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Abstract: This study explored the applicability of TRMM, TRMM nonlinear downscaling, and
ANUSPLIN (ANU) interpolation of three different types of precipitation data to define regional-
scale rainfall-triggered landslide thresholds. The spatial resolution of TRMM precipitation data was
downscaled from 0.25° to 500 m by the downscaling model considering the relationship between
humidity, NDVI, and numerous topographic factors and precipitation. The rainfall threshold was
calculated using the rainfall intensity—duration threshold model. The calculation showed that TRMM
downscaled precipitation data have better detection capability for extreme precipitation events
than the other two, the TRMM downscaling threshold was better than the ANU interpolation,
and the cumulative effective rainfall of TRMM downscaling was preferred as the macroscopic
critical rainfall-triggered landslide threshold for the early warning of the Wudu. The predictive
performance of the rainfall threshold of 50% was better than the other two (10% and 90%). When
the probability of landslide occurrence was 50%, the TRMM downscaled threshold curve was given
by Isp = 21.03 x D~10%_ The authors also analyzed the influence of factors such as topography
landform and soil type on the rainfall threshold of landslides in the study area. The rainfall intensity
of small undulating mountains was higher than that of medium and large undulating mountains,
and the rainfall intensity of landslides peaks at high altitude mountains of 3500-5000 m.

Keywords: rainfall threshold; landslide; downscale; TRMM; topography landform

1. Introduction

Physically-based models and empirical models are the main methods used to deter-
mine rainfall thresholds that trigger slope failure [1]. The availability of physically-based
models is limited to specific slopes or small areas [2], whereas empirical models are more
broadly applicable for regional-scale areas, including globally [3-5], Central America [6],
the Ubaye Valley region of France [7], Papua New Guinea [8], the Bogowonto catchment,
central Java, Indonesia [9], the Oltrepd Pavese basin, the northern Italian Apennines [10],
the Rwanda region [11], and the Bailong River Basin, Gansu Province, China [12]. The
accuracy of the statistical empirical model is highly dependent on the integrity of historical
landslide inventories and the spatial-temporal characteristics of the available precipita-
tion data [8,13,14]. As for the available precipitation data, in addition to being obtained
through ground observation stations [10,11], they can also be obtained from several satel-
lite precipitation products and reanalyzed precipitation products. The common gridded
precipitation products are TRMM satellite products [3-6,8,9,12], ERA-Interim reanalysis
products [7,9], IMERG satellite products [10,11], and SM2RAIN satellite products [10]. The
most common statistical models are: “intensity—duration (I-D)” [6,8,12], “cumulative event
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rainfall-rainfall duration (E-D)” [8,11], and “antecedent rainfall” [9,10]. In addition, other
statistical models have been proposed by some scholars [7]. The study shows that the
I-D threshold model is widely used to construct rainfall thresholds for the occurrence of
shallow landslides, and the gridded precipitation product has some potential for landslide
early warning.

The maximum area of a single landslide obtained from global statistics does not exceed
20 km? [15,16]. Most gridded precipitation data products have a low spatial resolution
(0.25° x 0.25°, about 27.5 km x 27.5 km) and poor accuracy [17-19]. If gridded precipitation
data products are used directly, the precipitation of multiple landslides will likely be the
same, which will further increase the uncertainty of landslide event detection [9,10]. Spatial
downscaling techniques can further improve resolution and data accuracy, which provides
a possibility to solve the above problems. Mei et al. [20] downscaled MERRA-2 precipitation
data using Random Forest (RF) and regression algorithms in High-mountain Asia regions
and compared the applicability of original MERRA-2 precipitation data and MERRA-2
downscaled precipitation data (1 km spatial resolution) in this region. Jiang et al. [21]
downscaled ERAS5 precipitation data using Kriging and RF methods on the Tibetan Plateau
and evaluated the detection capability of both data products for detecting extreme precipi-
tation events. Ning et al. [22] obtained various TRMM downscaled precipitation data in the
Tianshan Mountains based on RF, Partial Least Squares (PLS), and Random Forest-Partial
Least Squares (RF-PLS) algorithms. They found that the spatial downscaling technology
can improve the fit between TRMM precipitation data and observation station precipitation
data, with the RF-PLS downscaling model’s spatial resolution of 500 m downscaled data
the best applicable. The above research used different algorithms to downscale satellite
precipitation products. It was found that the downscaled data can describe the spatial
distribution pattern of regional precipitation in more detail and can better detect extreme
precipitation events, which also indicates that downscaling is feasible in non-homogeneous
terrain areas with a complex topography and high elevation.

This study considers the relationship between humidity, NDVI, and numerous topo-
graphic factors and precipitation, improves the spatial resolution of TRMM precipitation
data from 0.25° to 500 m based on the RF machine learning method and compares and
analyzes the ANUSPLIN (ANU) interpolated precipitation data and the original TRMM
data. Based on different probabilities of landslide occurrence, the relationship between
rainfall in the run-up to landslides and landslides was analyzed using different precipita-
tion data, to establish a landslide rainfall threshold model to assess its prediction potential.
The authors also discussed the correlation of thresholds with different intense rainfall
events, topographic landforms, and soil types. This work attempts to answer two questions:
(1) How applicable are remote sensing satellite data, remote sensing satellite nonlinear
downscaling data based on the machine learning algorithm, and ANU interpolation data,
for rainfall-triggering landslide-threshold prediction at regional scales where the station
data are scarce? (2) What influencing factors are associated with rainfall thresholds for
rainfall-triggered landslides in Wudu and where are they mainly manifested?

