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Abstract. This study applied remote sensing methods combining GIS and machine learning
(ML) in landslide assessment and zonation for the western mountainous area of Nghe An
province, Vietnam. Factors affecting landslide susceptibility are analyzed and included in the
assessment model including terrain elevation, slope, aspect, flow accumulation,
geomorphology, profile curvature, Topographic Position Index (TPI), fault density, road
density, rainfall and land use. A field survey was conducted on July, 2023 to collect the ground
truth data of landslide areas in Nghe An and used as input for the training and validating
process of landslide model with ratios of 70 and 30 percentage. The landslide estimation
algorithms which derived from the machine learning approach including Support Vector
Machine, Random Forest, and Logistic Regression have been investigated with 11 input layers
and field survey training data. The results indicated that among the causative parameters of
landslides in the study area, the most important factor was the Standardized Precipitation
Index, derived from the rainfall data. Additionally, traffic, terrain slope, and elevation were
also significant factors. In terms of the landslide estimation algorithms, the Random Forest
model exhibited the highest accuracy for mapping landslide susceptibility in the western
mountainous region of Nghe An province, with a correlation coefficient (R?) of 0.97. The
research findings demonstrate the effectiveness of integrating remote sensing, GIS, and ML
techniques for landslide research in mountainous areas of Vietnam. This approach provides
valuable insights on landslide susceptibility, and a better understanding of landslide dynamics
in the study area.

Keywords: Landslide, machine learning, remote sensing, susceptibility, Nghe An.

1. Introduction

Landslides are deadly and unpredictable type of natural disaster, which bring serious damage to the
properties and human life [1-5]. Landslides are complex phenomena influenced by numerous criteria
such as geological conditions, geomorphology, climate, and anthropology activities [4]. Therefore, it
can be challenging to develop a single, universally applicable method for landslide assessment. [6].
Several approaches are commonly used in landslide assessment, including field investigations, remote
sensing techniques, geotechnical analysis, and numerical modeling. Field investigations involve on-
site observations, mapping, and monitoring of landslide areas to collect data on geological and
geomorphological features. Remote sensing data including satellite imageries and aerial photos, can
provide valuable information on landslide-related features such as hill shade, land cover changes, and
land surface deformations. Geotechnical analysis involves the characterization of rock properties,
stability analysis, and the assessment of factors that contribute to landslide occurrence [7]. This
approach could support evaluation of the level of slope instability and the susceptibility of landslides
under various conditions. Numerical modeling techniques simulate landslide behavior by considering
the physical properties of the materials involved, the terrain characteristics, and the external forces
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acting on the slope. These models can help in predicting landslide occurrence, understanding landslide
mechanisms, and assessing potential impacts [8-10].

Despite these various approaches, it is important to recognize that each study area has unique
characteristics and requires tailored methodologies. Local conditions, specific objectives, available
data, and resources all play a role in selecting the most appropriate methods for landslide assessment.
Researchers typically adapt and combine different techniques to suit the specific needs of their study
area and improve the accuracy of their assessments. Therefore, continued research and development in
landslide assessment methods are essential to advance our understanding of these complex phenomena
and improve the effectiveness of mitigation strategies.

Various methods have been employed to predict landslides and minimize the resulting damages. These
methods rely on cartographic data and consider the scale of the landscape in the study area [5-7]. In
order to estimate landslides, researchers have identified a connection between previous occurrence of
landslides and the contributing factors using mathematical models. The mathematical relationships
between the historical landslide data and associated risk factors have been analyzed [11-14].
Nowadays, numerous models and techniques have been proposed and implemented for spatial
landslide prediction. These approaches encompass both quantitative and qualitative models [15]. One
commonly used qualitative method is the multi-criteria decision-making method which relies on
professional knowledge and expertise. However, it is worth noting that landslide prediction can be
influenced by the subjective opinions of the researchers [1,16,17]. Among quantitative models,
Machine Learning (ML) is considered the standard model for comparative research based on statistical
theory [10,18-23]. The algorithms related to MLp approach such as Support Vector Machines (SVM)
[24,25], Random Forest (RF) [10,22,26], and Logistic Regression (LR) [27,28], have demonstrated
higher performance in landslide susceptibility mapping. In this study, we aimed to assess landslide
susceptibility in the mountainous districts of Nghe An province by comparing three machine learning
algorithms: SVM, RF, and LR. We employed remote sensing and GIS approaches to generate the
input database and create a landslide susceptibility map. The results of this study not only provide a
landslide zonation map but also offer insights into the causal factors of local landslides. This
knowledge is valuable for researchers and local government agencies in landslide hazard assessment
and implementing effective reduction strategies for the study area.

