards during the annual
flood season due to the subtropical monsoon climate and frequent tropical storms and typhoons. In
this study, the cumulated event rainfall (E, in mm), the duration of rainfall event (D, in day) (E–D)
thresholds, normalized cumulated event rainfall, and the duration of rainfall event (EMAP–D) thresh-
olds were defined. Thresholds based on five lithological units were obtained at 5%, 20%, and 50%
probability levels using quantile regression methods. More than two-thirds of the landslides occurred
within units of intrusive rock. The 20-day cumulative rainfall of 97 mm integrating cumulative event
rainfall and the duration of rainfall events (CED) is introduced into the three-dimensional spatial
threshold. The areas under the receiver operating characteristic curves for the CED threshold and
E–D threshold were 0.944 and 0.914, respectively, and the true-positive rate of the CED threshold with
the same probability level was slightly lower than that of the E–D threshold, but the CED threshold
false-positive rate was much better than the E–D threshold, which can significantly reduce false alarm
rate since many non-triggering rainfalls were filtered out.

Keywords: landslide; rainfall thresholds; lithology; antecedent rainfall; three-dimensional rainfall
threshold; China

1. Introduction

Shallow landslide is widely distributed in the world, but there is still no unified and
widely accepted definition standard for a shallow landslide. Japan uses a thickness of
10 m as the defining standard for shallow landslide and deep landslides [1]. The French
Geological Survey defines shallow landslides in the southern Alps as landslides with a
depth of no more than 3 m [2]. The thickness of 2 m is used as the defining criterion in some
studies [3]. In this paper, a shallow landslide with a thickness not exceeding 10 m is defined.
Landslides are a natural phenomenon, but their annual consequences around the world are
social and economic phenomena of a catastrophic nature [4]. With complex geological and
geomorphological conditions and increasing human engineering and economic activities,
China is one of the countries with the most frequent occurrences of various geological
disasters in the world [5–7]. According to the China Statistics Yearbook on Environment
published by the National Bureau of Statistics of China [8], 8219 geological disasters
occurred in China on average each year from 2010 to 2020. Landslides, collapses, debris
flows, and ground subsidence accounted for 69.51%, 20.27%, 7.57%, and 2.66% of disasters,
respectively, causing direct economic losses of 3.497 billion RMB per year on average. From
the perspective of the damage caused by geological hazards, the losses caused by landslides
may be second only to earthquakes, but the frequency and scope of landslides far exceed
those of earthquakes. Since landslides are regional and multiple in occurrence, human
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beings cannot have sufficient ability to carry out comprehensive engineering management
of all potential landslide hazard sites [9]. Therefore, landslide hazard prediction is still
an effective method for landslide hazard prevention and control. Rainfall is the main
triggering factor for the occurrence of landslides, and under the background of global
warming, the frequency and intensity of extreme weather will increase [10]. The chance
of potential landslides will likely increase; therefore, the rainfall threshold that triggers
landslides is an important research component in the field of landslide prediction.

An obvious correspondence between the deformation of the slide body and the amount
of rainfall has been proven to exist [11]. Strong rainfall will form a strong slope flow on
the surface, loose gravel is conducive to the infiltration of rainwater into the slope along
soil pores or fissures, and rainwater erosion will remove the fine particles in the soil. The
process of rainfall erosion and infiltration causes the self-weight of the slope to increase
with increasing water content. On the other hand, due to the loss of suction, the shear
strength and tensile strength of the soil decrease, the cohesion of the soil decreases or even
disappears, and destabilization damage eventually occurs [12,13].

