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Abstract: Landslide susceptibility mapping is typically based on binary prediction probabilities.
However, non-landslide samples in modeling datasets are often unlabeled data, and the phenomenon
of class-priori shift, that is, the proportion of landslide samples frequently deviates from real-world
scenarios and is spatially heterogeneous. By comparing the classification performance and predicted
probability distributions across multiple unbalanced datasets with known and unknown sample
proportions, this study assesses the landslide susceptibility model’s generalization ability in the
context of class-prior shifts. The study investigates the potential of Bagging PU Learning, a semi-
supervised learning approach, in improving the generalization performance of landslide susceptibility
models and proposes the Bagging PU-GDBT algorithm. Our findings highlight the effectiveness
of Bagging PU Learning in enhancing the recall of landslides and the generalization capabilities of
models on unbalanced datasets. This method reduces prediction uncertainties, especially in high and
very high susceptibility zones. Furthermore, results emphasize the superiority of models trained on
balanced datasets with 1:1 sample ratio for landslide susceptibility mapping over those trained on
unbalanced datasets.

Keywords: landslide susceptibility mapping; class-prior probability shift; generalization performance
evaluation; Bagging PU learning

1. Introduction

Landslides, characterized by their powerful geological disruptive forces, high fre-
quency, and significant hazards, have led to substantial economic losses and casualties
worldwide. Therefore, the monitoring and prevention of landslide disasters is particularly
crucial. The improvement of monitoring devices such as GPS, Time Domain Reflectometry
(TDR) [1], flexible inclinometers [2], and the development of sensor technologies like Fiber
Bragg Grating (FBG) [3] and Red Green Blue+Depth (RGB-D) [4] have increased the diffi-
culty of landslide monitoring due to the abundance of monitoring data and complex data
structures. Moreover, constraints such as budgetary limitations, economic considerations,
and existing engineering technological conditions make it impractical to conduct compre-
hensive surveys and real-time monitoring for all regions and landslide points. At this point
in time, conducting susceptibility mapping for landslides within a specific regional scope,
narrowing down the monitoring and prevention areas, proves to be a proactive, effective,
and economical strategy.
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Landslide susceptibility mapping modeling integrate the spatial characteristics of
both regional remote sensing and non-remote sensing data, selecting a specific number of
landslide and non-landslide calculation units. It employs either probability statistics or
machine learning methods for modeling. The model is then used to predict the probability
values of landslides occurring across the entire region, which are subsequently categorized
into numerical intervals. Through this quantitative-to-qualitative analytical approach,
regions at risk of landslides are delineated from high to low susceptibility. It involves clas-
sifying the probability of each computational unit in the study area as a landslide category
within specific susceptibility intervals [5]. One of the challenges in this approach is the
assumption that all samples are explicitly labeled as positive or negative. Computational
units in the study area are typically considered negative samples unless explicitly labeled
as landslides [6–9]. However, units not labeled as landslides might still represent potential
landslide areas or undocumented landslide occurrences. In addition to oversampling the
positive sample, many susceptibility studies have adjusted their sampling strategies to
minimize errors arising from unreliable negative samples [10]. Previous studies employed
techniques such as collecting non-landslide samples outside the buffer zone of landslide
edges [11,12], selecting negative samples based on specific characteristics [13,14], construct-
ing collaborative model of supervised and unsupervised learning to select reliable negative
samples [15]. Alternatively, pre-classification methods were used to select negative samples
from locations with very low pre-classification probability [16,17]. Despite these efforts,
these methods often introduce subjectivity or additional complexity. Addressing these
challenges, researchers have turned to the positive-unlabeled (PU) learning method for
landslide susceptibility classification [18,19].

PU classification is designed to make two-class predictions, akin to the traditional
binary classification problem, but with only labeled positive samples in the training set
and unlabeled samples [20,21]. This method’s adaptability to various domains highlights
its potential to mitigate data labeling challenges and enhance the reliability of predictive
models, including those related to landslide susceptibility mapping (LSM).

