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Machine learning is currently one of the research hotspots in the field of landslide prediction. To clarify
and evaluate the differences in characteristics and prediction effects of different machine learning models,
Conghua District, which is the most prone to landslide disasters in Guangzhou, was selected for landslide
susceptibility evaluation. The evaluation factors were selected by using correlation analysis and variance
expansion factor method. Applying four machine learning methods namely Logistic Regression (LR),
Random Forest (RF), Support Vector Machines (SVM), and Extreme Gradient Boosting (XGB), landslide
models were constructed. Comparative analysis and evaluation of the model were conducted through
statistical indices and receiver operating characteristic (ROC) curves. The results showed that LR, RF,
SVM, and XGB models have good predictive performance for landslide susceptibility, with the area under
curve (AUC) values of 0.752, 0.965, 0.996, and 0.998, respectively. XGB model had the highest predictive
ability, followed by RF model, SVM model, and LR model. The frequency ratio (FR) accuracy of LR, RF,
SVM, and XGB models was 0.775, 0.842, 0.759, and 0.822, respectively. RF and XGB models were
superior to LR and SVM models, indicating that the integrated algorithm has better predictive ability than
a single classification algorithm in regional landslide classification problems.

©2024 China Geology Editorial Office.

1. Introduction

prevention and mitigation. Landslide susceptibility refers to
the possibility of landslide occurrence under certain

Landslide is one of the more frequent geological disasters
in China, often causing serious damage to natural resources,
the ecological environment, and infrastructure, posing a
serious threat to the safety of people’s lives and property
(Guzzetti F et al., 2012). Against the backdrop of global
climate change, the number of extreme weather events in
China has increased. The originally fragile geological
environment has exacerbated the risk of landslides, and
landslide prevention and mitigation work has become an
urgent task in current society. Landslide susceptibility
evaluation is an important basis for landslide disaster

First author: E-mail address: zhangao@mail.cgs.gov.cn (Ao Zhang).

* Corresponding author: E-mail address: zhaoxingyuezi@mail.cgs.gov.cn (Xing-yuezi Zhao).

Literary editor: Li-qiong Jia
doi:10.31035/cg2023056
2096-5192/© 2024 China Geology Editorial Office.

geological and environmental conditions in a certain area,
with a focus on evaluating the probability of the location and
spatial aspect of landslide occurrence (Reichenbach P et al.,
2018).

In the process of landslide susceptibility assessment, the
most critical link is to establish an appropriate assessment
model. An excellent vulnerability assessment model can fully
tap the mapping relationship between landslide and its basic
environmental factors, and build a nonlinear function from
basic environmental factors to landslide spatial probability
(Huang FM et al., 2022; Dou J et al., 2019; Tsangaratos P et
al., 2017; Jia YF et al., 2023; Xiong XH et al., 2022). The
commonly used landslide susceptibility evaluation models at
home and abroad are divided into non-deterministic models
and deterministic models (Xia H et al, 2018). In the
development process of landslide susceptibility evaluation
models, traditional non-deterministic models based on

Copyright © 2024 Editorial Office of China Geology. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd.
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statistical analysis have been widely applied in previous
studies, such as information quantity models (Liu HH, 2012;
Wang T et al., 2021), evidence weight models (Li JL et al.,
2016), analytic hierarchy processes (Yang DH et al., 2015),
fuzzy comprehensive evaluation methods (Chen W et al.,
2021), etc.

With the development of data mining and artificial
intelligence, domestic and foreign scholars have gradually
applied algorithm models in the field of machine learning to
landslide susceptibility evaluation, such as Logical Regression
(LR) (Zhang J et al., 2016), Decision Tree (DT) (Paraskevas T
et al., 2016), Support Vector Machine (SVM) (Chen W et al.,
2016), Artificial Neural Network (ANN) (Dou J et al., 2015),
etc. Lee S et al. (2001) used LR method and probability
method to generate landslide susceptibility zoning map, and
the evaluation results were consistent with the landslide survey
data. Feng HJ et al. (2016) compared the application of LR,
Information Quantity (IQ), and ANN in landslide susceptibility
evaluation in Chun ’an County, Zhejiang Province, and
concluded that the ANN model was superior to the other two
models. Zézere JL et al. (2017) and Huang Y et al. (2018)
carried out a comparative analysis of machine learning
models to predict landslide susceptibility, and believed that
the SVM model had the advantages of relatively stable
prediction results and high recognition. Based on the
traditional weighting system, Kanungo DP et al. (2006) used
ANN model, fuzzy weighting model and a hybrid model of

neural network and fuzzy weighting to evaluate landslide
susceptibility. The results showed that the hybrid model of
neural networks and fuzzy weighting was more accurate.