There are usually several methods for determining rainfall thresholds; namely, quali-
tative forecast, mathematical model forecast, numerical simulation forecast, and empirical
equation forecast. The qualitative forecast predicts the trend of slope deformation and
damage based on the monitoring results of slope parameters and various landslide dam-
age phenomena combined with experience [14–16]. This method of forecasting relies on
expert experience and is a qualitative approach. Mathematical model forecasting uses
mathematical models to fit and extrapolate the observed slope deformation data [17–19].
The numerical simulation forecast analyses the process of slope instability and calculates
the critical values of deformation and rainfall for the state of slope instability [13,20,21].
However, the physical parameters, such as the infiltration coefficient, cohesion, and inter-
nal friction angle, required for mathematical model forecasting and numerical simulation
forecasting are difficult to determine on a large scale [22]. Due to the spatial heterogeneity
of the material composition and structure of slope bodies, limited local information con-
strains the accuracy of risk forecasting and is more suitable for monitoring and forecasting
the stability of individual potential landslide sites. Empirical equation forecasting is the
study of a great number of historical landslides, expressing the basic laws of the relevant
physical quantities over time with empirical mathematical formulas and applying them
to the forecasting of unknown landslides. The empirical equation forecasting method is
more suitable for temporal forecasting of regional landslide risk under the condition of
limited monitoring means and the amount of monitoring equipment. Guzzetti, et al. [23]
classified rainfall thresholds from different studies, such as rainfall intensity–duration (I–D)
thresholds, cumulative rainfall event–duration (E–D) thresholds, rainfall cumulative (R)
thresholds, and cumulative rainfall event–rainfall intensity (E–I) thresholds. Due to the
different backgrounds of climate, stratigraphic lithology, and geomorphology in different
study regions, the cumulative rainfall or rainfall intensity is normalized by mean annual
precipitation (MAP) to eliminate the influence of climatic factors on rainfall thresholds
in different regions [24]. At present, many countries and regions in the world have de-
veloped landslide early warning systems (LEWSs) based on rainfall thresholds and have
verified the reliability of rainfall thresholds for regional landslide warnings with recent
cases of rainfall–triggered shallow landslides. LEWSs reflect not only the influence of
rainfall on landslide occurrence in a region but also imply the relationship between factors
and regional characteristics, such as geomorphology and landslide occurrence. Maturidi,
et al. [25] used the mean rainfall intensity and the maximum rainfall intensity to establish
thresholds for Peninsular Malaysia. Vaz, et al. [26] used cumulative rainfall to establish
regional landslide rainfall thresholds for Portugal. Similarly, rainfall thresholds have been
established in Thailand [27], Korea [28], Slovenia [29], Italy [30], India [31], and other
countries or regions.

In China, He, et al. [32] developed cumulative rainfall event–duration thresholds for
the rainy and non-rainy seasons using 771 landslides that occurred throughout China from
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1998 to 2017 and divided them into short duration (D < 48 h) and long duration (D ≥ 48 h).
Gao, et al. [33] developed rainfall thresholds for 19,763 landslides and debris flow events
in Hong Kong from 1984 to 2013. Jiang, et al. [34] established rainfall thresholds based
on Bayesian and frequency ratio methods for the Bailong River Basin in western China,
where data are scarce. However, there is still a lack of research on rainfall thresholds for
the southern coastal region of mainland China, where landslides are mainly controlled by
heavy rainfall and deeply weathered residual granitic soils. Currently, the most commonly
used are the I–D threshold and E–D threshold, and since variables meet the following
relationship: E = ID, the two threshold analysis methods are equivalent. However, from
a theoretical point of view, in the case of E–D thresholds, the two variables are not de-
pendent on each other; conversely, in the case of the I–D threshold, the rainfall mean or
maximum intensity depends on the rainfall duration. Therefore, it is preferable to define
E–D thresholds where the two variables measure independent quantities.

This paper aims to establish E–D and normalized EMAP–D rainfall thresholds appli-
cable to Guangzhou city, located in southern China. The relationship between the rainfall
on the day of landslide failure and the cumulative rainfall before landslide occurrence
is used to reveal the influence of prior rainfall on landslide occurrence. In addition, the
occurrence of landslides is a complex nonlinear system, and climatic factors are not the
only cause of landslide occurrence. Stratigraphic and lithological conditions are the basis
for the occurrence of geological hazards. This paper combines the geological factors in the
study area to reveal the sensitivity of different types of rock to shallow landslides and the
differences in rainfall thresholds of various types of rock. The empirical thresholds obtained
in this study can help determine the minimum cumulative rainfall that may trigger shallow
landslides in Guangzhou city and provide mechanistic support for relevant government
departments to release geological hazard early warning information to the public.

2. Study Area

Guangzhou (7434 km2) is located in the southern part of mainland China and the
southern part of central Guangdong Province, in the northern part of the Pearl River Delta,
at latitude 22◦26′ to 23◦56′ N and longitude 112◦57′ to 114◦03′ E, with approximately
two-thirds of the city south of the Tropic of Cancer (Figure 1). Guangzhou is one of the
important central cities in China, with the fourth highest GDP among all cities in China,
reaching RMB 2823.197 billion in 2021.

