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The areas along transportation routes constructed in mountainous terrain often harbor significant
landslide hazards. Ensemble learning techniques have proven their effectiveness in improving
landslide susceptibility prediction performance. In this study, novel ensemble models (Bagging
(B), Cascade Generalization (CG), and Dagging (D)) based on the Dual Perturb and Combine for
Tree-based (DPCT) approach were employed to predict landslide susceptibility along the Ha Long
— Van Don highway. The dataset comprised 77 landslide locations (3263 points), non-landslide
locations (1:1 ratio with landslide points), and 14 conditional factors, including topography
characteristics, geology, rainfall, and land use/land cover (LULC), which were input parameters
for the models (B-DPCT, CG-DPCT, D-DPCT, and DPCT). Evaluation criteria for model
prediction outcomes included the area under the receiver operating characteristic curve (AUC),
parameters derived from the confusion matrix, the Kappa statistic, and the root mean square error
(RMSE). The results demonstrate that the integration of higher-resolution datasets with hybrid
machine-learning models leads to a significant improvement in predictive performance and
accuracy for landslide susceptibility mapping compared to previous studies. Accordingly,
landslide susceptibility maps predicted based on the B-DPCT model exhibited optimal evaluation
results on the validation dataset (AUC = 0.948, accuracy ACC = 83.6, Kappa statistic = 0.67, and
RMSE =0.37), suggesting their recommended use for construction planning and mitigation efforts

along the Ha Long — Van Don highway to minimize landslide-induced damages.

1. INTRODUCTION

In recent years, climate change and global
warming have intensified extreme weather events,
increasing both their frequency and magnitude (Ado et
al., 2022; Azarafza et al., 2021; D’ Amato and Akdis,
2020; Ghiasi et al., 2023; Ogunbode et al., 2020; Ullah
etal., 2025). This escalation has led to a corresponding
rise in the frequency and scale of natural disasters
(AghaKouchak et al., 2020; Farin6s-Dasi et al., 2024;
Masson-Delmotte et al., 2022; Tin et al., 2024; Ward
et al., 2020). Over the past two decades, natural
disasters have increased by approximately 75 %
globally, resulting in over 1 million fatalities, affecting
more than 4 billion people, and causing economic
losses nearing 3 trillion USD (UNDRR, 2022).
Among these disasters, landslides significantly impact
socio-economic systems (Yadav et al.,, 2023).
Therefore, research on landslide prediction remains
critical for disaster prevention and mitigation (He et
al.,, 2025; Le Minh et al., 2023; Pham et al., 2022;
Tong et al., 2023; Turker, 2025).

Landslide susceptibility mapping (LSM) is an
effective tool in landslide forecasting, aiding
governments in land management, urban planning,

and settlement strategies (Ado et al., 2022; Ghiasi et
al., 2023; He et al., 2025; Luat et al., 2024; Ullah et
al., 2025; Singh et al., 2025; Li et al., 2025; Demirel et
al., 2025). LSM employs two primary approaches:
qualitative and quantitative. Quantitative methods,
particularly those leveraging machine learning (ML),
have proven more effective than qualitative methods
(Saha et al., 2025; He et al., 2025; Ullah et al., 2025;
Saha et al., 2023; Asadi et al., 2022; lbrahim et al.,
2020; Shano et al., 2020).

Ensemble ML techniques enhance the
performance of single models in LSM applications (Li
et al., 2025; Cao et al., 2025; Saha et al., 2024; Dey et
al., 2024; Liu et al., 2023; Saha et al., 2022; Luat et al.,
2020; Phi et al., 2024; Samadi et al., 2024). Commonly
used ensemble techniques include Bagging (Gu et al.,
2024; Zhang et al., 2024), Cascade Generalization (Ali
et al., 2024; Hong, 2023a), Dagging (Bui et al., 2023;
Le Minh et al., 2023; Tong et al., 2023), Decorate
(Hong, 2023b; Le Minh et al., 2023), Multi Boost
(Ajin et al., 2022; Bien et al., 2023) and Rotation
Forest (Ali et al., 2024; Fang et al., 2021; Kalantar et
al., 2020; Pham et al., 2022). Given the complexity
and variability of landslide prediction across different
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regions, no single technique universally excels (Liu et
al., 2023) (Costanzo and Irigaray, 2020; Ramos-
Bernal et al., 2021). This variability underscores the
need to explore and optimize new ML models for LSM
applications (Ali et al., 2024). Each machine-learning
model has its theoretical foundation and techniques
(Azevedo et al., 2024). Therefore, tuning the
parameters of these models helps improve accuracy in
landslide prediction (Yu et al., 2024). Particularly,
ensemble techniques prove effective in enhancing the
prediction accuracy of the original single model (Tang
et al., 2023; Zeng et al., 2023).

Highways are critical infrastructure, supporting
socio-economic  activities by enabling efficient
transportation (He et al., 2025; Ngewie, 2024; Ullah et
al., 2025; Zhou et al., 2024). Landslides along
highways disrupt traffic, endanger lives, and damage
infrastructure (Sun et al., 2023). Highway construction
in mountainous areas often disturbs slopes, increasing
landslide risks (Nguyen et al., 2020; Pasang and
Kubicek, 2020). Furthermore, inadequate
consideration in designing landslide mitigation
structures contributes to frequent occurrences of
landslides (Nguyen, Tien and Do, 2020; Van Tien et
al.,, 2021). Predicting landslides along highway
corridors is thus essential for risk reduction and
infrastructure protection (Pasang and Kubicek, 2020;
Sassa et al., 2020). While highway-corridor LSM has
been studied globally, there remains a critical need for
high-resolution, automated frameworks that can
address the specific geotechnical instabilities of newly
engineered cut-slopes in tropical regions.

