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ABSTRACT
Landslides are a major threat to the safety of human life and property. The purpose of landslide spa-
tial prediction is to establish the relationship between the location of landslides and each landslide
evaluation factor, and to spatially identify high landslide risk areas usingdatamining andgeographic
information science. In this paper, a landslide spatial prediction model is put forward based on cas-
cade forest (CF) and Stacking ensemble learning algorithm. Firstly, the landslide spatial prediction
scheme is designed. Then, the improved CF is established by combining random forest (RF) and
extreme gradient boosting (XGBoost). The Stacking ensemble learning algorithm is introduced to
establish CF-Stacking model combined with the improved CF. Finally, experiments are conducted
using geospatial data of the actual study area. 12 landslide disaster-inducing factors are extracted
from the study area, and the CF-Stacking model is applied to the spatial prediction of landslides.
The result shows that CF-Stacking outperforms comparative models in terms of the area under
curve and brier score, demonstrating its effectiveness in predicting landslide spatial patterns. The
CF-Stacking model is used to generate a landslide susceptibility map for Fengjie, which provides
valuable guidance for geological hazard early warning.
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1. Introduction

Landslide spatial prediction is to predict the proba-
bility of landslide occurrence in a large area to obtain
the spatial location and possibility of landslide occur-
rence, which solves the problem of spatial location and
susceptibility of regional landslides. It exhibits great
scientific significance and engineering value for dis-
aster prevention and mitigation in high-risk landslide
areas (Sk et al., 2021).

There are two kinds of landslide spatial prediction
methods, including knowledge-driven methods and
data-driven methods. The knowledge-driven meth-
ods use the expertise of experts and scholars in the
geological field to predict landslides in space. Rep-
resentative knowledge-driven methods are fuzzy set
methods (Akın &Hüseyin, 2023; Haoyuan et al., 2018;
Talha et al., 2019) and analytical hierarchy pro-
cess (Hariklia et al., 2019; Sandeep & Amit, 2022).
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However, the knowledge-driven method based on
the experience of experts and scholars is increasingly
unable to cope with the information processing of
landslides with complicated acquisition methods and
huge data sources. The empirical knowledge of experts
and scholars cannot include all aspects of landslide
data, which is highly subjective.

The data-driven methods determine the weight of
regional landslide disaster-inducing factors according
to complex multi-source data by analyzing various
evaluation factors of landslides. The data-driven mod-
els mainly include informationmethod (Li et al., 2024;
Xia& Jia, 2022; Yuan et al., 2022; Zhao et al., 2020), evi-
dence weight method (Chen et al., 2017;M. L. Hussain
et al., 2021; Wang et al., 2020) and machine learning
method (Madruga et al., 2022; Xiong et al., 2021; Xu
et al., 2022; W. Zhang et al., 2021). Among machine
learning methods, ensemble learning is successfully
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applied to landslide spatial prediction, which com-
pletes learning tasks through several learners.

Commonly used ensemble learning methods are
mainly divided into Bagging (Wang, 2017), Boost-
ing (H. Zhang et al., 2020) and Stacking (Akhtar
et al., 2020). Bagging in ensemble learning improves
model stability by building multiple base learners and
averaging or voting. Boosting serially trains multiple
weak learners, and each learner adjusts according to
the performance of the previous learner to reduce the
error. Stacking uses the predictions of multiple base
learners as new training data, and integrates these
results through meta-learners. These methods effec-
tively improve the model performance and generali-
sation ability, and provide powerful tools for solving
complex problems.

The Bagging methods divide the dataset by sam-
pling with replacement and obtain the final result
training of several learners in parallel. Six decision
tree classifiers, including random forest (RF), Ran-
dom Tree, and Representative Tree, are used to detect
abnormal network patterns (Siva et al., 2011). A
dynamic classifier system is proposed by searching for
the minimum-sufficient ensemble and applying bag-
ging at the ensemble level (Lei & Mohamed, 2015).
Shirvani (2020) uses RF algorithm to evaluate the
performance of protected and unprotected forests in
northeastern Iran in terms of landslide susceptibility.
Bagging usually reduces the variance of the model, but
it is less effective at reducing bias.