2. Wudu County

The Wudu area belongs to the high mountain valley area, and as one of the most
serious landslide disaster areas in the Bailong River basin of Gansu Province, and even
China, its precipitation changes mainly under the influence of the subtropical monsoon
climate. It has been found that cumulative rainfall reaching a certain threshold could
saturate soil, which in turn leads to ground susceptibility to landslides [23]. Bai et al. [24]
analyzed the triggering of landslides and debris flows in Wudu using an antecedent soil
moisture content model based on Wudu station precipitation data. In contrast, there
are few ground observation stations in Wudu, and it is difficult to establish a landslide
rainfall-threshold model for disaster prediction based on station data only. Wudu County
is located in southeastern Gansu Province (Figure 1), in the middle reaches of the Bailong
River, a tributary of the Jialing River. It spans latitude 32°47'-33°42'N and longitude
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104°34’-105°38'E, and is 100.8 km long from north to south and 76.2 km wide from east to
west, with a total area of 4683 km?. It sits in the Qinling Mountains, which are surrounded
by three geomorphological units: the Tibetan Plateau, the Loess Plateau, and the Sichuan
Basin [25]. Due to the strong uplift of neotectonic movement, the sharp down-cutting of
river rush, and the formation of the mountain slope, the study area is characterized by
interleaving terrain of precipitous mountains and valley basins with a general terrain of
high in the north west and low in the south east [26].

105°0'E 105°30'E

33°30N F33°30N
33°0N 33°0N
BamAaAb,,A
A A A, ¢
32030N— e wd-30030N
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Figure 1. Geographical location and distribution of landslides and ground observation stations in
and around Wudu.

Wudu County is influenced by a warm and humid subtropical monsoon climate. Due
to the mountainous topography (deep valleys and high mountains), climatic conditions in
the region vary considerably depending on the altitude and topographic position [27]. Its
climatic characteristics include the following: rainfall is mostly concentrated in summer and
autumn, with drier spring and winter months; the average annual precipitation amounts
to 400-900 mm, with 75-85% of the precipitation concentrated in May—September; and
rainfall events often last for several days and occur in short high-intensity events, such
as the maximum precipitation of 40 mm in 1 h and 16.2 mm in 10 min, which is prone to
cause landslides [24]. There are mainly seven types of soils in the Wudu area, including
tidal soil, cinnamon soil, brown soil, rice soil, and yellow-brown soil. Soil-forming matrices
are mainly flooded matrices, yellowish matrices, residual matrices, and slope-deposited
matrices. Soil texture is mainly sandy gravel soil, and chalky soil is mainly distributed
along the river banks and valleys in the territory, mostly alluvial and flooded materials [28].
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3. Data and Methods
3.1. Data

Five data types were used: multi-source remote sensing type data (TRMM 3B42
precipitation data, MOD13A3 NDVI data, SRTM DEM data), landslide data, landform
data, soil texture data, and ground observation station data (Table 1). The TRMM 3B42
precipitation data were extracted, coordinated, and cropped with the help of ENVI to
obtain daily precipitation data. The MOD13A3 NDVI data reflect subsurface features
such as vegetation cover in the study area. The SRTM DEM data characterize elevation
and extract relevant topographic factors. There were 295 pieces of landslide data, of
which 260 were randomly selected for the calculation of rainfall thresholds for landslide
occurrence, the remaining 35 pieces of data were used for accuracy verification after the
calculation of thresholds, and an additional 1/4 of the grid numbers were randomly
selected as a non-landslide sample in the calculation. Landform data and soil texture
data were used in the analysis of rainfall thresholds for different types of landslides. The
data from ground observation stations included daily precipitation and relative humidity
data from 75 stations in and around the study area (Figure 1). Overall, 67 stations were
randomly selected for precipitation data for ANUSPLIN interpolation and the construction
of downscaling models. The remaining eight stations were checked for accuracy, while
the relative humidity data were only used in the construction of downscaling models. The
time series of all data used in this study are consistent with Bai et al. [24], as detailed in
Bai et al. [24].

Table 1. Data sources.

Data Spatial Resolution Time Resolution Source
TRMM 3B42 0.25° x 0.25° 1 day National Aeronautics and Space Administration
MOD13A3 NDVI 250 m x 250 m 0.5 day (https:/ /www.nasa.gov/, format: 28 April 2021)
SRTM DEM 90 m x 90 m . Geospatial dat?oilrii: (Shlt;t[p;y/ é (X)A;xiv)wgscloud.cn /,
Landslide data — 1 day Bai et al. [24]
Landform data 1Tkm x 1km — Resource and Environment Science and Data Center
Soil texture data 1km x 1km _ (https:/ /www.resdc.cn/, format: 28 July 2022)
Precipitation data — 1 day China National Meteorological Information Center
Relative humidity data _ 1 day (http://data.cma.cn/, format: 5 May 2021)
3.2. Methods

