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Abstract: The mountainous terrain and monsoon-dominated climate of Central 

Vietnam make the region highly susceptible to rainfall-induced landslides, 

particularly in the Phuoc Son area, where steep slopes, complex geological 

conditions, and intense precipitation frequently trigger slope failures. This study 

develops a landslide susceptibility model using the CatBoost machine learning 

algorithm by integrating Landsat 8-derived surface indicators with key geo-

environmental factors, including topographic, geological, hydrological, and 

vegetation-related parameters such as the Normalized Difference Vegetation 

Index (NDVI). The predictive performance of the proposed model was 

evaluated and compared with four widely used approaches, namely Logistic 

Regression (LR), Support Vector Machine (SVM), Multilayer Perceptron (MLP), 

and Deep Neural Network (DNN). Model accuracy was assessed using the 

Area Under the Receiver Operating Characteristic Curve (AUC). The results 

demonstrated that CatBoost outperformed all benchmark models, achieving 

AUCs of 0.97 and 0.93 on the training and testing datasets, respectively, 

indicating excellent predictive capability and strong generalization. The 

resulting landslide susceptibility maps effectively delineated areas with varying 

levels of landslide risk and provided enhanced spatial accuracy in identifying 

highly susceptible zones. These findings highlight the effectiveness of 

integrating remote sensing data with advanced ensemble machine learning 

techniques for landslide susceptibility assessment in tropical mountainous 

environments and provide a reliable scientific basis for hazard mitigation, land-

use planning, and disaster risk management in Central Vietnam. 
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1. Introduction 

Landslides are among the most damaging 

geo-hazards in tropical mountainous regions, 

where steep terrain, intense monsoon rainfall, and 

rapid land-use changes collectively destabilize 

slopes [1-8]. Central Vietnam is particularly 

vulnerable, as frequent typhoons and extreme 

precipitation events trigger widespread slope 

failures, posing significant risks to infrastructure, 

hydropower development, and human settlements 

[3, 9-11]. In this context, landslide susceptibility 

mapping, which identifies areas prone to future 

slope failures, has become a critical tool for hazard 

mitigation, land-use planning, and disaster risk 

management [3, 5, 6, 11-13]. 

The development of reliable susceptibility 

models depends on the accurate representation of 

landslide conditioning factors, including 

topographic, geological, hydrological, and land-

cover variables, along with a comprehensive 

landslide inventory [14-16]. Traditional approaches 

based on field surveys and expert interpretation 

provide valuable local insights but are often time-

consuming, costly, and difficult to apply 

consistently over large or inaccessible areas [8, 17, 

18]. The integration of remote sensing and GIS 

techniques has significantly improved this process 

by enabling the efficient extraction of terrain 

attributes and surface indicators from satellite data 

[19-23]. In particular, Landsat 8 imagery offers 

valuable multispectral information for deriving 

vegetation and surface condition indices (e.g., 

NDVI), allowing consistent and repeatable 

regional-scale analysis [23, 24]. 

Conventional susceptibility modeling 

approaches, including qualitative methods (e.g., 

AHP and fuzzy logic) and statistical techniques 

such as logistic regression, have been widely used 

but often struggle to capture the complex and 

nonlinear relationships governing landslide 

occurrence [25]. In recent years, machine learning 

(ML) methods, including support vector machines 

(SVM), multilayer perceptrons (MLPs), and deep 

neural networks (DNN), have gained prominence 

due to their ability to model nonlinear interactions 

among conditioning factors [3, 5]. However, these 

models may still face challenges related to 

overfitting, parameter tuning, and handling 

heterogeneous datasets [18, 26, 27]. 

Among advanced ML approaches, ensemble 

learning techniques, particularly gradient-boosting 

algorithms, have demonstrated superior predictive 

performance in landslide susceptibility assessment 

[28-30]. CatBoost, a modern boosting algorithm, is 

specifically designed to handle categorical and 

heterogeneous data efficiently while reducing 

prediction bias and overfitting [31-33]. Despite its 

demonstrated effectiveness in various 

environmental modeling applications, its 

integration with Landsat 8–derived surface 

indicators for landslide susceptibility mapping in 

tropical monsoon environments such as Central 

Vietnam remains limited [34-36]. 