The Halong - Vandon Highway is a newly
constructed road that has been in operation only since
February 2019; thus, landslides still occur frequently
and remain a potential hazard in the future (Nguyen et
al., 2020). Nguyen et al. (2020) and Van Tien et al.
(2021) conducted preliminary assessments of the
causes of landslides in the study area, identifying
intense rainfall and steep cut slopes from road
construction as the primary factors (Nguyen et al.,
2020; Van Tien et al., 2021). More recently, Luat et al.
(2024) carried out a study to produce a landslide
susceptibility map along the Halong - Vandon
Highway using an integration of GIS and the Analytic
Hierarchy Process (AHP) and Frequency Ratio (FR)
methods (Luat et al., 2024). However, previous works
in this corridor often relied on qualitative weighting or
general ML models that do not fully capture the local
terrain details (Wadadar and Mukhopadhyay, 2022;
Widiastuti et al., 2025).

The novelty and significant contributions of this
study are summarized as follows. We propose a novel
Dual Perturb and Combine for Tree-based (DPCT)
ensemble framework that simultaneously incorporates
data perturbation through bootstrap resampling and
model perturbation using heterogeneous tree-based
learners. This combination has not been jointly
implemented in previous landslide susceptibility
studies. In contrast to conventional ensemble
techniques such as Bagging, Boosting, and Stacking,

the DPCT framework enhances model diversity more
effectively, mitigates overfitting under complex
mountainous and anthropogenically modified terrain
conditions, and improves model generalization
capability. The proposed DPCT-based ensemble
models were systematically evaluated and compared
with individual machine learning models as well as
traditional ensemble approaches, demonstrating
consistent and significant improvements in predictive
performance in terms of AUC, accuracy, and model
stability. Moreover, this study represents one of the
first applications of DPCT-based ensemble learning
for landslide susceptibility mapping along a critical
transportation corridor in  Vietnam, providing
meaningful scientific and practical implications for
highway infrastructure planning and landslide risk
management.

2. STUDY AREA

The Ha Long — Van Don Highway, constructed
between September 2015 and December 2018, spans
59 km in Quang Ninh Province, northeastern Vietnam.
This four-lane highway, designed for speeds of
100 km/h, connects key tourist destinations, including
Ha Long Bay and Van Don lIsland, fostering
regional socio-economic development
(https://www.quangninh.gov.vn/). The study area
spans 180.55 km? along the highway (Fig. 1),
characterized by diverse topography with elevations
ranging from 2.5 to 395 m. The climate includes
a prolonged rainy season from May to October, with
an average annual rainfall of 2,300 mm, a temperature
of 23 °C, and humidity of 84.6 % (Technology, 2009).
Geologically, the region comprises formations such as
the Hon Gai Formation, Tan Mai Formation, Binh
Lieu Formation, Ha Coi Formation, Cat Ba Formation,
and the Quaternary (Fig. 4c), rich in coal seams, which
may influence slope stability (Thanh, 2011). Since its
operation, the highway has experienced recurrent
landslides, posing risks to traffic safety (Fig. 2) (Van
Tien et al., 2021).

3. METHODOLOGY AND MATERIALS
3.1. METHODOLOGY

The methodology for establishing LSM in the
area of the Ha Long - VVan Don highway is outlined in
Figure 3. This study utilized machine learning models,
including Dual perturb and combine for tree-based
(DPCT), Bagging, Cascade Generalization (CG),
Dagging, implemented in Weka 3.8.6
(https://ml.cms.waikato.ac.nz//weka/), with
hyperparameters detailed in in Table 1.

3.2. ADOPTED MODELS
DPCT

The Dual Perturb and Combine for Tree-based
(DPCT) algorithm, introduced by (Geurts and
Wehenkel, 2005), is an advanced machine learning
technique designed for classification and regression
tasks. It builds upon the traditional Dual Perturb and
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Fig.1  Study area of Ha Long — Van Don Highway for landslide susceptibility mapping.
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Fig. 2 Typical landslides along the Ha Long - Van Don highway: a) at km 10, b) at km 19, c) at km 24, and
d) at km 30 (photo source: Tuan-Nghia Do).
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Table 1 The parameters used for establishing landslide susceptibility maps in the study area.

Models
No Hyperparameters . Cascade :
DPCT Bagging Generalization Dagging
1 Lambda 0.2 - - -
2 Batch Size 100 100 100 100
3 Classifier - DPCT DPCT DPCT
4 Number of Decimal Places - 2 2 2
5 Number of Execution Slots - 1 1 -
6 Number of Interations - 10 - -
7 Seed - 1 1 1
8 Number of Folds - - 20 2

Combine (DPC) framework (Geurts, 2001; Geurts and
Wehenkel, 2005) by analytically combining
predictions from perturbed datasets, eliminating the
need for iterative training and prediction cycles. This
analytical approach optimizes combination weights to
enhance efficiency and compatibility with tree-based
models (Geurts and Wehenkel, 2005; Khosravi et al.,
2022). The operational sequence of DPCT is as
follows:

Step 1: Data Perturbation: Generate multiple
perturbed versions of the original dataset using
techniques such as bootstrapping, feature sampling, or
instance sampling to introduce controlled randomness.

Step 2: Base Model Training: Train independent
base models (e.g., decision trees, random forests, or
gradient boosting machines) on each perturbed
dataset, capturing diverse data patterns due to the
introduced variability.

Step 3: Analytical Combination: Compute
optimal combination weights for the base model
predictions analytically, typically by solving
optimization problems to minimize loss functions or
deriving closed-form expressions.

Step 4: Final Prediction: Calculate the final
prediction for a given input sample as the weighted
sum of the base model predictions, using the optimized
weights.

Step 5: Evaluation and Tuning: Assess the
ensemble model’s performance using appropriate
metrics and fine-tune hyperparameters to optimize
predictive accuracy.