The aim of this study was to evaluate the susceptibility of landslides in the mountainous districts of
Nghe An province, Vietnam. To achieve this, we compared the performance of three machine learning
algorithms, namely SVM, RF, and LR. By employing remote sensing techniques and Geographic
Information System (GIS) tools, a comprehensive database of relevant factors was compiled to
generate a landslide susceptibility map. The outcomes of this research lead to the generation of a
landslide zonation map. They also provide valuable insights into the contributing factors of landslides
in the local area. This knowledge is of great significance to researchers and local government
agencies, as it enables them to accurately assess landslide hazards and develop effective strategies for
mitigating such risks in the study area. The integration of remote sensing, GIS, and machine learning
methodologies in this study contributes to the development of landslide research and enhances our
understanding of landslide dynamics in mountainous regions of Vietnam.

2. Methodology

2.1. Overview of Study Area

The study area locates in the western mountainous area of Nghe An province, occupies an
approximately 2827 km?[29], including four districts that are Ky Son, Tuong Duong, Que Phong, and
Quy Chau. This area shares borders with Laos and Thanh Hoa Province (Figure 1). It falls within the
subtropical zone, experiencing hot and humid summers from April to October, with an average
temperature peaking at 34°C. The rainy season occurs from May to September due to the northwest
monsoon. Winter, on the other hand, is relatively cold and dry, with an average temperature of 9°C
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due to the northeast monsoons. The average annual rainfall ranges from 1800 mm to 2000 mm, and
the humidity is approximately 80% [30-31].
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Figure 1. Overview of the study area.
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The geological composition of the study area comprises sedimentary, metamorphic, and volcanic
rocks, as well as alluvial formations such as the Dong Trau and Song Ca formations and the Bu Khang
complex. The mountainous and hilly regions primarily consist of sedimentary rocks, while the plains
are associated with alluvial soil. The study area is characterized by a distribution of ferritic soil across
the majority of the area, with alluvial soil present along the floodplains of rivers and streams. The
study area is predominantly occupied by natural forests, planted forests, barren land, cropland, and
scrublands. The terrain is primarily mountainous, with a well-defined river system. The elevation
ranges from 180 meters to 2,720 meters. Approximately 72% of the research area has slopes varying
from 15° to 35° [30-31]. The local villages in this region are predominantly inhabited by forest-
dwelling ethnic minorities whose livelihoods are largely dependent on forest products.

Field survey methods used to document landslides in the study area reveal that they occur most
frequently along road areas, followed by production land on steep slopes (lacking forest cover) and
residential areas (Figure 2).

2.2. Data Processing and Workflow

The landslide susceptibility map of four districts in mountainous area of Nghe An province was
established based on a machine learning approach, integrated with a multi-criteria model. Initially, a
data collection process was conducted to extract information on topographical elevation, GIS and
satellite remote sensing data, which were used to extract parameters related to geomorphology and
hydrology. Furthermore, the study also utilized land cover and traffic data obtained from the free
OpenStreetMap. Additionally, field survey data on landslides were used to assess the accuracy of the
landslide susceptibility model in the study area. The causative parameters of landslides in the study
area were analyzed and determined through a GIS-based approach. Subsequently, 11 input layers
representing the causative factors of landslides in the mountainous districts of Nghe An province were
employed as input for the machine learning models to estimate landslide susceptibility in the study
area.

The data processing is described in Figure 3 as below:

Input Data Landslide Field Survey 30%
-:', Criteria Iimmdl gl  2Jidating

= Topographic "> Elevation

Map » Slope
* DEM » Aspect
= Satellite data > Toporaphic Position
= River Channel Index Tralnmg
= Land Cover » Flow Accumulation
= OpenStreetMap » Profile Curvature
= Geology Map » Geomorphology
= Geomorphology | | » Fault Density
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= Statistical data » Land Cover
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Figure 3. Flowchart of landslide susceptibility mapping for mountainous districts in Nghe An
province using machine learning approach.