Guangzhou city is in the southern subtropical marine monsoon climate zone, with
an annual average temperature of 21.4–21.9 ◦C. In summer, it is influenced by warm
and humid air currents from the tropical ocean, with abundant rainfall, and the mean
annual precipitation is between 1612 mm and 1909 mm. Rainfall throughout the year
is mainly concentrated from April to September, accounting for approximately 80% or
more of the annual rainfall. On average, 5–6 tropical storms or typhoons make landfall
each year, forming localized periods of heavy rainfall, which can easily trigger large-scale
geological disasters [35]. Guangzhou has a well-developed river system, and atmospheric
precipitation is the most important source of recharge for surface water and groundwater.
The overall terrain of Guangzhou inclines from northeast to southwest and is in a transition
zone between the middle and low mountains and the Pearl River Delta, and is divided
into three terrain zones: middle and low mountains, hills and tablelands, and plains.
The middle and low mountains are concentrated in an area above 500 m above sea level
in the northeastern part of the city, and the slope of this area is steep, generally above
20–25 degrees. The hills and terraces are mainly located in the central part of the city
below 500 m on rolling hills and gentle slopes. The plains are concentrated in the southern
part of the city and are composed of river alluvium or marine deposits, with low and flat
terrain and deep soil layers. From the perspective of the spatial distribution of landslides,
because the topography is high in the north and low in the south, the warm and humid
southeastern monsoon from the ocean meets the windward slope of the remaining ridges
of the South Ridge and is lifted, resulting in a distribution pattern of precipitation showing
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more precipitation in the north and less precipitation in the south. The landslides also
show a similar distribution pattern with more cases in the north and fewer cases in the
south. From the perspective of occurrence time, landslides, collapses, and debris flows
mostly occur from April to September, accounting for more than 70% of the total number
of geological disasters in the whole year.
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In this paper, the stratigraphic and rock characteristics of Guangzhou city are divided
into five categories: intrusive rock, extrusive rock, clastic rock, carbonate rock, and meta-
morphic rock. The proportion of landform areas consisting of granite in the study area is
more than 50%. The thickness of the weathered residual granitic layer formed by chemical
weathering of rocks is generally between 3 and 20 m, and the maximum thickness is up to
80 m. Weathered residual granitic soil contains sand and gravel components with large
porosity, precipitation, and surface runoff that are easy to infiltrate, with the characteristics
of easy softening and disintegration in water. This leads to an increase in the water content
of slope soil, an increase in self-weight, and a decrease in strength, which induces shallow
landslides. The fault structures of Guangzhou city are relatively developed, mainly in
trending in a northeast direction, followed by an east–west direction.

3. Data and Methodology
3.1. Landslide Data

A total of 863 landslide events were recorded in the landslide database from 26 March
2010 to 23 May 2020. Landslide disaster information was reported from the town and
village governments in Guangzhou proactively, and the disaster list accurately records the
date, location, disaster type, disaster scale, number of casualties, and direct economic loss of
the disasters in detail. Historical landslide information shows that the size of the landslides
is mainly micro landslides with a volume of less than 100 m3, accounting for 96.52% of the
total number of disasters. Most slopes where the landslides occurred were less than 5 m in
height, accounting for 64.03% of the total number of disasters. According to the modified
Varnes classification of landslide initiation movement and damage characteristics [36], the
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landslides in the study area were mainly rotational sliding failure (43.89%) (Figure 2a,b),
planar sliding failure (20.80%) (Figure 2c), and toppling failure (35.31%) (Figure 2d). The
motion form of rotational sliding failure and planar sliding failure is mainly slipping, and
the former is accompanied by subsidence and bulge. The toppling failure is mainly subject
to the action of the overturning moment and occurs mostly on upright slopes with vertical
fracture development. The Guangzhou engineering geological map in scale 1:200,000 is
obtained from the National Geological Archives of China site (https://www.ngac.cn/)
(accessed on 13 August 2022).
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Landslides that were not triggered by rainfall were excluded from the landslide
database, and only one landslide with multiple repeated entries at the same location at
the same time was retained for analysis. Some landslides with unclear locations occurring
next to roads were also excluded from the analysis. In total, 96 landslides were manually
removed from the landslide database, and the remaining 766 landslides were retained for
further analysis.

3.2. Meteorological Data

In this study, daily rainfall data from 532 rainfall stations in the city were obtained
from the Guangzhou Meteorological Bureau from 2010 to 2020 with a temporal resolution of
days. The minimum distance between all rain gauge stations and the location of the nearest
known landslide hazard was 0.02 km, and the farthest distance was 8.61 km. The average
distance between the landslide site and the rain gauge stations was 1.81 km ± 1.25 km
(mean ± standard deviation). The rain gauge stations closest to the landslide were selected

https://www.ngac.cn/
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for analysis, and a total of 199 rain stations were used to reproduce each landslide rainfall
event. Mean annual precipitation was used to normalize the cumulative rainfall of rainfall
events associated with landslide occurrence. The MAP data corresponding to each landslide
were obtained from rain gauge stations that were close and had long-term observations. The
rainfall data for each landslide event are approximated by the inverse distance weighting
(IDW) method based on the distance to the nearest rainfall station. The IDW method, also
known as the inverse distance multiplier method, assigns a larger weight to the closer
landslides and a more uniform weight to the more distant landslides [37]. IDW is a reliable
method for spatial interpolation, and a number of studies have reported the successful
application of IDW in various regions [38–40].