The Boosting methods train several learners seri-
ally through an adaptive method, each of which
relies on the previous model, finally combining all
the learners according to a certain strategy (Hong
et al., 2023). A method integrating extreme gradi-
ent boosting (XGBoost) and Bayesian optimisation
algorithms for predicting the range of overbursts is
proposed (W. Zhang et al., 2020). XGBoost and RF
models are used to compare and predict the correla-
tion between pathogenic parameters and landslides,
demonstrating that the XGBoost method produces
superior results (M. A. Hussain et al., 2021). Wu
et al. (2020) consider 11 landslide conditions and pro-
pose the ADTree-AdaBoost landslide sensitivity anal-
ysis model. There is a dependency between the base
learners of the Boosting method that cannot be paral-
lelised as easily as Bagging, which affects efficiency on
large datasets.

Bagging and Boosting select learners as being of
the same type of individual learners, such as RF with
several decision trees. We call this learning method
homogeneous ensemble, which is difficult to obtain the
differences between different learners.

A deep forest based on non-differentiable modules
such as decision tree, combining the characteristics
of several granularity scanning modules and Cascade
forest (CF), is explored (Zhou & Feng, 2017). Dai
et al. (2023) propose a model, stacking feature deep
forest, to determine the limit wheel profile for hunting
instability. Unfortunately, the basic learners of the deep
forest are all based on Bagging by parallel training sev-
eral learners, without combining Boosting by serially
training learners to build models, which may not ade-
quately learn the spatial characteristics of the landslide.
This motivates us to improve the deep forest.

In ensemble learningmethods, besides Bagging and
Boosting, there is also the Stacking ensemble learn-
ing algorithm. The Stacking generates a new pre-
diction model by combining the advantages of sev-
eral heterogeneous models. The ensemble learning
model of multi-model fusion of Stacking framework
is introduced into landslide spatial prediction, effec-
tively improving the generalisation ability and predic-
tion effect of the predictionmodel (Akhtar et al., 2020).
Jia and Zhang (2020) propose a deterministic strat-
egy for dependency modelling via stacked depen-
dency exploitation. Experimental results show stacked
dependency exploitation leads to superior perfor-
mance.

Although the existing ensemble learning methods
have achieved some results in improvingmodel perfor-
mance, there are still some limitations and challenges,
especially in dealing with complex data and improving
model generalisation capabilities (Marcio et al., 2021).
In the current study, the spatial prediction methods
of landslides cannot effectively capture complex spa-
tial features, especially when it involves the formation
and evolution of landslides. CF in the deep forest effec-
tively improves the problem of classification models
learning complex data features. By combining the pre-
diction results of multiple classifiers, CF can improve
the overall prediction performance and reduce the risk
of overfitting. Then, a question arises that is it possi-
ble to combine Stacking and CF, and fully learn the
spatially predicted probabilistic features of landslide
output from CF? Answering this question is another
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motivation of this article. The challenging task of inte-
grating CF and Stacking methods is to consider the
overall structure design of CF-Stacking, and how to
give full play to the advantages of each model in the
integration process.

In order to conduct the landslide spatial prediction,
a landslide space prediction scheme is designed. An
improved CF landslide spatial prediction model com-
bined with Stacking is established, and the proposed
model is verified through experiments. The innovation
of this paper has three aspects.

(1) An improvedCFmodel based onRF andXGBoost
is designed combining the advantages of Bagging
and Boosting ensemble learning methods.

(2) A landslide spatial prediction model combining
CF and Stacking is proposed. The CF-Stacking
model is established by using RF and XGBoost in
CF as base learner and logistic regression as the
meta learner.

(3) We validate the effectiveness of CF-Stacking using
remote sensing data, digital elevation model
(DEM) and geological information of the actual
study area. The CF-Stacking model is utilised to
generate a landslide susceptibilitymap for Fengjie,
a county town in Chongqing City, where geolog-
ical disasters occur frequently. The experiments
in this paper provide important guidance for the
early warning of geological disasters.

2. Methodology

In this section, the landslide spatial predictionmethod
is analysed. Firstly, the landslide spatial prediction
scheme is designed; then, the CF structure is designed
by using RF and XGBoost as the learners of each CF
level; finally, theCF structure is used as the base learner
and logistic regression is used as the meta-learner
in combination with the Stacking ensemble learning
method to establish the CF-Stacking model.