When addressing positive and negative samples in PU Learning, these methods
assume either that the class-prior probability (the ratio of positive samples) is known
or estimate it through iterative processes [22,23]. However, the challenge in landslide
susceptibility mapping lies in the class-prior probability shift of the modeling dataset to
reality. Class-prior probability shift refers to the shift of the distribution of the dataset
in the source domain and the target domain [21]. The data distribution of the test set in
susceptibility modeling, which is often assumed to be consistent with the training set, is
assumption that may be violated in practice. The true class-prior for landslides is much
smaller than the modeling dataset [24]. The distribution of landslides and non-landslides
in nature is challenging to accurately obtain statistics from a preliminary survey. This
discrepancy means that the data distribution in the test set does not accurately represent
the wide range of labeled unknown areas in nature. In addition, when the established LSM
model is extended to other regions, the regional heterogeneity of landslide distribution
density will also lead to the class-priori shift problem.

The distribution of landslides exhibits heterogeneity and scale effects [25,26]. When
studying and making decisions in different geographical regions and scales, the varying
proportions of landslides to non-landslides can impact the reusability of LSM models.
Considering that bagging PU learning adapts to different positive and negative sample
distributions in the learning process, we aim to explore whether bagging PU learning
can enhance the LSM model’s generalization ability. Although previous studies have
utilized PU-BaggingDT for landslide susceptibility assessment [18,19], there has been
limited discussion on generalization performance. Additionally, Wright [27] demonstrated
that bagging PU learning with SVM classifiers is more robust than PU-BaggingDT for
unbalanced datasets. We apply Bagging PU-SVM to LSM modeling, and, considering that
the GDBT algorithm, integrating decision trees, is more rapid, efficient, and robust, we
propose the Bagging PU-GDBT algorithm. Several classical supervised learning models,
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including SVM, GDBT, LR, and RF, are employed for comparison. To explore reasonable
LSM modeling dataset sample positive-to-negative ratios under the scenario of class-
prior shift, we conducted tests on datasets with different sample ratios. The recall of
landslide samples quantitatively assesses the model’s classification ability, and the standard
error qualitatively contrasts the model’s uncertainty in predicting susceptibility values.
Additionally, an analysis of the model’s generalization ability across different geographical
regions is performed. We hope that this exploration can contribute valuable insights to
landslide early warning and subsequent mitigation efforts.

2. Materials and Methods
2.1. Study Area

The Three Gorges Reservoir area, located in central China, is characterized by a
subtropical monsoon climate with mild and humid conditions, abundant rainfall, high
mountains, deep canyons, complete stratigraphic outcrops, complex geomorphic structures,
and extensive landslide hazard development. For our research, we chose two specific
regions within the Three Gorges Reservoir area to establish datasets, as illustrated in
Figure 1.
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Dataset A was collected from the high-incidence landslide areas in the Three Gorges
Region, specifically from Zigui County, Hubei Province, covering an approximate area
of 2274 km2 (110◦26′E~110◦50′E, and 30◦55′N~31◦5′N). Zigui County is traversed by the
Yangtze River from west to east, and it includes eight main tributaries organized into
perennial stream, with a total flow length of 247.8 km.

Dataset B was collected from Region B, situated in the Enshi Tujia and Miao Au-
tonomous Prefecture, Hubei Province, China, spanning from 110◦18′E to 111◦0′E longitude
and 30◦38′N to 31◦11′N latitude, covering a total area of 2427 km2. In the northern part of



Remote Sens. 2023, 15, 5547 4 of 19

the study area, the main stem of the Yangtze River runs through Guandukou Town and
Xinling Town from west to east, covering a total length of 24.89 km within the region. In
the southern portion of the study area, one of the primary tributaries of the Yangtze River,
the Qingjiang River, flows through Jingooping Township, Qingtaiping Town, and Shuibuya
Town from west to east.

Both regions share similar climatic characteristics and altitude ranges. However, region
A exhibits a greater diversity in geological formations compared to region B. Consequently,
region A is selected as the primary research area, while region B is utilized to validate the
model’s generalization performance.