Figure 3 shows the monthly frequency of the 766 shallow landslides. The highest
number of cases was found in May with 480 cases. This was followed by June and August
when 210 and 73 cases were recorded respectively. Fewer landslides were detected in the
remaining months, with less than 10 cases in January, February, October, November, and
December. The trend in the number of landslide occurrences follows the same distribution
as the average monthly rainfall for each year, and both trends display a high correlation.
The frontal rainfall season from April to June and the tropical cyclone storm season from
July to September each year in Guangzhou City bring large amounts of rainfall to the
study area. The annual rainfall from April to September accounts for 82% of the annual
rainfall, while at the same time, the number of shallow landslides accounts for 95.94% of all
landslides during the same time.
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3.3. Rainfall Data Analysis
3.3.1. Definition of a Landslide–Triggering Rainfall Event

A rainfall event that triggers a landslide is defined as an independent event that occurs
in a continuous process from the beginning of rainfall to the occurrence of a landslide.
To study the relationship between rainfall events and landslides, it is first necessary to
determine the criteria for dividing two consecutive rainfall events. The criterion used to dis-
tinguish between two consecutive rainfall events in this study is shown in Figure 4, defined
by two parameters, rainfall intensity, and rainfall duration. Two consecutive rainfall events
are considered to have occurred if the rainfall intensity is not greater than xA mm/day for
at least xB consecutive days. Conversely, if the rainfall intensity and duration do not meet
the criteria during a consecutive period, it is considered one continuous rainfall event. De-
termining an appropriate criterion for consecutive rainfall events is critical for establishing
a rainfall threshold that triggers landslides. A larger rainfall intensity threshold xA and
longer rainfall duration xB may result in some consecutive rainfall periods being rejected,
while a smaller rainfall intensity threshold xA and a longer period of rainfall duration xB
may make the rainfall event last too long, resulting in the defined rainfall event containing
several independent rainfall events. Gariano, et al. [41] selected a continuous daily rainfall
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of 0 mm/day for both 48 and 96 h as a criterion for the division of dry and rainy seasons in
Sicily, southern Italy, respectively [42]. Salee, et al. [27] conducted a study for a series of
combinations of rainfall intensity and rainfall duration and finally selected rainfall intensity
of no more than 2 mm/day and duration of not less than 1 day as the definition criteria for
classifying two consecutive rainfall events in southern Thailand. Therefore, concerning the
previous definitions adopted for domestic and foreign study areas [25,32], a rainfall event
triggering a landslide was defined as a rainfall intensity of not more than 1 mm/day for at
least 1 consecutive day. The rainfall parameters for landslide events were calculated based
on the definition of rainfall events, i.e., rainfall event duration (D, in h), cumulative rainfall
(E, in mm), and average rainfall intensity (I, in mm/h).

Water 2022, 14, x FOR PEER REVIEW  7  of  18 
 

 

rainfall duration xB may make the rainfall event last too long, resulting in the defined rain‐

fall event containing several  independent rainfall events. Gariano, et al.  [41] selected a 

continuous daily rainfall of 0 mm/day for both 48 and 96 h as a criterion for the division 

of dry and rainy seasons in Sicily, southern Italy, respectively [42]. Salee, et al. [27] con‐

ducted a study for a series of combinations of rainfall intensity and rainfall duration and 

finally selected rainfall intensity of no more than 2 mm/day and duration of not less than 

1 day as the definition criteria for classifying two consecutive rainfall events in southern 

Thailand. Therefore, concerning the previous definitions adopted for domestic and for‐

eign study areas [25,32], a rainfall event triggering a landslide was defined as a rainfall 

intensity of not more than 1 mm/day for at least 1 consecutive day. The rainfall parameters 

for landslide events were calculated based on the definition of rainfall events, i.e., rainfall 

event duration (D, in h), cumulative rainfall (E, in mm), and average rainfall intensity (I, 

in mm/h). 

 

Figure 4. Definition of the criteria used to delineate between two consecutive rainfall events in this 

study. 

3.3.2. Rainfall Threshold Analysis 

The E–D rainfall threshold equation is expressed as follows. 

E = αDγ  (1) 

where D is the duration from rainfall onset to landslide occurrence, α and γ are the inter‐

cept and slope of the power function curve calculated by quantile regression, respectively, 

and E is the cumulative rainfall within that rainfall event. For each landslide event, Equa‐

tion (1) can be logarithmically transformed into a linear equation, and the E–D curves are 

plotted in double logarithmic planes as follows. 

log10(E) = log10(α) + γ log10(D)  (2) 

To  calculate  the E–D  thresholds  for  landslides, quantile  regression  is used  in  this 

study, as well as the corresponding package, “quantreg”, which is available for R software 

[43]. The quantile is considered a threshold value, and the effect of different quantile re‐

gressions corresponds to the value of the random variable with the corresponding proba‐

bility in the study interval. According to He, et al. [32] and Jiang, et al. [34], the landslide 

warning system can issue different levels of warning information based on the cumulative 

rainfall and the calendar time of the current rainfall event recorded at each rainfall station. 