2.1. Landslide spatial prediction scheme

The spatial prediction of landslides is to extract land-
slide disaster-inducing factors from geospatial data,
establish the spatial prediction model of landslides,
and obtain the spatial prediction probability of land-
slides and landslide susceptibility mapping. Consider-
ing the redundancy of landslide susceptibility data and

Figure 1. Spatial prediction scheme for landslide prediction.

its multi-source nature, this section designs a spatial
prediction scheme for landslide prediction based on
CF-Stacking model as shown in Figure 1.

Firstly, the multi-source landslide spatial data such
as remote sensing images,DEMand geological data are
obtained. The multi-source landslide spatial data are
preprocessed. Pearson correlation is used to remove
the redundant factors and extract to the downscaled
features. Then, RF and XGBoost are used as the sub-
modules of CF to establish the CF structure, and pro-
duce the probabilistic prediction results of the four
learners a1, a2, a3, a4. Finally, the Stacking is intro-
duced ensemble learning method, the CF structure
is used as the base learner and logistic regression is
used as the meta-learner to build the CF-Stacking
model, which is used to make landslide spatial pre-
diction and obtain landslide susceptibility map. This
scheme achieves the purpose of evaluating landslide
susceptibility by acquiring multi-source data features
through heterogeneous learners by CF structure and
Stacking.

2.2. Improved cascade forest

According to the research status of landslide spatial
prediction, we can see that the ensemble learning
method is widely used in landslide spatial predic-
tion. Some scholars have used deep forests to carry
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out research on the spatial prediction of landslides.
The deep forest consists of two parts: CF and multi-
granularity scanning. CF is an important part of the
deep forest model, which has the structure of an
ensemble learning model composed of level and level,
and each level contains several ensemble learning clas-
sifiers. Multi-granularity scanning uses multiple slid-
ing windows of different sizes to sliding values on
the original data features to generate multi-scale input
features.

In the spatial prediction of landslides, the data fea-
tures extracted from remote sensing images, DEM
and geological data are preprocessed to a certain
knowledge-driven, and each evaluation factor has an
important impact on the development of landslides.
Therefore, we removed the multi-granularity feature
scanning of the deep forest, retained only the CF struc-
ture, and input all the landslide features into themodel
for feature-level data fusion.

However, the base learner in the traditional deep
forest CF structure consists of two completely random
forest(CRF) and two RF per level. The main difference
between the two types of forests is the candidate fea-
ture space, which essentially belongs to the Bagging
ensemble learningmethod. The learner selected in this
method is the individual learner of the same type.
We call this learning method homogeneous ensem-
ble, which is difficult to obtain the differences of dif-
ferent learners. Homogeneous ensemble cannot fully
learn the characteristics of landslidemulti-source data.
Therefore, an improved CF model based on RF and
XGBoost is established.

RF is one of the most commonly considered algo-
rithms in Bagging ensemble method, which is widely
used in data classification and regression problems
(Breiman, 2001). RF consists ofmultiple decision trees.
In landslide spatial prediction, each decision tree pro-
duces a landslide spatial prediction result, and the final
landslide spatial prediction probability is obtained
through voting or averaging strategy.

RF uses classification and regression trees (CART)
as the base learner. CART fits data by recursively
partitioning the dataset into subsets based on differ-
ent feature thresholds to construct a decision tree. By
selecting the best features and thresholds to minimise
impurity in each subset, CART aims to fit the data
such that each leaf node contains predominantly sam-
ples of the same class, enabling accurate predictions for
classification or regression tasks.

CART uses the Gini index to measure the impu-
rity of the spatial sample features of the segmented
landslide, so as to select the best landslide evaluation
factor for segmentation. The Gini index is computed
as follows:

Gini(D) = 1 −
y∑

k=1

p2k (1)

where p2k = Ck

D .D is the size of landslide spatial sample.
Ck is the number of class k landslide spatial sample.

The greater the Gini index, the higher the uncer-
tainty of the landslide spatial dataset. The split Gini
index is computed as follows:

Gini(D,A) = DL

D
Gini(DL) + DR

D
Gini(DR) (2)

where the dataset of parent node isD. CART splits into
two child nodes after selecting features, and the dataset
are DL and DR.

The essence of the decision tree fitting process in
the landslide spatial prediction model is that the Gini
coefficient of the sample decreases, so the landslide
spatial feature splitting with the smallest Gini coef-
ficient should be selected. When the dataset’s Gini
index threshold is reached, the split is stopped. Finally,
according to the feature splitting results, the samples
are classified or regressed and the spatial prediction
results of landslides are obtained.