To further verify the generalization performance of
machine learning models in landslide susceptibility
evaluation, and promote the application of these machine
learning models in the landslide field, the typical machine
learning medels namely Logistic Regression (LR), Random
Forest (RF), Support Vector Machines (SVM), and Extreme
Gradient Boosting (XGB) are selected to evaluate the
landslide susceptibility. Statistical indexs and receiver
operating characteristic (ROC) curve were used to verify the
prediction effect of each model.

2. Overview of the study area and data sources
2.1. Overview of the study area

Conghua District of Guangzhou is located in the middle of
Guangdong Province, 113°17 '—114°04'E, 23°22 '-23°56 'N,
with a total area of 1974.5 km?, which is the highest altitude
district in Guangzhou. This study area is located in the
transition zone from the Pearl River Delta to the mountainous
area of northern Guangdong, with the terrain inclined from
north to south. The highest point is Liangkou Tiantangding,
with an altitude of 1210 m, and the lowest point is Taiping
Village, Taiping Town, with an altitude of 16 m (Fig. 1). The
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Fig. 1. Location of the study area (a) and geographical location of the study area and historical landslide distribution map (b).
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landform is dominated by low mountains and hills, with steep
terrain and developed valleys. The study area has a humid
monsoon climate in the north subtropical zone with a mild
climate and abundant rainfall. The annual average
temperature is 21-22°C and the annual rainfall is 1907 mm.

The main exposed strata in the area are Proterozoic gneiss
complex, Devonian siltstone, Carboniferous limestone
dolomite, Triassic quartz sandstone, Jurassic— Cretaceous
granite, granodiorite, Paleogene sandstone, glutenite, and
Quaternary clay. The complex and changeable geological and
geomorphic conditions provide favorable conditions for the
breeding of landslides. According to statistics, 1231 landslides
occurred in Guangzhou from 2013 to 2020. There were 365
landslides in the Conghua District, accounting for 29.7%,
which was one of the areas with the largest number of
landslides. Landslides were mainly distributed in middle and
low mountains, hills, and river banks with strong topographic
cutting in the area.

2.2. Data sources

In the study of landslide susceptibility, the relationship
between historical landslide events, geological environmental
factors, and location space must be considered (Pham BT et
al.,, 2015,2016 ). Therefore, the initial data in this study
include: (1) The detailed survey data of geological disasters in
the Conghua District, which were used to obtain the location
distribution of historical landslide points. The data were
derived from the “Guangzhou multi-factor urban geological
survey ” and “Guangzhou 1 : 50000 geological disaster
detailed survey ” project; (2) the digital elevation model
(DEM) with a spatial resolution of 30 m, which was derived
from the free and public basic data of the Geographic Data
Cloud (https://www.gscloud.cn) and used to analyze and
extract the basic factors of topography and geomorphology,
such as elevation, slope, and aspect; (3) Landsat-8 remote
sensing image with a spatial resolution of 30 m, which can
also be obtained from the Geographic Data Cloud and was
used to obtain normalized difference vegetation index
(NDVI); (4) meteorological station observation data, which
were derived from National Earth System Science Data
Center, National Science and Technology Infrastructure of
China (http://www.geodata.cn) and were used to obtain the
annual average rainfall factor. According to the size of the
study area and the scale of landslides, the grid with a
resolution of 30 mx30 m was used as the basic unit for
landslide susceptibility assessment. The spatial analysis of all
initial data was carried out to extract the landslide
susceptibility evaluation factors. After rasterization, the
spatial resolution of all factors was unified to 30 m.

