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Abstract

Southwestern China, characterized by highly undulating terrain and mountainous ar-
eas, faces frequent landslide disasters. However, previous studies in this region mostly
neglected the role of extreme rainfall in landslide susceptibility assessment and the socio-
economic risks threatened by landslides. To address these gaps, this study integrated
688 recorded landslides for Tengchong City in the southwest of China and 10 influenc-
ing factors (topography, lithology, climate, vegetation, and human activities), particularly
two extreme precipitation indices of maximum consecutive 5 day precipitation (Rx5day)
and maximum length of wet spell (CWD). These influencing factors were selected after
ensuring variable independence via multicollinearity analysis. Four machine learning
models were then built for landslide susceptibility assessment. The Random Forest model
performed the best with an Area Under Curve (AUC) of 0.88 and identified elevation,
normalized difference vegetation index (NDVI), lithology, and CWD as the four most
important influencing factors. Landslides in Tengchong are concentrated in areas with
low NDVI (<0.57), indicating increased vegetation cover might reduce landslide frequency.
Landslide risk was further quantified via the Analytic Hierarchy Process (AHP) by integrat-
ing multiple socio-economic factors. High-risk zones were pinpointed in central-southern
Tengchong (e.g., Heshun and Tuantian townships) due to their high social exposure and vul-
nerability. Overall, this study highlights extreme rainfall and vegetation as key modifiers of
landslide susceptibility and identifies the regions with high landslide risk, which provides
targeted scientific support for regional early-warning systems and risk management.

Keywords: Random Forest; landslide susceptibility; landslide risk; Analytic Hierarchy
Process; extreme rainfall

1. Introduction
Landslides refer to natural processes in which a mass of rock or soil on an inclined

surface moves downward, either partially or completely, induced by either natural or
human-induced causes [1]. As a common geological disaster, a landslide is sudden and
destructive. It not only directly affects construction, transportation, and the ecological envi-
ronment but also threatens the safety of people’s lives and property, causing far-reaching
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social and economic impacts [2,3]. According to statistical data from the China Natural Re-
sources Bulletin (2024) [4], landslides accounted for 57.98% (3316 out of 5719) of all recorded
geological disasters in China in 2024. Southwestern China, with its complex terrain and
extensive mountain ranges, is a region that has always been at high risk of landslides
and other geological disasters. The Department of Emergency Management of Yunnan
Province (2025) reported that geological hazard events in 2024 impacted an estimated
80,000 individuals, spanning 48 county-level administrative units across 15 prefecture-level
divisions of the province [5]. Therefore, it is crucial to undertake a comprehensive landslide
susceptibility assessment, geohazard risk analysis, and identification of landslide-prone
areas in Yunnan province of southwest China.

Landslide susceptibility is defined as the probability of landslides occurring in an area
under basic geographic conditions. Traditional models, such as the Weights of Evidence
(WOE) method [6–8] and the Coefficient of Determination approach [9,10], have been
widely employed in landslide susceptibility assessments. These models can reveal the
dominant influencing factors of regional landslides. For example, the results obtained
from the WOE method demonstrated that the distribution of landslides in Badong is
predominantly concentrated along both sides of rivers and is influenced by faults [11].
Similarly, the results obtained from the Coefficient of Determination approach demon-
strate that rivers, faults, and rocks are the primary factors of landslides in the Qin-Ba
Mountain region [12]. Although traditional models are straightforward, easy to compre-
hend, and highly interpretable, these assessment techniques are limited by their incapacity
to fully account for all possible influencing factors in the analysis, e.g., vegetation and
extreme rainfall.

In recent years, machine learning has provided a new framework for landslide suscep-
tibility research, leveraging its strong capabilities in data mining and pattern recognition,
as well as providing more accurate predictive results. Among them, the most repre-
sentative models are Random Forest (RF) [13,14], Back Propagation Neural Networks
(BPNNs) [10,15], Support Vector Machines (SVMs) [9,16], Logistic Regression (LR), and
Naive Bayes (NB) [17]. Researchers have conducted a lot of studies to evaluate different
areas using different machine learning models. For example, the multivariate LR method
is employed in northeast Kansas, identifying slope as the most significant predictor of
landslide risk [18]. Two machine learning methods called RF and RF-SVM are developed
to evaluate landslide susceptibility in the Rangit River watershed, and the results indicate
both high regional risk and the superior predictive capability of the hybrid model [19].
The evaluation conducted in the Nandakini River basin compares three machine learning
models, including RF, Deep Learning Neural Network (DLNN), and Artificial Neural Net-
work (ANN), and demonstrates that the DLNN achieves the highest predictive accuracy
in landslide susceptibility assessment [20]. Similarly, the comparative evaluation between
LR and other machine learning approaches reveals that the RF model exhibits the highest
predictive accuracy in the Sihjhong watershed of Taiwan [21]. The consistently better
performance of machine learning models across various regions confirms their technical
superiority in landslide susceptibility assessment.