XGBoost is a Boosting algorithm to improve the
Gradient Boosting Decision Tree (GBDT) (Chen
& Guestrin, 2016). In landslide spatial prediction, the
core idea of the XGBoost algorithm is to introduce
the residuals trained by the weak landslide spatial pre-
diction model into the new weak model, improve the
prediction accuracy of the weak model step by step
through the gradient direction of the loss function, and
finally generate a strong spatial prediction model to
obtain a more landslide spatial prediction probability.

The XGBoost prediction for the ith landslide spatial
sample can be expressed as follows:

ŷi(t) =
t∑

j=1
fj(xi) = ŷi(t−1) + ft(xi) (3)

where t is the number of landslide spatial prediction
model iterations. fj(xi) is the weight of each leaf node
decision tree.

The XGBoost objective function is composed of the
loss function of the model and the regularisation term
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that suppresses the complexity of the model, which is
defined as follows:

OBJ(t) =
M∑
i=1

l(yi, ŷi(t)) + �(ft)

=
M∑
i=1

l(yi, ŷi(t−1) + ft(xi)) + �(ft) (4)

where M is the landslide spatial sample number.
l(yi, ŷi(t)) is the loss function of the model. �(ft) is the
regularisation term.

The objective function is second-order expanded by
Taylor formula, which is computed approximately as
follows:

OBJ(t) =
M∑
i=1

[l(yi, ŷi(t−1)) + gift(xi) + 1
2
hif 2t (xi)]

+ �(ft) (5)

where ŷi(t−1) is the predicted value of the ith land-
slide spatial sample in the first t−1 decision tree. gi is
the first derivative of the loss function. hi is the sec-
ond derivative of the loss function. The complexity of
a single decision tree is computed as follows:

�(ft) = γT + 1
2
λ

t∑
j=1

fj(xi)2 (6)

where T is the number of leaf nodes. γ is the penalty
for the number of leaf nodes. λ is the L2 regularisa-
tion penalty. l(yi, ŷi(t−1)) is a fixed value, and do not
affect the optimisation process. The objective function
OBJ(t) after t iterations is obtained as follows:

OBJ(t) =
n∑

i=1

[
gift(xi) + 1

2
hif 2t (xi)

]

+ γT + 1
2
λ

t∑
j=1

fj(xi)2 (7)

CF enhances the expressiveness and prediction per-
formance of the landslide spatial model by organising
and connecting forests at different levels. Each for-
est is referred to as a level in a cascading forest, and
each level containsmultiple RFmodels. Thewhole cas-
cade forest can be composed of multiple levels. The
output of each level is the spatial prediction result of
the landslide. The input of the secondary level is the

fusion of the prediction output of the previous level
and the original landslide features. Cross-validation
is used to automatically determine the optimal num-
ber of CF levels. After each level is trained, the per-
formance of the current model is evaluated through
cross-validation. If themodel’s performance no longer
improves significantly, or if it starts to degrade, stop
adding new levels.

The structure of the improved CF model is shown
in Figure 2, the model combines the parallel learning
performance of Bagging and the serial learning per-
formance of Boosting. The improved CF uses RF and
XGBoost as the base learners, and the final prediction
result canmore fully learn the spatial characteristics of
the landslide.

2.3. CF-Stacking landslide spatial predictionmodel

Stacking is one of the ensemble learning methods. It
combines several base learners and uses ameta-learner
to retrain the results of base learner training to obtain
better results than a single base learner.

The CF-Stacking is a landslide spatial prediction
model combining the CF and the Stacking ensem-
ble learning method. The combined CF and Stacking
ensemble learning algorithm can learn the prediction
results of the base learner output by CF as the second-
level features again to obtain better prediction results.

The size of training sets for landslide spatial predic-
tion samples is set to k1. The size of validation sets is
set to k2. The size of test sets is set to k3. The training,
validation, and test sets are divided into 8:1:1 ratios.

