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Abstract: Rainfall-induced landslides are a major hazard in the Three Gorges Reservoir area (TGRA)
of China, encompassing 19 districts and counties with extensive coverage and significant spatial
variation in terrain. This study introduces the Gradient Boosting Decision Tree (GBDT) model,
implemented on the Google Earth Engine (GEE) cloud platform, to dynamically assess landslide
risks within the TGRA. Utilizing the GBDT model for landslide susceptibility analysis, the results
show high accuracy with a prediction precision of 86.2% and a recall rate of 95.7%. Furthermore,
leveraging GEE’s powerful computational capabilities and real-time updated rainfall data, we dynam-
ically mapped landslide hazards across the TGRA. The integration of the GBDT with GEE enabled
near-real-time processing of remote sensing and meteorological radar data from the significant
“8-31" 2014 rainstorm event, achieving dynamic and accurate hazard assessments. This study
provides a scalable solution applicable globally to similar regions, making a significant contribu-
tion to the field of geohazard analysis by improving real-time landslide hazard assessment and
mitigation strategies.

Keywords: Three Gorges Reservoir area; rainfall-induced landslide; Google Earth Engine; GBDT;
dynamic hazard assessment

1. Introduction

Landslides are common and dangerous in the Three Gorges Reservoir area (TGRA)
due to its complex geographic, geologic, and hydrologic conditions. Rainfall is one of the
main inducing factors of landslides in the TGRA [1,2]. The effects of rainfall are mainly
manifested in the massive infiltration of rainwater, which leads to the saturation of the
slope’s soil and rock layer and even the accumulation of water at the slope’s lower water
barrier, increasing the weight of the slide body and reducing the shear strength of the soil
and rock layer, resulting in landslides [3,4]. Rain-induced landslides are characterized by
regional and clustered occurrences and can cause significant catastrophic damage in a short
period of time [5-7]. Therefore, it is of great practical importance to use a reliable method to
dynamically evaluate the regional risk of rainfall-induced landslides, improving the level
of landslide hazard early warning and providing decision support for regional disaster
prevention and mitigation.

Landslide hazard assessment is based on the results of landslide susceptibility map-
ping to forecast the likelihood of landslide deformation in a given area under the dynamic
influence of inducing factors (such as rainfall, earthquakes, and human construction activi-
ties) [8-10]. Therefore, landslide hazard assessment can provide regional landslide early
warning. The degree of difficulty of landslide occurrence at different spatial locations in the
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region is referred to as landslide susceptibility [11]. Since the first attempt to assess landslide
susceptibility in the mid-1970s, various mathematical-physical models have been intro-
duced in related research [12-15]. The purpose of landslide susceptibility mapping is to use
geology, engineering, statistics, remote sensing, GIS, data mining, and other technologies
to establish the relationship between the spatial location of landslides and the factors that
influence them in order to achieve spatial identification of landslide-prone areas. With the
rise of machine learning, data-driven methods have been introduced for studying landslide
susceptibility mapping, including informativeness, the weight of evidence, logistic regres-
sion, support vector machines, and convolutional neural networks [12,16-19]. Ensemble
learning, which constructs and combines multiple weak machine learners to achieve strong
learning capabilities, has become a hot topic in machine learning in recent years because it
provides stable models and high prediction accuracy. The bagging method, represented by
Random Forest, and the boosting method, represented by AdaBoost, are the two main types
of ensemble learning methods. The Gradient Boosting Decision Tree (GBDT) has achieved
good predictive performance in landslide susceptibility mapping as an improved method
of AdaBoost [20]. In geohazard analysis and other structured data applications, the GBDT
demonstrates superior performance compared to other machine learning models, such as
artificial neural networks (ANNSs) or deep learning techniques. The GBDT leverages its
strong interpretability, reduced overfitting through ensemble learning, and efficient feature
utilization, making it particularly effective for predicting landslide susceptibility. As a
result, incorporating the GBDT algorithm into the entire TGRA’s landslide susceptibility
mapping has promising application potential. In the study of rainfall-induced landslide
hazards, critical precipitation grading is an effective tool for performing quantitative analy-
sis of landslides. Current methods for establishing critical precipitation gradings are mainly
physical, empirical, mathematical, and statistical models. Physical models have limited
applicability in a large study area [21]. When calculating the critical precipitation threshold,
empirical, mathematical, and statistical models mainly use the combination of single or
multiple precipitation parameters to determine the correlation between precipitation and
landslides, such as the accumulated rainfall (E) and rainfall duration (D), accumulated
rainfall and rainfall intensity (I), rainfall duration and rainfall intensity, the total rainfall
amount and rainfall intensity, etc. [22-26]. The choice of empirical, mathematical, and
statistical models must be made in conjunction with the study area’s actual geological
environment and precipitation events.

Remote sensing and GIS applications are changing due to the explosion of geographic
big data and recent advances in cloud computing and big data processing services. The
Google Earth Engine (GEE) cloud platform is widely used for regional and even global
remote sensing applications and geospatial data analysis [27]. Landslide susceptibility
mapping and dynamic hazard assessment on a regional scale require large amounts of
data and high computational power. GEE provides a new approach to geospatial data
processing that addresses the challenges of data acquisition and processing faced by remote
sensing researchers [28]. It provides a large number of remote sensing datasets as well as
hundreds of pre-built functions that are simple to understand and use for users from various
background. GEE allows researchers, scientists, and developers to quickly extract valuable
information from large remote sensing datasets [29,30]. NASA researchers initiated regional
landslide hazard studies previously, but they still encountered challenges such as data
preprocessing difficulties and the simplicity of susceptibility evaluation models [31,32]. To
date, GEE has been applied to both landslide susceptibility mapping research and landslide
hazard assessment on a region scale [33,34].

Given the considerations detailed previously, this study aims to develop a dynamic,
near-real-time method for assessing the risk of rainfall-induced landslides across a broad
area using the Google Earth Engine (GEE) cloud platform. Our objectives are as follows:
(1) Employ remote sensing big data from the GEE cloud platform to map landslide suscepti-
bility throughout the Three Gorges Reservoir area (TGRA). (2) Utilize accumulated rainfall
data and susceptibility maps from GEE’s meteorological datasets to facilitate dynamic
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hazard assessments of rainfall-induced landslides in the TGRA. (3) Examine the efficacy of
this dynamic hazard assessment approach by analyzing remote sensing interpretation data
of landslides in the TGRA before and after the significant rainfall event on 31 August 2014.