Landslide risk refers to the impact of landslides on human activities and economic
factors. The Analytic Hierarchy Process (AHP) is a quantitative and multi-criteria method
designed for the hierarchical representation of a decision-making problem. This approach
has been extensively employed in disaster risk assessment. For example, in ground subsi-
dence risk assessment, AHP can quantitatively assign weights to hydrological, geological,
anthropogenic factors and other factors [22]. Similarly, AHP can be used in flood, landslide
and earthquake hazard assessment by assigning a weight value to each selected factor
to provide risk maps for multi-hazard assessment modelling [23–25]. It has previously
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been mathematically validated and used to identify landslide risk in India [26]. As a semi-
quantitative technique, AHP combines qualitative and quantitative methods. Machine
learning training and simulation rely heavily on inventory data. However, landslide risk is
a further assessment by considering socio-economic factors. Therefore, machine learning-
based susceptibility maps serve as a key input in the AHP framework, creating a hybrid
model. This approach weights outputs of machine learning and other layers to ensure
the final risk maps are statistically reliable and informed by socio-economic judgment.
Consequently, the hybrid model and the resulting map are valuable for decision-making.

Rainfall, different from terrain, geology, and other factors, is greatly affected by
climate change. The relationship between rainfall and landslides has always been
a research hotspot. Previous work identified a close relation between rainfall and
landslide [27,28]. It is well accepted that shallow landslides and debris flows are trig-
gered by high-intensity, short rainfalls, and deep-seated landslides occur as a result of less
intense rain over a long time [29–31]. However, previous studies have mostly considered
the annual average precipitation [32–34]. Extreme rainfall is often a key factor in triggering
landslides, especially in areas with existing potential landslides. Heavy rainfall exerts an
influence on the land surface, thereby affecting the movement of land surface materials.
Long-term continuous rainfall leads to severe water infiltration, affecting deep soil layers.
Therefore, the integration of extreme rainfall indices (e.g., rainfall intensity and duration) is
expected to enhance the predictive precision of landslide susceptibility mapping through
capturing rainfall intensity extremes beyond traditional mean-based metrics.

Therefore, this study employed four commonly used machine learning models and
combined them with AHP for landslide susceptibility and risk assessment in Tengchong
city. Compared with previous studies, this study has two major innovations. First, in
the selection of influencing factors, the important influence of extreme rainfall on land-
slide occurrence is fully considered. The extreme rainfall indicators are introduced, and
two representative factors are screened by correlation analysis for inclusion in landslide
susceptibility assessment. It improves the accuracy of landslide prediction under extreme
rainfall conditions. Second, a landslide risk zoning framework is developed through the
integration of AHP and machine learning modeling. The results provide valuable sup-
port to assist local government in developing targeted disaster mitigation measures and
strengthening landslide risk management capabilities.

2. Data and Methods
2.1. Study Area

Tengchong is located in the western Yunnan Province of southwest China, cover-
ing an area of 5845 km2 (Figure 1). Situated within the Indian Ocean monsoon climate
zone, Tengchong exhibits a humid subtropical climate characterized by copious annual
precipitation, marked seasonal contrasts between dry and wet phases, and pronounced
altitudinal climatic gradients due to its complex topography, posing significant chal-
lenges for landslides and flood hazard mitigation. It lies between 24◦37′–25◦51′ N and
98◦05′–98◦46′ E, at the southern end of the Hengduan Mountains. Located on the western
side of the Indian–Eurasian plate collision zone and within the Sanjiang fold system, Teng-
chong is tectonically active, rich in geothermal resources, and frequently affected by fault
and magma activity [35]. As a result, earthquakes and geological disasters occur frequently.
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Figure 1. Location of Tengchong city of Yunnan province, southwestern China. The red dots in the
left panel represent the 688 recorded landslides. The blue area with the red star in the right panels
denotes the study area.

2.2. Data and Factors of Assessment

A total of 688 landslide sites, spatially dispersed across the study area, were mapped
and verified by the China Geological Survey. The data for the 688 landslides are mainly
derived from detailed field surveys conducted between 2000 and 2020. The dataset includes
each landslide with information on landslide types, slope structures, and possible causal
factors. In addition, the dataset provides precise latitudes and longitudes for specific
landslide occurrence points to facilitate their easy use in subsequent analyses. This study
incorporates landslide-influencing indicators, including terrain, vegetation indices, rainfall
indices, geology, rivers and roads, as well as population and build-up (Table 1). For
vegetation indices, rainfall data, population density and building data, average values from
2000 to 2020 are used.