GeoShanghai 2024 — Volume 6 IOP Publishing
IOP Conf. Series: Earth and Environmental Science 1345 (2024) 012008 doi:10.1088/1755-1315/1345/1/012008

2.2.1. Data Collection

The study has collected the data related to landslide hazard including the topographical, hydrological,
geomorphological, geological and socio-economic conditions of the study site. The following input
data has been applied in our landslide susceptibility model for mountain districts of Nghe An province.
Firstly, the topographical data was collected using the Shuttle Radar Topographic Mission (SRTM)
Digital Elevation Model (DEM) version 4 terrain data which was provided freely by NASA
(http://srtm.csi.cgiar.org) [32]. Geomorphological condition provided by the Nghe An Department of
Natural Resource and Environment [30]. Geological fault units published by the Vietnam Department
of Geology and Mineral Resources [31]. In addition, the traffic map derived from the Open Street Map
(https://www.openstreetmap.org) was also used in our landslide prediction model. Rainfall data which
is considered as the major causative factor of landslide was utilized in this study via the CHIRPS daily
precipitation data. This rainfall data source was then used for calculation of Standardized Precipitation
Index (SPI) and input to the landslide estimation model [33,34]. Finally, the land cover data that was
obtained freely from the global Dynamic World V1 Land Use/Land Cover (LULC) dataset which was
originated from the Sentinel-2 satellite data [35].

All of the input layers were processed at resolution of 30m, in accordance with the satellite and
available GIS database. In addition, this research also utilized the training polygon data on landslide of
the research area that was established by a field survey on July, 2023 for the modelling and validating
process (Figure 2).

2.2.2. Analysis of landslide causative parameters

Based on reviewing the previous study on landslide susceptibility assessment and evaluation of the
local condition of study area, we have finalized the landslide criteria for our machine learning model
including the terrain elevation, physical parameter and the social-economic criteria.

Terrain elevation is an important factor affecting landslide in an area [25]. Usually, areas located at
high altitudes and steep slope are under high potential of landslide [26,27]. The study collected
elevation data from the SRTM [32]. Based on this terrain elevation data source, we have extracted the
topographical parameters including the slope, aspect, profile curvature, and Topographic Position
Index (TPI).

The physical factors of landslide are considered as the data on geomorphological, hydrological,
geological and rainfall data. The geomorphological map used in this study was provided by Nghe An
Department of Natural Resource and Environment and used directly as input data for landslide model.
The hydrological variable used in our case study is flow accumulation that was also generated from
the SRTM DEM database. Geological factor used in this research involves the fault units of the study
area. Based on this fault distribution map, using the spatial analysis in GIS, we have calculated the
fault density for each area unit, and then applied this parameter for our landslide model. Finally, the
SPI, as developed by McKee et al (1993) [33], is utilized to assess rainfall deficits across various time
scales. The SPI relies on long-term rainfall data to capture the influence of rainfall deficits on different
water sources, for a specified region [33]. In this particular study, the CHIRPS daily precipitation data
was employed to calculate the SPI [34].

The socio-economic variables including data on land cover and the traffic system. The land cover data
was obtained freely from the global Dynamic World V1 LULC dataset [35]. The Open Street Map
(OSM) data was also freely downloaded and used to calculate the road density parameter. These
factors are significantly effect on the landslide probability since our field survey has recorded that
landslide usually happens in the areas without vegetation cover and along the road sides.
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2.2.3. Machine learning based landslide susceptibility model

Characterizing the landslide susceptibility is challenging because the variation of landslide
level depends on various coefficients. Prediction of landslides have been conducted to reduce landslide
damages by many methods that depends on the cartographic data and the scale of landscape in the
study area [5-7]. To predict landslides, mathematical models have been employed to establish the
relationship between past landslides and future occurrences. This is achieved by analyzing the
statistical correlations between the occurrence of previous landslides and various risk factors
associated with landslides [8-14]. The traditional method involves utilizing the Analytical Hierarchy
Process (AHP), developed by Saaty (1990), to determine the weights assigned to the causative
parameters [36]. These weighting schemes are then integrated into the landslide model, allowing for a
comprehensive assessment of landslide susceptibility. This approach is based on professional
knowledge, so the results can be influenced by the subjective opinion of the researcher. Therefore,
quantitatively, and automatically estimation of the weights for input parameters is crucial. In our
study, 11 causative factors of landslide and the field survey training data have been used in a ML
model to estimate the weight scheme and generate the landslide susceptibility map. Three traditional
machine learning algorithms, including RF, SVM, and LR models, are utilized to map landslide
susceptibility with the support of Google Earth Engine (GEE) platform. The RF algorithm operates by
employing multiple decision trees, with randomly selected training samples and variables [22]. RF
offers a significant advantage of processing data rapidly and accurately, even when dealing with high-
dimensional remote sensing data. SVM has also demonstrated its effectiveness in handling complex
remote sensing data [22,26]. The fundamental principle behind SVM is to maximize the distance
between data points belonging to different classes. LR is considered the standard model for
comparative research based on statistical theory [27,28].