2.2. Landslide Inventories and Influence Factors

A landslide inventory is vital in susceptibility estimation, serving as labeled positive
samples [28]. Our landslide inventory primarily comprised shallow landslides within the
study area, identified through remote sensing image interpretation based on the landslide
cataloging database provided by the Hubei Geological Environmental Center. Field surveys
supplemented and validated this data. The inventory comprised two types of vector data:
potential landslide points, indicating signs of deformation without a complete slide occur-
rence, and historical landslide polygons. The study area was partitioned using a grid unit
with a size of 30 m, consistent with the resolution of most remote sensing images obtained
for this study. Each grid unit was treated as a sample. In Region A, the landslide inventory
comprises 201 historical landslide polygons and 876 potential landslide points, resulting in a
total of 24,986 landslide units and 2,496,683 unlabeled units. Similarly, in Region B, there are
85 historical landslide polygons and 402 potential landslide points, yielding 17,221 landslide
units and 2,873,629 unlabeled units. As landslide units were predominantly concentrated
within historical landslide polygons, random sampling was conducted on the grid units in
these polygons to reduce the likelihood of potential landslide points being mistaken as noise
by the model, as illustrated in Figure 1. Ultimately, 3835 positive samples were obtained in
Region A, and 3317 positive samples were obtained in Region B.

The evolution of landslides is a complex nonlinear dissipative system with an open
structure, and the factors controlling and inducing landslides are still an area of active
research [29,30]. The factors considered in this study encompass topographic, geological,
environmental, and human-related aspects, as outlined in Table 1.

Table 1. Landslide susceptibility influence factors.

Category Factors Data Source

Topography

Elevation, aspect, slope,
profile curvature, plan

curvature, terrain surface
texture, relative slope position,

topographic wetness index
(TWI), topographic roughness

index (TRI), valley depth

ASTER GDEM data of the Geospatial Data
Cloud (http://www.gscloud.cn/, accessed on

1 March 2023)

Geology Lithology, strata, distance
from faults, slope structure

1:200,000 scale geological map
(http://dcc.ngac.org.cn/, accessed on

1 March 2023)

Environment
NDVI, land use, distance from

rivers, magnitude, Annual
average rainfall

Land use was extracted from GlobeLand30
(http://globeland30.org/, accessed on

1 March 2023). The NDVI was calculated in the
Google Earth Engine platform. Rivers were
derived from the 1:100,000 basic geographic

database of China national catalogue service for
geographic information. Magnitude and rainfall

were provided by Hubei Geological
Environment Station.

Human
activity

Distance from roads, POI
kernel density

1:100,000 basic geographic database of China
national catalogue service for

geographic information

http://www.gscloud.cn/
http://dcc.ngac.org.cn/
http://globeland30.org/
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2.3. Methodology
2.3.1. Landslide Susceptibility Mapping Models

Most PU Learning algorithms simplify the problem of learning classifiers from positive
and unlabeled samples into a binary classification problem, relying on the approximate
premise that the ratio of positive to unlabeled samples increases monotonically with the
positive-negative sample ratio [20,31,32]. However, the occurrence of landslides in exten-
sive geographic regions is a low-probability event. The dataset for susceptibility modeling,
as a result of random sampling according to preset ratios, introduces uncertainty regarding
the quantity of landslide samples in the unlabeled sample set. The data distribution of
unlabeled samples may strongly influence the classifier, and the distribution of positive and
negative samples in the test set often fails to accurately represent the sample distribution
across the entire study area, making the problem more challenging in practice. Suscep-
tibility evaluation ultimately necessitates probability estimates across the entire study
area. Determining the actual proportion of positive and negative samples in the study
area is unfeasible. In such circumstances, a bagging strategy might enhance the stability
of the classifier in the face of diverse sample distributions [33,34]. Bagging PU learning,
as proposed by Mordelet and Vert [31], employs an ensemble approach. This method
employs bootstrapping to estimate a series of classifiers from a training set consisting of
positive sample set P and unlabeled sample set U, and the results of these classifiers are
aggregated through simple averaging. While this method introduces bias, it is not reliant
on weights. It depends on the size of the subsample set and adopts a non-approximation
setting to minimize the impact of positive samples in the unlabeled sample set. Given these
characteristics of Bagging PU learning, it proves more suitable for landslide susceptibility
research compared to other PU learning methods.

The specific operation of bagging PU learning is to randomly collect T subset Ut
containing k unlabeled samples from U. A weak classifier, denoted as ft, is trained using
P and Ut to distinguish between P and Ut. For any x ∈ χ outside the training set (where
x /∈ U), ft assigns a probability ft(x) of being a positive sample:

f (x) =
1
T

T

∑
t=1

ft(x). (1)

Ultimately, these T classifiers are aggregated to produce the result.
Bagging PU learning treats P as noise within U, where U represents empirical contam-

ination. In other words, the higher the proportion of P within U, the more unstable the
classifier may become. The motivation behind bagging is to obtain diverse set of classifiers
by randomly sampling Ut with varying contamination rates, thus generating a series of
classifiers with diversity. The size k of the subsample set generated from U can play a
crucial role in balancing accuracy and the stability of individual classifiers. Since subsets
with less random contamination in part train better-performing base classifiers, adjusting k
allows for a performance gain from these superior base classifiers that can outweigh the
losses incurred by training each classifier on a smaller dataset.

