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Abstract: Landslide susceptibility involves random topographical, geological, hydrological morphology,
and hydrometeorology factors. Recent decades have seen alarming landslide hazards in Vietnam. Potential
geological hazards subjected to extreme rainfall have threatened Vietnam's mountainous regions. This study
evaluated the influence of rainfall on landslide susceptibility in Lam Dong province using machine learning
algorithms coporated with the Analytic Hierarchy Process. Crucial impact factors were considered and
analyzed in different rainfall scenarios. Landslide susceptibility maps developed correspond to frequency
scenarios of antecedent rainfall data. The key findings revealed that rainfall conditions significantly
influenced the landslide susceptibility in Lam Dong. The probability of rainfall-induced landslides could
differ depending on the watershed due to rainfall behavior differences. The higher the rainfall intensity, the
greater the risk of landslides. Steep hillsides of over 20% could be highly susceptible landslides to heavy
rainfall intensity or more. Soil zones with high-complex slope conditions containing a high water content
ratio and high swell index subjected to extreme rainfall could have a very high risk of landslides. Fuzzy
probability could be a feasible tool to define crucial landslide-prone conditions regarding rainfall and slope
and model the likelihood of landslide occurrence.

Keywords: Antecedent rainfall, Fuzzy probability, Landslide susceptibility, Machine learning algorithms,
Rainfall intensity, Vietnam.

1. Introduction

Recent efforts in landslide susceptibility analyzing and mapping approaches have evolved
significantly, incorporating advances in remote sensing and GIS techniques, machine learning algorithms
(MLA), big data analytics, and interdisciplinary approaches [1-20]. However, the challenge of studying
landslide susceptibility has involved random or uncertain factors (i.e., topographical, geological,
hydrological morphology, and hydrometeorology). In recent decades, Vietnam and the world have faced
alarming landslides. Geohazards caused by heavy rainfall have significantly influenced Vietnam [10, 15-
20].

Many factors could affect the landslide problem [1-12]. If based on factor stability over time, it could
grouped into two: (1) static/quasi-static factors and (2) dynamic/triggering factors (changing over a short
period that may not follow the law). The main static/quasi-static factors include surface morphology,
geological structure, stratigraphy, physical properties and behavior of the soil, and the hydraulic mechanism
of the slope [7, 8]. In comparison, the main triggering factors include changes in weather and climate
(affecting hydrodynamic conditions in the soil such as pore water pressure, water content, and saturation
ratio); human activities (indirectly affecting geology or changing the topography and geomorphology,
directly increasing the force component causing landslides); the influence of earthquakes; changes in
natural morphology [21-23].

Previous works considered rainfall-induced slope instability in a changing environment [24-28]. Rain
infiltration was the main component influencing slope stability [25-27]. The range of soil pore-water
pressure changes widened with increasing rainfall intensity corresponding to the depth of rainfall infiltration
[29]. However, rainfall intensity and amount per unit of time affected landslide risk, but not in the same
way in areas with different natural conditions [15, 20, 30-37]. Nguyen et al. [19] applied the Analytic
Hierarchy Process (AHP) to generate a landslide susceptibility index by considering eight major impact
factors (i.e., slopes, aspect, land use, soil type, elevation, distance to road, distance to stream, and antecedent
rainfall). Frequency scenarios using 3-day antecedent rainfall data following Regional Frequency Analysis
(RFA) were taken into account. Rainfall antecedent conditions significantly influenced the susceptibility
map of landslides (area under the curve, AUC > 70%) [19].
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A few studies recommended that landslide susceptibility prediction modeling using event-driven
landslide inventories has not been effective in the research area, independent of the landslide inventory map
utilized for training and validation [38]. The impact of environmental change on landslide vulnerability
should be investigated using a physical-based landslide forecasting model with rainfall episodes of different
durations and intensities generated based on the climate-dependent rainfall intensity-duration-frequency
(IDF) curves [39, 40]. Therefore, landslide risk assessment under multiple climate change scenarios could
be room for advancement.