The probability  levels are classified as 5%, 20%, and 50%;  for example, a 5%  threshold 

curve indicates that the probability of landslides caused by rainfall events below the 5% 

threshold curve is less than 5%. When the 5–20% probability level is reached, “Alert” will 

be  issued,  the  20–50%  probability  level  will  issue  “Warning”,  and  the  above  50% 

Figure 4. Definition of the criteria used to delineate between two consecutive rainfall events in
this study.

3.3.2. Rainfall Threshold Analysis

The E–D rainfall threshold equation is expressed as follows.

E = αDγ (1)

where D is the duration from rainfall onset to landslide occurrence, α and γ are the intercept
and slope of the power function curve calculated by quantile regression, respectively, and
E is the cumulative rainfall within that rainfall event. For each landslide event, Equation (1)
can be logarithmically transformed into a linear equation, and the E–D curves are plotted
in double logarithmic planes as follows.

log10(E) = log10(α) + γ log10(D) (2)

To calculate the E–D thresholds for landslides, quantile regression is used in this study,
as well as the corresponding package, “quantreg”, which is available for R software [43].
The quantile is considered a threshold value, and the effect of different quantile regressions
corresponds to the value of the random variable with the corresponding probability in
the study interval. According to He, et al. [32] and Jiang, et al. [34], the landslide warning
system can issue different levels of warning information based on the cumulative rainfall
and the calendar time of the current rainfall event recorded at each rainfall station. The
probability levels are classified as 5%, 20%, and 50%; for example, a 5% threshold curve
indicates that the probability of landslides caused by rainfall events below the 5% threshold
curve is less than 5%. When the 5–20% probability level is reached, “Alert” will be issued,
the 20–50% probability level will issue “Warning”, and the above 50% probability level will
issue “Evacuation”. In this paper, we calculated the interquartile regression lines at the 5%,
20%, and 50% levels to determine the rainfall threshold.

Due to the differences in climate, stratigraphic lithology, and geomorphology in differ-
ent study areas, normalizing rainfall can describe the overall rainfall pattern in the study
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area and can reduce the uncertainty in the comparison of rainfall thresholds in different
regions [44]. Geological, environmental, or human factors may also contribute to landslide
formation, which may result in lower rainfall thresholds. Therefore, a credible normalized
threshold can be developed by normalizing the rainfall intensity and cumulative rainfall of
each triggering landslide rainfall event with the MAP.

The study of the relationship between landslide occurrence and preliminary rainfall
is very important. Cumulative effective rainfall is the amount of rainfall that enters the
geotechnical body at the preliminary stage and remains there all the time and contributes to
landslide development. To evaluate the influence of the preliminary rainfall on triggering
shallow landslides, we used the following formula to analyse the cumulative antecedent
rainfall for 3, 5, 7, 10, 20, and 30 days before the landslide event.

AARxn = R1 + R2+ . . . + Rn (3)

where AARxn is the accumulative antecedent rainfall on the day of the landslide-triggering
event xn, R1 is the daily rainfall on the day before the landslide-triggering event, and Rn is
the daily rainfall of the first n day before the landslide-triggering event.

4. Results and Discussion
4.1. E–D Threshold

Figure 5 shows the relationship between E and D by plotting the quantile regression
line between the two in a double logarithmic coordinate system, with D triggering a
shallow landslide ranges from 1 to 23 days. The fitted curves determined by the 5%
quantile regression for the E–D threshold are E = 4.22D1.46, the fitted curve determined by
the 20% quantile regression is E = 13.11D1.25, and the fitted curve determined by the 50%
quantile regression is E = 25.34D1.15.
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Figure 5. Double-log plot of cumulative rainfall E versus time D for landslides, conditions triggering
landslides, and corresponding 5%, 20%, and 50% E–D thresholds in Guangzhou.

Taking the 5% probability threshold as an example, a landslide may be triggered when
the rainfall event lasts for only 1 day and the cumulative rainfall reaches 4.20 mm on that
day or when the duration reaches 23 days and the cumulative rainfall reaches 338.59 mm
or more.

4.2. EMAP–D Threshold

The cumulative rainfall was normalized by MAP considering the difference in MAP in
Guangzhou city. Figure 6 shows the EMAP–D relationship for the historical landslide time
in Guangzhou city. The fitted curves determined by the regression of the 5% quantile of the
EMAP–D threshold are E = 0.0025D1.48, the fitted curves determined by the regression of
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the 20% quantile are E = 0.0062D1.35, and the fitted curves determined by the regression of
the 50% quantile are E = 0.0121D1.25.
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Figure 6. Double-log plot of landslide normalized cumulative rainfall EMAP versus time D for condi-
tions triggering landslides and corresponding 5%, 20%, and 50% EMAP–D thresholds in Guangzhou.