2.2.4. Accuracy assessment of landslide prediction models

In this study, the statistical method was used to evaluate the efficiencies of difference ML algorithms
in landslide susceptibility mapping for the mountainous region in Nghe An province. Three main ML
models have been applied in this study including SVM, RF and LR. The overall accuracy (OA) and
Kappa index have been utilized to assess the accuracy of each ML algorithm. The Kappa coefficient of
a landslide estimation model was calculated by comparing the predicted landslide extents from a
model or a mapping method to observed or known landslide extents.

In this study, we use the statistical method to evaluate the efficiencies of difference machine learning
algorithms in landslide susceptibility mapping for the mountainous region in Nghe An province. Three
main ML models have been applied in this study including SVM, RF and LR. The OA and Kappa
indices have been used to evaluate the accuracy of each ML algorithm. The Kappa coefficient used to
evaluate the accuracy of a landslide susceptibility map was calculated by comparing the predicted
landslide extents from a model or a mapping method to observed or known landslide extents. Kappa
coefficient is calculated according to the following formula:

_(T-E)
K= (1-E) (1)

Where:
K is the Kappa coefficient

T: Overall accuracy, measured by the ratio between correct prediction pixels and total number of
evaluated pixels.

E: Expected Accuracy, calculated by Cohen’s Kappa statistic [37]
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Incorporating the Kappa coefficient offers a more robust measure of agreement between the observed
and predicted landslide areas. By considering the possibility of agreement by random chance, it
provides a more reliable assessment of the accuracy of the landslide susceptibility mapping.

3. Results and Discussions

3.1. Roles of Contributing Factors on Landslide Susceptibility Model

Using a machine learning approach with 11 input layers and field survey training polygons, this study
successfully derived a weighting scheme for the landslide causative parameters. The results revealed
the relative importance of these parameters in the study area, as illustrated in Figure 4. The SPI was
found to have the highest weight among the causative factors of landslides. Following SPI, the
variables that carried equal weighted values were traffic and slope, as depicted in Figure 4. The
variables of moderate importance included DEM, flow accumulation, aspect, TPI, and geological
fault. On the other hand, the parameters of geomorphology, land cover, and profile curvature were
considered less important in the landslide susceptibility model for the mountainous districts of Nghe
An province, based on the weighting scheme shown in Figure 4.

Based on these calculated weights, the study generated landslide susceptibility values for the study
area and identified regions that are at high risk of landslides. By incorporating the relative importance
of each causative parameter, the model provides insights into the spatial distribution of landslide
susceptibility and enables the identification of areas prone to landslide occurrences.

SPI8123
fraffic
slope
DEM

Flow
Aspect

TPI

Fault
morphology
landcover

curvature

I T T T T T T T T
0.00 0.02 0.04 0.06 0.08 0.10 0.12 0.14 0.16

Figure 4. Result of weighted estimation for landslide susceptibility mapping in mountainous districts
of Nghe An province.

3.2. Landslide Susceptibility Map and Accuracy Assessment

Field survey data which was conducted in July 2023 has been used to assess the landslide situation in
the study area. The collected data were split with a ratio of 70% for training the landslide model and
30% for accuracy assessment. The training group was used to estimate landslide susceptibility models
using ML techniques, specifically the SVM, RF, and LR models. The accuracy assessment group was
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used to evaluate the performance of the predicted models using two indices: OA and Kappa
coefficient. The accuracy results for these models are presented in Table 1.

Based on the results in Table 1, it is evident that the RF model exhibited the highest performance in
landslide susceptibility mapping. It achieved an overall accuracy of 0.944 and a Kappa coefficient of
0.576. Consequently, the results obtained from the RF model were utilized for landslide susceptibility
mapping and further analysis of landslides in the study area, as illustrated in Figure 6.

The high accuracy and good performance of the RF model ensure the selection of this model for
predicting landslide susceptibility in the mountainous districts of Nghe An province. The results
derived from RF model provide valuable understanding of areas at risk of landslides, facilitating
effective land use management and establishment of mitigation strategies in the local region.