Therefore, this study aims to develop an 

integrated landslide susceptibility modeling 

framework by combining Landsat 8–derived 

surface indicators with the CatBoost algorithm for 

the Phuoc Son region. The performance of the 

proposed model is evaluated against conventional 

methods, including logistic regression, SVM, MLP, 

and DNN. The novelty of this work lies in the 

integration of multispectral remote sensing–based 

feature extraction with an advanced ensemble 

learning approach to improve predictive accuracy 

and spatial reliability in a data-scarce, high-risk 

mountainous environment. 

2. Study area  

The study area is located in the Phuoc Son 

region, currently administratively affiliated with Da 

Nang City in Central Vietnam (formerly Phuoc Son 

District, Quang Nam Province), within a 

mountainous area characterized by complex 

terrain and high landslide susceptibility (Fig. 1). 

The region is situated in the tropical monsoon 

climatic zone and experiences intense seasonal 

rainfall associated with typhoons and prolonged 
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precipitation events, which are recognized as the 

primary triggers of slope instability [3]. 

Topographically, the region is highly rugged, 

consisting of steep slopes, deeply incised valleys, 

and narrow ridges. Elevations range from low-lying 

valley floors of a few tens of meters above sea level 

to mountainous peaks exceeding 1,500 m, with 

some summits rising above 2,000 m. Slope 

gradients vary significantly, from nearly flat areas in 

valley bottoms to very steep slopes (>40°), 

contributing to widespread instability across the 

landscape. 

 

Fig. 1. Research area map showing sample locations of Landslide and non-landslide points 

The geological setting of Phuoc Son is 

diverse, comprising a mixture of hard bedrock 

formations and weathered, structurally weakened 

materials that are highly susceptible to failure 

under intense rainfall conditions. Variations in 

lithology, combined with structural discontinuities 

and weathering profiles, play a critical role in 

controlling landslide occurrence. 

Land cover in the region is heterogeneous, 

dominated by dense tropical forests in the uplands, 

with localized areas of agricultural land, shrubland, 

and exposed surfaces in lower elevations and 

inhabited zones. Vegetation conditions, 

represented by indices such as NDVI, vary from 

dense canopy cover to sparsely vegetated areas, 

influencing slope stability through root 

reinforcement and hydrological regulation. 

Overall, the combination of steep terrain, 

complex geology, intense rainfall, and 

heterogeneous land cover makes Phuoc Son a 
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highly landslide-prone region and an appropriate 

case study for evaluating advanced susceptibility 

modeling approaches. 

3. Methodology and Materials 

 

Fig. 2. Workflow of landslide susceptibility modeling using Landsat 8 data and machine learning models 

This study develops an integrated landslide 

susceptibility modeling framework by combining 

Landsat 8–derived surface indicators with 

advanced machine learning techniques, with 

particular emphasis on the CatBoost algorithm 

(Fig. 2). The methodology involves (i) preparation 

of a landslide inventory and conditioning factors, (ii) 

extraction of remote sensing–based indices, (iii) 

model development using CatBoost and 

benchmark algorithms, and (iv) performance 

evaluation using standard accuracy metrics. The 

overall workflow is designed to assess the 

effectiveness of CatBoost in capturing complex 

nonlinear relationships governing landslide 

occurrence in a tropical mountainous environment. 

3.1. Machine Learning Models 

3.1.1. CatBoost Model 

CatBoost is a gradient boosting decision-tree 

algorithm designed to efficiently handle 

heterogeneous datasets containing both numerical 

and categorical variables [33, 37]. It builds an 

ensemble of decision trees sequentially, where 

each tree minimizes the residual errors of the 

previous model, thereby improving predictive 
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accuracy. The general formulation of gradient 

boosting is expressed as: 

Fm(x) = Fm−1(x) + η ⋅ hm(x) (1) 

where: 

Fm(x)= model prediction at iteration 𝑚, 

hm(x)= decision tree at iteration 𝑚, 

η= learning rate. 

At each iteration, the model minimizes a loss 

function, L(y, F(x)) by computing pseudo-

residuals: 

ri
(m)

= −
∂L(yi, F(xi))

∂F(xi)
 (2) 

These residuals are used to train subsequent 

trees, enabling the model to capture complex 

nonlinear relationships among conditioning factors. 

In this study, CatBoost integrates 

topographic, geological, hydrological, and remote 

sensing variables to predict landslide susceptibility. 