To innovate and extend the current knowledge base, this study introduces a novel
application of GEE’s comprehensive big data capabilities for real-time monitoring and
analysis. This approach allows for a more timely and precise identification of potential
landslide risks, contributing significantly to disaster risk management and mitigation in
large, vulnerable regions.

2. Study Area and Dataset
2.1. Study Area

The Three Gorges Reservoir area (TGRA) (28°56'~31°44' N, 106°16'~111°28" E) is lo-
cated in the junction of the Sichuan Basin and the middle and lower reaches of the Yangtze
River Plain in China (see Figure 1), spanning the canyons in the medium mountains of
Hubei Province and the eastern valleys of Sichuan Province [35]. The TGRA covers the areas
inundated or affected by the Three Gorges Project, encompassing 26 counties and districts
in Hubei and Chongqing, with a total area of 58,377 km? and a shoreline length of about
650 km along the Yangtze River’s main channel. With Fengjie as the boundary, the Three
Gorges Reservoir area can be roughly divided into two major geomorphological units, the
low and medium mountains of the Three Gorges, and the low hills of the Sichuan Basin. The
TGRA is characterized by its highly complex geological and structural features. The strati-
graphic composition primarily comprises sedimentary rocks from the Paleozoic, Mesozoic,
and Cenozoic eras, with sandstone, shale, and limestone being predominant. Extensive
tilting and folding are common, resulting in complex geological structures. Additionally,
the area is interspersed with several active fault zones, such as the Badong and Zigui faults,
which elevate the risk of geological hazards. The region’s rugged terrain is dominated by
high mountains and deep valleys, with steep slopes and significant topographical relief,
alongside swiftly flowing rivers in the valleys. These geomorphological conditions play
a crucial role in influencing the occurrence of geological disasters. Furthermore, the in-
creasing number of human engineering activities have disrupted the natural balance of
the original ecological environment, promoting the emergence and formation of geological
hazards. The Three Gorges Reservoir area is a subtropical monsoon zone with a mild
and humid climate, high air humidity, abundant rainfall, and high average temperature.
About 70% of the annual precipitation in the region occurs from May to September, most
of which is heavy rain and rainstorms that frequently raise groundwater levels, causing
abnormal pore water pressure or hydrodynamic pressure and prompting the resurgence of
landslides [36,37]. Over the past few decades, heavy rain events have repeatedly triggered
major geological disasters in the TGRA. The TGRA is the main ecologically fragile area on
the upper reaches of the Yangtze River and one of the most special ecological functional
areas in China and even the world [38—41].
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Figure 1. Location of Three Gorges Reservoir area and distribution of documented rainfall-
induced landslides.

2.2. Datasets

Traditional data collection via the archives and online data collection via the
Google Earth Engine (GEE) cloud platform are the primary data sources for this study.
The documented rainfall-induced landslide data were obtained from the China Institute
of Geo-Environment Monitoring and included a total of 5008 landslide points, whose
spatial location and size are shown in Figure 1. Landslides predominantly consist of
soil and rock, with a minor proportion of mixed rock-soil slides. The size distribution
of these landslides is categorized as follows: mega-landslides, with volumes exceeding
10 million cubic meters, totaling 148; large landslides, with volumes ranging from
1 million to 10 million cubic meters, totaling 1292; medium landslides, encompassing
volumes from 100,000 to 1 million cubic meters, accounting for 2443; and small land-
slides, less than 100,000 cubic meters, comprising 1125 instances. The current stability
assessment reveals that 2037 landslides are relatively stable, 2048 exhibit moderate
stability, and 503 are classified as unstable. The overall trend in landslide stability is
deteriorating. These landslides primarily pose threats to human populations, residen-
tial structures, infrastructure such as roads, agricultural lands, and navigational routes.
Landslides have threatened a total of 789,078 people, resulting in a direct economic loss
of CNY 429,585,800 up to 2013 in the TGRA. The 1:200,000-scale base geological map
and engineering geological map were obtained from the archives of China University
of Geosciences (Wuhan). They were used to extract the engineering rock groups and
geological formations. The following are the data obtained through the GEE cloud
platform: high-precision digital elevation models for calculating elevation, slope, and
aspect; multispectral remote sensing images from Landsat 8 OLI for calculating the
type of land cover, the intensity of water influence, and the normalized difference
vegetation index; precipitation radar satellite data from 23 August to 3 September 2014;
the soil moisture index obtained from the inversion of a microwave remote sensing
satellite; the dataset of annual average precipitation in the TGRA. The high-resolution
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remote sensing imagery used in this study includes unmanned aerial vehicle (UAV)
flights conducted by the Geological Disaster Management Department of Chongging
Municipal Government and Google Earth time-series images captured before and after
the disaster events. These images were primarily employed for the visual interpreta-
tion of landslides following intense rainfall events. The interpretation adhered to the
Chinese national standard for landslide hazard investigation to ensure scientific rigor
and accuracy in landslide identification [42]. Detailed statistical characteristics and the
criteria are presented in Table 1.

Table 1. Description and statistical characteristics of the datasets.

Dataset Description Source Period Covered Resolution
. Quantity, scale, lqcatlon, and China Institute of 8 July 19804
Landslides occurrence time of . . Event-based
. Geo-Environment Monitoring ~ September 2012
recorded landslides
. s . Global Precipitation
Rainfall Spatial distribution of rainfall  \j G\ ement (GPM) obtained  2000-2020 1 km
in millimeters
from GEE
. . . Shuttle Radar Topography
DEM Cai‘ggf]; eletzazoi‘amlfiﬁ;‘t’;s Mission (SRTM) obtained 2010 30m
v & topograp from GEE
Used for calculating the type
of land cover, the intensity of Landsat 8 Operational Land
Multispectral imagery water influence, and the Imager (OLI) obtained 2014 30 m (9 bands)

normalized difference from GEE

vegetation index

High-spatial-
resolution imagery

landslides caused by heavy

UAV aerial images obtained
from the Geological Disaster
Management Department and 2014
Google Earth time-series
images obtained from GEE

Used for interpreting
1~2 m (3 bands)
rainfall events

2.3. Influencing Factors of Landslides

The selected influencing factors in this study for rainfall-induced landslides refer to
the influencing factors used in the consultation meeting on the development of geological
disasters in the TGRA in 2020. This combination was determined by experts in the relevant
fields who are familiar with the evolution of geological disasters in the TGRA and is a
reasonable scheme. This combination of factors includes topographic factors, geological
factors, land cover type, water system influence, the normalized difference vegetation
index, the average annual precipitation, and soil moisture.