Given the inconsistent resolutions of the datasets and Tengchong’s spatial scope, all
datasets were resampled to a uniform 30 m resolution. In detail, distance variables to
target features (e.g., roads, rivers, and buildings) were first calculated at the raster scale
using the Euclidean Distance tool in ArcGIS10.8. For this computation, vector-to-raster
conversion was performed in two key steps: first, original vector features (e.g., linear road
features) were converted to a binary source raster via the Feature to Raster tool—pixels
containing the target features were assigned a value of 1, while all other pixels were set
to NoData. Following this, the source raster was used as input for the Euclidean Distance
tool to generate a final continuous distance raster. For each pixel in this raster, the value
represents the shortest straight-line (Euclidean) distance from the pixel’s center to the
nearest target feature. Additionally, the rainfall raster dataset was resampled to a higher
spatial resolution using the nearest neighbor method. We assumed that the average climate
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state over 20 years within a 4 km grid cell is consistent. The total number of raster cells in
the study area is approximately 6.32 × 106.

Table 1. List of datasets with their resolutions and data sources.

Datasets Resolution/Scale Data Sources Variables

DEM 30 m
Geospatial Data Cloud Platform

(http://www.gscloud.cn (accessed on
1 October 2024))

Elevation, slope, and
curvature are calculated from

DEM

NDVI 30 m

Surface reflection data from the Landsat 8
provided by the United States Geological
Survey (https://www.usgs.gov (accessed

on 1 October 2024))

Vegetation indices

Rainfall 4 km
China Daily Meteorological Dataset [36]
(https://zenodo.org/records/10963932

(accessed on 1 October 2024))

Rainfall indices are calculated
from daily rainfall data

Geological map 1:1,000,000
Geoscientific Data and Discovery

Publishing System (https://www.ngac.cn
(accessed on 1 October 2024))

Faults and stratigraphic
lithologies are extracted from

geological map data

River and road 1:1,000,000
National Catalogue Service for Geographic
Information (www.webmap.cn (accessed on

1 October 2024))

Distances from the river and
road are calculated

Population density and
build-up 30 m

Global Human Settlement Layer
(https://human-settlement.emergency.

copernicus.eu (accessed on 1 October 2024))
Assessing landslide risk

Topographic factors include elevation, slope, and curvature. Elevation affects rainfall,
vegetation, and biological activities, and consequently can cause landslides to spread in a
certain range of elevations [37]. Slope also has a direct effect on landslide development [9].
The number of landslides occurring increases as the slope increases and then decreases
after a certain peak [12]. Curvature is an expression of the degree of change in slope
distortion [38]. Positive values indicate convex slopes, while negative values indicate
concave slopes, and curvature closer to 0 suggests a gentler slope.

The land surface factors affecting landslide susceptibility are normalized difference
vegetation index (NDVI) and distance from rivers. Higher NDVI values indicate healthier
and denser vegetation [39]. Research shows adding NDVI to the landslide susceptibility
mapping model is better than the model without NDVI [40]. The river system exhibits
varying degrees of scouring and infiltration on both sides of the river, resulting in the
formation of steep bank slopes, which induces landslides.

Rock and soil bodies, as well as faults, are the geologic basis for the occurrence of
landslides. Different rock types have different weathering resistance, which affects the
degree of development of landslides. Faults reflect the physical properties of the geologic
body, affecting the stability of slopes. In fault fracture zones, the slope is prone to sliding to
a certain extent. When rainfall occurs, water infiltration softens the soil in the sliding zone
and influences saturation of the sliding mass. This leads to an increase in the downward
sliding force of the slope mass, resulting in a landslide [41].

The main human activity factor considered in this study is the distance from roads.
Excavation and unloading at the foot of slopes and accumulation at the top of slopes are
the main causes of landslides induced by engineering activities. Geotechnical excavation
and unloading will concentrate the stress on slopes. This leads to deterioration of slope
stability conditions, thus causing landslides [42].