Bagging

Bagging, proposed by (Breiman, 1996), is an
ensemble learning technique that enhances the
stability and accuracy of predictive models while
mitigating overfitting. By training models on diverse
subsets of the training data, Bagging reduces variance
and improves robustness, particularly for weak
learners such as decision trees. The Bagging algorithm
operates as follows:

Step 1: Bootstrap Sampling: Generate multiple
subsets of the original training dataset through
bootstrap sampling, where each subset is of equal size
but may include repeated samples and exclude others.

Step 2: Model Training: Train a predictive
model on each bootstrap subset, enabling each model
to learn distinct data characteristics due to the
variability in the subsets.

Step 3: Prediction Aggregation: Combine
predictions from all trained models, typically using
majority voting for classification tasks to determine
the final prediction.

Cascade Generalization

Cascade Generalization (CG), introduced by
(Gama and Brazdil, 2000), is an ensemble learning
method that enhances classification performance
through sequential stacking. CG augments the original
dataset with new attributes derived from the
probability outputs of base models, reducing bias in
attribute  evaluation and improving predictive
accuracy. Widely applied in natural disaster
assessment (Chen et al., 2019; Pham et al., 2019) , CG
operates as follows:

Step 1: Sequential Attribute Augmentation:
Train a base classifier on the original dataset and
append its probability outputs as new attributes to the
dataset.

Step 2: Iterative Classifier  Training:
Sequentially train additional classifiers on the
augmented dataset, with each classifier leveraging the
enhanced feature set.

Step 3: Final Prediction: Combine predictions
from the sequential classifiers to produce the final
output, typically via weighted voting or averaging.

Dagging

Dagging, proposed by Ting and Witte (Ting and
Witten, 1997), is an ensemble learning technique for
classification  tasks  that  improves  model
generalization by training sub-models on disjoint
subsets of the dataset. This approach mitigates
overfitting and enhances predictive performance. The
Dagging algorithm proceeds as follows:

Step 1: Dataset Decomposition: Divide the
training dataset into disjoint subsets using methods
such as linear decomposition, scalar decomposition, or
neural network-based decomposition.
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Step 2: Sub-Model Training: Train independent
predictive models on each subset, with each model
addressing a specific segment of the data.

Step 3: Prediction Combination: Aggregate
predictions from all sub-models, typically using
majority voting, to generate the final classification
output.

3.3. VALIDATION PARAMETERS

The models used for landslide susceptibility
prediction are validated using evaluation metrics for
classification problems (Bien et al., 2023; Le Minh et
al., 2023; Pham et al., 2022; Wardhani et al., 2019),
including AUC, Positive Predictive Value (PPV),
Negative Predictive Value (NPV), Sensitivity (SST),
Specificity (SPF), Accuracy (ACC), Kappa index, and
Root Mean Square Error (RMSE). In there, AUC is
a critical metric frequently utilized to evaluate the
performance of classifiers (Chen and Chen, 2021).
The AUC is determined by combining SST and SPF
values at each predicted value threshold. The value of
AUC ranges from 0 to 1, with a higher AUC indicating
better model performance (Bien et al., 2023; Chen and
Chen, 2021; Le Minh et al., 2023; Pham et al., 2022).
The PPV, NPV, SST, SPF, and ACC metrics are
expressed as percentages and are calculated based on
four parameters derived from the confusion matrix.
These parameters consist of True Positive (TP) and
False Positive (FP), which respectively denote
correctly and incorrectly predicted landslide samples;
True Negative (TN) and False Negative (FN),
representing correctly and incorrectly predicted non-
landslide samples (Bien et al., 2023; Le Minh et al.,
2023; Pham et al., 2022). Higher values of PPV, NPV,
SST, SPF, and ACC, along with lower RMSE, indicate
greater model accuracy (Dao et al., 2020). The Kappa
index is used as a statistical measure of agreement
between predicted and actual values (Baeza et al.,
2016; Sterlacchini et al., 2011). The Kappa value
ranges from 0 to 1, with a value closer to 1 indicating
greater model accuracy (Prakash et al., 2024). A model
is considered to have high confidence accuracy with
Kappa > 0.59 (Prakash et al., 2024).

The formulas for calculating the metrics
mentioned above are as follows (Le Minh et al., 2023):

PPV = TP/(TP + FP) 1)
NPV = TN/(TN + FN @)
SST = TP/(TP + FN) ?)
SPF = TN/(TN + FP) 4)

ACC = (TP + TN)/(TN + FN + TP + FP) (5)

RMSE = [EC%)" (6)
N-P

where x; and %; are the actual and predicted landslide
susceptibility values, and P is the number of estimated
parameters, including the constant. N is the total
number of landslide samples.

_ Py—Pp
Kappa = = @)
where P, is the relative observed agreement among
raters, and B, is the assumed probability of random
agreement.

3.4. EVALUATION ATTRIBUTE METHODS
Correlation Attribute Evaluation (CAE)

CAE employs the Pearson correlation coefficient
to quantify the strength and direction of the linear
relationship between two continuous variables
(Nettleton, 2014). The value of the correlation
coefficient lies between -1 and 1 (Nettleton, 2014). In
this study, CAE assesses the correlation between each
conditional factor and the binary landslide/non-
landslide outcome in the training dataset (Lucchese et
al., 2020). The correlation coefficient, ranging from
-1to 1, isnormalized to a 0 to 1 scale for consistency
(Luat et al., 2020). A value close to 1 indicates a strong
positive correlation, suggesting that the conditional
factor significantly influences landslide occurrence,
while a value near 0 denotes a weak linear
relationship. The Pearson correlation coefficient is
calculated as follows (Nettleton, 2014):

2(xi=x)Vi—y)
-2 L (01-7)? ®)
where x; and y; are the values of the two variables.
X and y are the means of the two variables.