Recent efforts have long investigated relationships between rainfall and landslides, with analyzed
proposals of models and significant advancement in knowledge of this field [19, 25, 41, 42]. The entire
potential energy characteristic of the unsaturated soil slope was established by evaluating the real-time
variations in system potential energy generated by rainwater penetration [25]. Rainfall infiltration's impacts
on soil shear strength, self-weight of sliding mass, and seepage force were taken into consideration to show
the relationship between the sliding depth of the failure surface and rainfall [25]. The slope slide was related
to a characteristic traction development due to rain. Sun et al. evaluated the slope instability affected by
rainwater through indoor model testing and simulation methods: change the law of water flow, dangerous
sliding surface, seepage, and factor of safety over time under rainwater seepage [43]. However, these prior
studies have not assessed the effects of rainfall intensity and cumulative rainfall on landslide risk.

This research presents a feasible approach to examining landslide susceptibility under rainfall
frequency and precipitation impact using machine learning algorithms adapted to the AHP multicriteria
decision-making method—first, a brief description of Lam Dong province (Vietnam) as the case study is
presented. The following section introduces and illumines the methodology. Databases of key conditioning
factors were built and analyzed, considering different rainfall scenarios. Next, spatial analyses were
performed to predict landslide susceptibility. Finally, the key conclusions were drawn from the study.

2. Case study area

Lam Dong province is one part of the Central Highlands, Vietnam, having an area of approximately
9765 km? (Fig. 1). Lam Dong has a mountainous terrain, an average altitude of 200—1500m above sea level
with loamy/weathered soil: mainly red basalt and alluvial soils (highly expansive)[44]. With this geological
feature, the soil structure is weakened rapidly every time there is prolonged heavy rain, along with many
hillside areas with relatively high slopes and areas with reduced vegetation cover. Therefore, the risk of
landslides is always latent. Lam Dong had relatively large rainfall, although unevenly distributed
throughout the year (the rainy season accounts for 85-90%, and the dry season accounts for 10-15%) in the
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Fig. 1. Research area - Lam Dong province in the Vietnam Map

Landslides in Lam Dong province occur annually; however, in recent years, the landslides have
become more complicated [44]. Notably, from June to July 2023, nearly 20 severe landslides occurred in
Lam Dong province, killing nine people, according to a report [44]. On June 29, 2023, 13 landslides
occurred in Da Lat City, killing two people and injuring three people; 3 houses were severely damaged, and
nine houses were partially damaged. In July 2023, many landslides occurred: at Bao Loc Pass (in Da Huoai
district), killing four people (see Fig. 2); the construction embankment in Da Lat city collapsed, causing
two deaths. According to the People’s Committee of Lam Dong province, in the first seven months of 2023,

470 Journal of the Polish Mineral Engineering Society, No 1(55) 2025, January - June, Volume 2


https://doi.org/10.29227/IM-2025-01-02-037

https://doi.org/10.29227/1M-2025-01-02-037 Received: 30 Oct 2024, Accepted: 01 May 2025, Published: 01 Sep 2025

the province recorded 13 heavy rains, causing 236 houses, seven bridges, four irrigation works, and two
schools to be damaged, 336 hectares of crops were damaged [44, 45]. The general comment from
researchers in the area was that prolonged heavy rains have been the primary trigger for the massive
landslides [44, 45].
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Fig. 2. Severe landslide records in recent years at Lam Dong: (a) whole province, (b) Da Lat city, and (c)
Bao Loc city; (d) a serious landslide occurred in the middle of Bao Loc Pass, Lam Dong Province on July
30, 2023, killing four people [45]

3. Methodology
3.1. Data Preparation

Digital elevation data with a grid size of 30x30m resolution utilized for numerical analyses was
obtained from the digital elevation model (DEM) raster data of the Aster satellite (ASTERGDEMv2.0,
USGS), as seen in Fig. 3. The topographic factors were derived from DEM data via ArcGIS software. The
weathering crust and quaternary sediment of the Lam Dong region were referred to in the database of the
Department of Geology and Minerals of Vietnam. Hydrological and geological data were obtained and
digitized from the Vietnam National Geological Database. Landuse data was updated from the National and
Provincial Database. Normalized difference vegetation index (NDVI) data was obtained from the Sentinel-
2 remote sensing images. The digital database indicates that valley terrain is a lowland area distributed
along the Da Nhim, Da Dang, Dai Binh, and Dong Nai rivers (in the districts of Don Duong, Lam Ha, Bao
Loc, Cat Tien, and Da Teh): relatively flat with a slope of 0-3 degrees. The plateau terrain is mainly in Di
Linh, Bao Lam (having an average altitude of more than 800 meters), and a hillslope of over 15 degrees
(~27%).
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Fig. 3. DEM of Lam Dong Province for analyses