2.3.1. Topographic Factors

Topographic factors include elevation, slope, and aspect.

Elevation: The elevation of the terrain has a significant influence on the development
of landslides. It mainly affects the surface type of the landslide, human activities, and the
vegetation cover of the surface. Elevation changes result in changes in temperature, rainfall,
vegetation types, and human activities, which indirectly affect the landslide development
environment. Elevation can be obtained directly from the DEM (see Figure 1).

Slope: Slope is used to describe the degree of change in surface elevation. The angle of
inclination directly affects the stability of the slope. Slope has a great influence on the stress
distribution of the rock and soil mass, the runoff of surface water on the slope, the recharge
and discharge of groundwater on the slope, the thickness of the weathered layer on the
slope, vegetation cover, land use, and so on. It affects the stress distribution of the slope
mass. In general, the larger the slope, the less stable the slope; the smaller the slope, the



Water 2024, 16, 1638 6 of 27

lower the potential energy of the slope and the less susceptible it is to landslides. In this
paper, the slope factor is extracted by using the DEM (see Figure 2).
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Figure 2. Slope distribution in the TGRA. The slope from small to large was divided into <8°, 8°-12°,
12°-16°, 16°-20°, 20°-30°, 30°-40°, and >40°, a total of 7 levels.

Aspect: There is a close relationship between solar radiation and the aspect. Different
aspects result in varying intensities of solar radiation and weathering, which affect factors
such as vegetation cover, water evaporation, and soil moisture. These lead to changes in
pore pressure distribution as well as the physical and mechanical properties of groundwater
in rocks and soil mass, thus indirectly affecting the stability of the slope. The aspect factors
are extracted from the DEM data in this paper (see Figure 3).
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Figure 3. Aspect distribution in the TGRA. The slope was divided into nine directions: flat, north,
northeast, east, southeast, south, southwest, west, and northwest, with each of the other eight direc-
tions taking 45°, except the flat one.
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2.3.2. Geological Factors

Engineering rock groups: Statistics show that mineral hardness has a strong relation-
ship with the spatial distribution of landslides in the study area. In areas with relatively
strong rocks, it is hard for the slope to be deformed and destructed, so landslides are
difficult to form. In areas with soft rocks, the slope is more easily deformed and destructed,
making landslides more likely. Based on the 1:200,000 geological base map, the strata
exposed in the TGRA were classified into different lithology groups according to their
geotechnical properties. Strata with identical or similar petrophysical and mechanical
properties were classified into the same engineering rock group. Landslides are greatly
affected by unstable strata, which occur in stratified layers with soft surfaces or weak layers
(belts). They are mainly clastic rocks (sandstone with a soft and hard interlayer, mudstone,
and weak mudstone) belonging to Jurassic Penglaizhen Formation, Suining Formation,
Shaximiao Formation, Xintiangou Formation, and Triassic Badong Formation. The factor of
engineering rock groups after informatization is shown in Figure 4.

106° E 107° E 108° E 109° E 110° E 111°E
1 1 1 1 1 1
N
w§%
S
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o
—
en
/')
l:l Pure carbonate group o . z
Engineering Rock Group | 2
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l:l Sandstone group
I:l Pebble and gravel type of soil
l:l Gneiss group l:l Clasticite group -
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BN BN B s km | | Carbonatite intercalated clastic rock group A
0 25 50 100 150 200 l:l Clasticite intercalated carbonate group
T T T T T T
106° E 107° E 108° E 109° E 110°E 111° E

Figure 4. Engineering rock groups’ distribution in TGRA.

Influence intensity of geological structures. The formation and development of land-
slides are closely related to tectonic movements, and geological structures are the funda-
mentals that control the formation and development of landslides. The magnitude, main
slide direction, and spatial distribution of landslides are all controlled by the geological
structure. It also regulates the formation and combination of soft and weak structural
surfaces, the degree of rock weathering, topographic and geomorphological features, and
the recharge of groundwater in landslide areas. Therefore, the geological structure is one of
the crucial factors influencing landslide stability. In this study, a multilevel buffer zone was
established to determine the intensity of tectonic influence depending on the distance from
the geological structure to the landslides (see Figure 5).
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Figure 5. Influence intensity distribution of geological structures in the TGRA. Based on the distance
from the geological structure to the landslides, there are four categories: strong influence, moderate
influence, small influence, and tiny influence.

2.3.3. Land Cover Type

Human demand for land has increased tremendously due to the need for production
and construction. And land has been changed significantly. Slopes must be cleared and
land developed for infrastructure construction, which reduces slope stability and makes
landslides more likely. Slope stability in terms of surface runoff and slope structure are
affected by factors such as vegetation type and degree of cover, which vary from land to
land. The land cover types in this paper were formed through supervised classification
using multispectral data from the Landsat 8 resource satellite OLI and were divided into
four categories: construction land, agricultural land, vegetation cover, and water body (see
Figure 6).

106° E 107°E 108° E 109°E 110°E 1I°E
+
z
= z
o o
@
z
2 z
o FQ
Land cover =
- Construction land
. Agricultural land
al - Vegetational cover g
- Water body

106°E 107°E 108°E 109°E 110°E HI°E

Figure 6. Land cover map of TGRA.
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2.3.4. Influence Intensity of River Systems

Rock and soil mass near the river are prone to softening due to the inundation of the
river. At the same time, the underlying rock layer in the river is eroded by the water flow,
resulting in the suspension of the landslide mass. As a result, water flow has a negative
impact on the stability of the geotechnical slope mass. Landslides are more likely to occur
in areas near water. The intensity of the water influence involves both the distance from
the landslides to water and the river grade. This article used remote sensing images taken
from GEE to identify and extract information about the surface of the water system (see
Figure 7).

106° E 107° E 108°E 109° E 110° E 11°E
AN‘
$
Z
B
en
Z
o
Influence of river |*
High : 2.29
Z
N
B B T S ko «
0 25 50 100 150 200 Low: 0
106° E 107° E 108° E 109° E 110° E HI°E

Figure 7. Influence intensity distribution of river system in TGRA.