We use γ̂ to denote the probability of hidden positive samples in U, and correspond-
ingly, γ̂t represents the probability of hidden positive samples in Ut. The mean and standard
deviation of the positive sample rate can then be expressed as:

E(γ̂t) = γ̂, (2)

V(γ̂t) =
1
k

γ̂(1− γ̂). (3)

The intuition is that the stability of the classifier can be balanced by adjusting the size,
k, of the subset of unlabeled samples to control the disturbance rate of positive samples
in Ut.
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On the one hand, a larger subset generally results in better classifiers, as any classifica-
tion method typically improves with more training samples. On the other hand, empirical
contamination has a greater impact on smaller subsets. Here, we follow the analysis of
Mordelet and Vert [31]. When P is not too large, k may not need meticulous tuning since it
does not consistently exert a substantial influence on performance. Setting k = NP appears
to be a prudent choice. Additionally, the value of T does not significantly affect the overall
accuracy of the model when k is greater than 200, relieving Bagging PU learning of the
additional burden of parameter adjustment during training. In our experiments, the value
of k aligns with the number of positive samples in the training set, and T is set to 30.

2.3.2. Measure the Uncertainty of the Predicted Value

The generalization ability of the model is primarily reflected by the prediction accuracy
of the unseen data, serving as the most direct expression of the model’s predictive capability.

Due to the limitations of the landslide inventory, it cannot encompass all historical
landslide distributions across the entire study area. Consequently, the actual ratio of
positive to negative samples in the study area remains unknown. Clearly, the predictive
efficacy of a specific model fluctuates in datasets with varying distributions of positive
and negative samples. Without measured values, determining the actual accuracy of the
prediction probability for the entire region is unattainable. However, through numerous
experiments, we can obtain the standard deviation of the mean estimate. By repeating
experiments, we can establish a range and calculate the probability that the true overall
mean falls within a certain range.

The uncertainty of the probability estimate is qualitatively summarized through the
distribution of the standard error (SE) σn of the landslide susceptibility value across the
susceptibility interval for n replicate experiments:

µ =
1
n∑n

i=1 yi, (4)

σ =

√
1
n∑n

i=1 (y i − µ)2, (5)

σn =
σ√
n

. (6)

In Equations (4)–(6), yi represents the estimated susceptibility value for the ith time, µ
is the mean of the multiple repeated estimates results, and σ is the standard deviation of
the multiple repeated estimates results. This distribution can be fitted using the polynomial
obtained through the least square method.

All methods were implemented in Python 3.9. and executed on a Windows machine
equipped with a 6-core Intel 2.9 GHz processor and 12 GB RAM.

3. Results
3.1. Classification Performance of Models

Out of the 3835 positive samples in region A, 70% were utilized as training samples,
and the remaining 30% were designated as test samples for training and testing the Bagging
PU models. These models were then compared with three supervised learning models:
logistic regression (LR), support vector machines (SVM), and random forests (RF). An
equivalent number of unlabeled sample subsets were collected as negative samples in
addition to the positive samples. Due to the biased method used to obtain the landslide
modeling dataset, the ratio of positive to negative samples does not align with the actual
sample space in the study area. In the real world, there are significantly more negative
samples than positive ones in the study area. One of our objectives is to assess whether
imbalanced datasets with varying sample ratios significantly impact the classification
accuracy of the models. Four positive and unlabeled sample ratios of 1:1, 1:5, 1:10, and
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1:20 were adopted to establish the Test Set 1. For each ratio, non-landslide samples were
randomly sampled ten times. The Receiver Operating Characteristic Curve (ROC) was
utilized to compare the overall classification accuracy of the algorithmic models [35]. The
average ROC curve of the model for ten tests is depicted in Figure 2.
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Set 1 of models.