Atmospheric precipitation-induced elevation of pore water pressure reduces the effec-
tive stress within the soil matrix, which in turn decreases the shear resistance of potential
sliding zones. This hydrological process softens the rock-soil mass through water infiltra-

http://www.gscloud.cn
https://www.usgs.gov
https://zenodo.org/records/10963932
https://www.ngac.cn
www.webmap.cn
https://human-settlement.emergency.copernicus.eu
https://human-settlement.emergency.copernicus.eu
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tion, leading to a decline in mechanical properties and subsequent acceleration of slope
failure mechanisms [43]. The expert team on Climate Change Detection and Indices (ETC-
CDI) and its predecessor have developed and calculated a suite of extreme indices about
rainfall, which could measure the intensity and time of rainfall. Therefore, we adopt the
ten extreme rainfall indicators proposed by ETCCDI, as shown in Table 2.

Table 2. Definition of extreme precipitation indices.

Indicators Name Definition Unit

CDD Maximum length of dry spell Annual maximum number of consecutive days with daily
precipitation <1 mm day

CWD Maximum length of wet spell Annual maximum number of consecutive days with daily
precipitation of at least 1 mm day

Rx1day Maximum 1 day precipitation Annual maximum daily precipitation mm
Rx5day Maximum consecutive 5 day precipitation Annual maximum continuous precipitation for 5 days mm

R95p Annual total PRCP when daily precipitation > 95 p Annual accumulated precipitation greater than the 95th
percentile of daily precipitation mm

R99p Annual total PRCP when daily precipitation > 99 p Annual accumulated precipitation greater than the 99th
percentile of daily precipitation mm

R10mm Annual count of days when PRCPTOT ≥ 10 mm Total number of days with annual precipitation ≥ 10 mm day
R20mm Annual count of days when PRCPTOT ≥ 20 mm Total number of days with annual precipitation ≥ 20 mm day

PRCPTOT Annual total precipitation in wet days Annual accumulated precipitation greater than 1 mm
per day mm

SDII Simple precipitation intensity index The ratio of the total amount of precipitation of 1 mm or
more to the number of days mm/day

2.3. Machine-Learning-Based Landslide Susceptibility Assessment

The overall methodological framework (Figure 2) of this study consists of the following
key steps: (1) data processing involving preparation of landslide and socio-economic factor
layers; (2) random sample selection for model training and validation. This set consists
of 600 samples, comprising 300 landslide and 300 non-landslide samples; (3) five-fold
cross-validation is performed to evaluate more than 10 machine learning methods. The
four best machine learning methods (RF, QDA, LR, and KNB) are used to produce landslide
susceptibility maps. The best-performing model is selected for further analysis; (4) utiliza-
tion of the Analytic Hierarchy Process (AHP) to determine factor weights. A consistency
check is performed (CR < 0.1). Should the result fail the check, the judgment matrix is
reconstructed until consistency is achieved; (5) integration of the optimal susceptibility
map and additional factor layers via weighted overlay analysis based on AHP-derived
weights; (6) generation of a final landslide risk map.

Four machine learning techniques for classification are employed to construct landslide
susceptibility models. First, RF is an ensemble learning method that builds multiple
decorrelated decision trees through bootstrap aggregation (bagging) with random feature
selection. Each base learner trains on independently bootstrapped data samples using a
randomly chosen subset of features, with final predictions determined by majority voting
across the ensemble [44]. Second, Quadratic Discriminant Analysis (QDA) is a probabilistic
classification method. It models each class using multivariate Gaussian distributions
with class-specific parameters. By estimating distinct covariance matrices for each class,
QDA generates quadratic decision boundaries that effectively handle heterogeneous class
distributions. Classification is performed by comparing posterior probabilities computed
through discriminant functions derived from these class-conditional density estimates [45].
Third, Logistic Regression (LR) is a statistical method for binary classification. It models
the probability of class membership using a logistic function. It estimates coefficients
from training data to predict binary outcomes (0 or 1) based on a decision threshold [46].
Fourth, Kernel Naive Bayes (KNB) extends conventional Naive Bayes (NB) classifiers
by replacing parametric distribution assumptions with kernel density estimation. This
nonparametric approach enables improved modeling of continuous features with nonlinear
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distributions [47]. KNB preserves classification efficiency through posterior probability
maximization while demonstrating superior capability in modeling complex data patterns
compared to standard approaches.

Figure 2. Framework diagram for assessing landslide susceptibility and risk.

2.4. AHP-Based Landslide Risk Assessment

The AHP is a decision-making tool that assists in solving complex problems by divid-
ing them into simpler criteria, which can derive ratio scales from discrete and continuous
pairwise comparisons [48]. AHP can effectively construct measurement systems in in-
stances where physical or statistical measures are unavailable. This method works by
quantifying subjective evaluations into relative weights for each element based on their
importance [49]. Numerous studies worldwide use this approach to rank the elements
depending on their importance [50–53]. AHP involves the following key steps [54]:

Step 1. Clarify the decision-making process and establish objectives.
Step 2. Creation of hierarchies and construction of relative importance matrices. The

relative importance is usually measured on a scale of 1 to 9, where 1 indicates equal
importance and higher values indicate greater importance [55].