The feature set of the landslide evaluation factor
input can be expressed as:

A1 = {a11, a12, . . . , a1t} (8)

The training set of landslide spatial prediction samples
can be expressed as:

Xm = {(xm1, ym1), (xm2, ym2), . . . , (xmk1 , ymk1)} (9)

The verification set of landslide spatial prediction sam-
ples can be expressed as

Xn = {(xn1, yn1), (xn2, yn2), . . . , (xnk2 , ynk2)} (10)

The test set of landslide spatial prediction samples can
be expressed as

Xl = {(xl1, yl1), (xl2, yl2), . . . , (xlk3 , ylk3)} (11)
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Figure 2. Improved CF model.

Figure 3. CF-Stacking landslide spatial prediction model.

In the training process of landslide spatial prediction
model, the training and validation sets are input into
each base learner of the CF for k fold cross validation.
Each base learner fits step by step from training set, and
the validation set is entered into the fitted base learner
to extract secondary features, which is

A2 = {a21, a22, a23, a24} (12)

In the Stacking, a simple structure model is generally
chosen as the meta-learner in order to avoid overfit-
ting. In this paper, logistic regression model is used
as a meta-learner. The secondary feature A2 is input
into the meta-learner for fitting to obtain the final pre-
diction probability. The formula for calculating the
logistic regression meta-learner is as follows:

z = w1 · a21 + w2 · a22 + w3 · a23 + w4 · a24 + b
(13)

where z is the result of a linear combination of the
weighted summations of A2. b is a constant term. w1,
w2, w3 and w4 are the weights of the prediction results
of the base learner.

The results of the linear function are transformed
by the Sigmoid function to obtain the final spatial

prediction result of the landslide:

σ(z) = 1
1 + e−z (14)

The structure of the CF-Stacking model is shown in
Figure 3, and the steps for calculating the model are as
follows:

Step 1: The original data for landslide spatial pre-
diction is divided into training data and a test
set Xl.
Step 2: The training data is further divided into k

folds.
Step 2.1: The current ith fold is used as the validation

set Xn, while the remaining k-1 folds are used as the
training set Xm.
Step 2.2: The base learner CF is trained using Xm.
Step 2.3: Xn is used to predict landslide spatial prob-

abilities using the trained CF, obtaining the landslide
spatial prediction probabilities for the current fold,
referred to as secondary features A2.
Step 3: The secondary features A2 from each fold in

the k-fold cross-validation are concatenated to obtain
the complete training data for the meta-learner for
landslide spatial prediction.
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Figure 4. Landsat-8 remote sensing satellite image of Fengjie County.

Step 4: The meta-learner logistic regression model is
trained using the complete secondary features A2.
Step 5: The trained CF-Stacking model is used to

test the test set Xl, obtaining the distribution range of
landslide susceptibility.

3. Experiments

In this section, we conduct a comparative experiment
to verify the effectiveness of CF-Stacking for a specific
study area, Fengjie County. Firstly, the geospatial char-
acteristics of the study area are introduced and the data
are preprocessed; then, the experimental environment
and model parameters for landslide spatial prediction
are introduced, and the landslide spatial prediction
data are predicted using CF-Stacking, RF-Stacking,
X-Stacking, RF and XGBoost; finally, the experimen-
tal results are analysed to compare CF-Stacking with
other models and landslide sensitivity mapping is per-
formed.

3.1. Landslide spatial prediction procedure

Fengjie is located in Chongqing City, China, as shown
in Figure 4. It includes 4 streets, 18 towns and 11 town-
ships, including Yong’an Street, Baidi Town and Yan-
wan Township, with a total area of 4098 km2. Fengjie
is located in the eastern edge of the Sichuan Basin,

the front edge of the Daba Mountain and the west-
ern mountain of Hubei Province. Its topography and
geomorphology are controlled by the regional geolog-
ical structure and lithology. The trend of the major
mountains in the study area is consistent with the
direction of the tectonic line. The mountains to the
north of Qiyao Mountain are nearly east-west, and
the mountains to the south are northeast-southwest.
The highest standard elevation of Taishan Temple is
810.8m and the lowest standard elevation of Yangtze
River is 80.0m. The relative elevation difference
is 730.8m.

The data sources in this paper include three parts:

(1) Remote sensing satellite images from the Landsat
8 satellite digital product, published by geospatial
data cloud, 7 February 2020 with a spatial res-
olution of 30m. Landsat8 has 11 spectral bands
ranging from visible to thermal infrared wave-
lengths. These bands capture different aspects of
the Earth’s surface, such as vegetation health, land
cover types, water quality and more. Landsat8
images are provided in geographic tagged image
file format (GeoTIFF).