According to the 5% probability threshold, landslides are likely to be triggered when
the cumulative daily rainfall accounts for 0.2% of the annual average rainfall or when
the duration reaches 23 days and the cumulative rainfall reaches more than 20.93% of the
annual average rainfall.

4.3. The Threshold for Lithological Categories

To study the sensitivity to historical landslides in different lithological areas of Guangzhou,
we used the 1:200,000 geological map from the National Geological Archives of China. We
reclassified 63 rock units of different formation ages and lithologies into five lithological
groups (Table 1): extrusive, metamorphic, intrusive, clastic, and carbonate rocks. Figure 2
shows the location of historical landslides in relation to the five lithological groups, with
the largest number of landslides occurring within the intrusive rock unit (550 of 766), 87 in
the metamorphic rock unit, 76 in the clastic rock unit, 37 in the extrusive rock unit, and 16 in
the carbonate rock unit. Overall, 71.8% of the landslides occurred in the intrusive rock unit
area, which accounts for 55.07% of the total area of Guangzhou, with a landslide density of
13.68 landslides per 100 km2. Similarly, the landslide densities in the ejecta, metamorphic,
clastic, red clastic, and carbonate rock units were 3.54, 13.43, 6.68, and 3.58 landslides
per 100 km2, respectively. The maximum difference in landslide density within different
lithological units is nearly 10 times, which proves that there are differences in the influence
of different lithologies on landslide-triggering conditions.

Table 1. Classification of geotechnical types in Guangzhou.

Rockiness Composition Era Area/km2

Extrusive rock Rhyolite porphyry, dacitic porphyry,
rhyolite, and andesite

Middle to Late Jurassic and
Cretaceous to Paleocene 1046.19

Metamorphic rock Gneiss, slate, mixed rock, mixed gneiss,
and gneissic metamorphic quartzite Yuan Gu Zeus 647.78

Intrusive rock Granite, granite porphyry, black mica
granite, and amphibole Caledonian to Yanshanian 4020.44

Clastic rock Sandstone, sand conglomerate, and
siliceous rock Devonian to Triassic 1139.00

Carbonate rock Limestone, clastic tuff, and dolomitic tuff Carboniferous to Triassic 446.45
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Granites are very sensitive to weathering; therefore, there are numerous records of
shallow landslides in weathered granites in tropical and humid regions. A large number
of loose, medium, and coarse-grained granite landslides triggered by heavy rainfall in
Hiroshima Prefecture, Japan, resulted in 20 casualties in 1999 [45]. Studies in peninsular
Malaysia have found that 65% of historical landslides are associated with igneous rocks, of
which granite is a major component [25]. Some investigations found prominent clusters
of landslides in the surface zone of residual granitic soil layer slopes in the southeastern
coastal provinces of China [46]. A four-day cumulative 281.3 mm rainfall event from
10–13 June 2019, in Longchuan County, Guangdong Province, China, resulted in a cluster
of landslides in the residual granitic soil area [47].

Figure 7a,b show the E–D and EMAP–D rainfall thresholds for each lithological unit at
the corresponding 5% quantile in logarithmic coordinates. The shortest range of duration
(D) is from 1 to 13 days for the extrusive unit, and the longest range is from 1 to 23 days for
the metamorphic unit. The coefficients of intercept α and slope γ at 5% level of quantile
regression lines are listed in Table 2. The results show the differences in the rainfall
threshold for landslide triggering among the different lithological units, with carbonate
rock having the highest threshold, followed by extrusive rock, clastic rock, and intrusive
rock, and metamorphic rock having the lowest threshold. Due to the small number of
landslides meeting the conditions for extrusive and carbonate rock units, the uncertainties
of the fitted parameters are high, and the thresholds for these units cannot be considered
significant. For a more reliable threshold, more historical landslides in these lithological
regions are needed. Considering the high density of landslides occurring in granite areas
and the low rainfall threshold of landslides in metamorphic rock units, landslide vigilance
in intrusive rock units and metamorphic rock units should be increased to mitigate the risk
of loss.
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Figure 7. (a) Cumulative rainfall–duration E–D thresholds in Guangzhou city divided into five litho-
logical units and the corresponding 5% E–D thresholds; (b) Normalized cumulative rainfall–duration
EMAP–D thresholds in Guangzhou city divided into five lithological units and corresponding 5%
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Table 2. Coefficients of intercept α and slope γ at 5% level of quantile regression lines in five
lithological units.