Gain Ratio Attribute Evaluation (GRAE)

Gain Ratio Attribute Evaluation (GRAE) is
a feature selection metric used in decision tree-based
machine learning algorithms to identify the most
informative attributes for classification tasks (Quinlan,
1986). GRAE quantifies the influence of conditional
factors on landslide occurrence, with higher values
indicating greater relevance. A GRAE value of
0 suggests no relationship between the factor and
landslides. The GRAE calculation involves the
following steps:

Step 1: Entropy Calculation: Entropy measures
the impurity or randomness in the dataset based on the
distribution of class labels (landslide/non-landslide).
Higher entropy reflects greater disorder.

Step 2: Information Gain: This measures the
reduction in entropy achieved by splitting the dataset
based on a given attribute, indicating the attribute’s
contribution to data organization.

Step 3: Split Information: Split information
quantifies the intrinsic randomness of an attribute’s
value distribution. Attributes with many distinct
values yield higher split information.

Step 4: Gain Ratio: The gain ratio normalizes
information gain by dividing it by split information,
balancing the attribute’s informativeness against its
intrinsic complexity.
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OneR method

OneR method is a straightforward attribute
selection technique used in machine learning and data
mining to evaluate the relevance of attributes to
a target variable (Holte, 1993). n this study, OneR
ranks conditional factors based on their influence on
landslide occurrence, with higher OneR values
indicating greater predictive power (Le Minh et al.,
2023). The OneR algorithm operates as follows:

Step 1: Target Variable Selection: Identify the
target variable (landslide/non-landslide) to be
predicted.

Step 2: Data Grouping by Attribute: For each
attribute, group the dataset according to the attribute’s
values

Step 3: Identifying the Most Common Class:
Within each group, determine the most frequent class
(landslide or non-landslide) for the target variable.

Step 4: Rule Creation: Generate simple rules of
the form “If attribute A has value X, predict class Y”
based on the most common class in each group.

Step 5: Accuracy Assessment: Evaluate the
predictive accuracy of the rules for each attribute.

Step 6: Attribute Selection: Select the attribute
yielding the highest prediction accuracy as the OneR
model for the dataset.

3.5. MATERIALS
Landslide inventories

Landslide inventory data, comprising both
landslide and non-landslide locations, are critical for
training and validating machine learning models
(Guet al., 2024; Tehrani et al., 2021; Yang et al.,
2023). In this study, historical landslide data within the
Ha Long — Van Don Highway study area were
compiled through a two-step process: (1) digitization
of landslide locations using high-resolution satellite
imagery from Google Earth, and (2) verification via
field surveys. A total of 77 landslide locations were
identified and represented as polygons. To convert the
data into a format understandable by machine learning
models, landslide data was assigned a value of 1, and
non-landslide data was assigned a value of 0. To
facilitate machine learning analysis, these polygons
were converted into a point-based format at a
10 m/pixel spatial resolution, resulting in 3,263
landslide points labeled with a value of 1. An equal
number of non-landslide points (3,263), labeled with a
value of 0, were sampled to maintain a 1:1 ratio. This
balanced distribution is strategically chosen to
mitigate the risk of model over-fitting toward the
majority class and to ensure the optimal sensitivity of
the DPCT-based ensemble models, a methodological
standard supported by established landslide
susceptibility literature. The non-landslide sampling
followed a two-step procedure: (1) random selection
of points from map layers with slopes less than 5° and
curvature values between -0.05 and 0.05 (indicative of
flat terrain), and (2) verification and normalization
through field surveys. To ensure the robustness of the

sampling process and minimize potential artifacts
from a single random iteration, multiple random
sampling sets were initially tested; however, as the
variance in model accuracy remained negligible,
a final representative set was utilized for the analysis.
The dataset was split into a training set (70 %, 2,392
landslide points) and a validation set (30 %, 871
landslide points), with non-landslide points similarly
divided.

Conditional factors

Landslides result from the complex interplay of
conditional factors, including geological, topo-
graphical, geomorphological, land cover, and
meteorological characteristics (Le Minh et al., 2023).
Among these, rainfall often acts as a triggering factor,
while other factors predispose areas to landslide
events (Crosta and Frattini, 2008; Polemio and
Petrucci, 2000; Zhang et al., 2019). This study selected
14 conditional factors to develop landslide
susceptibility maps for the Ha Long — Van Don
Highway, based on expert knowledge, local
conditions, and statistical evaluation methods
(Correlation  Attribute Evaluation, Gain Ratio
Attribute Evaluation, and OneR). All factors were
standardized to a 10 m spatial resolution to align with
the Digital Elevation Model (DEM) and the high-
resolution landslide inventory. For categorical and
continuous variables with coarser original resolutions,
such as "Geology" and "Rainfall," a bilinear
interpolation resampling technique was employed to
downscale the data to the 10 m grid. While this
downscaling process may introduce minor spatial
uncertainties, it is essential for capturing localized
terrain variations critical for highway-corridor
analysis. To minimize potential artifacts, the
resampled layers were cross-validated with original
field data and existing thematic maps to ensure the
maintenance of geological and meteorological
continuity. These factors are detailed in Table 2 and
illustrated in Figure 4. Their roles in landslide
susceptibility are described below:

1. Elevation (m) reflects terrain potential, with
higher elevations typically associated with greater
landslide  susceptibility due to increased
gravitational forces (Bien et al., 2023; Le Minh et
al., 2023).

2. Weathering crust: This factor indicates the degree
of rock degradation, influencing soil stability and
landslide propensity (Mai, 1996; Phong et al.,
2021; Thanh et al., 2020).

3. Geology: Geological characteristics, such as rock
type and structure, indirectly affect soil and rock
physical properties, impacting slope stability
(Chacon et al.,, 2006; Ohlmacher, 2000;
Sitanyiova et al., 2015).