3. Methodology

In this landslide susceptibility assessment, the prediction
performance of different machine learning landslide models is
compared and analyzed to draw a more accurate landslide
susceptibility zoning map in the study area. The research

process is mainly divided into six steps (Fig. 2). (1) Data
acquisition: The geospatial database of basic environmental
factors is established based on the landslide frequency ratio.
(2) Feature extraction: Feature selection method is used to
screen appropriate susceptibility evaluation feature indicators.
(3) Data set division and Feature Engineering: The training set
and test set are divided and standardized. (4) Machine
learning: Using training sets to build landslide models with
different algorithms. (5) Model evaluation: Use the test set to
verify and compare the accuracy of different landslide
models. (6) Drawing landslide susceptibility map.

3.1. Frequency ratio method

Previous studies have shown that locations with similar
geological and topographical conditions as historical landslide
points are more prone to landslide (Miao WD et al., 2003), and
the frequency ratio (FR) method can better reflect the nonlinear
relationship between the basic environment and landslide
susceptibility, which has been widely used in the field of
landslide (Chen W et al., 2021; Hu T et al., 2020). Therefore, in
this paper, the FR method based on the principle of statistics
was used as a quantitative model to calculate the ratio of the
frequency of known landslide units in each partition to the
frequency of all grid units in the corresponding partition in the
study area, so as to quantify the contribution of each factor
interval grade to landslide susceptibility (Equation 1).
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Fig. 2. Flowchart of the machine learning model for landslide sus-
ceptibility evaluation.
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Where n; is the number of landslide grids in the i-th
grading interval for each type of factor; NV is the total number
of landslide grids in the area; s; is the grid number of each
type of factor in the i-th hierarchical interval; S is the total
number of grids in the study area; FR is the frequency ratio of
these factors.

3.2. Landslide Susceptibility Prediction Model

3.2.1. Logistic Regression (LR)

Landslide susceptibility assessment is to determine
whether a unit is a landslide one. There are only two answers:
“yes” and “no”, so it is a binary problem. As a typical
classification model in machine learning, LR has the
advantages of simple and efficient algorithm, and is a
powerful tool to solve the problem of binary classification.
Based on the core mathematical concept of natural logarithm
(Peng CYJ et al., 2002), LR was introduced and widely used
in the late 1960s and early 1970s (Cabrera AF, 1994), which
is very suitable for describing and verifying the nonlinear
relationship between the classification result variable
(landslide or non landslide) and the classification prediction
variable (landslide impact factor). The natural logarithm of
LR is expressed as Equation 2:

Y=f(P)=In (lfP) =L +Bi X +5Xo+ -+ 6.X, (2

Therefore, the probability of landslide event (P) can be
determined by Equation 3:

eﬁo+ﬁ\X| P2 X0+ 4B, X,
P=PY|X)=
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Where Y is the result variable (landslide or non landslide);
X=X,,X,,---X, represent environmental factors affecting
landslide; # is the number of environmental factors; g, is the
intercept; f3,,B,,- B3, 18 the regression coefficient.

3.2.2. Random Forest (RF)

RF is a typical representative of ensemble learning.
Combining Breiman ’s idea and Ho ’s description method,
multiple decision trees are constructed through different data
subsets, and then the judgment results of multiple decision
trees are voted to obtain the final output of a random forest.
Compared with the traditional landslide evaluation method,
the new method of random sampling of samples and
characteristics is introduced, which can improve the accuracy
and stability of the model more than a single decision tree. A
large number of studies have shown that random forest has a
high fault tolerance rate in terms of algorithm, outliers, and
noise.

RF adopts a bagging algorithm. Samples are randomly
selected to construct a subset of data and have a sample to be
put back. m feature attributes are randomly selected from all
feature attributes M to build a weak decision tree (m<M). The
machine training n weak decision trees y, (X),y,(X),--- y;(X)

are obtained by repeating n times, and the random forest
model is established. Its expression is (Equation 4):

Y =args Y 10(X)=2) @

Where Y (x) is the RF model; y;(X) is the single weak
decision tree model; Z is the output variable; / is the explicit
function; » is the number of weak decision trees.