All models demonstrated satisfactory overall classification results. Notably, it seems
that appropriately increasing the negative sample size can enhance the Area Under the
Curve (AUC) of the LSM model. In this study, when the ratio of positive to negative
samples is 1:5, all models except GDBT achieved their highest AUC. The AUC of 1:5 GDBT
model is also second only to that of 1:20. However, the enhancement of bagging PU learning
on the models’ classification performance might not be readily apparent. ROC measures
the overall performance of the model without considering the distribution of positive
and negative samples. When the distribution of positive and negative samples changes,
the shape of the ROC curve remains basically unchanged. However, in the real world,
the recall and precision of the dataset may have changed. A higher recall indicates that
more landslide samples are detected correctly. Precision, on the other hand, represents the
proportion of correctly predicted landslide samples among all predicted landslide samples.
When comparing the recall and precision of multiple predictions, bagging PU learning
models generally exhibited improvements in both the recall and precision of landslide
samples, as illustrated in Figure 3. This improvement becomes increasingly evident with
the expansion of the negative sample size.

In the context of landslide susceptibility classification, the accuracy of the historical
landslide list heavily relies on the validation range and accuracy of field surveys. The shift in
prior probability complicates the ability of some trained models to adapt to changes in data
distribution during actual predictions [36]. We cannot anticipate the extent of the class-prior
shift in advance, which means that a classifier must adapt to an unknown test distribution.

To assess the generalization performance of the model predicted on the unknown
test set, 10 test subsets were randomly sampled from computational units outside the
training and initial test sets, forming Test Set 2. Each subset comprises 2514 samples, and
the distribution of each subset is unknown. The models with 1:1 and 1:5 ratios, which
demonstrated superior classification performance on Test Set 1, were employed to predict
the samples in Test Set 2.

Figure 4 shows the recall and precision of models with training set positive and
negative sample ratios of 1:1 and 1:5 on Test Set 2. The models generally exhibit high recall
for landslide samples, and the recall of the 1:1 models of each algorithm being close to 1,
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and the recall of the 1:5 models exceeding 80%. However, precision is notably low. This
discrepancy arises because the subsets contained very few landslide samples, resulting
in a high recall and low precision scenario. Furthermore, it is evident that the 1:5 models
utilizing Bagging PU learning exhibit enhancements in recall.
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3.2. Uncertainty in the Predicted Susceptibility Values

The average values and SEs for the estimated probabilities were calculated. These
probabilities were categorized into five susceptibility intervals: very low [0.01, 0.20], low
(0.2, 0.45], moderate (0.45, 0.55], high (0.55, 0.80], and very high (0.80, 1.00], corresponding
to five partitions with spatial susceptibility ranging from low to high [37]. The standard
error of the mean (SEM) for the predicted probabilities in susceptibility zones of Test Set 1
are presented in Table 2.
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Table 2. The standard error of the mean of Test Set 1 in susceptibility zones.

Positive and Unlabeled
Sample Ratio Model

SEM

Very Low Low Moderate High Very High

1:1

LR 0.00211 0.00207 0.00463 0.00362 0.0016
SVM 0.00208 0.0021 0.00465 0.00427 0.00158

BaggingPU-SVM 0.00244 0.00209 0.00417 0.00366 0.00155
RF 0.00216 0.00207 0.00443 0.00477 0.00142

GDBT 0.00198 0.00207 0.0049 0.00529 0.0014
BaggingPU-GDBT 0.00186 0.00205 0.00491 0.00503 0.00136

1:5

LR 0.0006 0.00395 0.00212 0.00303 0.00411
SVM 0.00058 0.00423 0.0026 0.00356 0.00322

BaggingPU-SVM 0.00058 0.00367 0.00297 0.00334 0.00287
RF 0.00057 0.00425 0.00299 0.00335 0.00248

GDBT 0.00055 0.00479 0.00303 0.00337 0.00227
BaggingPU-GDBT 0.00055 0.0051 0.00309 0.00335 0.00212

For both 1:1 and 1:5 positive and unlabeled sample ratio, the SEMs of BaggingPU-SVM
and BaggingPU-GDBT in the high and very high susceptibility zones are lower than those
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of SVM and GDBT, respectively. This suggests that Bagging PU learning effectively reduces
uncertainty in the high susceptibility range.