4. Geotechnical Engineering: This factor describes
soil and rock mechanical properties, which are
critical to slope stability (Sitanyiova et al., 2015).
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Table 2 The source of the conditional factors used in this study.

No Variable Scale Source
- DEM (generated from a 1:10,000 scale topographic map froi
! Elevation (m) 10m Department of Survey, Mapping, and Geographic Information Viet)
2 Weathering crust 10m Survey report on the natural project, code 105.08-2020.25
3 Geology 0m Geological map at scale 1:50,000 from General Department of Geoloy
Minerals of Viet Nam
4 Geotechnical Engineering 10m Survey report on the natural project, code 105.08-2020.25
5 Hydrogeology 10m Survey report on the natural project, code 105.08-2020.25
6 LULC 10m Survey report on the natural project, code 105.08-2020.25
7 Rainfall (mm/day) 10m Viet Nam Meteorological and Hydrological Administration
8 Fault density (km/kmz2) 10m Geological map
9 Stream density (km/km2) 10m Generate from DEM
10 Slope (degree) 10m Generate from DEM
11 Aspect 10m Generate from DEM
12 Curvature 10m Generate from DEM
13 TWI 10m Generate from DEM
14 SPI 10 m Generate from DEM
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Fig.4  Conditional factor maps for landslide susceptibility mapping in the Ha Long - Van Don Highway area.
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Fig.4  Continued

5. Hydrogeological ~ characteristics  indirectly 8. Fault density (km/km2) is characteristic of the

indicate the water retention capacity of soil and degree of rock destruction by tectonic; areas with
rocks, which is related to the conditions of water higher fault densities experience greater rock
pressure in voids within the soil (Tacher et al., destruction, facilitating landslides (Le Minh et al.,
2005). 2023).

6. Land use/Land cover (LULC) represents the 9. Stream density (km/km2) indirectly indicates the
vegetation cover characteristics on the land, water retention capacity of soil and the drainage
typically, areas with dense forest cover have conditions on the terrain (Shirzadi et al., 2017).
lower landslide probabilities (Rabby et al., 2022). Typically, areas with higher flow densities are

7. Rainfall amount (mm/day): As a primary trigger, more favorable for landslides.
rainfall infiltrates soil, increasing saturation and 10. Slope (degree): is also an important factor for
disrupting soil-rock cohesion. Higher daily landslide occurrence (Cellek, 2020). Generally,
rainfall averages, classified using the natural slopes ranging from 25° to 40° are favorable for
breaks method, correlate with increased landslide landslides (Cellek, 2020).

likelihood (Zhang et al., 2019).
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Table 3 The ranking conditional factors used in the selected methods.

Methods
Rank CAE Gain Ratio AE OneR

Factor Values Factor Values Factor Values
1 Slope (degree) 0.65 Slope (degree) 0.22 Elevation (m) 86.30
2 TWI 0.59 Curvature 0.15 Slope (degree) 85.56
3 Elevation (m) 0.50 Elevation (m) 0.14 Curvature 80.61
4 Aspect 0.45 TWI 0.13 TWI 78.50
5 Rainfall (mm/day) 0.28 Aspect 0.12 Aspect 77.01
6 Fault density (km/km2) 0.24 Geology 0.11 Geology 75.36
7 Stream density 0.22 Geotechnical Engineering 0.07 Fault density 66.31

’ ’ (km/km2) '
8 Weathering crust 0.18 SPI 0.07 SPI 65.81
9 CEBeo_techn_lcal 0.14 Stream density 0.06 Rainfall (mm/day) 65.62
ngineering
: Geotechnical

10 Hydrogeology 0.10 Fault density (km/kmz2) 0.04 Engineering 63.07
11 Geology 0.06 Hydrogeology 0.04 Weathering crust 60.58
12 LULC 0.02 Rainfall (mm/day) 0.04 Stream density 60.39
13 Curvature 0.01 LULC 0.03 LULC 59.29
14 SPI 0.01 Weathering crust 0.03 Hydrogeology 57.21

11. Aspect represents the characteristics of windward
slopes, indirectly related to the soil's moisture
absorption from humid air streams (Seda, 2021).

12. Curvature: characterizes the surface terrain,
where flat terrain (values from -0.05 to 0.05)
usually experiences fewer landslides, while
concave (<-0.05) and convex (>0.05) terrains are
more favorable for landslides (Phong et al., 2021).

13. The Topographic Wetness Index (TWI) indirectly
indicates the moisture retention conditions of the
terrain, related to the soil's water saturation.
Higher TWI values indicate greater moisture
retention capacity in the soil, and vice versa
(Conoscenti et al., 2008).

14. The Stream Power Index (SPI): is characteristic
of the energy of the terrain. Higher SPI values
correspond to higher landslide probabilities
(Yilmaz, 2009).

4. RESULTS

Conditional factor importance

The evaluation of conditional factor importance
using Correlation Attribute Evaluation (CAE), Gain
Ratio Attribute Evaluation (GRAE), and OneR
methods reveals distinct rankings for each factor, as
summarized in Table 3. Slope emerges as the most
influential factor according to CAE and GRAE, while
OneR ranks it second, with Elevation identified as the
most influential factor. Elevation is ranked third by
both CAE and GRAE. The Topographic Wetness
Index (TWI) is the second most influential factor per
CAE but ranks fourth in GRAE and OneR
assessments. Aspect is ranked fourth by CAE and fifth
by GRAE and OneR. Curvature, conversely, ranks
second and third in GRAE and OneR, respectively, but
is notably ranked thirteenth by CAE, highlighting
methodological variability. Rainfall is the fifth most
important factor according to CAE but ranks ninth and
twelfth in OneR and GRAE, respectively. Geology is

consistently ranked sixth by GRAE and OneR but
eleventh by CAE. Fault Density is ranked sixth,
seventh, and tenth by CAE, OneR, and GRAE,
respectively. The remaining factors—Weathering
Crust, Geotechnical Engineering, Hydrogeology,
Stream Power Index (SPI), and Land Use/Land Cover
(LULC)—are consistently ranked as having lower
influence across all methods. Collectively, Slope,
Elevation, TWI, Aspect, Rainfall, Curvature, and
Geology are identified as the primary drivers of
landslide susceptibility in the study area.