Rainfall frequency analyses were based on the 40-year rainfall database (from 1977 to 2019) of the
14 weather-monitoring stations of the Vietnam region-level Hydrology and Meteorology (national and
province levels) and the Institute of Water Resources Planning (see Fig. 4). There was a relatively significant
difference between regions in the province (the highest year reached ~2949 mm/year in the Bao Loc area;
the lowest year reached ~1260 mm/year in Dai Ninh. In El Nino strong years (i.e., 1997-1998), rainfall was
lower than the average for many years [45]. The total rainfall of the province was ~19.5 billion m?, in which
the amount of water generating flow was ~11.0 billion m*® (56.41%). The amount of infiltration and
evaporation was ~8.5 billion m? (43.59%) [44].

Although the time series regressions were statistically credible, there remain doubts regarding the
long-term 100-year extrapolation and geographical kriging. In addition, the rainfall frequency analysis
assumes that the rainfall frequency behavior was independent of time, not counting any probable changes
in the future. Therefore, rainfall intensity-duration-frequency (IDF) curves were generated based on the 40-
year history record used for the current and predicted conditions of climate for a landslide-prone research
region in Lam Dong province [45]. The IDFs were used to incorporate climate change impacts into the
landslide modeling scenarios considering uncertainties in weather conditions. Assuming precipitation was
obtained for Lam Dong province depending on the empirical reduction formula as Equation (1) (the Indian
Meteorological Department proposed short intervals of 0.5, 1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, 5, 6, 12, and 24
hours, with return periods of 2, 5, 10, 25, 50, and 100 years) [39, 40]. The relationship between rainfall and
short duration for the landslide-prone research region is shown in Fig. 5.
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Fig. 4. Rainfall distribution characteristics in the study area from the 40-year rainfall database

P(t)= p(z4)x(ﬂ3 M

where P(24) is the value of daily precipitation (mm), P(¢) is the desired depth of precipitation at the length
of t hours (mm), and ¢ is the rainfall duration (hour) when the depth of precipitation is necessary.
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Fig. 5. Rainfall intensity-duration-frequency trending curves (IDF) for the landslide-prone research region
3.2. Landslide Susceptibility Mapping

A simplified mechanism model for the assessment of rainfall effect on slope instability was proposed
in this study (see Fig. 6). The general limit equilibrium method can be expressed as Equation (2).

_ [Sum of holding components]

FOS = —
[Sum of sliding components]

)
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Fig. 6. Simplified mechanism model for assessment of rainfall effect on slope instability

Many conditioning factors have been pointed out in landslide susceptibility studies [6, 14, 21, 46-
50]. Understanding and determining the impact level of conditioning factors was critical in creating a high-
precision landslide susceptibility model that influences computing landslides in the particular research area.
Some recent studies have mentioned typical and key factors [9-12]. This current work conducted five
conditioning factors representing and reflecting the essential characteristics of the research area (see Table
1). Inherent static and/or quasi-static factors acted as background conditions. While, dynamic factors acted
as key triggering factors, in which rainfall intensity played an important role [20, 30, 37, 51]. Thus, rainfall
intensity was used in this study to construct different research scenarios.

Tab. 1. Conditioning factors for landslide susceptibility analyses

Conditioning factors/ Type

No. d
parameters variable

Classification Category

(1) <100; (2) 100~200; (3) 200~500;
1 | Elevation (m) continuous | (4) 500~1000; (5) 1000~1500; (6) Topography
1500~2500; (7) >2500

(1) <5; (2) 5~15; (3) 15~25; (4)

2 | Slope (degree) continuous 2535 (5) 35~45; (6) >45 Topography
Soil (geological (1) Clayey soils; (2) Loamy soils; (3)
3 | structure of the crust) categorical | Sandy soils; (4) Gravel-sand mixtures; Geology
and its features (5) Gravels
(1) <0; (2) 0~0.05; (3) 0.05~0.10; (4)
4 '(ﬁgi‘/’f)e/ landcover continuous | 0.10~0.15; (5) 0.15~0.20; (6) Environment
0.20~0.25; (7) 0.25~0.30; (8) >0.30
Rainfall intensity, (1) <0.1; (2) 0.1~0.9; (3) 1.0~10; (4) Hydrology &

continuous | 11~30; (5) 31~70; (6) 71~150; (7)