Its ability to handle categorical and continuous 

variables without extensive preprocessing makes it 

particularly suitable for geospatial applications. 

A key advantage of CatBoost is its ordered 

boosting mechanism, which reduces overfitting 

and prediction bias by preventing information 

leakage during training. Additionally, it employs 

symmetric (oblivious) trees, which enhance 

computational efficiency and generalization. 

In this study, CatBoost was used as the 

primary model to predict landslide susceptibility by 

integrating multi-source geospatial data, including 

topographic, geological, hydrological, and remote 

sensing–derived variables. Landsat 8 imagery was 

utilized to derive vegetation and moisture indices 

such as NDVI and mNDWI, which are important 

indicators of slope stability. 

The model was trained using landslide and 

non-landslide samples, allowing it to learn complex 

nonlinear interactions among conditioning factors. 

Its ability to handle mixed data types and capture 

high-order relationships makes it particularly 

suitable for landslide susceptibility assessment. 

3.1.2. Benchmark Models 

To evaluate the performance of CatBoost, 

four widely used machine learning models were 

implemented for comparison: 

Deep Neural Network (DNN): A multilayer 

network capable of modeling complex nonlinear 

relationships through hierarchical feature learning. 

It processes multiple conditioning factors 

simultaneously to estimate landslide probability 

[38].  

Multilayer Perceptron (MLP): A feedforward 

neural network with hidden layers that captures 

nonlinear interactions between input variables and 

landslide occurrence [39].  

Support Vector Machine (SVM): A supervised 

learning model that uses kernel functions to map 

input data into higher-dimensional space and 

identify optimal decision boundaries for 

classification [40].  

Logistic Regression (LR): A statistical 

baseline model that estimates landslide probability 

based on a linear relationship between predictors 

and the log-odds of occurrence [41].  

These models were selected due to their 

widespread application in landslide susceptibility 

studies and their ability to represent different levels 

of model complexity. 

Among these, logistic regression provides a 

statistical baseline, while DNN and MLP capture 

nonlinear relationships, and SVM enables kernel-

based classification. 

The logistic regression model is expressed 

as: 

(y = 1 ∣ x) =
1

1 + e−(β0+∑ βi
n

i=1
xi)

 (3) 

where: 

P(y = 1 ∣ x)= probability of landslide occurrence, 

βi= regression coefficients, 

xi= conditioning factors. 

3.2. Landslide Conditioning Factors 

The model input variables include 

topographic, geological, hydrological, and land-

cover factors derived from GIS and remote sensing 
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data. Topographic parameters such as slope, 

aspect, elevation, and curvature were extracted 

from DEM data, while geological and hydrological 

variables included lithology, distance to faults, 

drainage density, and proximity to rivers. 

Landsat 8 imagery was used to derive key 

surface indicators, including: 

Normalized Difference Vegetation Index 

(NDVI): representing vegetation density 

NDVI =
NIR − Red

NIR + Red
 (4) 

where NIR and Red represent near-infrared and 

red spectral bands, respectively. 

Modified Normalized Difference Water Index 

(mNDWI): indicating surface moisture conditions 

mNDWI =
Green − SWIR

Green + SWIR
 (5) 

where Green and SWIR represent the green and 

short-wave infrared bands. 

These indices provide important information 

on vegetation cover and soil moisture, both of 

which significantly influence slope stability. 

3.3. Model Training and Validation 

The dataset was divided into training and 

testing subsets (70/30) to evaluate model 

performance and generalization capability. The 

models were trained using landslide occurrence 

data and corresponding conditioning factors, and 

their predictive performance was assessed using 

standard evaluation metrics, including the Area 

Under the ROC Curve (AUC) and overall accuracy. 

The AUC is defined as: 

AUC = ∫ TPR(FP
1

0

R−1(x)) dx (6) 

where: 

TPR = True Positive Rate, 

FPR = False Positive Rate. 

3.4. Methodological Advantages 

The proposed CatBoost-based framework 

offers several advantages, including efficient 

handling of heterogeneous data, strong capability 

to model nonlinear relationships, reduced 

overfitting through ordered boosting, and improved 

predictive accuracy compared to conventional 

models. 