Figure 5 illustrates the distribution of landslide
and non-landslide points across the classes of each
conditional factor, providing insights into their
influence on landslide occurrence. Accordingly, for
the Slope factor, non-landslide positions mainly
concentrate in classes ranging from 0-50, particularly
with class 0° having a predominant sample count of
over 1700. Landslide positions are more evenly
distributed across classes ranging from 0-45° with
fewer occurrences in classes greater than 45°,
Regarding the Weathering crust, landslides and non-
landslides are predominantly distributed across two
classes: Ferosialit and Ferosialit-Sialferit. For the
Geology factor, landslides are predominantly
concentrated in the Hon Gai Formation (= 2200
samples), Ha Coi Formation (» 630 samples), and
Quaternary (= 250 samples). Conversely, non-
landslide positions are more evenly distributed across
predominant classes, particularly in the Hon Gai
formation (= 1050 samples) and Quaternary (=~ 650
samples). Continuing with the Geotechnical
Engineering factor, both landslides and non-landslides
are concentrated on class G2, with sample counts of
approximately 2450 and 2000, respectively. Similarly,
for the Hydrogeology factor, landslide and non-
landslide positions are predominantly concentrated on
the Water-poor region class, with sample counts of
3000 and 2500, respectively. For LULC, landslides
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Fig.5 Zonal histograms between landslide and non-landslide inventories in the study.
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Fig.5 Continued.

and non-landslides are predominantly distributed in
the Forest class, with sample counts of approximately
2600 and 2000, respectively. Concerning Elevation,
landslides are primarily distributed at elevations
ranging from 2.5 to 250 m, while non-landslides are
distributed at lower elevations (< 50 m). Subsequently,
Rainfall, landslides, and non-landslides are distributed
across all classes. Landslide positions are concentrated
in classes with high rainfall (291 — 353 mm/day) and
moderate rainfall (148 — 155 mm/day), with sample
counts of approximately 1150 and 1000, respectively.
Non-landslide positions are concentrated in classes
with low rainfall (0 - 148 mm/day), with
approximately 1400 samples. Landslides and non-
landslides are distributed across classes ranging from

0 — 1 km/km? for the Fault density factor, with the
highest concentration in the class with a value of
1 km/km?, Regarding Stream density, landslide
positions concentrate from 0 — 11 km/km?, while non-
landslide positions predominantly concentrate from
5- 12 km/km?. Next, for the Aspect factor, landslides
are fairly evenly distributed across directions, with
a major concentration in the South (S) class with 700
samples. Non-landslide positions predominantly
concentrate in the Flat class with approximately 1700
samples. Considering the Curvature factor, landslide
positions are scattered across the value range, whereas
non-landslide positions predominantly concentrate
within the value range from -0.05 to 0.05. For the SPI
factor, landslides and non-landslides are sporadically
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Fig.6  AUC performance of the models: a) Training dataset, b) Validation dataset.

Table 4 Performance of the selected models.

Models
No Parameters Training dataset Validating dataset
DPCT B-DPCT CG-DPCT D-DPCT | DPCT B-DPCT CG-DPCT D-DPCT

1 TP 2220 2221 2219 2198 948 949 948 946

2 TN 1820 2113 1872 2155 495 591 521 569

3 FP 16 15 17 38 23 22 23 25

4 FN 572 279 520 237 376 280 350 302

5 PPV (%) 99.28 99.33 99.24 98.30 97.63 97.73 97.63 97.43
6 NPV (%) 76.09 88.34 78.26 90.09 56.83 67.85 59.82 65.33
7 SST (%) 79.51 88.84 81.01 90.27 7160 77.22 73.04 75.80
8 SPF (%) 99.13 99.30 99.10 98.27 95.56 96.41 95.77 95.79
9 ACC (%) 87.29 93.65 88.40 94.06 78.34  83.60 79.75 82.25
10 Kappa 0.75 0.87 0.77 0.88 0.56 0.67 0.59 0.64
11 RMSE 0.30 0.30 0.30 0.29 0.40 0.37 0.39 0.37

and unevenly distributed across classes. Finally, for Landslide susceptibility maps
the TWI factor, landslide positions predominantly
concentrate in the value range from 0.32 — 8.0, while
non-landslide positions predominantly concentrate in
the value range from 10 - 21.

Using all the datasets for the entire study area, we
have established four landslide susceptibility maps
created by four models, namely DPCT, B-DPCT,
CG-DPCT, and D-DPCT (Fig. 7). Each map is divided
into five susceptibility classes: very low, low,
moderate, high, and very high (Fig. 7) using the

The reliability and accuracy of the models based natural break method. According to the susceptibility
on key parameters, including AUC, PPV (%),  classes, we found that the single model DPCT has
NPV (%), SST (%), SPF (%), ACC (%), Kappa, and  a high area ratio in the very low (41.3 %) and low
RMSE, are evaluated. The numerical evaluation (41.3 %) classes, while the moderate, high, and very
results of the models are detailed in Figure 6 and Table high classes only account for 17.6 % (Figs. 7a, 8a).
4. Accordingly, the B-DPCT model yields the best ~ The CG-DPCT model is similar to DPCT, with the

Evaluation of models

results on the validation set with AUC = 0.948, PPV = majority of the area in the very low and low classes
97.73 %, NPV = 67.85 %, SST = 73.4 %, SPF = (56.8 %), while the remaining three classes account for
96.42 %, ACC = 83.6 %, Kappa = 0.67,and RMSE = 43.2 % (Figs. 7c, 8a). Likewise, the B-DPCT model

0.39 (Fig. 6b, Table 4). dominates the area in the very low and low classes
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Fig.7 Landslide susceptibility maps for the Ha Long — Van Dong highway: a) DPCT, b) B-DPCT,

c) CG-DPCT, d) D-DPCT.