2.3.5. Normalized Difference Vegetation Index (NDVI)

Vegetation plays a vital role in geological disasters because its root system increases
the shear strength of the slope, reduces the impact of rain on the slope, and makes it more
stable. At the same time, the leaves can help resist the erosion of rainwater, reduce the
impact of rainwater on the slope, reduce surface runoff, and increase soil infiltration. The
NDVlIis defined as (Rnir — Rrep)/ (Rnir + Rrep). It is obtained through the inversion of
remote sensing images from GEE, and it indicates the vegetation coverage and growth
status (see Figure 8).
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Figure 8. Normalized difference vegetation index distribution in the TGRA. The NDVI value ranges

from —1 to 1. Higher values indicate higher vegetation cover for agricultural land, grassland, and

forests, while lower values indicate lower vegetation cover for construction land, water bodies, or

bare land.

2.3.6. Average Annual Precipitation

Rainfall is one of the factors that causes slope instability and landslides. The risk
of landslides is higher during the rainy season. Rainfall infiltration increases the dead
weight of the slope, weakens the shear strength, and unbalances the previously stable
slope. Moreover, rainwater cannot percolate quickly enough during heavy rain events,
so it converges in the valleys to form floods, which severely erode the slopes and lead to
landslides. The average annual precipitation data came from NASA'’s Global Precipitation

Measurement (GPM) through GEE (see Figure 9).

106°E 107°E 108°E 109° E 10°E HI°E
.N.
4=
Z
° 1 V4
o) o
-
Lag]
Z.
2 z
(o] . . 0 = Oe
Precipitation 2
High : 1245.27
Z.
% z
A =N
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106° E 107°E 108°E 109°E 110°E 1HI°E

Figure 9. The average annual precipitation of the TGRA. The average annual precipitation ranges

from 978.22 to 1245.27, with more rain in the middle and less at the two ends.
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2.3.7. Soil Moisture Index

The soil’s water content affects the shear strength of soil. The percentage of sand and
the porosity affects the formation of landslides, especially as the clay at the interface acts
as a lubricant during the interaction of rainwater. As a result, landslides link intimately
with soil moisture. Landslides are most common in areas with high soil moisture. The soil
moisture index was determined on the GEE cloud platform. The spatial resolution of the
soil moisture data is 0.25°, allowing for the determination of soil moisture distribution on
the surface and in the subsurface, as well as data of abnormal soil moisture (see Figure 10).

106° E 107°E 108°E 109° E 110°E 1I°E
;N,
.
z
=1 z
[yr] o
=
z.
&1 F4
[+2] . . . [}
Soil moisture index S
- High : 21.21
z| o
&l e z
A &
F - eee— Y -
0 25 50 100 150 200 Low : 11.99

106° E 107°E 108° E 109° E 110° E 11°E
Figure 10. Soil moisture index distribution of the TGRA.

3. Methodology

Figure 11 illustrates the comprehensive process of landslide risk assessment using the
Google Earth Engine cloud computing platform. The process begins with the collection of
landslide and remote sensing data, including data from Landsat OLI and Google Earth for
geographic and land cover information, as well as precipitation data from sources such as
GPM, TRMM, and CHIRPS. These data inputs feed into an analysis of various landslide
factors, categorized into geology, hydrology, geomorphology, and meteorology, which are
essential in understanding the conditions contributing to landslide susceptibility.

The collected data are then processed and compiled into a set of features that are
used to train the Gradient Boosting Decision Tree (GBDT) model. This model predicts
the susceptibility of different areas to landslides, classifying them into categories ranging
from very low to very high susceptibility. The output from the GBDT model is integrated
with current or historical rainfall data to predict and classify the landslide risk levels.
This integration aids in producing a dynamic and spatially aware map of landslide risk,
crucial for effective disaster management and mitigation planning. The diagram effectively
conveys a systematic approach to leveraging advanced data collection and modeling
techniques to assess and predict landslide risks using the capabilities of cloud computing
for real-time analysis and decision support.
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3.1. Basic Landslide Interpretation Method

It is necessary to learn the formation law of landslides before interpreting rainfall-
induced landslides to avoid blindness in interpretation and to facilitate interpretation. From
a morphological standpoint, when a landslide occurs, micro-geomorphic features of a circle
chair shape with a steep surrounding and gentle middle tend to appear on the slope. A
fully developed landslide usually has elements such as landslide mass, landslide perimeter,
landslide cliff, landslide terrace, landslide tongue, landslide spindle, landslide drumlins,
landslide cracks, sliding surface, sliding zone, and sliding bed. In reality, landslides
have different shapes and often do not have all of the above elements, but landslide cliff,
landslide mass, landslide perimeter, sliding zone, and landslide bed are present in all
landslides [43—45]. As for remote sensing observations, the only basic elements that can be
interpreted are the surface landslide cliff and landslide perimeter. Starting from the basic
image characteristics of landslides, this paper establishes the remote sensing interpretation
markers of rainfall-induced landslides in the TGRA: (1) Landslides are mainly flat or have
irregular shapes such as a dustpan, tongue, and pear. Larger-scale landslides can have
micro-topographic shapes such as landslide cliffs, landslide terraces, landslide drumlins,
closed depressions, landslide tongues, and landslide cracks. (2) Landslides often manifest
as sudden destruction of the continuous landforms. They are composed of two types of
geomorphic units: steep slopes and gentle slopes. Due to the compression of the soil,
uneven landforms can sometimes be seen below the slope. The gentle slopes often have
relatively deep gullies developed, and the terrain is relatively fragmented. (3) Landslides
are more often formed in the gentle slopes of the canyons and the shady slopes of the
watershed. They can also form at the intersection of the main and branch ditches, where
the erosion base level changes sharply, and at the head of the ditch.
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3.2. Gradient Boosting Decision Tree Model

The Gradient Boosting Decision Tree (GBDT) model is one of the more successful
algorithms in the boosting family and can be used for classification and regression [17].
It creates a decision tree from an initial value. The leaves of the tree show the predicted
value and the residual, and the next decision tree is learned based on this residual. Each
iteration improves on the previous result, reduces the residual of the previous model, and
builds a new combinatorial model in the direction of the gradient of residual reduction.
In the iteration of the GBDT, we assume that the strong classifier that we obtained in the
previous step is F; — 1(x), and the loss function at this point is L(y, F; — 1(x)). Then, the
next step is to find a weak classifier i;(x). On the one hand, this classifier is part of the
CART regression tree model; on the other hand, it can minimize the loss function:

Ly, Fi(x)) = Ly, Bt — 1(x) + he(x) (1)

where F;(x) is the model prediction at iteration t for input x. /1(x) is the weak learner (e.g.,
a decision tree) added at iteration t. L(y, F;(x)) is the loss function.
For the f-th iteration of sample 7, the negative gradient of the loss function can be

expressed as follows:
= [ 2L
i =

oF (x;) } F(x)=F_1(x)

A regression tree can be fitted using (x;,14;) (i = 1,2,...m), where the leaf nodes of
the regression tree are Rijj=12,...,]. ]is the number of leaf nodes.
For each sample of a leaf node, the best-fitting leaf node c;; can be expressed as follows:

()

Ctj = argmi”ineRq L(yi, Fr—1(xi) +¢) ©)

c

Therefore, the decision tree function for this iteration can be obtained as follows:
ht(X) = 2]121 Ctjl(x S Rt]) (4)

For a binary classification problem, the binary loss function of the GBDT can be
described as follows:

L(y, F(x)) = log(1 + exp(—yF(x))),y € {-1,1} ©)

The negative gradient error can be described as follows:

= =L E)]
i oF (x;) F(x)=F_1(x)

where r4; is the negative gradient of the loss function for sample i at iteration ¢, which serves
as the pseudo-response for the next learner to fit.

The optimal residual fit of each leaf node (Leaf Node) of the final decision tree can be
expressed as follows:

=yi/(1+exp(yiF(x:))) (6)

ctj = argmin) _er, 10g(1+ exp(=yi(Fi-1(x:) +))) (7)
~—
where ctj is the value for leaf j of the new tree, which minimizes the loss when added to the
existing model.

Using the Newton-Raphson formula, the above formula can be further approximated
in the following form:

Ctj = inERtj rti/ inER“‘ |rtl|(l - |rti|) (8)
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The final obtained F(x) is related to log-odds and can be used to perform proba-
bility calculations:
e2F (x) 1

PO = 1o = T30 70

where P(x) is the probability of landslide occurrence of sample x.

©)

3.3. Rainfall Intensity—Duration Indicator

Rainfall is an important factor in the formation of landslides. When landslide accu-
mulation is unsaturated, the infiltration of rainfall increases the weight of the landslide
body. The influence of rainfall on the landslide body is determined by both the slope body’s
infiltration capacity and rainfall intensity [46]. The infiltration capacity of a landslide body
is related to the material composition and structure of the slope. When the rainfall intensity
is low, all of the rainfall will infiltrate into the slope body; when the rainfall intensity is
high, part of the rainfall infiltrates into the slope body, and the other part becomes surface
runoff [47]. Rainfall intensity is mainly indicated by two factors: the amount of rainfall
and rainfall duration. The Rainfall Intensity—Duration Index (I-D) takes the effects of these
two factors into account. If the cumulative amount of rainfall at a given time exceeds a
certain threshold, it is assumed that the rainfall at this specific time and location may cause
a landslide. If the susceptibility to landslides at that location is high, then a landslide is very
likely to occur at that time [48]. We use the cumulative 7-day rainfall as the measurement
index and combine the rainfall threshold with the landslide susceptibility to obtain the
hazard assessment results.

3.4. Dynamic Hazard Assessment System of Landslide Based on GEE (DHAS)

We created a DHAS system to make better use of the relevant data from the GEE
cloud platform. The system uses JavaScript as the development language to conduct a
dynamic hazard assessment of rainfall-induced landslides based on the GEE cloud platform.
We extracted various factors related to landslide hazards in the TGRA on the GEE cloud
platform, primarily the factor layers of elevation, slope, slope direction, rainfall, and
NDVI [49,50]. We uploaded the stratigraphic lithology, geological structure, land cover
type, and documented landslide data from our local system to the GEE cloud platform.
The mighty computing power of the GEE cloud platform facilitates the dynamic landslide
hazard assessment calculation. The results are displayed in real-time on the DASH system
using big data visualization technology. This system enables dynamic monitoring and
predictions in near-real time of rainfall-induced landslide hazards in the TGRA [28,51].

4. Results
4.1. Susceptibility Mapping of Rainfall-Induced Landslides

Landslide susceptibility mapping (LSM) is the prerequisite for hazard assessment.
The basic idea behind landslide susceptibility mapping is to use the relationship between
landslide occurrence and the factors influencing it to build a mathematical model and then
to use it to calculate the probability of landslide occurrence in areas with the same geological
environment, allowing for landslide spatial prediction. Quantitative landslide susceptibility
mapping methods include physical-based methods and data-driven methods. This study
uses the popular ensemble learning method, the GBDT, for landslide susceptibility mapping,
which is a data-driven method. It is robust and can handle data of various types (continuous
data or discrete data) flexibly. It has high prediction accuracy with only a few fitting
parameters. The following are the main steps in implementing LSM:

(1). Selection of mapping unit. The mapping unit determines the amount of input data
that we use in the model and the spatial resolution of the resulting graph. According to
the needs of mapping at different scales, there are four commonly used LSM units: grid
units, geographic units, slope units, and sub-watershed units. In this study, we chose
the grid unit for mapping due to the large extent of the study area and discrete landslide
locations. The spatial resolution of the grid was set to 30 m x 30 m, consistent with the
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spatial resolution of GEE online remote sensing data. Survey data such as engineering rock
groups and average annual precipitation were resampled to 30 m. There was a total of
7,480,817 mapping units for the study area.

(2). Creation of sample dataset. In this study, we initiated our research by constructing
an imbalanced dataset where positive samples (labeled 1) comprised all 5008 rainfall-
induced landslides in the TGRA, along with the values of 10 influencing factors at their
respective spatial locations. To provide a contrast, 15,024 random points were generated in
areas devoid of landslides, with the values of the same 10 influencing factors constituting
the negative samples (labeled 0). This led to the creation of a 20,032 x 11 (one label,
ten features) two-dimensional sample dataset by merging these positive and negative
samples. To maximize the utilization of information from non-landslide areas and to
ensure a robust analysis, the dataset was deliberately imbalanced with fewer landslide
than non-landslide samples. Further data processing involved extracting values from
various landslide factor layers to the landslide samples using the ‘Extract Multi Values to
Points’ function in ArcGIS. The data compiled into a two-dimensional decision table were
then subjected to several preprocessing steps: handling missing values, normalizing the
data to ensure a uniform scale, analyzing multicollinearity to identify and correct highly
correlated variables, and reducing data dimensionality. These preprocessing measures
were essential to enhance the data’s representativeness and the robustness of the predictive
model, ensuring accurate landslide risk assessment.