Figure 5 illustrates the distribution of SEs for the predicted values of a model with
training set positive and negative sample ratios of 1:1 and 1:5 on Test set 2. Due to the
limited number of landslide samples in Test Set 2, some models lack predictive value in
the high and very high susceptibility zones. A least squares curve can be used to fit the
relationship between mean and SE. The coefficient of determination (r2) indicates that
Bagging PU learning reduces the uncertainty of the predicted values.

3.3. Generalization Prediction of Models

We employed the same set of influence factors used in Region A to construct a dataset
for Region B and trained a model with a positive and unlabeled sample ratio of 1:1. To
assess the generalization performance of the model beyond the study area, both the Region
A based BaggingPU-GDBT model and the Region B based BaggingPU-GDBT model were
utilized for LSM, as depicted in Figure 6.

There were noticeable disparities in the susceptibility zones between the two maps.
To quantitatively compare these differences, we tallied the number of computing units and
landslide units in each susceptibility zone, as presented in Table 3.
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Table 3. Zonal statistics of landslide frequency ratio.

Model Susceptibility Unite
Proportion

Landslide Unit
Proportion

Frequency
Ratio

Region B based
BaggingPU-GDBT

0.00–0.20 52.42% 0.37% 0.007
0.20–0.45 23.44% 4.01% 0.171
0.45–0.55 6.01% 3.46% 0.576
0.55–0.80 10.64% 13.10% 1.231
0.80–1.00 7.49% 79.06% 10.557

Region A based
BaggingPU-GDBT

0.00–0.20 42.51% 6.87% 0.162
0.20–0.45 34.32% 19.44% 0.566
0.45–0.55 6.66% 7.81% 1.173
0.55–0.80 14.86% 59.40% 3.997
0.80–1.00 1.65% 6.48% 3.917

For the Region B based BaggingPU-GDBT model, the distribution of moderate and
above susceptibility zones aligns with 95.62% of the known landslide samples, with most
landslide samples concentrated in the very high susceptibility zone. For the Region A
based BaggingPU-GDBT model, the distribution of moderate and above susceptibility
zones corresponds to 73.69% of the known landslide samples.

While the recognition rate of landslide samples is not as high as that of the Region
B based model, the landslide samples in the Region A based model are predominantly
concentrated in the high susceptibility zone. The relatively small prediction area of the
moderate and above susceptibility zones leading to a higher frequency ratio, and the
susceptibility prediction results still provide reasonable reference values.

4. Discussion
4.1. Classification Ability of Models

In the context of landslide susceptibility assessment, we acknowledge a certain level
of tolerance for misclassifying non-landslide units, provided that it aligns with overall
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accuracy and enhances landslide recognition rates. As depicted in Figures 3 and 4, it
is evident that bagging PU learning enhances the recognition rate of landslide samples
while maintaining satisfactory overall classification accuracy. Moreover, the increase in
recall persists even when there are alterations in the distribution ratio of positive and
negative samples within the dataset. This improvement is undeniably advantageous
for landslide prevention and control efforts [38]. Furthermore, as dataset imbalances
intensify, Bagging PU learning proves valuable in assisting SVM, a model sensitive to
dataset disturbances, in maintaining a certain level of classification precision. While the
GDBT model inherently exhibits robustness in datasets with varying sample ratios, bagging
PU learning still enhances its recall slightly. By training classifiers using diverse subsets of
unlabeled data and known landslide samples with different positive and negative sample
distributions, varying disturbance rates of unlabeled landslide samples in the test set can
be accommodated. This process renders the final ensemble classifier more flexible and
stable [31].

From Figure 3, it can be observed that the recall of landslide samples in Test Set 1
de-creases monotonically as the positive-to-negative sample ratio decreases. When the
posi-tive-to-negative sample ratio is 1:10, the recall is already below 70%. Therefore,
we specu-late that, contrary to some previous studies [38–40], collecting more nega-tive
samples than positive samples may not be a favorable choice in landslide suscepti-bility
modeling. Past studies examining the positive-to-negative sample ratio typically uti-lize
ROC for direct comparison, rarely considering landslide recall at the sampling stage.
Especially when employing complex algorithms, models built on imbalanced landslide
datasets may tend to predict negative samples more, as these algorithms can better fit the
training set. Consequently, the resulting susceptibility mapping may exhibit a dispropor-
tionately large area of very low susceptibility zones [41]. We utilize models trained with
positive-to-negative sample ratios of 1:1 and 1:5 to generate susceptibility maps for Region
A. As shown in Figure 7, this supports our viewpoint.