(54.1 %), with the other three classes accounting for
459 % (Figs. 7b, 8a). In the D-DPCT model, the
landslide susceptibility classes are evenly distributed:
very low (18.8 %), low (14.7 %), moderate (15.8 %),
high (14.1 %), and very high (10.8 %) (Figs. 7d, 8a).

5. DISCUSSION

Recent studies have emphasized the evaluation
of machine learning model performance using
validation datasets to assess their effectiveness in
LSM (Bien et al., 2023; Bui et al., 2020; Dao et al.,
2020; Ghasemian et al., 2020; Le Minh et al., 2023;
Nhu et al., 2022; Pham et al., 2022; Phong et al., 2021,
Shahzad et al., 2022; Thanh et al., 2020). The
evaluation results based on metrics of the base DPCT
model are as follows: AUC = 0.919, PPV = 97.63 %,
NPV =56.83 %, SST = 71.60 %, SPF = 95.56 %, ACC
= 78.34 %, Kappa = 0.56, and RMSE = 0.4.
Consequently, the Bagging ensemble technique
enhances the performance of the DPCT model with the
following evaluation metrics: AUC = 0.948 (increase
of 0.029), PPV = 97.73 % (increase of 0.1 %), NPV =
67.85 % (increase of 11.02 %), SST = 77.22 %
(increase of 5.62 %), SPF = 96.41 % (increase of
0.85 %), ACC = 83.60 % (increase of 5.26 %), Kappa
= 0.67 (increase of 0.11), RMSE = 0.37 (decrease of

0.3). Similarly, the Cascade Generalization technique
also improves the performance of the base DPCT
model with the following evaluation metrics: AUC =
0.920 (increase of 0.001), PPV = 9763 %
(unchanged), NPV = 59.82 % (increase of 2.99 %),
SST = 73.04 % (increase of 1.44 %), SPF = 95.77 %
(increase of 0.21 %), ACC = 79.75 % (increase of
1.41 %), Kappa = 0.59 (increase of 0.03), RMSE =
0.39 (decrease of 0.1). Lastly, the Dagging technique
also improves the performance of the base DPCT
model with the following evaluation metrics: AUC =
0.932 (increase of 0.013), PPV =97.43 % (decrease of
0.2 %), NPV = 65.33 % (increase of 8.5 %), SST =
75.80 % (increase of 4. 2 %), SPF = 95.79 % (increase
of 0.23 %), ACC = 82.25 % (increase of 3.91 %),
Kappa = 0.64 (increase of 0.08), RMSE = 0.37
(decrease of 0.3). The analysis results above
demonstrate  that the  Bagging, Cascade
Generalization, and Dagging techniques all have the
potential to enhance the performance of the DPCT
model (Fig. 6, Table 4). In other landslide evaluation
studies, these techniques also demonstrate the ability
to improve the performance of a single model (Ali et
al.,, 2024; Gu et al., 2024; Zhao et al., 2024). This
indicates that ensemble learning techniques can easily
enhance the performance of the original single model
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(Liu et al., 2024; Singh et al., 2024). In this study, the
Bagging ensemble based on the DPCT model
exhibited the best performance compared to the other
models.

Beyond performance metrics, the analysis of
landslide susceptibility maps provides critical insights
into model suitability for the Ha Long — Van Don
Highway study area (Dao et al., 2020; Le Minh et al.,
2023; Phong et al., 2021). Figure 8 illustrates the
distribution of landslide and non-landslide points
across susceptibility classes (very low to very high).
Across all models, the percentage of landslides and
their frequency ratio (FR) increase from very low to
very high susceptibility classes, with landslides
predominantly concentrated in high and very high
classes (Figs. 8b, 8d). Conversely, the percentage of
non-landslides and their FR decrease from very low to
very high classes, with non-landslide points primarily
located in very low and low classes (Figs. 8c, 8e).
According to the FR evaluation method, higher FR
values in high and very high landslide susceptibility
classes and lower FR values in very low and low non-
landslide classes indicate greater map reliability (Bien
et al., 2023; Dao et al., 2020; Le Minh et al., 2023;
Phong et al., 2021). Conversely, the lower the FR
value of non-landslide classes lies below the low and
very low landslide susceptibility classes, the more
reliable the landslide susceptibility map becomes. The
B-DPCT model yields the highest FR for landslides in
the high (FR = 4.59) and very high (FR = 10.03)
classes (Fig. 8d), while the D-DPCT model performs
best for non-landslides in the very low (FR = 3.38) and
low (FR = 1.44) classes (Fig. 8e), reinforcing the
superior reliability of B-DPCT for LSM in this
context.

The analysis of the 14 conditional factors using
CAE, GRAE, and OneR methods reveals varying
importance rankings (Table 3), indicating that each
factor contributes uniquely to landslide occurrence
(Keshri et al., 2023; Yu, et al., 2024). Notably, Slope,
Elevation, and TWI consistently emerged as the most
dominant drivers of landslide occurrence. The high
ranking of the "Slope" factor (ranging from 25° to 40°)
is directly correlated with the extensive cut-slope
construction practices along the Ha Long — Van Don
Highway corridor. As highlighted in the geotechnical
assessments by Nguyen et al. (2020), the excavation
of these steep engineered slopes has disturbed the
natural hillslope equilibrium, making them highly
susceptible to failure during intense monsoonal
rainfall. Similarly, Elevation and TWI reflect the
geomorphological reality of the area; higher elevations
often coincide with the mountainous segments of the
highway where deeper weathering crusts are
prevalent, while higher TWI values indicate zones of
significant moisture accumulation, which facilitates
the reduction of soil shear strength and triggers
instability.