Step 3. Determine the criterion weights. When determining the eigenvector, first, each
element of the obtained matrix is divided by the sum of its column. Then, the arithmetic
mean of each row of the calculated new matrix is taken to determine the criterion weights.

Step 4. Calculate consistency. The reliability assessment involves calculating the prin-
cipal eigenvalue to derive the consistency index (CI, Equation (1)), followed by computing
the consistency ratio (CR, Equation (2)) using the randomness index (RI). If the obtained
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consistency ratio does not exceed the value of 0.1, it is interpreted that the criterion weights
are reliable, and the decision matrix is formed.

CI =
λmax − n

n − 1
(n = 1 ∼ 9) (1)

where λmax is the maximum eigenvalue and n is the order of the matrix.

CR =
CI
RI

< 0.1 (2)

where CI is the consistency index and RI is the random consistency index. The CI value
is calculated using Equation (1). RI varies according to the matrix order n consequently
(Table 3), referring to Saaty [56].

Table 3. Random consistency index (RI).

n 1 2 3 4 5 6 7 8 9 10

RI 0 0 0.58 0.9 1.12 1.24 1.32 1.41 1.45 1.49

3. Results
3.1. Correlation Analyses of Multiple Factors

The subtropical monsoon climate in Tengchong exhibits a weakly defined seasonal
cycle, with clear delineation between dry and wet periods. The rainy season extends from
May to October, while the remaining months constitute the dry season. The region receives
substantial precipitation, which classifies it among the southern high-rainfall zones of China.
The average annual rainfall in Tengchong exceeds 1000 mm, and the city is relatively humid
overall—with the western region being more humid than the eastern region (Figure 3i). The
maximum consecutive dry days (CDDs) can persist for up to one month (Figure 3a), likely
influenced by the monsoon climate, while the maximum consecutive wet days (CWDs)
are shorter, with approximately 20 days (Figure 3b). Notably, extreme values of maximum
1 day precipitation (Rx1day) and maximum consecutive 5 day precipitation (Rx5day)
occur in the northeast region, indicating the higher possibility of extreme rainfall events
in these areas (Figure 3f–j). Theoretically, both short-duration, high-intensity rainfall and
long-duration, low-intensity rainfall events can trigger landslides [57]. This suggests that
CWDs, which reflects long-term wetting trends, and Rx5day, which represents short-term
heavy rainfall, should be considered as landslide-predicting variables. Additionally, these
two indices show a low correlation coefficient of −0.24 and a variance inflation factor
(VIF) less than 3, making them suitable as independent factors for landslide susceptibility
assessment (Figure 4a).

Correlation analyses of all factors were performed after selecting the two extreme
rainfall indicators, CWDs and Rx5day (Figure 4a). Human engineering activities exhibit
substantial altitude dependence, leading to a characteristically high correlation coefficient
between human engineering activities and altitude (Figure 4b). Nevertheless, we cannot
ignore the impact of human engineering activities on landslides based solely on the correla-
tion coefficient. Notably, all correlation coefficients satisfy the medium multicollinearity
threshold (|r| < 0.5) [58,59], and their VIF values are all less than 2, confirming the variables’
statistical independence as predictive features for machine learning model development.
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Figure 3. Spatial distribution of extreme rainfall indicators averaged from 2000 to 2020 for Tengchong.
These rainfall indicators are derived from further calculations of daily rainfall. Subfigure labels (a–j)
indicate the 10 extreme rainfall indicator metrics as defined in Table 2.

Figure 4. Correlation analyses and variance inflation factor (VIF) between the ten extreme rainfall
indicators (a) and the ten landslide predictors (b). Correlation coefficient values range from −1 to 1,
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with larger absolute values indicating higher correlation. Positive correlation coefficient values
indicate a positive correlation between two factors, and negative values indicate a negative correlation.
The magnitude of the correlation can be represented by r. A larger absolute value of r indicates
a stronger positive or negative correlation. VIF is a measure of the severity of multicollinearity
in multiple linear regression models. It is indicative of the ratio of the variance of the estimated
regression coefficient to the variance when assuming nonlinear correlation between the independent
variables. A value of VIF greater than one indicates the presence of multicollinearity, and a value
closer to one suggests a lesser degree of multicollinearity. In instances of severe multicollinearity,
it is imperative that appropriate methods are implemented to address the issue. The 10 landslide
predictors are used for training a machine-learning-based landslide susceptibility model.