The 1:1 models and 1:5 models were used to predict all computing units in region
A, generating susceptibility maps as displayed in Figure 8. The regions predicted as
moderate and above susceptibility by the 1:5 models appear notably more concentrated,
with fewer instances of misclassifying unlabeled samples as landslides. This corresponds
to an improvement in precision. However, unlike typical binary classification problems,
unlabeled samples are not definitively negative classes in landslide susceptibility estimation.
Using evaluation metrics that treat unlabeled samples as negative classes cannot serve
as the sole basis for assessing model quality. Our goal is not only to correctly classify
historical landslides but also to estimate the spatial probability of landslides in unlabeled
areas. Although the 1:1 models exhibit lower precision, fewer potential landslide points are
classified in low and very low susceptibility areas. This suggests that these models have
better captured the characteristics of such landslide samples, leading to more reasonable
mapping results. In contrast, the 1:5 models increase precision at the cost of classifying
more potential landslide points as noise. Moreover, in Figure 7b, logistic regression, serving
as a lower-complexity algorithm in this study, predicts the smallest area of very low
susceptibility zones. This observation indicates that higher-complexity models are more
likely to excessively focus on non-landslide samples in imbalanced datasets. This issue has
often been overlooked in the past and merits further exploration.

4.2. Generalization Ability of Models

The generalization performance of LSM models is typically verified through three ap-
proaches: 1. Examining the accuracy on the test set splinted from modeling dataset;
2. Applying the model to the region where the modeling dataset originated, excluding the
modeling dataset; and 3. Selecting a different study area for validation [42]. In this study,
we have tested all three approaches. Test Set 1 and Test Set 2, respectively, represent the
test set with the same sample distribution as the modeling dataset and the test set with
the same origin of the modeling dataset but different positive-to-negative sample ratios.
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Region B serves as an additional study area to independently validate the generalization
capability of the best model on other datasets.
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Figures 3a and 4a illustrate the stability of the bagging PU learning model. Across
test sets with different sample ratio distributions, both Bagging PU-SVM and Bagging PU-
GDBT exhibit higher recall compared to SVM and GDBT. Figure 8 provides a visualization
of the prediction SEs for models trained with positive and unlabeled sample ratios of
1:1 and 1:5 in the training set, tested on Test Set 1. Comparing Figures 5 and 8, the SEs
for predictions in the moderate and higher susceptibility zones of Test Set 1 are small,
indicating a comprehensive learning of the model for known landslide samples. The
overall SEs for predictions on Test Set 2 are larger, particularly in the moderate and higher
susceptibility zones. This may be attributed to the uncertainty in sample distribution.
However, the SE fitting curves for Bagging PU-SVM and Bagging PU-GDBT are slightly
shifted to the right compared to those of SVM and GDBT, suggesting that Bagging PU
learning assists in reducing the uncertainty in predicting values for very high susceptibility
zones. Therefore, bagging PU methods are considered helpful for the model to overcome
class-prior probability shift in the landslide sample distribution to some extent, thereby
enhancing the model’s generalization capability.
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From Figure 6, it is evident that the Bagging PU-GDBT model trained on data from
Region A exhibits limitations in predicting landslide susceptibility in Region B. We hy-
pothesize that this discrepancy is due to variations in the influencing factors leading to
landslides in the two regions. Figure 9 summarizes the contribution of each factor within
the 1:1 Bagging PU-GDBT model for both regions.
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positive to negative sample ratios of 1:5.

For the Region A model, elevation and rainfall contribute significantly more than other
factors. For the Region B model, the factors with higher contributions are elevation, valley
depth, and distance from road. The differences in the combinations of primary influencing
factors between the two regions may be a crucial reason leading to the decreased general-
ization performance of the Region A-based BaggingPU-GDBT model when predicting in
Region B.