Unlike other studies that include factors such as
distance to roads or traffic density (Dao et al., 2020;
Le Minh et al., 2023; Phong et al., 2021), this study
excluded road-related factors to avoid introducing

noise, given the focus on the Ha Long — Van Don
Highway. Since the entire study area is essentially
a 500 m-1000 m buffer zone of the highway corridor,
"distance to road" would be a redundant parameter.
Instead, focusing on geomorphological factors like
Slope and TWI provides a more granular
understanding of why specific sections of the highway
are more hazardous than others.

The low NPV results (Table 4) observed across
all models further underscore the sensitivity of
machine learning to non-landslide sampling. While
al:1 ratio was maintained to ensure a balanced
training environment, future research should explore
advanced sampling strategies to better distinguish
between truly stable ground and zones that appear
stable but possess latent geomorphological (Gu et al.,
2024; Yang et al., 2023). In subsequent studies, more
attention should be paid to evaluating the selection of
non-landslide locations (Gu et al., 2024; Huang et al.,
2024; Yang et al., 2023). Additionally, we believe that
the performance of the models in future studies can be
improved by the following enhancements: 1) adjusting
the structural parameters of the model, selecting the
optimal model structure, 2) enhancing the detail and
resolution of the conditioning factor maps, 3) ensuring
consistency in the research level and scale of the data,
4) considering weighting the predicted labels
according to the scale of each landslide location.

The Ha Long - Van Don Highway has been in
operation for just over six years (Nguyen, Tien and
Do, 2020). Despite its relatively recent inauguration,
landslides have occurred annually along the route,
particularly during periods of intense rainfall, and the
potential for future occurrences remains substantial.
Consequently, the application of advanced techniques
and the enhancement of landslide susceptibility
mapping (LSM) resolution are both urgent and
necessary. These improvements are expected to
significantly increase the accuracy of landslide hazard
prediction not only within the study area but also in
other areas of interest. To date, limited research has
been conducted to assess landslide hazards in this
region. Among the few notable contributions, Nguyen
et al. (2020) and Van Tien et al. (2021) primarily
investigated the current status and rainfall-induced
triggers of landslides (Nguyen et al., 2020; Van Tien
et al., 2021). The present study builds in part upon the
findings of Luat et al. (2024) but differs substantially
in both methodological approach and data detail (Luat
et al., 2024). Specifically, the landslide inventory has
been updated with higher spatial accuracy, and a more
comprehensive set of 14 influencing factors has been
selected as model inputs. In the work of Luat et al.
(2024), LSM for the Ha Long — Van Don Highway
was produced through a comparative analysis of the
Analytical Hierarchy Process (AHP) and Frequency
Ratio (FR) methods (Luat et al., 2024). While these
approaches are widely used, they share a major
drawback: a heavy reliance on expert judgment, which
can introduce subjectivity. By contrast, machine
learning methods autonomously determine factor
weights and decision rules. Leveraging their capacity
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for generalization and processing large-scale datasets,
machine learning models provide a more objective and
potentially more accurate alternative to traditional
approaches.

There are still many issues related to improving
the performance of models, such as selecting non-
landslide locations, choosing conditional factors, the
level of detail of the data, and the structure of the
selected models. However, this is the first study to
successfully apply combined models to enhance the
performance of DPCT models in establishing
landslide susceptibility maps in highway areas. We
recommend applying the Bagging ensemble based on
the DPCT model in establishing landslide
susceptibility maps for similar conditions. The
landslide susceptibility map based on the B-DPCT
model in the research area is recommended for use in
management, construction planning, and disaster
prevention and mitigation efforts. The classes of the
landslide susceptibility map provide a solid scientific
basis for managers to carry out the aforementioned
tasks.

6. CONCLUSIONS

This study successfully implemented a novel
DPCT-based ensemble framework to map landslide
susceptibility along the Ha Long — VVan Don Highway.
The integration of Bagging with the DPCT base-
learner (B-DPCT) vyielded the most robust results
(AUC = 0.948, ACC = 83.60 %, 83.60 %, Kappa =
0.67, and RMSE = 0.37), significantly outperforming
individual models and traditional heuristic approaches
like AHP. The core findings indicate that
approximately 10 % of the highway corridor falls
within high to very high susceptibility zones. These
areas are characterized by steep engineered cut-slopes
and high topographic moisture retention, confirming
that human-induced terrain modification is a primary
driver of risk in this region. Methodologically, the use
of high-resolution (10 m) data proved essential in
identifying localized hazards that coarser models
would likely overlook.

The analysis of 14 conditional factors using
Correlation Attribute Evaluation (CAE), Gain Ratio
Attribute Evaluation (GRAE), and OneR methods
revealed varying degrees of influence, with Slope,
Elevation, Aspect, Topographic Wetness Index
(TWI), Rainfall, Curvature, and Geology identified as
the most significant drivers of landslide occurrence.
These findings underscore the importance of tailored
factor selection to reflect local geoenvironmental
conditions.

The B-DPCT model identified approximately
10% of the study area as having high to very high
landslide susceptibility, predominantly along the
highway corridor. The resulting susceptibility maps
provide a robust scientific foundation for
governmental agencies to inform land-use planning,
infrastructure development, and disaster mitigation
strategies, thereby reducing landslide-related risks.

Despite these achievements, the study is limited
by the inherent uncertainties of downscaling rainfall
and geological data. Future efforts should focus on
integrating real-time geotechnical monitoring data and
optimizing model architectures to further refine
prediction accuracy. Ultimately, the susceptibility
maps produced herein serve as a vital decision-support
tool for provincial authorities in managing
infrastructure safety and implementing timely disaster
mitigation strategies along this strategic transportation
route.
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