4. Results and analysis 

4.1. Conditioning Factors and Their Spatial 

Characteristics 

A total of twelve geo-environmental 

conditioning factors were compiled to characterize 

landslide susceptibility in the Phuoc Son region 

(Fig. 3). These include topographic, geological, 

hydrological, and anthropogenic variables derived 

from GIS and remote sensing datasets. 

Rainfall ranges from approximately 3125 mm 

to 4046 mm annually, with higher precipitation 

zones showing strong correspondence with 

landslide occurrences. Elevation varies from 18 m 

to over 2100 m, reflecting rugged terrain 

conditions, particularly in the southern 

mountainous region, where landslide density is 

higher. Slope angle is a dominant factor, with most 

landslides occurring on slopes exceeding 30°, 

confirming the role of gravitational instability. 

Geological and soil-related parameters 

significantly influence slope stability. Landslides 

are concentrated in weathered formations such as 

sialferite and unconsolidated sediments, as well as 

clay-rich soils with low shear strength. Similarly, 

proximity-based factors indicate that landslides 

frequently occur within 200 m of faults and 100 m 

of roads, highlighting the combined influence of 

tectonic activity and anthropogenic disturbances. 

Terrain curvature and aspect also contribute 

to landslide susceptibility. Concave slopes favor 

water accumulation, increasing instability, while 

slope orientation influences moisture retention and 

vegetation growth. Land-use patterns derived from 

Landsat 8 reveal that disturbed areas, including 

agricultural land and built-up zones, exhibit higher 

landslide susceptibility compared to densely 

forested regions. 

Overall, these conditioning factors 

collectively capture the complex interactions 

governing slope instability and form a robust basis 

for machine learning modeling. 
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Fig. 3. Spatial distribution of landslide conditioning factors in the Phuoc Son region 
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Fig. 3. (continued) 

Collectively, seven Landsat 8 bands 

represent a diverse and complementary spectral 

dataset for modeling landslide susceptibility. Their 

variation across the study area, as illustrated in the 

maps, provides critical input for machine learning 

models such as Logistic Regression or CatBoost, 

enabling the capture of surface conditions and 

geomorphological anomalies associated with 

landslide occurrence. The spatial overlap of 

reflectance anomalies with known landslide 

locations supports their relevance as predictive 

features. 

4.2. Landsat 8 Spectral Characteristics 

The seven multispectral bands of Landsat 8 

imagery provide critical information on surface 

conditions influencing landslide occurrence (Fig. 

4). Each band captures distinct spectral properties 

related to vegetation, soil moisture, and land cover. 

 

Fig. 4. Landsat 8 multispectral bands were used for landslide susceptibility modeling in the Phuoc Son 

region 

Lower reflectance values in visible and near-

infrared bands correspond to dense vegetation and 

stable slopes, whereas higher reflectance values 

indicate exposed soil, disturbed land, or degraded 
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vegetation conditions commonly associated with 

landslide-prone areas. Shortwave infrared bands 

(SWIR1 and SWIR2) highlight variations in soil 

moisture and mineral composition, which are key 

indicators of slope instability. 

The integration of these spectral features 

enhances the model’s ability to detect subtle 

environmental changes associated with landslide 

processes, particularly vegetation degradation and 

moisture anomalies. 

 

Fig. 4. (continued) 

4.3. Model Performance Based on ROC 

Analysis 

The comparative analysis of ROC curves 

reveals clear differences in model performance 

and generalization capability (Fig. 5). Among the 

five models evaluated, CatBoost achieved the 

highest AUC values on both training (0.97) and 

testing (0.93) datasets, indicating superior 

predictive accuracy and robustness. 

SVM also demonstrated strong performance 

with high and stable AUC values, reflecting good 

generalization. In contrast, logistic regression 

exhibited the lowest AUC, highlighting its limitation 

in capturing nonlinear relationships. Neural 

network models (MLP and DNN) showed improved 

performance over LR but displayed noticeable 
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differences between training and testing results, 

suggesting moderate overfitting. 

Among the five models (SVM, LR, MLP, 

DNN, CatBoost), CatBoost achieved the best 

balance between accuracy and generalization, 

maintaining high sensitivity and specificity across 

the full range of false positive rates. 

4.4. Multi-Metric Model Evaluation 
 

  

Fig. 5. ROC curves comparing model performance for landslide susceptibility prediction 

 

Fig. 6. Comparative performance of machine learning models based on multiple evaluation metrics 

The evaluation using multiple performance 

metrics (Accuracy, Precision, Recall, F1-score, 

Kappa, MCC, RMSE, Jaccard Index, and Brier 

Score) further confirms the superiority of the 

CatBoost model (Fig. 6). 