(2) DEM derived from advanced spaceborne thermal
emission and reflection radiometer global digi-
tal elevation model, published by geospatial data
cloud with a spatial resolution of 30m, covering
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Fengjie and surrounding areas. The DEM cov-
ers the terrain information of Fengjie and its
surrounding areas, suitable for applications such
as terrain analysis, hydrological modelling and
resource management. The DEM is provided in
GeoTIFF.

(3) The geological map from the geological science
data publishing system. Geological maps include
topographic information such as contour lines,
which help in understanding the elevation and
relief of the area. Geological maps are provided
in GIS formats like shapefiles, GeoTIFFs and geo-
databases, enabling integration with GIS software
for spatial analysis.

The original remote sensing images of the geospatial
data cloud is a regional sub-images, which needs to
form a remote sensing images covering the study area
completely through geometric mosaic. After geomet-
ric mosaic, atmospheric correction and radiometric
calibration of remote sensing images are performed
respectively.

Atmospheric correction is a method to eliminate
the radiation error caused by the atmosphere in geo-
matics to obtain the true reflectivity of the ground
object. The total radiance of the ground object mea-
sured by the satellite sensor is not a reflection of the
true reflectivity of the surface, which includes the radi-
ation error caused by atmospheric absorption, espe-
cially scattering. During the extraction of disaster-
inducing factors, factors such as the nomalied differ-
ence vegetation index (NDVI) need to be extracted
from remote sensing images closely related to the real
reflectance of ground objects.

Radiometric calibration is to convert the grey value
of the images into absolute radiance while calculat-
ing the spectral reflectance or spectral radiance. In this
paper, the atmospheric correction and radiometric cal-
ibration are processed by the ArcGIS software of the
American Institute of Environmental Systems.

The disaster-inducing factors of landslide are
divided into control factors and influencing factors.
The control factors refer to the factors that case
the landslide by the characteristics of the hidden
points, and the influencing factors refer to the fac-
tors that case the landslide by the external environ-
ment. In the control factors, this paper extracts 11
disaster-inducing factors such as geological structure,
engineering rock group and slope. In the influencing

factors, 6 disaster-inducing factors such as basin area
and topographic water index are extracted.

Geological structure, engineering rock group and
other factors are extracted directly by ArcGIS software
tools. NDVI and Normalized Difference Water Index
(NDWI) are calculated by the environment for visu-
alising images software for different bands of remote
sensing images, representing the coverage of surface
vegetation and the distribution of water bodies respec-
tively. The corresponding calculations are completed
as follows:

aNDVI = aNIR − aRed
aNIR + aRed

(15)

aNDWI = aGreen − aNIR
aGreen + aNIR

(16)

where aNIR is the near-infrared band of remote sens-
ing images. aRed is the red band and aGreen is the green
band.

Missing data is generated during the process of cut-
ting disaster-inducing factors level. Imputation meth-
ods of missing data are interpolation, before and after
filling method, etc. In the factors level, the data of
missing values are often close to the surrounding pixel
values, so we use the mean value method to fill the
missing values. Due to the different scales between dif-
ferent factors, the data need to be normalised linearly,
as shown below.

y = x − xmin

xmax − xmin
(17)

where x is the data before normalisation. y is the data
after normalisation. xmin is the minimum value of
the original data. xmax is the maximum value of the
original data.

After obtaining the linear normalised data, the
strong correlation factors are eliminated in disaster-
inducing factors by Pearson correlation analysis to
reduce the calculation of spatial prediction in order
to avoid data redundancy caused by strong correlation
between data.

Pearson correlation coefficient is widely used to
measure the correlation between two variables, x and
y. The calculations are completed as follows:

r =
∑n

i=1(xi − x)(yi − y)√∑n
i=1(xi − x)2

√∑n
i=1(yi − y)2

(18)
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Table 1. Table of stratigraphic lithology characteristics in Fengjie
County.

Factor category Disaster-inducing factors

Controlling factor Geologic structure
Engineering rock group
DEM
Slope gradient
Aspect
Terrain surface convexity
Terrain surface texture
Terrain convergence
Valley depth

Influencing factor River discharge
Distance to drainages
NDVI

where x and y are themean values of the corresponding
variables.