3.2.3. Support Vector Machines (SVM)

SVM is a machine learning method based on structural
risk minimization principle. Through non-linear mapping, the
non-linear separable data is mapped to the high-dimensional
feature space, and the optimal classification hyperplane is
found in this feature space to realize the efficient
classification of positive and negative data. It can keep the
interval to the maximum, which makes the support vector
machine have better robustness. The hyperplane calculation
formula is (Equation 5):

wx+b=0 5)

Where w is the normal vector; x is the feature vector of
sample points; b is a constant. When w and b are optimal, it
means that the optimal hyperplane is found so that the
distance between positive and negative samples is the largest.
By solving the above optimization problem and introducing
relaxation variables and penalty factors in the calculation
process, the optimal hyperplane can be determined as
(Equations 6, 7):

N "
min | {w| +CY  &=0 6)
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Lagrange multipliers are introduced to transform the dual
problem, and the optimal classification decision function is
obtained (Equation 8).

f(x) = sign [Z; ;YK (x,-,x_,-) +b} (8)

Where « (x;,x;) =¢(x)-¢(x;) is the kernel function,
representing the mapping from the input space to the feature
space. Linear kernel (LN), polynomial kernel (PL), radial
basis function (RBF) and sigmoid kernel (SIG) are commonly
used in SVM.

3.2.4. Extreme Gradient Boosting (XGB)

XGB, as one of the newly proposed algorithms, is the
trump card of integrated learning. At present, it is rarely used
in landslide susceptibility evaluation. Compared with the
traditional gradient lifting tree, XGB is faster than other
integration algorithms using gradient lifting and has been
considered an advanced evaluator with ultra-high
performance in classification and regression. XGB algorithm
changes to a greedy strategy for the continuous iteration of
weight distribution in the classification of wrong samples. The
best direction of training is the direction of loss function
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gradient decline. Taylor’s second-order expansion is used to
optimize the loss function. At the same time, a regularization
term is added to control the complexity of the model to
prevent overfitting.

XGB builds the optimal model by minimizing the loss
function. The loss function is a regular term that increases the
complexity of the model. The objective function is set to
optimize the iterative model using the idea of minimizing
structural risk. The objective function of the model is
expressed as Equation 9:

obj" =Y L(1I) + Y Q) ©)

Where y; is the model prediction value of the i-th sample
in the t-round; y, is the real value; L (y,,5") is the prediction
error of the #-round; # is the total number of samples; Q(f;) is
the regularization term of the k& -round, representing the
complexity of the k-round model, defined as Equation 10:

1
Q(f) =7’T+§/lIIWII2 (10)

Where T is the number of leaf nodes; ||w|| is the modulus
of leaf node vector; y is the difficulty of node segmentation; A
is the regularization coefficient.

The objective function is optimized by Taylor second-
order expansion. Ordering g =duul(y,3"), h=
I(yi,y{""), bring Equation 10 into Equation 9, Equation 9 is
expressed as Equation 11:

Zg,- w,+% Zh,+/l w| +yT

iel; i€l

obj" = ZT

j=1
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Where [; = {ilq(x;) = j}, is the sample set of the jth leaf
node; g(x;) is the structure of the tree. Ordering Zidj g =G
Zfez, hi=H;, G;and H; are deterministic quantities, and
Equation 11 can be regarded as a quadratic function of one
variable with respect to leaf node w. Minimizing Equation 11,
the optimal parameters and the optimal loss function are
obtained (Equations 12, 13):

3.3. Evaluation and comparison methods

To verify the performance and generalization ability of the
model, it is necessary to evaluate the fitness of the model in
different data sets (Tien Bui D et al., 2016). The evaluation
results in the training data set reflect the fitting degree of the
landslide model and training data. The evaluation results in
the test data set reflect the prediction ability of the landslide
model (Tien Bui D et al, 2012). In this paper, the
performance of four landslide models is evaluated and
compared by using the evaluation based on statistical
indicators and the ROC curve.

3.3.1. Evaluation based on statistical index

Many indexes in statistics can be used to verify the
performance of the model (Bennett ND et al., 2013). In this
paper, positive predictive value, negative predictive value,
sensitivity, specificity, accuracy, root mean square error, and
other statistical indicators are used to verify the performance
of the landslide model (Table 1).