3.2.1. Downscaling Model Construction

Precipitation is affected by many factors in the formation process [29], including geo-
graphical location and geomorphology, which directly determine the amount of moisture
available. The formation of clouds that cause rain when air humidity reaches supersatu-
ration, and topographic factors such as altitude, slope, and aspect, influence the cooling
process of the air. Plant transpiration can increase air humidity, and vegetation coverage can
also reflect the abundance of precipitation in the region. In addition, the NDVI values of the
water body can introduce a large bias to the statistical results of TRMM precipitation values.
Therefore, the NDVI values of the water body were excluded from the construction of the
model to simulate better precipitation values. In this study, based on precipitation data
from 67 ground observation stations, seven geo-environmentally influential factors such as
longitude (Figure 2a), latitude (Figure 2b), DEM (Figure 1), slope (Figure 2c) and aspect
(Figure 2d), NDVI (Figure 2e), and humidity (Figure 2f) indicators were selected as inde-
pendent variables. The Random Forest (RF) spatial downscaling model was constructed by
using the Random Forest module of the R language.
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Figure 2. Spatial distribution characteristics of six geo-environmentally influential factors in and
around Wudu ((a) longitude, (b) latitude, (c) slope, (d) aspect, (e) NDVI, (f) humidity).

Random Forest, a typical representative of the Bagging algorithm, is a categorizer
that uses multiple trees to exercise and test sample data and is essentially an improvement
on the decision tree algorithm [30,31]. The RF model combines multiple classifications
and regression trees, inheriting and developing the advantages of categorical regression
trees [32]. The main idea of the RF model is to establish a nonlinear function between input
variables and output precipitation variables based on a regression tree:

PER = frp(C) + & @

where: PER denotes the precipitation values at the observation station during the training
stage; C is the input vector that represents the input variables, including longitude, latitude,
elevation, slope, aspect, NDVI, relative humidity, and TRMM precipitation data; and frr
is a nonlinear function that establishes a relationship between the input variables and the
output PER.

Several decision trees are first built during the training period, each built from boot-
strap samples, the training input data account for about 2/3 of the total samples, and the
remaining (1/3) samples are used to validate each tree. To further improve the generaliza-
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tion ability of the Random Forest model, the final model’s prediction value is generated by
arithmetically averaging the results of many independent regression trees, and the final
model’s result is expressed as:

p(PER/C) = 2 _ Pi(PER/C) )

where: p(PER/C) is the final prediction result, m is the number of regression trees, and
P;(PER/C) represents the prediction result of the ith tree.

The specific process of downscaling is as follows: Firstly, the longitude, latitude, to-
pography, NDVI, and humidity are resampled to be consistent with the spatial resolution
(0.25° x 0.25°) of the TRMM precipitation data; then, the daily precipitation of the corre-
sponding pixel of the TRMM data and the corresponding geographic and topographic,
NDVI, and humidity factors of the point are extracted and included in the calculation of
the RF downscaling model and verify its accuracy by using the precipitation data of the
station not involved in the modeling. Currently, most downscaling studies are limited
to 1 km x 1 km spatial resolution, but according to Ning et al. [22], it was found that
downscaling precipitation data to a spatial resolution of 500 m can more finely describe the
spatial and temporal characteristics of precipitation in mountainous areas. This study also
found that more than 82% of the landslide points could be guaranteed to correspond to
a single image element when using precipitation data with a spatial resolution of 500 m
(Figure 1), while only 68% could be achieved when using precipitation data with a spatial
resolution of 1 km. For this reason, combined with the downscaling model, the TRMM
precipitation data with 500 m x 500 m resolution were obtained by using bilinear interpo-
lation, thus enabling spatial scale conversion and comparative assessment of the accuracy
of the downscaling model.

3.2.2. ANUSPLIN Interpolation

ANUSPLIN (ANU) is a tool for analyzing and interpolating multivariate data using
planar smoothing spline functions, a synthesis and promotion of multiple linear regression,
and is currently very widely used [26]. It is based on the interpolation theory of ordinary
thin disks and local thin disk spline functions. The local thin disk smoothing spline is an
extension of the thin disk smoothing spline prototype. The local thin disk smooth spline
uses the optimal smoothing parameters to balance fidelity and smoothness and ensure
reliable accuracy [33]. Compared to other interpolation methods (Kriging interpolation
and inverse distance weighted interpolation) it allows the introduction of linear covariate
sub-models in addition to the ordinary spline independent variables, such as coastline
distance, elevation, and several other geographical factors as covariates.

The theoretical statistical model of local thin disk smoothing spline is:

Zi=f(xi)+byite(i=12..,n) ®)

where: Z; is the dependent variable located at point i in space; f(x;) is the unknown

smoothing function to be estimated about x; , and x; is an independent variable; y; is the

independent covariate; b is the coefficient of independent covariate; and e; is random error.
The function f and coefficient b are determined by least-squares estimation as follows.

Zi— f(xi) = b"yi]”
L | A= ) @

where: [, (f) is the roughness measure function of function f(x;), defined as the m order
partial derivative of function f (called spline number, also called roughness number); p
is a positive smoothing parameter that acts as a balance between data fidelity and the
roughness of the surface and is usually determined in ANU using the minimization of
the generalized cross-validation GCV and the minimization of the maximum likelihood
method GML.
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Using the ANU interpolation method and SRTM DEM elevation data as covariates,
spatially interpolate the ground station precipitation data, and generate a cell size of
500 m x 500 m precipitation grid data (consistent with the spatial resolution of the TRMM
downscaling in Section 3.2.1).