Rockiness
E–D Threshold EMAP–D Threshold

α γ α γ

Extrusive rock 3.92 1.68 0.0053 1.18
Carbonate rock 13.04 1.06 0.0063 1.18
Intrusive rock 4.73 1.36 0.0021 1.45

Metamorphic rock 4.71 1.28 0.0020 1.41
Clastic rock 4.39 1.38 0.0052 0.98
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4.4. Impact of Antecedent Rainfall on Landslides

Figure 8 shows the scatter plot of daily rainfall on the day of landslide occurrence
against the cumulative rainfall of various days (3, 7, 10, 15, 20, and 30 days) before a
landslide to observe the impact of the antecedent rainfall. A diagonal line is used to
separate the plot into two regions to distinguish the impact of rainfall on the day of the
landslide event from the cumulative rainfall in the antecedent period in the scatter plot.
The occurrence of landslides is more influenced by the daily rainfall if the landslide event
is biased towards the y-axis; otherwise, they are assumed to occur due to the impact of
antecedent rainfall if the landslide event is biasedly approaching the x-axis. According to
the results shown in Figure 8a, 43.34% of the 766 landslide cases were influenced by daily
rainfall, while the remaining 56.66% of the landslide events were influenced by the 3-day
antecedent rainfall. Subsequently, the landslides affected by intraday rainfall gradually
decreased to 31.59%, 23.50%, 14.36%, 12.79%, and 1.7% for 7, 10, 15, 20, and 30 days,
respectively, while the landslides affected by antecedent rainfall in the corresponding
periods gradually increased to 68.41%, 76.50%, 85.64%, 87.21%, and 98.30%, respectively.
According to the results, the percentage of daily rainfall at landslide sites decreased abruptly
for the 3 and 7 days before (from 43.34% to 31.59%) and for the 10 and 15 days before
(from 23.50% to 14.36%). Considering the effect of daily rainfall and 20 days of antecedent
rainfall, 12.79% of the historical landslides were still greatly affected by daily rainfall,
which received more rainfall than the cumulative rainfall in the previous 20 days. The
longer period of a 30-day antecedent rainfall was almost all biased towards the influence of
the earlier precipitation on landslides. After critically analysing the relationship between
rainfall patterns and triggered landslides, it can be assumed that 1 to 10 days of continuous
antecedent rainfall has a significant effect on shallow landslides in Guangzhou. Therefore,
both antecedent rainfall and short-term intense rainfall can mutually contribute to the
occurrence of shallow landslides.
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In Figure 8e, the number of landslides with 20-day cumulative rainfall greater than
97 mm accounted for 95.82% of the total, an increase of nearly 20% compared to Figure 8d,
where 15-day cumulative rainfall greater than 97 mm accounted for 76.37% of the total.
Moreover, the number of landslides with 30-day cumulative rainfall greater than 97 mm
accounted for only an increase of less than 3% compared with 20-day cumulative rainfall.
Therefore, a 20-day cumulative rainfall of 97 mm was an indicator that could potentially be
used as a landslide threshold in the study area.

4.5. CED Threshold

The performance of the thresholds was assessed by analysing the confusion matrix,
skill scores, and receiver operating characteristic (ROC) curves. The confusion matrix
consisted of four scenarios, including true-positive (TP, correctly predicted rainfall events
that triggered landslides), true-negative (TN, correctly predicted rainfall events that did not
trigger landslides), false-positive (FP, predicted rainfall events that could have triggered
landslides but did not), and false-negative (FN, landslides occurred in the absence of a
prediction). Skill scores include the true-positive rate (TPR) and false-positive rate (FPR),
which are calculated according to Formulas (4) and (5), respectively. The best prediction is
the one with a TPR (y-axis) of 1 and an FPR (x-axis) of 0. The closer the prediction is to the
upper left, the better the threshold prediction performance at the corresponding quartile
level. The ROC for different quantile-level rainfall thresholds can be plotted on the same
graph. The area under the ROC curve (AUC) was calculated, and the larger the AUC was,
the better the prediction ability.

TPR =
TP

TP + FN
(4)

FPR =
FP

FP + TN
(5)

After the previous analysis, the landslide is significantly influenced by the previous
rainfall. As can be seen from the Figures 5 and 6, the traditional E–D threshold and EMAP–
D threshold have more false alarms for rainfall events that do not trigger a landslide,
especially when the quantile level q is small. To reduce the FPR of the thresholds, the
20 days of antecedent rainfall is integrated into the E–D threshold. For this purpose, the
threshold consisting of three rainfall variables, CR20, E, and D, is named the CED threshold.
The CED threshold is an independent parameter to the E–D threshold to isolate rainfall
without a landslide. Based on the E–D threshold, the z-axis is added to be set as CR20, and
the area where the E–D threshold moves 97 mm and above along the z-axis is defined as the
warning area. For this purpose, CR20, E, and D are plotted in 3D space, and the area shaded
in yellow in Figure 9 is the defined warning zone which can be expressed as follows.