Where TP (true positive) is the number of landslide points
correctly classified as landslide; TN (true negative) is the total
number of non-landslide points correctly classified as non-
landslide; FN (false negative) is the number of landslides
classified as non-landslide; FP (false positive) is the number
of non-landslide points classified as a landslide. ¢; is the
estimated value of the i -th observation, e; is the measured
value of the i-th observation.

3.3.2. Receiver operating characteristic curve

The receiver operating characteristic (ROC) curve is
widely used in model comparison and evaluation. ROC curve
is generated by counting the sensitivity (landslide samples
predicted as a landslide) and I-specificity (non-landslide
samples predicted as a landslide) of each model. The area
under curve (AUC) value of the ROC curve is between 0 and
1. The larger the value, the higher the prediction accuracy.
When AUC is equal to 1, the model is a perfect classifier.

4. Machine learning and result analysis

W= J (12) 4.1. Evaluation factors and analysis
H;+A
4.1.1. Selection and quantification of basic environmental
I« G factors
obj =~ 5 Z S Haa" ¥T 13) In the study of landslide susceptibility evaluation, the
’ J . . . .
selection of appropriate evaluation factors directly affects the
Table 1. Description of statistical index.
No. Name Formula Description
1 Sensitivity (SST) SST = TP SST represents the percentage of landslide grid correctly classified as “landslide”
" TP+FN predicted
2 Specificity(SPF) SPF = TN SPF represents the percentage of non-landslide grids correctly classified as “non-
" FP+TN landslide”
3 Accuracy(ACC) ACC = TP+TN ACC represents the proportion of “landslide” and “non-landslide” correctly
T TP+TN+FP+FN classified in the total grid
4 Root mean squared RMSE shows the error metric in the same units with the original data

error (RMSE)

RMSE=[(/m)Y " (e;-&)] ”

Smaller RMSE value indicates better performance of landslide model
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reliability and accuracy of susceptibility results. Selection is
generally based on the objective existence, significance, and
inheritance of evaluation factors (Reichenbach P et al., 2018;
Huang FM et al, 2020). According to the formation
conditions of landslide disaster in the study area, landslide
mainly depends on the combined action of internal and
external factors of geological environment conditions. In this
study, a total of seven indicators including elevation, gradient,
slope aspect, curvature, annual rainfall, NDVI, and stratum
lithologic were selected as the preliminary basic
environmental factors. These evaluation factors have been
applied in many studies as the main factors affecting the
formation of landslides, and can easily obtain high-precision
data through investigation and collection to ensure the
accuracy of landslide susceptibility evaluation. The natural
discontinuity method was used to divide the selected basic
environmental factors into five attribute intervals. The
division results are shown in Fig. 3. The FR of each
environmental factor attribute interval was calculated
according to Equation 1, and the calculation results are shown
in Table 2. The FR was used as the quantitative value of each
factor for machine learning. The size of the FR determines
whether the attribute interval of environmental factors is
conducive to landslide development.

4.1.2. Feature analysis

The basic environmental factors selected are related to the
occurrence of landslides to a certain extent, but the possible
correlation between the factors will adversely affect the
prediction results and may increase the complexity and
running time of the model. Therefore, before the evaluation, it
is necessary to select the features of the quantified factors and
carry out correlation analysis to eliminate the factors with
high correlation to improve the model efficiency and
prediction accuracy. The correlation analysis results (Fig. 4)
show that except for each factor's autocorrelation coefficient
of 1, the correlation coefficients of the other factors are small,
which are —0.22-0.23, indicating that each basic
environmental factor can be independently used as the
characteristic variable of landslide susceptibility assessment.

Because the collinearity between sample data easily leads
to the decline of model training accuracy, the data set used to
build the model needs to meet certain collinearity
requirements. Variance in inflation factor (VIF) is used to
characterize the degree of collinearity between factors. When
VIF is greater than 10, it indicates that there is serious
collinearity between data and it needs to be eliminated. The
analysis results are shown in Table 3. The VIF value of each
basic environmental factor does not exceed 10, indicating that
the sample data is not significantly collinear, and all basic
environmental factors can be used as evaluation factors to
evaluate landslide susceptibility without elimination.