Logistic regression produced consistent but 
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lower performance across all metrics, indicating 

stable yet limited predictive capability. SVM and 

MLP achieved improved results, with SVM showing 

better generalization and MLP exhibiting slight 

overfitting. 

The DNN model achieved the highest 

training performance but showed a noticeable drop 

in testing accuracy, reflecting overfitting due to its 

high model complexity. In contrast, CatBoost 

consistently achieved the highest testing accuracy 

and lowest error values, demonstrating both strong 

predictive capability and excellent generalization. 

 

 

Fig. 6. (continued) 
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Fig. 6. (continued) 

These results highlight that ensemble 

learning methods provide a more reliable and 

balanced approach for landslide susceptibility 

modeling compared to conventional statistical and 

deep learning methods. 

4.5. Landslide Susceptibility Mapping 

  

Fig. 7. Landslide susceptibility maps generated using different machine learning models 
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Fig. 7. (continued) 

The susceptibility maps generated by 

different models show both consistent patterns and 

notable differences (Fig. 7). All models identify 

steep slopes, sparsely vegetated areas, and 

disturbed land as high-risk zones, confirming the 

dominant role of slope, vegetation, and land cover. 
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However, spatial resolution and prediction 

detail vary significantly among models. Logistic 

regression produces smoother and more 

generalized susceptibility patterns, while CatBoost 

and DNN generate more detailed and spatially 

refined predictions. CatBoost, in particular, 

captures localized high-risk zones with greater 

precision, closely matching observed landslide 

locations. 

SVM and MLP provide intermediate results, 

balancing generalization and detail, but not 

achieving the same level of spatial accuracy as 

CatBoost. The improved performance of CatBoost 

is attributed to its ability to model nonlinear 

interactions among conditioning factors. 

Overall, the susceptibility maps confirm that 

advanced machine learning models, particularly 

CatBoost, provide more accurate and reliable 

delineation of landslide-prone areas. 

5. Discussion 

The results demonstrate that the integrated 

CatBoost–Landsat 8 framework provides a robust 

and highly accurate approach for landslide 

susceptibility mapping in the Phuoc Son region. 

The model achieved excellent predictive 

performance (AUC = 0.97 for training and 0.93 for 

testing), significantly outperforming conventional 

statistical approaches such as logistic regression 

and showing competitive or superior performance 

relative to advanced machine learning models [3]. 

This improvement can be attributed to the ability of 

CatBoost to effectively capture nonlinear 

relationships and complex interactions among 

conditioning factors, which are characteristic of 

landslide processes in tropical mountainous 

environments [42]. 

A key observation is the strong agreement 

between predicted susceptibility patterns and the 

spatial distribution of known landslides. High-

susceptibility zones are consistently identified 

along steep slopes, deeply incised valleys, and 

areas affected by anthropogenic disturbances such 

as road construction and deforestation [22]. This 

spatial consistency suggests that the model 

successfully represents the dominant 

geomorphological and environmental controls 

governing slope instability. Unlike simpler models 

that produce generalized susceptibility patterns, 

CatBoost provides more spatially refined 

predictions, allowing the identification of localized 

high-risk zones that are critical for hazard 

mitigation. 

The comparative analysis further highlights 

differences in model behavior. Logistic regression 

exhibited stable but limited predictive capability 

due to its linear assumptions, while SVM and MLP 

provided improved performance by capturing 

nonlinear patterns [43]. The DNN achieved high 

training accuracy but showed a noticeable 

generalization gap, indicating sensitivity to 

overfitting. In contrast, CatBoost demonstrated 

both high accuracy and strong generalization, 

reflecting the effectiveness of boosting-based 

ensemble learning in balancing model complexity 

and robustness. These findings align with recent 

studies indicating that tree-based ensemble 

methods often outperform both traditional 

statistical models and deep learning approaches in 

geospatial hazard prediction tasks. 