Rl2ans (mm/24hours) >150

Meteorology

The AHP has been well-known as a multicriteria decision-making approach based on pairwise
comparisons to establish priority scales for LSM work [52-54], including assessments for highland regions
in Vietnam [19]. A pairwise comparison matrix was created by rating each criterion against every other
criterion on a relative dominant scale ranging from one to nine. The class with the least influence was
assigned a value of one. In contrast, the class with the most significant impact was assigned a value of nine,
indicating an increasing level of influence. The comparison matrices were constructed to determine the
Consistency Ratio (CR) and Consistency Index (CI).
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Consistency Index (Cl)

Consistency Ratio (CR) =
Random Index (RI)

3)

. Ay =N
Consistency Index (CI) = max—l (4)
n —
where Amax 1s the matrix's largest or principal eigenvalue, which can be easily calculated from the matrix,
and 7 is the matrix's order.

Following the assigned weightage, a factor map was categorized and incorporated into the GIS data.
The acquisitive weights were merged with the several cause groups to yield landslide susceptibility indexes.
The ROC (receiver operating characteristics) curve and AUC values were built for landslide susceptibility
indexes. The simplified technique for carrying out this analysis was as follows: For n classes of landslide
susceptibility indexes, n+1 thresholds can be defined, with the first threshold value (i = 1) less than the
minimum susceptibility index observed in the most stable category and the last threshold value (i = n+1)
more significant than the maximum susceptibility index observed in the most sensitive category. In there,
every threshold forms a confusion matrix in which four types of pixels are defined: true positive (TP), false
positive (FP), true negative (TN), and false negative (FN) pixels. Simultaneously, two statistics could be
calculated: true positive rate (TPR) and false positive rate (FPR). AUC value could be calculated based on
the ROC curve when FPR and TPR were plotted on the X and Y axes, respectively.

True Possitive (TP)

True Positive Rate (TPR) = — - (5)
True Possitive (TP)-+ False Negative(FN)
. False Possitive (FP)
False Positive Rate (FPR) = : — (6)
True Negative (TN)-+ False Positive(FP)
n+l 1 2
AUC = 2 (Xi_xi+1) X(yi+yi+1) (7)
i=2

Landslide susceptibility maps were achieved from spatial analyses using MLA and adapting AHP [as
generalized in Equation (8)]. Conditioning factors were reclassified and weighted based on their
contribution to landslide susceptibility factors (aka landslide susceptibility indexes) to reflect different risk
levels for landslide susceptibility. The AUC-ROC analysis was adopted to validate the analyzed results of
predicted susceptibility zones by comparing them with observed data and known landslide locations from
the landslide records [45].

Raster dataset = > [var] x[w] (8)

1
4. Results and Discussion

Fig. 7 shows variations in expected susceptibility levels based on rainfall intensity and duration. The
AUC of logistic regression analysis was adopted to examine the landslide susceptibility prediction results.
The computed AUC was higher than 0.7, indicating that all conditioning factors produced acceptable
outcomes in the landslide susceptibility analysis for Lam Dong province (see Fig. 8). Fig. 8 illustrates the
ROC charts of landslide susceptibility models considering multivariate logistic regression (LR), AHP and
GIS-data. In terms of overall performance, the stacking model AHP-LR-GIS outperformed the other
landslide models (AUC = 0.79), followed by AHP-LR (0.77) and individual LR (0.70). The hybrid analysis
model based on collaboration between the AHP, LR, and GIS considerably enhanced single techniques for
calculating AUC. Several prior studies have advised adopting integrated approaches [55, 56].

Generally, most of the study area was at moderate or lower landslide risk level under the impact of
light rainfall. In steep slope areas, the risk of landslides increased significantly and became more widespread
with moderate rainfall intensity. Meanwhile, there was a significant change in the level of landslide risk
when affected by heavy rainfall intensity or more. These studied results were quite consistent with the
assessment reports [17, 44]. Landslides have been historically recorded to occur annually between June and
October (in the rainy season). In the rainy season, landslides often occur on mountain passes through steep
hills such as National Highways 20, 27, and 28 [44].
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Fig. 7. Variations of predicted landslide susceptibility levels to the rainfall intensities and durations: (a)
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Fig. 8. ROC curves for evaluation of landside susceptibility models

For high mountainous areas, landslides were recorded at upstream rivers (Lac Duong, Don Duong,
and Di Linh districts) due to steep terrain (slope > 20%) and high surface weathering. In addition, landslides
occurred in urban areas, especially Da Lat city (moderate slope > 15%), because the city area had a high
probability of medium or higher rainfall intensity. Although rainfall was more concentrated in the Southwest
region (Da Teh - Bao Loc - Dai Nga) of Lam Dong province (see Fig. 4), the Lac Duong - Da Lat region
was at high risk of landslides. In particular, landslides due to geological disasters occurred seriously in the
Di Linh district.
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Fig. 9. Schematic of proposed fuzzy logic to define pivotal landslide-prone conditions (i.e., rainfall and
slope) and probability could model the likelihood of landslide occurrence for Lam Dong province.