The spatial distribution of landslide disasters in Tengchong demonstrates distinct
regional clustering, with pronounced concentrations in the eastern and southern sectors.
Notably, a high-density cluster emerges along the 25◦ N latitudinal zone in the eastern
region. Visually, landslide disasters are clearly concentrated in areas near rivers and roads,
with weak spatial correlations with other environmental factors (Figure 5). Statistical analy-
sis was conducted to investigate the correlations between landslides and the susceptibility
factors. It should be noted that slope, curvature, NDVI, CWDs, and Rx5day do not have
explicit integer threshold breakpoints. Therefore, the use of quintile processing by the
number of effective grids was considered. Recorded landslides are mainly concentrated in
the range of 1500 m to 1800 m above sea level (Figure 6a) and in areas with gentle slopes
(Figure 6b), likely due to generally gentle topography in the region. They also tend to occur
where curvature is near zero, with a higher likelihood on convex (positive curvature) slopes
(Figure 6c). Landslides are concentrated near roads and rivers, while the influence of fault
distance is less pronounced (Figure 6d–f). It suggests a more important role of hydrological
condition and human activities on landslides. In addition, landslides are concentrated in
the area with Quaternary alluvial deposits and Neogene sandstones. Tengchong has a high
vegetation cover, while the landslides are concentrated in the middle and low NDVI areas
(Figure 6h). In particular, both the number and relative density of landslides decrease as
NDVI increases. Lastly, landslides are more likely to occur during extreme rainfall when the
CWDs are longer than 15.5 days and the Rx5day ranges from 91 mm to 102 mm (Figure 6i,j).

3.2. Assessment of Landslide Susceptibility

Four machine-learning models were trained to assess landslide susceptibility for Teng-
chong with recorded landslides and ten predictors. The receiver operating characteristic
(ROC) curve is a graphical representation of the diagnostic ability of a binary classifier
system as its discrimination threshold is varied, plotting the true positive rate (TPR) against
the false positive rate (FPR). The area under the ROC curve (AUC) quantifies the model’s
discriminative power across all possible classification thresholds, with values ranging
from 0.5 (random guessing) to 1.0 (perfect discrimination). For the four models, RF, LR,
QDA, and KNB, the AUC values are 0.877, 0.813, 0.807, and 0.819, with the RF model
demonstrating superior performance (Figure 7a). Confusion matrix calculations for the
four models indicate that the Random Forest model exhibits the highest number of correctly
predicted grid cells for both landslide and non-landslide categories (Table 4). This model is
the most effective. The RF model further ranks the importance of each factor and shows
that elevation and NDVI have the greatest influence on landslide occurrence, followed by
lithology and the extreme rainfall indicator CWDs (Figure 7b). This indicates that landslides
are not only strongly correlated with terrain and geological background but also closely
linked to vegetation and climatic conditions.
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Figure 5. The spatial distribution of influencing factors and the recorded landslides.
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Figure 6. Number and relative density of landslides in each predictor bin. The bar graph indicates
the number of landslides in each classification, and the line graph denotes the relative density. The
relative density is defined as the ratio of the landslide point proportion in a classification to the area
proportion of that classification within the study region. A relative density greater than one, denoted
by the dotted lines in the figures, indicates that landslides are concentrated in that classification.
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Figure 7. The ROC curves of four models and the importance score of the ten predictors from
the RF model. (a) ROC curves of all models. The AUC (Area Under the Curve) value reflects
model performance, with higher values indicating better predictive accuracy. The ROC curve
shows the trade-off between the rate of correctly predicted landslides (Sensitivity) and the rate of
falsely predicting landslides where none occurred (1-Specificity). (b) The importance score assigned
by the Random Forest (RF) model represents the relative contribution of each factor to landslide
susceptibility assessment. A higher value indicates a greater influence of the corresponding factor on
landslide occurrence.

Table 4. Confusion matrix of the four models. 0 indicates non-landslide points, 1 indicates landslide
points, 0-0 indicates correct prediction of non-landslide points, 0-1 indicates incorrect prediction of
non-landslide points, 1-0 indicates incorrect prediction of landslide points, and 1-1 indicates correct
prediction of landslide points.