3.2.3. Calculation of landslide Rainfall Threshold

Caine threshold curves for the use of exponential functions to characterize the relation-
ship between rainfall intensity and duration have profound implications for subsequent
research on precipitation and landslides [1]. The authors use a rainfall intensity—duration
forecast model, which is theoretically more scientific than single-factor forecast thresholds
(minimum inspired rainfall intensity, minimum induced rainfall, etc.) due to the indirect
consideration of rainfall process factors, and therefore has become the most common criti-
cal rainfall model internationally [34]. The effective rainfall duration and average rainfall
intensity of landslide disasters satisfy the distribution of an exponential function:

I =axD" 5)

where: « and v are coefficients, D is the effective rainfall duration (day) and I is the average
effective rainfall intensity (mm/day). Thresholds for different landslide probabilities were
calculated and evaluated. Before I and D can be determined, the effective precipitation for
the first part of the landslide disaster has to be calculated as follows [35]:

R= Z?:l Rik! (©)

where: R is the effective rainfall, R; is the precipitation (mm) on the i day before the
landslide occurred, # is the time between the i day of that precipitation process and the
occurrence of the landslide, and k is the attenuation coefficient.

Taking into account the influence of the previous rainfall and the current day rainfall,
and the variability of different regions, the k attenuation coefficient was set to 0.84, a
value chosen based on Crozier [36], where the same value was used [24]. In addition, the
correlation between the pre-accumulated rainfall of different durations and the landslide
event data was analyzed, and it was found that the correlation between the pre-accumulated
rainfall and the landslide event in the study area from the day of landslide occurrence to
the first ten days showed a trend of increasing and then decreasing, and the correlation
between the accumulated rainfall and landslide event data in the first two days had the
highest peak value, and Jiang et al. [12] were consistent with the findings. For this reason,
the authors consider the accumulated rainfall two days before the occurrence of landslides
as the critical rainfall amount for inducing rainfall landslides in Wudu, which can be used
as the key parameter to calculate the critical rainfall threshold in the study area.

The exact process can be seen in Figure 3.

3.2.4. Validation of Interpolation and Downscaling Model

The precipitation data calculated by the ANU interpolation and TRMM downscaling
have some discrepancies with the precipitation data from ground observation stations. For
this reason, two common evaluation indicators, the correlation coefficient (CC ) and the root
mean squared error (RMSE ), were used in this study to verify and analyze their accuracy.
CC indicates the correlation between the two, with a value closer to one indicating a better
correlation, better interpolation, or higher downscaling model accuracy; RMSE measures
bias and reflects the overall level of assessment error, with a smaller value indicating that
the two are closer. The calculation formula for each index is as follows.

v (Pc - 1%) (Po - 150)
CC = (7)

N2 N2
(e ()
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— 1 2
RMSE = ;Z(PC ) (8)

where: P, represents interpolation or downscaling precipitation, P, represents station
measured precipitation, and # is the number of observation stations.
Rainfall data processing

Random forest Anusplin
downscaling interpolation
0 v N

Data accuracy verification
Yes I Yes
v v

| RF downscale rainfall datal | ANU interpolation rainfall data |

1

Calculation of landslide rainfall threshold

Calculation formula of landslide ID rainfall threshol

v
Downscaling ID Interpolation ID
rainfall threshold rainfall threshold
|

ID rainfall threshold verification

2
The optimal rainfall threshold of landslide is analyzed and
compared with different precipitation data under different landslide
occurrence probability

v

Exploring the relationship between heavy rainfall events,
landforms, soils, topographic slope, and rainfall thresholds

Figure 3. Technical flow chart.

3.2.5. Validation of Landslide Rainfall Threshold

The work evaluated the predictive performance at different thresholds using Receiver
Operating Characteristic (ROC) curves, the most common approach used in landslide
warning research [37]. True-positive rate (TPR) is used to measure the proportion of
landslides that are correctly predicted:

TP

TPR = ————
TP+ FN

©)
The false-positive rate (FPR) is used to measure the proportion of false positives in
events when landslides do not occur:

FpP

FPR= 577N

(10)
where: true-positive (TP) indicates that the threshold successfully predicts the number of
landslides occurring; false-negative (FN) means that the threshold does not predict the
occurrence of landslides, but the number of landslides occurring is present; false-positive
(FP) indicates that the threshold predicted the number of landslides that occurred, however,
no landslides occurred; true negative (T N) indicates that the threshold correctly predicts
the number of landslides that will not occur.