After correlation analysis, the correlation coefficient
matrix of the disaster-inducing factors is obtained, and
the factor with the correlation coefficient less than 0.5
is selected as the disaster-inducing factors of the land-
slide. Finally, 12 factors such as engineering rock group
and geological structure are selected as the input of the
model, as shown in Table 1. The correlation coefficient
matrix of disaster-inducing factors obtained is shown
in Table 2.

The 12 disaster-inducing factor features of the sam-
ple are used as the first-level feature A1 input of the
CF-Stacking model, and the RF and XGBoost of the
CF structure are used as the base learners to regress the
probability of landslide occurrence, and the prelimi-
nary prediction results are obtained. The prediction
result of the base learner is used as the secondary fea-
ture A2, and the logistic regression model is used as
the meta learner of the Stacking ensemble learning
method. The secondary feature A2 is regressed again
to obtain the final prediction result.

Table 2. Correlation coefficient matrix of disaster-inducing factors.

E1 E2 E3 E4 E5 E6 E7 E8 E9 E10 E11 E12

E1 1.000 −0.229 −0.463 −0.063 −0.051 −0.064 −0.494 −0.053 0.078 0.001 0.005 0.145
E2 1.000 0.411 0.005 0.002 0.038 0.344 −0.027 −0.046 0.005 −0.035 0.021
E3 1.000 0.011 0.014 0.271 0.417 0.040 −0.169 −0.014 0.288 0.221
E4 1.000 0.012 0.184 0.173 0.003 0.082 0.081 −0.055 0.229
E5 1.000 −0.009 −0.010 −0.457 0.004 0.142 0.007 −0.027
E6 1.000 0.234 0.021 0.012 0.034 0.404 0.169
E7 1.000 0.044 −0.011 0.015 0.018 0.194
E8 1.000 −0.059 −0.136 0.004 0.006
E9 1.000 −0.031 −0.099 −0.011
E10 1.000 0.011 0.024
E11 1.000 0.090
E12 1.000

E1= Structure, E2= Rock, E3= DEM, E4= Slope, E5= Aspect, E6= Convexity, E7= Texture, E8= Convergence, E9= Valley,
E10= River, E11= Drainages, E12= NDVI

Table 3. Table of stratigraphic lithology characteristics in Fengjie
County.

Model name Parameter 1 Parameter 2 Set value

Proposed RF Number of submodels 50
Maximum depth 6

XGBoost Number of submodels 50
Maximum depth 6

RF-Stacking RF1 Number of submodels 50
Maximum depth 6

RF2 Number of submodels 100
Maximum depth 10

X-Stacking XGBoost1 Number of submodels 50
Maximum depth 6

XGBoost2 Number of submodels 100
Maximum depth 10

CF RF Number of submodels 50
Maximum depth 6

CRF Number of submodels 100
Maximum depth 10

RF Number of submodels – 50
Maximum depth – 6

XGBoost Number of submodels – 50
Maximum depth – 6

3.2. Experimental details

The experiment is programmed in Python using the
PyCharm integrated development environment. The
parameters set by each model are shown in Table 3.

In order to verify the effectiveness of the improved
CF, the comparison experiments used a combination
of RF and Stacking algorithms called RF-Stacking,
including two kinds of RF with different parameters.
The comparison experiments also used a combina-
tion of XGBoost and Stacking algorithms, called X-
Stacking, including two kinds of XGBoost with dif-
ferent parameters. In addition to this, CF, RF and
XGBoost are used as comparison models for the com-
parison experiments. In the improved CF, we use ran-
dom forest and XGboost as the base model, so that the
spatial features of the landslide can be fused through
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the differences of Bagging and Boosting. In order to
simulate these differences of Bagging and Boosting,
we set different parameters in RF-Stacking, X-Stacking
and the traditional CF base model. Under the set
parameters, eachmodel’s performance is at its optimal
state, so as to ensure the fairness of the experiment.

In the experiment, the pixel grid of the hazard fac-
tor level is used as a sample, and 10,000 sample points
are extracted, including 5000 landslide sample points
and 5000 non-landslide sample points. The training
set and verification set accounted for 8000, and the test
set accounted for 2000. The training set and the veri-
fication set is subjected to 5-fold cross-validation, that
is the training set and the verification set are divided
into 5 parts on average, and 4-fold samples are ran-
domly sampled as the training set and 1-fold samples
are randomly sampled as the verification set.