Table 1. Accuracy assessment of the SVM, RF and LR landslide models

Algorithms RF SVM LR
OA 0.944 0.936 0.918
Kappa Coefficient 0.576 0.513 0.297

3.3. Assessing the Landslide Susceptibility in the Study Area

By comparing different landslide prediction algorithms, the RF model has been used to evaluate
landslide susceptibility in this case study. The landslide susceptibility index derived from the RF
model ranged from 0.14 to 0.44. These values were then categorized into four main classes: low,
moderate, high, and very high, using the equal interval breaking method. The results of this
classification can be found in Table 2. The landslide susceptibility map generated using the RF model
is depicted in Figure 6. According to the analysis, approximately 56.66% of the study area falls under
the high susceptibility level (Table 2). Moreover, when combining the high and very high
susceptibility levels, it is observed that nearly 70% of the study area is prone to high or extreme levels
of landslide susceptibility (64.71%). These findings highlight the significant extent of landslide
susceptibility in the mountainous districts of Nghe An province, necessitating urgent attention and
responsibility. This is primarily due to the presence of four mountainous districts characterized by
steep slopes, concentrated rainfall, and hazardous geomorphology, which are highly sensitive to
landslide hazards.

These results emphasize the need for effective measures to manage and mitigate landslide risks in the
study area. The landslide susceptibility map generated by the RF model can serve as a valuable tool
for local authorities and stakeholders in making informed decisions regarding land use planning,
infrastructure development, and disaster risk reduction strategies in the mountainous districts of Nghe
An province.
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Figure 5. Landslide susceptibility mapping using RF machine learning algorithm.

Table 2. Statistics of the area and percentage coverage of landslide extent in the study area.

Landslide Susceptibility Low Medium High Very high
Index values 0.14-0.21 0.21-0.28 0.28-0.35 >0.35
Area (ha) 62762.94  208677.8 435855.56 61940.75
Percentage coverage (%) 8.16 27.13 56.66 8.05

To reduce landslide risk in the study area, the following possible solutions could be considered. These
solutions aim to mitigate the factors contributing to landslides and enhance the resilience of the
affected areas. Firstly, implementing an early warning system can help provide timely alerts about
potential landslide events. This system can utilize real-time monitoring of rainfall, ground movement,
and other relevant factors to detect early signs of instability and trigger appropriate response actions.
Subsequently, developing and enforcing land use planning regulations can help prevent or minimize
landslide risk. This includes identifying areas prone to landslides and implementing zoning regulations
to restrict construction in high-risk zones. It is important to ensure that construction practices should
adhere to appropriate engineering standards to enhance the stability of structures. In addition,
implementing engineering measures to stabilize slopes can significantly reduce landslide risk. These
measures may include the construction of retaining walls, slope reinforcement with geotextiles or
retaining structures, and the installation of drainage systems to control groundwater and surface water
flow. Finally, raising awareness among the local population about landslide risks, their causes, and
preventive measures is crucial. Educational campaigns can provide information on early warning
signs, safe practices, and emergency response procedures. This can empower communities to take
proactive measures to reduce their vulnerability to landslides.

4, Conclusions

The present study employed various machine learning models to map landslide susceptibility in the
mountainous districts of Nghe An province. By integrating remote sensing, GIS, and a multi-criteria
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approach with machine learning techniques, the study was able to provide timely and accurate updates
on the landslide situation in the area. The following conclusions were drawn from the study:

The integration of remote sensing, GIS, and machine learning approaches proved to be effective in
assessing landslide susceptibility in mountainous regions of Nghe An province. This combination of
techniques facilitated a comprehensive evaluation of the factors contributing to landslide occurrence
and improved the accuracy of the susceptibility assessment.

Among the causal parameters considered in the study, the SPI, traffic, and slope were identified as the
primary contributing factors to landslides in the mountainous districts of Nghe An province. In
contrast, geomorphology, land cover, and profile curvature were found to have less importance
compared to the other parameters in the landslide susceptibility model used in this case study.

While the SVM, RF, and LR models demonstrated relatively good performance in assessing landslide
susceptibility in the study area, the RF model emerged as the optimal algorithm. It achieved the
highest OA and Kappa values among the models considered.

The results from this study have practical implications for the application of remote sensing, GIS, and
machine learning methodologies in assessing landslide susceptibility and implementing mitigation
measures for other extents of study areas. The findings contribute to the advancement and potential
application of these techniques in landslide research and risk management.
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