The values of TPR and FPR range from 0 to 1, with the highest performance when
TPR =1 and FPR = 0. To better measure the distance to the most optimal performing point,
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the Euclidean distance (d) was calculated for each threshold scenario. A smaller distance
indicates a better prediction [38].

d= \/(PPR)Z + (TPR—1)* (11)

4. Results
4.1. Interpolation and Downscaling Validation

Our statistical analysis of the ANU interpolation, TRMM, and TRMM downscaling
daily average precipitation data with the ground observation station daily average precipi-
tation data showed (Figure 4) that the correlation coefficient (CC) between the interpolation
results and the station data was 0.82 (Figure 4a) and passed the confidence test of 0.01,
indicating that there was a significant linear correlation between them; the root mean
square error (RMSE) of the interpolation results was 2.17 mm/day, indicating a small error.
The CC of TRMM daily average precipitation data and station data was 0.64 (Figure 4b)
and the RMSE was 4 mm/day, with the data passing the confidence test of 0.01. After
downscaling, the CC was found to increase by 0.06 (Figure 4c) and the RMSE decreased
by 0.36 mm/day, indicating that the TRMM results after downscaling were better than
the original TRMM precipitation data. In contrast, the downscaling daily results were
compared with the interpolation; both data effects passed the test, but the interpolated
results correlated better with the ground stations and had less error, indicating that the
interpolated daily results were better than the downscaling ones.

L] L]
L ] b L]
: =11x-023
yoor . . y=0.7x+0.66

ce 082 . CC = 0.64%* .
RMSE =2.17 mm/d o
mm/day RMSE = 4 mm/day

[
o
w
1S3

T

.

[N
=]
[
S

IS

Daily precipitation of
)

meteorological stations/mm

Daily precipitation of
meteorological stations/mm

0 10 20 30 0 10 20 30

Interpolation of daily precipitation/mm Daily precipitation from TRMM data/mm

L]
C L]
y=087x+0.19 o
e CC=0.68**

w
S
T

()
=)

o

Daily precipitation of
meteorological stations/mm

30

Downscaling of daily precipitation/mm

Figure 4. A linear relationship between daily average precipitation data of different precipitation
products and precipitation data of ground observation stations ((a) AUN interpolation, (b) TRMM,
(c) TRMM downscaling). Note: **, p < 0.01; Unit: mm/day.

The above accuracy validation was carried out in terms of the coefficient of determina-
tion and the root mean square error, and to explore this more specifically, the authors also
analyzed the differences between the three types of daily precipitation data, ANU inter-
polation, TRMM, and TRMM downscaled, and the data from ground stations (Figure 5).
Looking at the trends throughout the year (Figure 5—Year), the four precipitation data
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trends were generally consistent, especially in September (Figure 5—Sep). Even so, the
interpolated precipitation data are consistent with the station precipitation data, which is
also the reason for the accurate daily average fit to the interpolated precipitation data. The
precipitation data obtained from TRMM and TRMM downscaled were more consistent
with the trends of the station data, mainly concentrated in February and April-December
(Figure 5-Feb, Apr-Dec). In January (Figure 5-Jan) and March (Figure 5-Mar), some of
the lower peaks of change in precipitation were often ignored. For example, the precip-
itation change from 1 to 2 January of the station was 0.34 mm, the interpolation change
was 0.39 mm, and the downscaling was 0.02 mm, while TRMM had no change; also, the
change from 3 to 5 March is not shown. However, in months with high precipitation, the
interpolated precipitation data sometimes underestimated the precipitation, for example,
the precipitation at the station on 5 May (Figure 5-May) was 16.95 mm, the interpolation
was 13.41 mm, and the downscaled was 15.71 mm, also, on 10 June (Figure 5-Jun), 16 July
(Figure 5-Jul), 29 August (Figure 5-Aug) and 6 September (Figure 5-Sep), etc., while in
July-September the interpolated data were mostly lower than the station data. It can be
seen that ANU interpolated precipitation data and TRMM downscaled data had their
advantages and disadvantages. When compared to TRMM precipitation data, the former
two types of data can be used. In addition, TRMM downscaled data are based on the
original TRMM data, which improves the shortcomings of “overestimation of low values
and underestimation of high values” of the original TRMM data. Especially in mountainous
areas with complex topography landforms, TRMM downscaled data are better than the
original TRMM data in all aspects. Therefore, it was sufficient to use TRMM downscaled
data and ANU interpolated data in the subsequent study, and the corresponding two types
of precipitation data are obtained by cropping the boundary data of the study area, and
subsequently calculating the landslide rainfall thresholds for disaster prediction and early
warning in Wudu.