3.3. Result analysis

To verify the validity of the CF-Stacking model, the
testing set is used to verify the model and the valid-
ity of the model is checked by the receiver operating
characteristic(ROC) curve and the brier score.

The ROC curve is an effective method to evalu-
ate the classification or regression effect of prediction
models (Akobeng, 2007). The Area Under the Curve
(AUC) takes into account the ability of the classifi-
cation area to classify positive and negative cases to
evaluate the effectiveness of the prediction model. The
brier score is an evaluation metric used to measure
the accuracy of probability prediction models, com-
monly employed in assessing the probability predic-
tions of binary or multiclass models. Unlike AUC, the
brier score directly measures the discrepancy between
probability predictions and the true labels.When com-
paring the performance of different probability pre-
diction models, a lower brier score indicates more
accurate and reliable predictions by the model. In
this section, both AUC and brier score are utilised
as evaluation metrics to assess the model’s prediction
results.

The ROC curve of the prediction results of the CF-
Stacking model is calculated as shown in Figure 5. The
CF-Stacking AUC value reached 0.8562 and the brier
score reached 0.1596. According to the results of com-
parative experiments, the AUC values of six models
such as RF-Stacking and X-Stacking are calculated, as
shown in Table 4.

Figure 5. ROC curve of contrast experiment.

Table 4. AUC of contrast experiment.

Model name AUC Brier score

Proposed 0.8562 0.1596
RF-Stacking 0.8477 0.1675
X-Stacking 0.8331 0.2500
CF 0.8466 0.1667
RF (Ohata et al.) 0.8126 0.1733
XGBoost (Hong et al.) 0.7932 0.2494

The results indicate that, based on the evaluation
metrics of AUC and brier score, the CF-Stacking
model consistently exhibits better predictive perfor-
mance. Compared to the RF-Stacking and X-Stacking
models, CF-Stacking achieved an improvement of
1.00 and 2.77% in AUC values, along with a relative
reduction of 0.0079 and 0.0904 in brier scores. These
results demonstrate the effectiveness of the improved
CF model. The integration of Bagging and Boosting
ensemble learning methods can effectively learn the
spatial features of complex landslides. Compared with
the random forest-based model in the traditional CF
model, the improved CF model has stronger fusion
ability in the face of complex data features. In com-
parison to CF, RF and XGBoost, CF-Stacking has an
increase of 1.13, 5.37 and 7.94% in AUC values, and a
relative decrease of 0.0071, 0.0137 and 0.0898 in brier
scores. Through the calculation results, it can be seen
that the AUC of the proposed method is higher than
that of the other five methods, and the Brier score is
lower than that of the other five methods. This shows
that the introduction of the stacking method inte-
grates the differences of different base models in the
improved CF, and has better classification effect than
single CF, RF and XGboost.The comparative simula-
tion verified the effectiveness of CF-Stacking, enabling



668 S. CHEN ET AL.

Figure 6. Landslide susceptibility mapping in Fengjie County.

more accurate prediction of the spatial distribution of
landslides.

Finally, the complete data set is used to fit the
model, and the landslide susceptibility map of Fengjie
is obtained, as shown in Figure 6. The colours in differ-
ent spaces indicate the spatial probability of landslide
occurrence.

4. Conclusion and future work

In this paper, we have analyzed the topography and
geomorphology, geological conditions and mecha-
nism of Fengjie, preprocessed remote sensing image
data and extracted 12 disaster-inducing factors. On
this basis, an improved CF combined with RF and
XGBoost has been proposed, and the Stacking has
been introduced to establish the CF-Stacking model.
Finally, we have compared theCF-Stackingmodel pro-
posed in this paper with RF-Stacking, X-Stacking and
other algorithms in Fengjie County, which uses the
data set collected from the open source geospatial
data cloud and the geological science data publish-
ing system. The experimental results have shown that
the proposed method can predict the landslide space

more effectively than the selected comparison meth-
ods. The obtained landslide susceptibility map can
provide guidance for geological disaster warning.

In future work, a broader range of machine learn-
ing models can be explored to enhance the selection
of base learners through optimisation techniques, thus
obtaining a more rational combination of base learn-
ers. After obtaining the area with a high probability of
landslide, a small-scale landslide early warning study
can be carried out for this area.
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