RF 0 1

0 4,589,321 1,725,534
1 93 595

QDA 0 1

0 4,227,111 2,087,744
1 117 571

LR 0 1

0 4,546,675 1,768,180
1 168 520

KNB 0 1

0 4,212,191 2,102,664
1 98 590

The landslide susceptibility maps obtained from the four models are classified into
five categories using Natural Breaks Classification, and the area of each susceptibility zone
is determined (Figure 8). The RF model has a smaller percentage of very high susceptibility
zones, indicating a higher accuracy in identified high-susceptibility areas. For regions with
NDVI higher than 0.57, the areas with high or very high landslide susceptibility account
for 62%. Most regions close to rivers or roads (<500 m) are also threatened by high or very
high susceptibility.
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Figure 8. Landslide susceptibility maps generated by: (a) RF; (b) QDA; (c) LR; and (d) KNB.
Classification thresholds were determined using the natural breaks method. The core of the natural
breakpoint method involves grouping data. This is completed in order to minimize differences
within and maximize differences between groups. The horizontal axis indicates susceptibility levels:
1 (very low), 2 (low), 3 (medium), 4 (high), and 5 (very high). The larger the value, the greater the
susceptibility. The bar chart shows the total area of the partition. The smaller the high-risk area, the
more advantageous the model is at identifying it.
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The lithology statistics reveal that the Quaternary stratigraphy in Tengchong has a
wide distribution and is the primary zone for high or very high landslide susceptibility.
The high susceptibility area accounts for 51.3% of the total area in the region. In addition,
although the Neogene stratigraphy covers a small area, the distribution of landslide suscep-
tibility shows a clear centralization trend, with high and very high susceptibility occupying
74.9% of the area (Table 5). Collectively, we identified that areas with high landslide suscep-
tibility are primarily associated with zones of low vegetation cover, alluvial deposits, or
Neogene sandstone and are also in close proximity to rivers or roads.

Table 5. Statistics of landslide susceptibility for different ranges of NDVI, river distance, road distance,
and lithology.

Factors Range Land Area/km2 Very Low
Susceptibility

Low
Susceptibility

Moderate
Susceptibility

High
Susceptibility

Very High
Susceptibility

NDVI
>0.57 4521.8 52.6% 18.0% 13.2% 10.4% 5.8%
≤0.57 1162.2 0.3% 11.4% 25.8% 36.3% 26.2%

Distance from
rivers

>500 m 4908.1 45.8% 16.9% 13.7% 14.0% 9.5%
≤500 m 775.9 17.3% 15.0% 28.8% 26.0% 12.9%

Distance from
roads

>500 m 4668.7 48.1% 17.4% 13.8% 12.8% 7.9%
≤500 m 1015.3 13.2% 13.0% 25.0% 29.0% 19.7%

Lithology

Quaternary: alluvial
deposits 1205.6 6.9% 15.2% 26.7% 31.2% 20.1%

Neogene: sandstone 265.7 0.5% 7.0% 17.6% 37.5% 37.4%
Others 4212.7 69.5% 13.7% 9.2% 4.8% 2.8%

3.3. Assessment of Landslide Risk

By integrating Tengchong’s landslide susceptibility with socio-economic factors (e.g.,
distance to buildings, population density, distance to roads) along with the judgment matrix
in Table 6, we computed the CR to be 0.019. Since this value is less than 0.1, it indicates
that the landslide risk distribution map for Tengchong is successfully derived based on the
calculated weights after feasibility testing. The population density is highly consistent with
the construction area (Figure 9a,b). The weights for each layer obtained from the relative
importance matrix and the AHP are listed in Table 6. With the weights obtained from
Table 6, the landslide susceptibility, population density, distance to roads, and distance to
buildings layers were multiplied by their corresponding weights, thereby producing the
landslide risk layer.

Table 6. Relative importance matrix and weight of AHP for landslide risk assessment.

Distance from the Roads Distance from Buildings Population Density Landslide Susceptibility Weight

Distance from the roads 1 1/2 1/4 1/5 0.08
Distance from buildings 2 1 1/3 1/4 0.14

Population density 4 3 1 1/2 0.23
Landslide susceptibility 5 4 2 1 0.55

The spatial distribution of landslide risk shows a negative correlation with area size,
such that higher risk levels concentrate in progressively smaller zones (Figure 9c). Area,
population, landslide count and density, and simulated landslide susceptibility and risk are
averaged for every township (Table 7). The results indicate that the mean values of landslide
susceptibility and risk are highest in Heshun, Tuantian, Wuhe, and Qingshui townships,
whereas Houqiao, Mingguang, Zhonghe, and Mazhan townships exhibit relatively lower
susceptibility and risk. Our simulation is in line with the number of recorded landslides
per unit area. In detail, ~0.32 landslide per km2 is observed for the four cities with the
highest susceptibility, while ~0.04 landslide per km2 is observed for the four cities with
the lowest susceptibility. The Heshun township has a very high population density and
landslide susceptibility, which collectively make it have the highest risk. Therefore, it is
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concluded that Heshun and Tuantian townships face a more severe threat from landslides,
necessitating the enhancement of landslide early-warning mechanisms in these areas.