4.2. Analysis and Validation of Landslide Rainfall Threshold

According to the different probabilities of occurrence of geological disasters, combined
with the recommendations of local disaster prevention and mitigation departments and
the contents of the study by Bai et al. [24], the probability warning levels of landslide
disasters in the Wudu area were classified into four levels: extremely low (probability of
occurrence < 10%), low (10-50%), medium (50-90%) and high (>90%). The extremely low
probability ANU interpolated rainfall threshold curve for a 10% probability of landslide
disaster was Ijg = 1.62 x D=9 (Figure 6) and the TRMM downscaled rainfall thresh-
old curve was Ijg = 3.96 x D~10% (Figure 7); the previous two-day ANU interpolated
cumulative effective rainfall was 1.54 mm (i.e., the actual rainfall was 1.56 mm) and the
TRMM downscaled cumulative effective rainfall was 4.84 mm (i.e., the actual rainfall was
6.21 mm). The medium probability ANU interpolated rainfall threshold curve for a 50%
probability of landslide disaster was Isy = 7.65 x D=9 and the TRMM downscaled
threshold curve was Isg = 21.03 x D~10%; the previous two-day ANU interpolated cu-
mulative effective rainfall was 18.57 mm (i.e., the actual rainfall was 20.1 mm) and the
TRMM downscaled cumulative effective rainfall was 32.89 mm (i.e., the actual rainfall
was 33.28 mm). The high probability ANU interpolated rainfall threshold curve for 90%
probability of landslide disaster was Ioy = 26.8 x D09 and the TRMM downscaling
curve was Ipg = 50.73 x D~194; the previous two-day ANU interpolated cumulative
effective rainfall was 34.76 mm (i.e., the actual rainfall was 36.62 mm) and the TRMM
downscaled cumulative effective rainfall was 56.16 mm (consistent with the actual rainfall).
In this study, the two-day effective rainfall corresponding to the disaster threshold curve
with a high probability of landslide occurrence of 90% was first selected for early warning,
i.e., the previous two-day ANU interpolated cumulative effective rainfall was 34.76 mm
and the TRMM downscaled cumulative effective rainfall was 56.16 mm, meaning that the
probability of landslide disaster in Wudu area can reach 90%.
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The ROC curve of the rainfall threshold is shown in Figure 8, and the statistical indica-
tors of the threshold are summarized in Table 2. In Figure 8, a point represents one scenario
of rainfall thresholds for one type of rainfall data, determined by thresholds for different
landslide disaster probabilities, from right to left, with rainfall thresholds determined by
three different percentile values (10, 50, and 90). Although the TRMM downscaled rainfall
threshold had a lower TPR than that of the ANU interpolation (Figure 8), the TRMM
downscaled threshold reduced the FPR, resulting in a higher AUC value (0.69) than the
ANU interpolation (0.61). To determine the optimal threshold that satisfies the balance
between TPR and FPR, six rainfall thresholds were compared for d. The rainfall threshold
that possessed the shortest distance from the optimum point was the TRMM downscaled
threshold for a 50% probability of landslide occurrence, where TPR was 0.5429 and FPR
was 0.3912, and d was 0.6017 (Table 2). The ANU interpolation threshold of 50% probability
of landslide occurrence outperformed the other two landslide occurrence probabilities
(10% and 90%) with a TPR of 0.6571, FPR of 0.5644, and d of 0.6603. The furthest from the
optimum point was the TRMM downscaled threshold with 90% probability, where TPR
was 0.1429, FPR was 0.1064, and d was 0.8783.
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Figure 8. Receiver operating characteristic curve of interpolated rainfall threshold and downscaling
rainfall threshold.

4.3. Different Influencing Factors and Landslide Rainfall Thresholds

As rainfall-triggered landslides are the result of rainfall in combination with several
other factors, such as geology, topography, and soil, based on the findings in Section 4.2
the correlation between different intense rainfall events, topographic landforms, soil types,
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and landslide rainfall thresholds was analyzed to within 50% probability of landslide
occurrence using TRMM downscaled precipitation data.

Table 2. Prediction results of three rainfall thresholds according to ID, TP, FN, FP, TN, TPR, FPR, and
Euclidean distance (d).

Interpolated Rainfall Threshold

I=axDY
P TP FN FP TN TPR FPR d

x Y
10 1.62 —0.986 35 0 1078 172 1 0.8624  0.8624
50 7.65 —0.986 23 12 513 396 0.6571 0.5644  0.6603
920 26.8 —0.986 6 29 187 976 0.1714  0.1608  0.8440

Downscaling Rainfall Threshold

I=axDY
P TP FN FP TN TPR FPR d

x Y
10 3.96 —1.004 35 0 813 437 1 0.6504  0.6504
50 21.03 —1.004 19 16 589 726 05429 0.3912 0.6017
920 50.73 —1.004 5 30 133 1117 0.1429 0.1064  0.8637

4.3.1. Different Intense Rainfall Events and Thresholds

This time, the results showed that our collection of 295 rainfall-triggered landslides was
mainly caused by six intense rainfall events (Figure 9). Figure 10 represents the relationship
between these six intense rainfall events and rainfall intensity. Different intense rainfall
events have different rainfall intensities and different expressions of rainfall threshold
curves. The 9-10 June and 19-22 August events had about the same number of landslides,
occurred in the northern part of the study area, and resulted in the same rainfall intensity
(20 mm/day) (Figure 10b,d). The 14-16 May event had more landslides than the previous
two events, but it occurred over a larger span of landslide locations (northwest to central),
so it had the lowest rainfall intensity (Figure 10a). Although the number of landslides in
the 30 July-2 August event was not as many as those in the 24 August and 16-19 September
events, most of them were located in the southeast, with high rainfall and longer duration,
while the landslides in the 24 August event were distributed in the northern part of the
study area. The landslides that occurred in the 16-19 September event, although many,
were similar to those that occurred in the 24 August event and were mostly distributed
in the northern part of the study area, so the rainfall intensity of the 30 July-2 August
event (Figure 10c) was higher than that of 24 August (Figure 10e) and 16-19 September
(Figure 10f) events. The authors found that the higher the number of landslides triggered,
the higher the intensity of rainfall, but this was also subject to geospatial influences, i.e.,
topography landform and subsurface, the values of which fluctuated somewhat.