4.2. Landslide susceptibility model training, prediction and
evaluation

The natural breakpoint method and FR method were used

to quantify the selected seven types of evaluation factors, and
the geospatial database of landslide susceptibility evaluation
in the study area was obtained. To build the landslide
prediction model, the database needs to be extracted and
segmented, and the training set and test set are generated
respectively. The training data set was used to train the
landslide model, and the test data set was used to verify the
performance of the landslide model (Pham BT et al., 2016).

All 365 landslide points in the study area were taken as
landslide sample points, and 1000 non-landslide sample
points were randomly extracted outside the landslide area.
The landslide sample points and non-landslide sample points
were combined to form a sample data set. 70% (955 points)
were randomly selected as the training set, and the remaining
30% (410 points) were selected as the test set. 30 mx30 m
grid as the basic evaluation unit, the study area is divided into
2209297 units. LR, RF, SVM, and XGB landslide models
were constructed using the training set, and the performance
of the four landslide models on the training set and the test set
was analyzed respectively (Tables 4, 5). The results indicate
that all landslide models show high prediction ability. In the
training set, XGB model (ACC=0.99) has the highest ACC
value, followed by RF model (ACC=0.94), SVM model
(ACC=0.82), and LR model (ACC=0.80); In the test set, XGB
model (ACC=0.99) has the highest ACC value, followed by
RF model (ACC=0.97), SVM model (ACC=0.83) and LR
model (ACC=0.83). Therefore, XGB model has the highest
prediction ability, followed by RF, SVM, and LR models.

In addition, the ROC curve using the training set is shown
in Fig. 5. The AUC values of SVM, RF, and XGB models are
relatively close, which are 0.999, 0.997, and 0.991
respectively. The AUC value of LR model is the lowest
(AUC=0.722); The ROC curve using the test set is shown in
Fig. 6. The AUC values of RF and XGB models are relatively
close, which are 0.998 and 0.996 respectively. The AUC
value of SVM model is slightly smaller (AUC=0.965), and
the AUC value of LR model is the lowest (AUC=0.752). The
results of ROC curve analysis show that the prediction ability
of LR model is the worst among the four models, the
prediction ability of SVM, RF, and XGB models is similar,
and the prediction ability of XGB model is slightly stronger.

4.3. Validation and Comparison of Landslide Susceptibility
Models

Four landslide models trained and tested were used to
calculate the landslide susceptibility index from all grid data
in the study area. The natural breakpoint method was used to
classify the landslide susceptibility index into five grades:
Very low, low, moderate, high, and very high. The landslide
susceptibility map (Fig. 7) predicted by each model was
compiled. The results show that the prediction results of all
models are similar in regional spatial distribution, reflecting
the characteristics that the distribution law of landslide
susceptibility is consistent with the basic geographical
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Zhang et al. / China Geology 7 (2024) 104—115 111

Table 2. Attribute interval and FR of each evaluation factor.

Factors Attribute Number of interval Interval grid FR
interval landslide grids number
Elevation'm 8-139 120 914164 0.795
139-294 114 529250 1.304
294453 79 434705 1.100
453-681 32 230855 0.839
681-1167 20 100323 1.207
Gradient/*  0-4.99 114 765679 0.901
4.99-11.17 128 585808 1.323
11.17-18.06 79 454046 1.053
18.06-26.86 34 279536 0.736
26.86-60.12 10 124228 0.487
Slope aspect Plane 1 5544 1.092
North 60 297253 1.222
Northeast 30 215802 0.841
East 48 252204 1.152
Southeast 49 277307 1.070
South 59 333308 1.071
Southwest 52 251346 1.252
West 31 281488 0.667
Northwest 35 295045 0.718
Curvature -10.7—1.32 5 72633 0.417
-1.32—0.36 57 304845 1.132
—0.36-0.35 222 1230177 1.092
0.35-1.31 66 484044 0.825
1.31-9.63 15 117598 0.772
Annual 1949-1978 87 792643 0.664
rainfal/mm 19782000 101 548694 1.114
2000-2024 88 503742 1.057
2024-2058 54 232038 1.409
2058-2112 35 132180 1.603
NDVI 775-3655 30 107838 1.684
3655-5352 66 127002 3.146
5352-6640 67 255380 1.588
6640-7454 111 699936 0.960
7454-8764 91 1019141 0.540
Stratum Granite 252 1490524 1.023
lithology Gneiss complex 3 58843 0.309
Sandstone and 58 247037 1.421
mudstone
Red sandy 0 3338 0.000
conglomerates
limestone and 1 5379 1.125
dolomite
Pleistocene clay 0 5506 0.000
Holocene clay 51 398670 0.774