The integration of Landsat 8–derived 

spectral indices represents a significant 

contribution of this study. Vegetation and moisture-

related indicators, particularly NDVI and NDWI, 

were found to play a critical role in improving model 

performance [44]. Low NDVI values, associated 

with sparse or degraded vegetation, correspond to 

reduced root cohesion and increased susceptibility 

to surface erosion and slope failure. Similarly, high 

moisture conditions inferred from NDWI are 

indicative of elevated pore-water pressure, which 

reduces shear strength and promotes landslide 

initiation. The inclusion of these indices enables 

the model to account for surface and 

environmental conditions that are not adequately 

captured by static terrain variables alone [44, 45]. 

Furthermore, the results highlight the 
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importance of interactions among conditioning 

factors. Landslide susceptibility is not controlled by 

a single variable but by the combined influence of 

topography, geology, hydrology, and land cover 

[46]. For example, steep slopes may remain stable 

under dense vegetation but become highly 

susceptible when vegetation is removed [45]. 

Similarly, weak geological formations exhibit higher 

failure potential when combined with high rainfall or 

proximity to faults [47, 48]. The ability of CatBoost 

to model such interactions is a major advantage 

over conventional approaches, which often 

assume independent or linear relationships among 

variables. 

From an applied perspective, the 

susceptibility patterns provide valuable insights for 

hazard management and land-use planning. The 

identification of high-risk zones near infrastructure 

corridors and settlements underscores the role of 

human activities in modifying slope stability. Road 

construction, slope cutting, and deforestation 

significantly alter natural equilibrium conditions, 

increasing landslide susceptibility. The model 

outputs can therefore support decision-making by 

identifying areas where mitigation measures such 

as slope stabilization, drainage control, or 

vegetation restoration are required. In addition, the 

spatially explicit nature of the susceptibility map 

makes it suitable for integration into regional 

planning frameworks and disaster risk reduction 

strategies. 

The results also demonstrate the broader 

applicability of machine learning approaches for 

landslide susceptibility assessment in data-scarce 

regions. The use of freely available Landsat 8 data, 

combined with GIS-based conditioning factors, 

provides a cost-effective and scalable solution for 

regional hazard mapping. This is particularly 

relevant for tropical mountainous regions where 

rapid environmental changes and limited field data 

pose challenges for traditional approaches. 

However, several limitations remain that 

should be considered when interpreting the results. 

The model is based on static conditioning factors 

and does not explicitly incorporate temporal 

triggers such as rainfall intensity, duration, or 

antecedent moisture conditions. As a result, the 

susceptibility map represents potential rather than 

real-time hazard conditions. In addition, the quality 

and completeness of the landslide inventory 

influence model accuracy, and under-reporting of 

small or remote landslides may introduce 

uncertainty. The spatial resolution of input data, 

particularly Landsat imagery and DEM, may also 

limit the representation of fine-scale terrain 

features. 

Overall, the findings confirm that integrating 

remote sensing data with advanced ensemble 

machine learning techniques significantly 

enhances landslide susceptibility modeling. The 

CatBoost–Landsat 8 framework provides a reliable 

and efficient approach for capturing complex 

environmental interactions and generating high-

resolution susceptibility maps, offering valuable 

support for both scientific analysis and practical 

hazard management. 

6. Conclusion 

This study demonstrates the effectiveness of 

integrating Landsat 8–derived surface indicators 

with a CatBoost machine learning framework for 

landslide susceptibility mapping in a tropical 

monsoon mountainous region. The CatBoost 

model outperformed LR, SVM, MLP, and DNN in 

terms of AUC and predictive accuracy, confirming 

its strong capability to model complex nonlinear 

relationships among geo-environmental factors. 

The resulting susceptibility maps exhibit improved 

spatial reliability and enable more precise 

identification of high-risk zones. 

The findings provide a practical basis for 

land-use planning, infrastructure development, and 

disaster risk reduction in Central Vietnam and 

similar terrains. However, model performance is 

dependent on the quality and completeness of 

landslide inventory data, and the use of medium-

resolution Landsat imagery may limit fine-scale 
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terrain representation. In addition, the current 

approach relies on static conditioning factors and 

does not explicitly incorporate temporal triggering 

mechanisms such as rainfall variability. 

Future research should focus on integrating 

higher-resolution and multi-sensor datasets (e.g., 

LiDAR and SAR/InSAR), improving landslide 

inventory datasets, and incorporating dynamic 

variables such as rainfall thresholds and real-time 

monitoring. These improvements will support the 

development of more reliable and operational 

landslide early warning systems. 
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