4.3.2. Landforms and Thresholds

The spatial distribution of geomorphological types in the Wudu area is shown in
Figure 11a. The geomorphological units in the study area are mainly LUMM (41.89% of
the total area of the study area), MUMM (36.84%), SUMM (6.66%) and MULM (4.46%), in
which the areas of plains, platforms, and hills are about the same, the area of hills is slightly
lower than the other two, and the sum of the three accounts for 7.6%. Figure 11b indicates
that the geomorphic units associated with the 295 landslides studied are MUMM (18.98%),
SUMM (16.61%), LUMM (16.61%), and MULM (12.88%), with about the same number of
landslides occurring in plains, platforms, and hills geomorphic units (the sum of the three
accounts for 1/3 of the total number of landslides). The authors found that the landslides
occurring in each geomorphic unit are not proportional to its area, which indicates that
there may be some differences in the landslide sensitivity of different geomorphic units.
Figure 12 represents the relationship between landform type and rainfall intensity at the
time of landslide occurrence. The rainfall intensities of plains and platform landform units
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are similar, and those of hills are slightly lower than the other two. In terms of undulation,
the rainfall intensity of the small undulating mountainous areas (above 40 mm/day) is
significantly higher than that of the medium undulating mountainous area and the large
undulating mountains, while the rainfall intensity of the large undulating mountainous
areas (around 28 mm/day) is higher than that of the medium undulating mountainous
area. From the aspect of altitude, the rainfall intensity is shown to rise first and then fall as
the altitude rises, the performance effect is consistent with the distribution of precipitation,
the rainfall intensity reaches the highest value in the high-altitude mountainous area, and
this effect is most obvious in the middle undulating mountainous area, where the rainfall
intensity in the MUHM reaches 34.95 mm/day.

14-16 May 18 [ ] Number of landslides

9—10 June :|6

30 July—2 August 43

19-22 August :I 7

24 August 77

Landslide occurrence time

16—-19 September 144

0 20 40 60 80 100 120 140

Number of landslides

Figure 9. Major landslide-triggering rainfall events in Wudu County.
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4.3.3. Topographic Slopes and Thresholds

The spatial distribution of slope types in the Wudu area is shown in Figure 13a.
The slope units in the study area are mainly steep slopes (35.57% of the total area of the
study area), slopes (26.68%), sharp slopes (19.35%), gentle slopes (12.64%), dangerous
slopes (3.19%) and flat slopes (2.57%). Figure 13b indicates that the slope units associated
with the 295 landslides studied were slopes (31.86%), steep slopes (25.42%), gentle slopes
(24.75%), sharp slopes (10.85%), flat slopes (4.75%), and dangerous slopes (2.37%). Figure 14
represents the relationship between slope type and rainfall intensity at the time of landslide
occurrence. Among the six slope types, rainfall intensity is lowest for sharp slopes, about
20 mm/day for slopes, steep slopes, and dangerous slopes, and up to 40 mm/day for the
other two types of flat and gentle slopes. The rainfall intensity fluctuates more as the slope
increases but shows an overall trend of decreasing, which is consistent with the results of
Ma et al. [39]. The rainfall intensity is lower for sharp and dangerous slopes because their
slope is at about 45°, so the fraction perpendicular to the incline is greater in this case and
will serve to hold the object in place.
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Figure 13. Spatial distribution of slope types in Wudu (a), statistics on the number of landslides of
different slope types (b).
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Figure 14. Calculation of rainfall thresholds for landslides with different slope types ((a) Flat slope,
(b) Gentle slope, (c) Slope, (d) Steep slope, (e) Sharp slope, (f) Dangerous slope).
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4.3.4. Soils and Thresholds

The spatial distribution of soil types in the Wudu area is shown in Figure 15a. The soil
units in the study area are mainly loam (88.64% of the total study area), sandy loam (8.74%),
clay loam (2.31%), sandy clay loam (0.25%) and clay loam (0.06%). Figure 15b indicates that
the soil units associated with the 295 landslides studied were loam (96.27%), sandy loam
(2.03%), and clay loam (1.69%). Figure 16 represents the relationship between soil type and
rainfall intensity at the time of landslide occurrence. Among the loam, sandy loam, and
clay loam, the rainfall intensity of the sandy loam is the lowest, at less than 10 mm/day;
the rainfall intensity of the clay loam is the highest, at over 40 mm/day; and the area and
the number of landslides occurring on the loam are the highest, but its rainfall intensity
is about 20 mm/day, which is about the same as the rainfall intensity used for modeling
landslides in Section 4.2. The reasons for this occurrence may be that landslides are widely
distributed in various areas of the study area, spanning a large area, and the same soil type
can originate from different parent rock weathering materials and therefore have different
hydrological properties.
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Figure 15. Spatial distribution of soil types in Wudu (a), statistics on the number of landslides in
different soil types (b).
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Figure 16. Calculation of landslide rainfall thresholds for different soil types ((a) Loam, (b) Sandy
Loam, (c) Clay Loam).

5. Discussion

A total of three types of precipitation data, such as ANU interpolation, TRMM satel-
lite, and TRMM downscaling were used in this study, which had their advantages and
disadvantages. The data obtained from ANU interpolation were based on the interpolation
of precipitation data from ground observation stations and elevation data, and these data
performed better throughout the year (Figures 5 and 17). The TRMM satellite precipitation
data, obtained by satellite remote sensing inversion, performs better in months with more
precipitation and worse in months with less precipitation (Figures 5 and 18). The third type
of data, obtained by downscaling using the RF model, shares and develops the advantages
of the TRMM data in months with more precipitation, and was consistent with the findings
of Ning et al. [22]. Especially, the detection ability for extreme precipitation was far better
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than ANU interpolation data and TRMM data. TRMM downscaled data performed better
in months with less precipitation compared to TRMM data (Figures 5 and 19), but the error
was still larger compared to ANU interpolated data. The result might be related to the
choice of the downscaling model, as the RF downscaling model is nonlinear and the laws of
a small number of linear precipitation patterns for the study area cannot be fully described.