Warning Zone = {(D, E, CR20)|E > αDγ, CR20 > 97} (6)

The performance of the CED threshold is compared with that of the E–D threshold,
and the ROC curve is given in Figure 10. The ROC curve is plotted for each rainfall event,
and the points on the curve represent changes in the threshold settings. For E–D and
CED thresholds, the AUC is 0.914 and 0.944, respectively, indicating that the predictive
capability of CED thresholds is superior to that of E–D thresholds. Since many rainfall
events with CR20 less than 97 mm were excluded from the 3D warning area, the FP was
significantly lower, and the FPR generated by the CED threshold was much lower than
that generated by the E–D threshold. Since 32 of the 766 landslide events had CR20 less
than 97 mm, more landslide events may not satisfy CR20 greater than 97 mm under the
condition of a lower probability level. Therefore, the TPR of the CED threshold at the same
probability level is lower than the E–D threshold at a lower probability level, and the FPR
is significantly better than the E–D threshold. At the 5% probability level, the TPR for the
CED threshold and E–D threshold are 0.932 and 0.952, respectively, and the FPR are 0.128
and 0.358, respectively.
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4.6. Comparison with Previous Studies

Table 3 lists the E–D thresholds from other regional studies around the globe and
plots the E–D thresholds studied here on a log10–log10 plot (Figure 11) for comparison.
The E–D rainfall thresholds in this study show a higher slope since the slope of the E–D
curve for actual D ≥ 7 days may be higher than the slope for D < 7 days. In addition,
the lower temporal resolution (days) also leads to significant changes in the shape and
effective range of the thresholds. As the temporal resolution of rainfall decreases, the
threshold is characterized by a smaller intercept, higher slope, shorter effective range, and
higher uncertainty, but it does not influence the validation and the threshold performance
indicators [30]. For short-duration rainfall, the rainfall thresholds established in this paper
are similar to most of the thresholds in previous studies. For long-duration rainfall, the
rainfall thresholds established in this paper are higher than most of the thresholds. This
provides important information for the warning of landslides in Guangzhou, which requires
more attention to landslides induced by short-duration heavy rainfall triggered by lower
threshold values.
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Table 3. Comparison of E–D rainfall thresholds for landslide occurrence in this study with rainfall
thresholds in previous publications.

No. in Figure 11 Reference Equation Range (Day) Region

1 (Salee, et al., 2022) [27] E = 3.322D1.13 1 ≤ D ≤ 26 The southern part of Thailand
2 (Jiang, et al., 2022) [34] E = 5.01D0.64 1 ≤ D ≤ 10 Bailong River Basin, China
3 (Zhao, et al., 2019) [48] E = 9.97D0.42 1 ≤ D ≤ 100 Emilia-Romagna, northern Italy
4 (Gariano, et al., 2015) [30] E = 6D0.52 1 ≤ D ≤ 100 Liguria, NW Italy
5 (Chen, et al., 2014) [49] E = 10.545D0.83 1 ≤ D ≤ 3 Taiwan
6 (Chen, et al., 2014) [50] E = 0.34D0.91346 1 ≤ D ≤ 14 Yan’an, Shaanxi, China
7 (Distefano, et al., 2022) [51] E = 2.40D0.68 1 ≤ D ≤ 3 Sicily, Italy
8 (Caine, et al., 1980) [52] E = 14.82D0.61 0.007 ≤ D ≤ 10 World
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5. Conclusions

Based on 766 landslide events in Guangzhou city from 2010 to 2020, this study defines
the cumulative event rainfall–duration (E–D) and normalized cumulative event rainfall–
duration (EMAP–D) thresholds for Guangzhou city at 5%, 20%, and 50% probability
levels, respectively, using quantile regression methods. The results obtained from this
study provide a theoretical basis for the relevant disaster prevention departments to issue
different levels of warning information according to the probability level of landslide
hazards. The E–D thresholds in this study are similar to those of other countries and
regions in the short-duration rainfall range, while they are higher than most thresholds in
the long-duration rainfall range. This suggests that short-duration heavy rainfall is more
sensitive to landslide triggering and that longer rainfall events require more cumulative
rainfall to trigger landslides.

E–D thresholds and EMAP–D thresholds were established for different lithological
groups. The rainfall threshold for triggering landslides differed among the different litho-
logical groups, with the carbonate group having the highest threshold and the metamorphic
group having the lowest threshold.

Based on the relationship between the rainfall on the day of the landslide and the
cumulative rainfall in the previous period, it can be seen that continuous rainfall from 1 to
10 days has a significant effect on the shallow landslide in Guangzhou. The cumulative
rainfall 20 days before landslide occurrence (CR20) was selected as a new variable to be
added to the E–D threshold, and two event rainfall variables and one cumulative rainfall
variable were integrated into a new CED threshold. The AUC of the CED threshold was
larger than that of the E–D threshold. Although the CED threshold had a slightly lower
TPR than the E–D threshold for the same probability level, the CED threshold performed
much better than the E–D threshold in terms of FPR.
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