(3). Building the prediction model. The sample data were randomly divided into a
training set (80%) and a test set (20%). The training set was used to create the optimal
model, and the test set was used to test how well the model could be generalized. We chose
the log-likelihood function “deviance” as the loss function. The initial learning rate was
0.1, and the optimal hyperparameters of the model were determined step by step using the
grid search method.

To provide a more comprehensive understanding of the performance metrics used to
evaluate the GBDT model in our study, here are the formulas for accuracy, precision, recall,

and F1 score:
TP+ TN

TP+FP+TN+FN

Accuracy measures the proportion of true results (both true positives and true nega-
tives) among the total number of cases examined. Here, TP (true positives) is the number
of correct predictions when an instance is positive, TN (true negatives) is the number
of correct predictions when an instance is negative, FP (false positives) is the number of
incorrect predictions when an instance is positive, and FN (false negatives) is the number
of incorrect predictions when an instance is negative.

Accuracy =

(10)

TP
Recall = —— 11
T TPIIN D
Recall is the ratio of correctly predicted positive observations to all observations in the
actual class. It is a measure of the model’s ability to find all of the relevant cases within

a dataset. TP
Precision — — 1L
recision TP+ EP (12)

Precision is the ratio of correctly predicted positive observations to the total predicted
positives. It is a measure of the accuracy of the positive predictions.

2 Precision x Recall

F1 (13)

Precision + Recall

The F1 score is the weighted average of precision and recall. This score takes both

false positives and false negatives into account. It is particularly useful when the classes

are very imbalanced. The F1 score is a way of combining the precision and recall of the
model, and it is defined as the harmonic mean of the model’s precision and recall.
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According to the prediction results on the test set, the accuracy, recall, precision, and
F1 scores of the GBDT model were 0.951, 0.862, 0.957, and 0.907, respectively. This model
had good accuracy and could be used to perform LSM.

(4). Application of the model. The influencing factor values of all grid units in
the study area were derived based on their spatial position to produce the dataset to be
predicted. The best model that passed the test was used on the dataset and generated the
landslide probability on each grid unit. The landslide prediction index (LPI) map was then
created based on the latitude and longitude of each grid unit. Using the natural breakpoint
method, the LPI was classified into five categories: very low, low, moderate, high, and very
high, representing the degree of landslide susceptibility. The corresponding LPI ranges
were 0-0.148, 0.148-0.327, 0.327-0.576, 0.576-0.797, and 0.797-1 (see Figure 12).

107° E 108° E 109° E 110° E ll'll° E
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Figure 12. Susceptibility mapping of rainfall-induced landslides in the TGRA.

From the landslide susceptibility map (see Figure 12) and the distribution character-
istics of the water system, we can conclude that the highly susceptible areas in terms of
geological disasters in the TGRA are concentrated along the mainstream of the Yangtze
River and its major tributaries, namely Xiangxi, Qinggan, Daning, Meixi, and Tangxi. Geo-
logical disasters are concentrated in the Zigui Basin and northeastern Chongqing. Based
on the engineering rock group layers and landslide susceptibility mapping, we found
that clastic rock areas, including the Jurassic strata and the Triassic Badong strata, are all
located in the moderate or high landslide susceptible areas. For the overall distribution,
susceptibility to landslides in the TGRA was primarily determined based on engineering
rock groups, topography, and rivers. At the local level, landslides were influenced by
geomorphic type and land cover.

4.2. Dynamic Hazard Assessment of Rainfall-Induced Landslides

In this paper, regional landslide susceptibility levels and cumulative rainfall levels are
used to assess the risk of landslide disasters. Landslide susceptibility mapping provided the
spatial probability of landslides, and the temporal probability of landslides was obtained
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from the temporal rainfall accumulation. Combining the spatial and temporal probabilities,
we could simulate the dynamic distribution on the time series of landslide hazards in the
region using near-real-time spatial rainfall data provided by the GEE cloud platform.

4.2.1. Temporal Rainfall Accumulation Grading

In this paper, the method for determining the gradings of temporal rainfall accumula-
tion used the Rainfall-Duration (I-D) Indicator. This method is an empirical mathematical—-
statistical model that builds on the relationship between rainfall accumulation and land-
slides in the real world, using the rainfall accumulation data from seven days before the
occurrence of landslides as the measurement standard. There were a total of 5008 rainfall-
induced landslides cataloged, with 2639 landslides with exact occurrence dates after 1980
occurring between 8 July 1980 and 4 September 2012 (see Figure 13). NOAA’s National
Centers for Environmental Information (NCEI) Global Summary of the Day provided
the daily rainfall data from precipitation monitoring stations in the TGRA. Daily rainfall
data from central monitoring stations were available from 1 January 1951 to the present.
Each landslide was associated with the nearest precipitation monitoring station based on
its spatial position, and precipitation accumulation data for the seven days before each
landslide were obtained using the ArcGIS Python script. From the statistical relationship
between historical landslides and rainfall accumulation (Figure 14), we can see that the
accumulated 7-day rainfall that induced landslides could be divided into five levels, namely
no occurrence of landslides, random occurrence, local occurrence, group occurrence, and
massive occurrence. The accumulated precipitation levels were <100 mm, 100-140 mm,
140-170 mm, 170-200 mm, and >200 mm, respectively.
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Figure 13. Temporal distribution of rainfall-induced landslides in TGRA.
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Figure 14. Statistical relationship between historical landslides and 7-day accumulative precipitation
in TGRA.

4.2.2. Dynamic Hazard Assessment of Rainfall-Induced Landslides

Combining the grading of temporal rainfall accumulation with the landslide suscep-
tibility classification yielded a semiquantitative classification table for landslide hazard
assessment. The hazard of landslides can be classified into five categories, namely very
high, high, moderate, low, and very low, corresponding to different susceptibilities of
landslides and the threshold of temporal rainfall accumulation. These five levels are red,
orange, light green, blue, and purple, as shown in Table 2. Based on this table, we can
intuitively assess the hazard level of rainfall-induced landslides in any time series at any
spatial position in the study area using the precipitation radar satellite data, which are
updated in near-real time, to prevent and mitigate disasters in real time.