In summary, only TRMM downscaled precipitation data and ANU interpolated pre-
cipitation data need to be considered when using the rainfall intensity—duration threshold
model for predictive analysis of landslide rainfall thresholds. The rainfall threshold pre-
diction results based on TRMM downscaled precipitation data and ANU interpolated
precipitation data were better, which indicated that the application of the two types of
precipitation data in landslide prediction research was effective and could reflect the pre-
cipitation conditions before the occurrence of landslides more accurately. The authors also
compared the two prediction results and found that TRMM downscaled data had better
prediction performance than ANU interpolation for rainfall thresholds, indicating that
TRMM downscaled data were more suitable for landslide rainfall threshold prediction.
Meanwhile, the landslide dataset for the Wudu region was organized, and it was found
that landslides in the area mostly occurred in May-September, which is basically consistent
with the occurrence of extreme precipitation events. Therefore, the authors believe that
TRMM downscaled precipitation data were best adapted for landslide rainfall threshold
prediction in Wudu.

TEY

Precipitation/mm

an

Sep

Figure 17. Spatial distribution characteristics of ANU interpolated precipitation data in 12 months.

In addition, in terms of landslide occurrence probability, the rainfall threshold with
50% probability had better predictive performance than the other two, and Jiang et al. [12]
are consistent with the findings. Furthermore, the correlation between the cumulative
rainfall 2 days before the landslide occurrence and the landslide event data reached the
highest peak value, which could be used as the key rainfall amount to induce the Wudu
rainfall-triggered landslide. For this reason, a landslide rainfall threshold with a probability
of 50% 2 days before the occurrence of the landslide was selected for early warning in this
study. With 2-day TRMM downscaled cumulative effective rainfall of 32.89 mm (actual
rainfall of 33.28 mm), the probability of landslide disaster in the Wudu area could reach 50%,
and the TRMM downscaled cumulative effective rainfall (32.89 mm) should be prioritized



Remote Sens. 2023, 15, 3892

19 of 22

to be chosen as the macroscopic critical threshold for rainfall-triggered landslide disaster
early warning in the study area.

Sep O

Jan

Sep

Precipitation/mm

Figure 19. Spatial distribution characteristics of TRMM downscale precipitation data in 12 months.

Subsequently, the authors also analyzed the relationship with landslide rainfall thresh-
olds based on TRMM downscaled precipitation data in terms of different intense rainfall
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events, topographic landform types, and soil types. The rainfall intensity of small undu-
lating mountainous areas is higher than that of medium undulating mountainous areas
and large undulating mountainous areas in different topographic landform units, probably
because the undulation of small undulating mountainous areas is 200-500 m, which is
more suitable for the occurrence of shallow rainfall landslides. There are also reasons why
most of the soil types in the study area are loams, which have moderate voids, good perme-
ability, and strong water retention. In terms of altitude, the distribution of landslide rainfall
intensity was consistent with that of rainfall. As the elevation increased, the landslide
rainfall intensity showed a trend of first increasing and then decreasing and reached a
peak in the high-altitude mountainous area of 3500-5000 m. Landslides originated mostly
in high-altitude areas, where people were rare and rainfall stations were scarce, making
it difficult for us to obtain real-time rainfall information. Therefore, the development of
meteorological satellite downscaling technology is of great significance for the early warn-
ing of landslide disasters. To accurately analyze the relationship between landslides and
precipitation, multiple downscaling models will be compared in the subsequent research.

6. Conclusions

In this study, the predictive performance of landslide rainfall thresholds in the Wudu
area was evaluated based on different precipitation data and landslide occurrence probabil-
ities, and landslide rainfall thresholds were analyzed in terms of intense rainfall events,
topographic landform types, and soil types. The main conclusions were as follows: (1) ANU
interpolated and TRMM downscaled data were more accurate than TRMM data. TRMM
downscaled precipitation data had better detection capability for extreme precipitation
events than the other two. (2) The TRMM downscaling threshold reduced the false alarm
rate, resulting in its AUC value (0.69) being higher than that of the ANU interpolation
(0.61), and the TRMM downscaling cumulative effective rainfall (32.89 mm) was preferred
as the macroscopic critical threshold for rainfall-triggered landslide hazard early warning
in the Wudu area. (3) The rainfall threshold with the shortest distance from the best point
was the TRMM downscaling threshold, with a 50% probability of landslide occurrence and
d of 0.6017. The rainfall threshold with a 50% probability of landslide occurrence had better
prediction performance than the other two (10% and 90%). (4) The variability of rainfall
thresholds in the study area is mainly influenced by landform and topography slope. The
rainfall intensity of small undulating mountains was higher than that of medium undulat-
ing mountains and large undulating mountains, and the rainfall intensity for landslides
peaks at high-altitude mountains of 3500-5000 m.
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