In terms of factor contributions, it is evident that Region B is more susceptible to
triggering factors when compared to Region A. In Region B, the impact of roads and
seismic activity on landslides is more pronounced. Road construction disrupts slope
stability through induced slope cutting, and the reservoir-induced earthquakes increased
sensitivity of slope stability. There is relatively higher seismic activity in the eastern and
southern parts of Region B, in contrast to the weaker seismic activity in the seismic zone
where Region A is located.
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Despite this, the Region A-based BaggingPU-GDBT model manages to maintain a
certain degree of generalization ability in Region B area due to the similarities in elevation
and hydrological features. Elevation serves as the primary controlling factor for landslide
occurrence in both regions, determining dominant topography, vegetation characteristics,
soil weathering, and reflecting, to some extent, human economic and engineering activi-
ties [42]. The factors ‘distance from river’ and ‘rainfall’ hold relatively high importance in
both regions. The mechanical properties of loose rock mass will change under the action
of water [43,44]. The fragile surface materials of slopes exacerbate their instability during
intense rainfall, seismic events, and drastic fluctuations in river water levels [45–47]. As
depicted in Figures 6 and 7, in Region A, high susceptibility areas for landslides predom-
inantly align along both sides of watercourses, while in Region B, these areas primarily
cluster along the Yangtze River, Qing River, and their tributaries. The rock formations
in both regions consist mainly of carbonate rocks, known for their robust resistance to
weathering. Loose deposits are concentrated along the riverbanks, providing the material
foundation for landslide occurrence. The water levels in these rivers experience seasonal
fluctuations influenced by rainfall and groundwater undergoes changes. This pronounced
variability in hydrological characteristics creates advantageous external dynamic conditions
for the incubation and development of geological hazards in mountainous regions.



Remote Sens. 2023, 15, 5547 16 of 19

In summary, the spatial heterogeneity of influencing factors in different geographical
regions significantly impacts the model’s generalization performance [48]. Although we
have preliminary discussed the importance of factors in predictive models in this study,
further exploration of the contribution trends of features to landslide susceptibility should
be considered in future research for model reuse in regions with high homogeneity in
influencing factors.

Landslide Susceptibility Mapping (LSM), as a rapid technique for predicting the
spatial distribution of disasters, provides guidance for rational spatial management. Land-
slides exert an influence on sediment supply in river basins. Landslides within reservoirs
introduce a considerable amount of loose material, thereby contributing to subsequent
debris flows within the reservoir [49]. The LSM in reservoir areas plays a pivotal role in
anticipating potential debris flow occurrences and contributes to catchment planning. The
LSM model proposed in this paper, adaptable to varying landslide distribution ratios in
different regions, exhibits generalizability. It can be applied to other regions with geological,
geographical, hydrological, and climatic similarities, generating landslide sensitivity map-
pings in situations where historical landslide inventories are incomplete. When applied
to global landslide risk monitoring and disaster prevention, it can serve as a foundation
for formulating appropriate natural disaster management policies. This is particularly
crucial in low- to middle-income countries with high population density, where landslides
in densely populated mountainous areas can lead to economic losses, casualties, and even
direct and indirect costs for urban-scale constructions or infrastructure [50–53].

5. Conclusions

Landslide susceptibility modeling encounters challenges arising from imbalanced
data distributions and class-prior probability shifts. This study introduces an approach
utilizing Bagging PU Learning, a semi-supervised learning method, to enhance the per-
formance of landslide susceptibility models. In addition, our study refines the estimation
method of landslide susceptibility uncertainty, employing standard error, and conducts
comprehensive evaluations encompassing classification accuracy and prediction probability
uncertainty. Our findings suggest that:

1. The selection of positive-to-negative sample ratio profoundly affects the classification
performance of LSM model. While models trained on unbalanced datasets exhibit
superior overall binary classification performance, those trained on balanced datasets
demonstrate higher landslide recall. This emphasizes the importance of the trade-
off between precision and recall in LSM modeling, differing from typical binary
classification problems.

2. The positive-to-negative sample ratio significantly impacts the mapping results. Mod-
els trained on unbalanced datasets tend to predict negative samples, lowering the
overall landslide susceptibility probability in the region. Conversely, balanced datasets
yield more reasonable for prevention and control planning.

3. Utilizing Bagging PU Learning in classifiers has the potential to boost recall in the
context of class-prior probability shift, thereby enhancing the overall generalization
performance of the model. This method can reduce the uncertainty of model predic-
tions in high susceptibility areas. In this study, the BaggingPU-GDBT model shows
the best performance.

Our research provides new ideas in landslide susceptibility modeling for reliable
predictions in unbalanced data scenarios. However, given the spatial heterogeneity of
influencing factors, further exploration on how to improve the generalization ability of the
model in additional scenarios is needed.
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