The previous precipitation and soil moisture levels were most critical for the initial stage of landslides
[20, 24, 28, 35, 43]. Fuzzy probabilities could define uncertain events in landslide susceptibility mapping
that require statistical and qualitative assessments [57]. A fuzzy logic schematic was proposed to define
crucial landslide-prone conditions (i.e., rainfall and slope), and probability could model the likelihood of
landslide occurrence for Lam Dong province (see Fig. 9). Using antecedent rainfall measurements was a
key difficulty in predicting landslide occurrence, which related to the duration over which the accumulation
of precipitation. Thus, there was a considerable scatter in the considered timeframes from prior studies, as
shown in Table 2 [58-60]. Long-duration (days) and short-duration precipitation (hours) are crucial time
triggers for shallow landslides because the critical short-duration rainfall intensity decreased as the
antecedent accumulated rainfall increased [28]. This work considered rainfall thresholds initiating
landslides based on analyses of landslide records within the research scope and location. This proposal was
similar to law landslide rainfall thresholds in the neighboring regions with short-duration antecedent
precipitation [20, 24, 35, 43].

Tab. 2. Rainfall and intensity thresholds initiating landslides

Rainfall thresholds initiating Intensity thresholds initiating
No Region landslides landslides Ref
' g (A = accumulated rainfall days; (I = hourly rainfall intensity; D '
Rl2anrs = 24-hour rainfall) = rainfall duration)
| =49.11- 6.81xD
1 | China NA [58]

1< D <5 (hours)

|\/|InOI’ A15day5 > 50 mm & R|24hrs > 50

mm
, | Hong Severe: Ausdays > 200 mm & Rlggns > | | = 41.83xD0% [58,
Kong 100 mm 1< D < 12 (hours) 59]

Very severe: Aisdays > 350 mm &

R|24hr5 > 100 mm
3 | Japan Rlzanes > 200 mm | =30.71xD° [58,
P 2amre 0.5 < D < 12 (hours) 61]
. 1 =92.06 - 10.68xD

4 | Indonesia | NA [58]

2 <D < 4 (hours)

A3days > 200 mm

5 |SriLanka | Low probability, mean annual | NA [60]
precipitation: Amar < 0.05

6 :5?;: Moderate: Rlzans > 30 mm | = 22.46 - 5.18xD This
Vietgém Severe: Rlzans > 70 mm 0.5 < D < 4 (hours) work
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5. Conclusions

The predicted landslide susceptibility level was evaluated by rainfall frequency and precipitation in
Lam Dong province. A feasible approach to examining landslide susceptibility analysis using machine
learning algorithms adapted to the Analytic Hierarchy Process (AHP) multicriteria decision-making method
was presented. The pivotal findings of this study can be obtained as follows:

(1) Rainfall significantly affected the landslide susceptibility in Lam Dong province. The higher the
rain intensity, the greater the risk of landslides. Most of the research area could be at moderate or lower
landslide risk levels under the impact of light rainfall.

(2) The steep hills were significantly sensitive to heavy rainfall intensity. Da Lat City had a high
potential for landslides due to the high probability of heavy rain intensity despite its moderate slope.
Rainfall-induced landslide levels could vary depending on the watershed due to changes in rainfall behavior.
Steep hillsides greater than 20% or more could be vulnerable landslides to severe rainfall.

(3) Fuzzy probabilities could be used to define crucial landslide-prone conditions, especially rainfall
and slope, and model the likelihood of landslide occurrence for Lam Dong province. Antecedent
precipitation (accumulative rainfall) with short-duration precipitation could considerably trigger shallow
landslides in strong weathering geological conditions; the soil has high swelling properties.

More studies in landslide susceptibility, especially based on empirical modeling systems, could make
room for future work to assess landslide risk in Lam Dong province in detail and comprehensively.
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