environment. The very low and low susceptible areas of
landslide in the Conghua district are concentrated in the
alluvial pluvial plain in the southeast, while the very high and
high susceptible areas are mainly concentrated in the valleys
in the northeast and low mountain areas in the East, extending
radially to the northwest, north, northeast, east and other
directions. The landslide is mainly affected by the steep
terrain in the northeast of Conghua District, the thick and
loose residual overburden in the valley, rainfall scouring,
slope cutting, and other human engineering activities. The
historical landslide points are mostly located in the middle

and high prone areas (Fig. 8). The predicted results are
relatively consistent with the distribution of historical
landslide disaster points.

Fig. 9 shows the percentage of grid number (or area) in
the very low, low, medium, high, and very high regions of all
models. Statistics shows that the susceptibility of each model
presents a similar distribution law. The susceptibility of the
study area is mainly moderate, followed by high, low, and
very low levels, and the lowest high level. LR, RF, SVM, and
XGB models account for 12.71%, 8.48%, 12.89%, and
8.43%, respectively.

The actual prediction accuracy of each model was
compared and analyzed by using the FR method, and the FR
of each landslide model was calculated according to Equation
1 ( Table 6). The FR accuracy of landslide susceptibility
results can be obtained by dividing the FR of very high and
high-susceptible areas by the sum of all FR (Huang FM et al.,
2022). The FR of LR model prediction results from very low
to very high prone areas is 0.227, 0.405, 0.650, 1.405, 3.018,
and its FR accuracy is 0.775. The FR of the prediction results
of RF model from very low to very high prone areas is 0.173,
0.344, 0.550, 1.431, 4.263, and the accuracy of FR is 0.842.
The FR of the prediction results of SVM model from very low
to very high prone areas is 0.315, 0.505, 0.602, 1.161, 3.316,
and its FR accuracy is 0.759. The FR of the prediction results
of XGB model from very low to very high prone areas is
0.185, 0.355, 0.720, 1.562, 4.256, and its FR accuracy is
0.822. The comparison results show that RF and XGB models
are superior to LR and SVM models in terms of FR accuracy.
RF and XGB models are typical representatives of the
integrated algorithm. It can be seen that the integrated
algorithm has more advantages in classification, and the
predicted landslide susceptibility can better reflect the spatial
distribution law and environmental aggregation characteristics
of landslides.

5. Conclusions

Taking the Conghua District of Guangzhou as the study
area, the correlation analysis and variance expansion factor
method were used to select the basic environmental factors
such as elevation, gradient, slope aspect, curvature, annual
rainfall, NDVI, stratum lithologic, and the landslide
susceptibility in the study area was predicted and evaluated
based on LR, RF, SVM, XGB models.

(i) Statistical index analysis shows that the four models
have good prediction performance of landslide susceptibility.
In the test set, the ACC values of LR, RF, SVM, and XGB
models are 0.83, 0.97, 0.83, and 0.99 respectively, and the
AUC values of ROC curves are 0.752, 0.965, 0.996, and
0.998 respectively. XGB model has the highest prediction
ability, followed by RF, SVM, and LR models.

(ii)) Based on the four landslide models, landslide
susceptibility maps were compiled, showing similar spatial
distribution characteristics. The susceptibility of the Conghua
district is mainly moderate, followed by high, low, and very
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Fig. 4. Correlation analysis of evaluation factors of heat map.