Table 2. Classification sheet of landslide risk based on gradings of temporal rainfall accumulation.
Red, orange, light green, light blue, and dark blue respectively denote the five levels of landslide
hazard: very high, high, moderate, low, and very low.

Susceptibility Classes

Temporal Rainfall Accumulation Gradings
Very High High Moderate Low Very Low

Large occurrence (>200 mm)

Group occurrence (170~200 mm)
Local occurrence (140~170 mm)
Accidental occurrence (100~140 mm)
No occurrence (<100 mm)

After completing the modeling of the hazard assessment of rainfall-induced landslides,
this paper selected a typical rainfall event in the TGRA. Based on the temporal and spatial
distribution of rainfall in the study area, we successfully conducted a dynamic assessment
of the risk of rainfall-induced landslides in this case and analyzed the temporal and spatial
variation law of the rainfall-induced landslide hazards in the TGRA.

The majority of the TGRA experienced intense continuous rainfall from 29 August
to 3 September 2014. The Global Precipitation Measurement (GPM) obtained from the
GEE cloud platform recorded the daily meteorological distribution in the study area (see
Figure 15a,c,e,g,i,k), providing data for the dynamic hazard assessment of landslides. Based
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on the above landslide hazard assessment model, the DHAS system developed in this paper
was used to produce daily updated landslide hazard assessment maps from 29 August to
3 September 2014 (see Figure 15b,d,fh,j,1).

The landslide hazard assessment map shows that accumulated precipitation was up
to 23 mm in the seven days preceding 29 August. The landslide risk in the entire TGRA
was mostly low or very low. The local area had a moderate risk because the landslides had
a relatively high susceptibility in this area and were thus easily influenced by rainfall. On
30 August, the accumulated precipitation exceeded 100 mm in Kaixian, Fengjie, Wushan,
Badong, Zigui, and other places. The maximum local precipitation in some areas reached
138 mm. The low-risk areas gradually faded away, and the moderate-risk areas occupied
the central and east of the reservoir area. Very-high-risk areas appeared sporadically in
some areas. Fengjie County, Kaizhou County, northern Yunyang County, and southern
Wuxi County in northeastern Chongqing received the most rainfall on 31 August. The
daily maximum rainfall was 104 mm, with accumulated precipitation exceeding 200 mm.
The low- and very-low-risk areas vanished. The risk of landslides was high in most areas,
and some areas reached a very high risk level. Rainfall in northeast Chongging, Zigui, and
Badong decreased significantly from 1 to 3 September, with daily rainfall less than 20 mm.
Some areas in southwest China gradually returned to being low-risk areas again, and the
overall risk decreased. However, from the time-series map of hazard zones, the risk in
Waushan, Fengjie, Yunyang, Wuxi, and other areas in northeast Chongqing had increased
day by day since 30 August 2014, and remained at the very high landslide hazard level
from 1 to 3 September, although rainfall decreased significantly during those days. This
was mainly because the delay in the influence of rainfall on landslides was considered
when calculating the landslide risk. The previous rainfall greatly influenced landslide risk,
and the landslide risk was still high after the rainstorm, which was also the reason for the
accumulated precipitation in the first seven days before the draft. Detailed hazard classes’
sub-area statistics are shown in Table 3.

Table 3. Landslide hazard assessment result zoning statistics from 29 August 2014 to 3 September 2014.

Classes of Landslide Hazard

Date
Very Low Low Moderate High Very High
29 August 2014 6.31% 65.09% 28.71% 1.38% 0.00%
30 August 2014 1.25% 41.28% 55.65% 3.31% 0.00%
31 August 2014 0.08% 3.41% 57.79% 39.52% 0.69%
1 September 2014 0.00% 1.76% 34.06% 57.57% 8.10%
2 September 2014 0.00% 7.66% 38.00% 47.17% 8.66%
3 September 2014 0.00% 7.54% 37.45% 47.77% 8.73%
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Figure 15. The distribution of daily precipitation and its corresponding landslide hazard distribu-
tion in the TGRA. (a,c,e,g,i k) denote the spatial distribution of precipitation for each day of the
rainfall duration; (b,d,f,h,j 1) denote the spatial distribution of landslide hazards for each day of the
rainfall duration.

5. Discussion

The dynamic hazard assessment of rainfall-induced landslides is essential for the
government to formulate disaster prevention and mitigation policies. The accuracy of the
assessment results is directly related to the safety of the life and property of people in the
hazard area, which should withstand the factual arguments. To verify the generalizability
of the above assessment method and the validity of the assessment results, this paper used
the remote sensing interpretation method of rainfall-induced landslides to identify the
TGRA landslides induced by the rainstorm of 31 August 2014. The data came from the
aerial images of UAVs and high-resolution satellite images before and after the rainstorm.
By comparing the temporal remote sensing images of before and after, we found that the
vegetation, houses, roads, and farmlands in the slope area with large-scale landslides after
the heavy rainfall were destroyed. The land texture was remarkably different from the
area where no landslides occurred. The deformation features of the landslide mass were
prominent, and the geotechnical structure was disrupted. Cracks of different types, such as
tensile cracks at the trailing edge, landslide depression, and chair-like cracks, steep ridges,
or noticeable landslide cliffs were observed. In general, satellite images of the landslide
areas were light in color, with exposed rocks and soil that were easy to identify (see Table 4).

This study identified a total of 622 landslides after the rainfall, with 353 in Yunyang
County and 279 in Fengjie County, after excluding human intervention and analyzing
remote sensing images. Analysis of the spatial location of landslides and the accumulated
precipitation (Figure 16a) showed that landslides mainly occurred in areas with accumu-
lated precipitation of more than 200 mm, indicating that the distribution of landslides
correlated well with accumulated precipitation and rainfall intensity. From the distribution
of landslides in the hazard assessment map, the interpreted landslides were all in high- or
very-high-risk areas. Among them, 70.3% and 29.7% of the landslides were in the high-
and very-high-risk areas, respectively, in Yunyang County. A total of 53% and 47% of
the landslides were in the high- and very-high-risk areas in Fengjie County. This result
confirmed the timeliness and accuracy of the hazard assessment.
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Table 4. Remote sensing interpretation of landslides induced by extreme rainfall in “8-31" rainstorm

in 2014.