Table 3. Collinearity analysis of basic environmental factors. 1.0 —
No. Factors VIF 0.9 ,
1 Gradient 1.066933 0.8 )
2 Elevation 1.336441 07
3 Curvature 1.072272 2 06 //
4 Annual rainfall 1.144736 2 05 ’
5 NDVI 1.255478 2 - .
. . & 04
6 Stratum lithologic 1.113084 7
7 Slope aspect 1031587 03 — LR (AUC=0.722)
0.2 — SVM (AUC=0.991)
o1l — RF (AUC=0.997)
Table 4. Model performance using training dataset. 0 — XGB (AUC=0.999)
No. Parameters LR SVM RF XGB 0 01 02 03 04 05 06 07 08 09 10
1 TN 693 700 700 695 1-Specificity
2 P ! 0 0 > Fig. 5. Analysis of the ROC f diff landslid: del
3 N 181 169 54 4 Fig. 5. Analysis of the curve of different landslide models us-
ing training dataset.
4 TP 74 86 201 251
5 SST/% 0.29 0.34 0.79 0.98 1.0
6 SPF/% 0.99 1.00 1.00 0.99 0.9
7 ACC 0.80 0.82 0.94 0.99 0.8
8 RMSE 0.4 0.42 0.24 0.10 0.7
2 06
>
Table 5. Model predictive capability using testing dataset. £ 05
c
No. Parameters LR SVM RF XGB & 04
1 N 294 300 300 296 0.3 .
— LR (AUC=0.752)
2 FP 6 0 0 4 0.2 — SVM (AUC=0.965)
3 FN 67 69 14 1 X — RF (AUC=0.996)
4 TP 63 41 96 109 ok — XGB (AUC=0.998)
5 SST/% 0.48 0.37 0.87 0.99 0 01 02 03 04 05 06 07 08 09 10
6 SPF/% 0.98 1.00 1.00 0.99 1-Specificity
! AcC 083 083 097 099 Fig. 6. Analysis of the ROC f diff landslid: del
g RMSE 0.42 041 018 011 ig. 6. Analysis of the curve of different landslide models us-

ing testing dataset.

low grades, and the very high grade is the least. The RF, SVM, and XGB models are 12.71%, 8.48%, 12.89%, and
proportions of very high susceptible areas predicted by LR, 8.43% respectively. The very low and low susceptible areas in
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the Conghua district are concentrated in the alluvial pluvial and low mountain areas in the east, and the predicted results
plain in the southeast, while the extremely high and high areconsistent with the distribution of historical landslide
susceptible areas are distributed in the valleys in the northeast disaster points.

)

Landslide susceptibility map (LR)
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Fig. 7. Landslide susceptibility maps using different landslide models.

Fig. 8. Typical landslides verification.
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Fig. 9. Different classes distribution of grid ratio on slope map.

Table 6. FR precision analysis of susceptibility maps of
different models.

Model Class Number of Landslide Number Grid FR

landslides  ratio/% of grids  ratio/%

LR Very low 11 3.01 293269  13.27 0.227
Low 36 9.86 537750 24.34 0.405
Moderate 66 18.08 615047 27.84 0.650
High 112 30.68 482443  21.84 1.405
Very high 140 38.36 280788  12.71 3.018

RF Verylow 5 1.37 174927  7.92 0.173
Low 30 8.22 528359  23.92 0.344
Moderate 71 19.45 781376  35.37 0.550
High 127 34.79 537195 24.32 1.431
Very high 132 36.16 187440  8.48 4.263

SVM  Verylow 20 5.48 384467 17.40 0.315
Low 44 12.05 527571 23.88 0.505
Moderate 53 14.52 532830 24.12 0.602
High 92 25.21 479657  21.71 1.161
Very high 156 42.74 284772 12.89 3.316

XGB Verylow 14 3.84 458796  20.77 0.185
Low 30 8.22 511172 23.14 0.355
Moderate 70 19.18 588132 26.62 0.720
High 120 32.88 464890 21.04 1.562
Very high 131 35.89 186307  8.43 4.256

(iii) Combining with the FR method, the prediction
accuracy of the four landslide models in the whole study area
was compared and analyzed. The FR accuracy of LR, RF,
SVM, and XGB models are 0.775, 0.842, 0.759, and 0.822
respectively. RF and XGB models are superior to LR and
SVM models, indicating that the integrated algorithm has
better prediction ability in the regional landslide classification
problem. The integrated algorithm based on the combination
of multiple weak models is superior to the single classification
algorithm in solving the single prediction problem. It can
better reflect the spatial distribution law and environmental
accumulation characteristics of landslides.
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