Position

Description

Slope

Remote Sensing Images

Xinli Village, Jiangkou
Town, Yunyang County

Location:

E 108°47'37.74"

N 31°14/37.28"
Development
stratigraphy: J2x
Xintiangou Formation
Type: nascent landslide

24~36°

Xiaoyakou Yuzhuan
Town, Yunyang County

Location:

E 108°50'35.62"

N 31°20'9.81"
Development
stratigraphy: T3x
Sujiahe Formation
Type: nascent landslide

36~41°

Shashi Town,
Yunyang County

Location:

E 108°55'46.74"

N 31°18'27.40”
Development
stratigraphy: T2b
Badong Formation
Type: old
landslide revival

31~40°
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Figure 16. (a) Spatial distribution of landslides and accumulated rainfall interpreted by remote
sensing in Yunyang and Fengjie. (b) Spatial distribution of nascent landslides and documented
landslides in Yunyang and Fengjie.

We further analyzed the influencing factors of the interpreted rainfall-induced land-
slides and found that landslides were more common on slopes with summit elevations
between 1000 m and 1500 m, topographic slopes of about 25°, and sunny slopes. Landslides
occurred in an elevation range from 200 m to 1350 m. The number of landslides first
increased and then decreased with increasing elevation. Landslides were concentrated in
the elevation range of 400-700 m. Landslide development strata are mainly Jurassic and
Triassic Middle Badong Formation. The primary lithology consists of sandstone, siltstone,
marl, mudstones, and shales of different layer thicknesses. The strata belong to soft and
hard rock groups. As for the scale of landslides, small and medium landslides dominated,
accounting for 90.7% of all landslides.

Another important finding is that 83% of the landslides interpreted in this exper-
iment were not documented (see Figure 16b) and were nascent landslides induced by
this rainstorm. Some of the old landslides were found to be severely deformed or even
massively slid under the influence of heavy rainfall. These findings indicate that the hazard
assessment could help reveal the development direction of historical landslides as well as
identify new landslides.

The severe rainstorm resulted in numerous fatalities and missing persons, as well as
significant damage to critical infrastructure including roads and bridges. Furthermore,
the event forced thousands of families to evacuate their homes devastated by landslides.
Agricultural fields and crops suffered extensive damage, which in turn caused substantial
disruptions in transportation and halted production activities, leading to considerable socio-
economic losses. The implementation of the dynamic landslide hazard assessment method
proposed in this study during a heavy rainstorm could be crucial. By accurately predicting
high-risk landslide zones and swiftly identifying emerging landslides, this method can
significantly mitigate both human and economic losses in vulnerable areas, thereby greatly
enhancing the safety of the affected populations.

Prompt dynamic hazard assessment of rainfall-induced landslides is an urgent and
practical research topic because landslide evolution is a complex nonlinear process that still
requires new theoretical support, and the assessment results have obvious realistic signifi-
cance. The landslide hazard assessment process requires a large amount of foundational
environmental data and remote sensing images. Researchers have encountered a lot of
difficulties in previous landslide hazard studies in the TGRA due to the large study area. A



Water 2024, 16, 1638

24 of 27

lot of time and effort was wasted on data acquisition and preprocessing. Therefore, based
on the powerful computing power and massive image data of the GEE cloud platform,
the prediction system developed in this study that integrates the GBDT machine learning
model and basic data processing functions provides reliable data and technical support for
landslide hazard assessment on a large regional scale. The dynamic assessment of landslide
hazard requires real-time rainfall data, and GEE provides a variety of global meteorological
satellite databases to offer precipitation data with a temporal resolution of 0.5 h, providing
near-real-time data support for this dynamic landslide hazard assessment system. It should
be noted that the dynamic hazard assessment method used in this study is semiquantitative
and necessitates prior knowledge of empirical mathematical statistics on the occurrence of
historical landslides and temporal rainfall accumulation in the study area, which is difficult
to obtain in areas lacking historical landslide data. In a follow-up study, our goal is to
create a quantitative study on dynamic hazard assessment using non-graded temporal
accumulated precipitation and susceptibility mapping.

6. Conclusions

The powerful ability of machine learning to handle nonlinear relationships has led
to its widespread application in areas such as groundwater prediction [52-54], landslide
prediction [17,19], and land use mapping. This study introduces a novel near-real-time ap-
proach using the Google Earth Engine (GEE) platform combined with the Gradient Boosting
Decision Tree (GBDT) model for dynamic hazard assessment of large-area rainfall-induced
landslides. By applying the GBDT model based on various geological environmental
factors, potential landslide locations were effectively predicted. Leveraging the powerful
computing capabilities of GEE along with its up-to-date remote sensing and rainfall data, a
dynamic evaluation of landslide risks was achieved.

Our results emphasize the effectiveness of combining cloud computing with machine
learning to enhance landslide risk assessment. Specifically, the method successfully pre-
dicted landslide susceptibility with high precision, achieving a prediction accuracy of
86.2% and a recall rate of 95.7%, significantly improving the capability to predict and
mitigate landslide disasters almost in real time during heavy rainfall events. For instance,
the spatial and temporal analysis of the “8-31” 2014 rainstorm event in the Three Gorges
Reservoir area highlighted the practical application of the model, providing closely related
assessments for subsequent landslide events.

However, this study has its limitations. The accuracy of disaster prediction largely
depends on the quality and resolution of the input data, and the model’s performance may
be compromised if applied outside the Three Gorges Reservoir area without appropriate
adjustments and calibration. Moreover, although the model effectively handles the non-
linear relationships between multiple factors and landslide events, its predictive power is
still limited by the inherent uncertainties of meteorological data and the dynamic nature of
land cover and geological conditions.

Looking forward, the scalability and efficiency of the proposed method are expected
to find broader applications in geological disaster prediction and management. Future
research will focus on enhancing the model’s universality across different geographic
settings and exploring the integration of more diverse data types, such as real-time satellite
imagery and IoT sensor data, to improve prediction accuracy. Future studies will also aim
to refine the temporal resolution of hazard assessments to enable quicker responses to
imminent landslide risks.

In conclusion, the integration of GEE and the GBDT for dynamic landslide hazard
assessment represents a significant advancement in the field of geohazard analysis. By har-
nessing advanced computing and machine learning, this approach provides a powerful tool
for disaster risk management and mitigation planning, making a significant contribution to
the safety and resilience of vulnerable areas.
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