 

Figure 9. Distribution of population density and building areas resulted in landslide risk. (a) Building
distribution shows the built-up and the non-built-up areas. (b) the logarithm of the population density.
(c) Landslide risk based on RF and AHP assessment. Landslide risk classification methodology is
consistent with landslide susceptibility classification methodology. The horizontal axis indicates risk
levels: 1 (very low), 2 (low), 3 (medium), 4 (high), and 5 (very high). The larger the value, the greater
the risk.
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Table 7. Area, population density, landslide count and density, and simulated landslide susceptibility
and risk for every township.

Townships Land Area (km2) Population Density
(Count/km2)

Landslides and
Density (Count/km2)

Mean Landslide
Susceptibility

Mean Landslide
Risk

Heshun 17.88 2656 3 (0.17) 0.66 0.58
Tuantian 100.88 2005 27 (0.27) 0.62 0.55

Wuhe 166.39 1988 90 (0.54) 0.57 0.50
Qingshui 94.99 1217 28 (0.29) 0.56 0.51

Mangbang 298.23 1061 100 (0.34) 0.51 0.47
Puchuan 167.94 1262 61 (0.36) 0.48 0.47
Tengyue 268.34 4525 30 (0.11) 0.47 0.46
Hehua 129.80 1790 31 (0.24) 0.46 0.45
Qushi 371.79 915 51 (0.14) 0.44 0.42

Xinhua 117.11 1295 33 (0.28) 0.41 0.43
Beihai 178.91 807 22 (0.12) 0.40 0.41
Jietou 817.77 880 92 (0.11) 0.31 0.33

Diantan 398.58 566 23 (0.06) 0.29 0.32
Gudong 239.15 1979 15 (0.06) 0.28 0.32
Mazhan 164.83 1020 8 (0.05) 0.27 0.31
Zhonghe 394.72 930 15 (0.04) 0.24 0.32

Mingguang 705.54 536 18 (0.03) 0.19 0.27
Houqiao 1072.08 245 41 (0.04) 0.15 0.24

4. Discussion
Geospatial analysis using machine learning models (e.g., Random Forest) demon-

strates that the relative importance of key drivers (slope angle, curvature, land cover)
exhibits spatially differentiated patterns across study regions, as revealed by permuta-
tion feature importance metrics [11,12,18,60]. For Tengchong, elevation, NDVI, lithology,
and CWDs are the most critical factors for landslide assessment (Figure 7a). It is evident
that these factors, which represent topographic, land surface, lithological, and climatic
dimensions, respectively, underscore the multifaceted nature of landslide susceptibility.
This highlights that such geological hazards are governed by complex interactions among
diverse environmental variables.

Topography is usually the primary factor controlling landslides. Landslide occurrence
declines with increasing altitude as colluvial deposits become thinner in mountainous
areas [61–63]. Our results support this idea that landslides are concentrated in lowland
regions of Tengchong with elevation less than 1800 m (Figure 6a). Theoretically, slope
is also among the most critical factors, with a strong correlation existing between slope
angle and landslide susceptibility [18]. However, this characteristic seems less pronounced
in Tengchong, where landslides are more concentrated in low-slope areas (Figure 6b).
Moreover, in the RF model, the slope factor demonstrates less prominence in susceptibility
assessments, ranking last among all evaluated factors. The generally low slope gradient
(<25◦) in Tengchong might lead to this weaker impact on landslides.

Areas with denser vegetation are usually less susceptible to landslides and vice
versa [64]. This aligns with our findings in this study that landslides in Tengchong are
more concentrated in vegetation sparse areas with NDVI values below 0.57 (Figure 5h). As
vegetation cover increases, the relative density of landslides decreases. Vegetation has a
unique soil-stabilizing effect. Therefore, when vegetation is sparse, looser soils can provide
essential land surface material conditions for landslides. Vegetation in southwestern China
has been increasing due to the CO2 fertilization effect and land-use management [65].
As such, we expect that vegetation restoration may reduce landslide risk to some extent
in Tengchong.

Human activities in this assessment are mainly reflected in the distance from roads.
Landslides in Tengchong are relatively concentrated within 500 m of roads (Figure 6f;
Table 5). On the one hand, owing to Tengchong’s average elevation at approximately
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2 km and its rugged hilly-mountainous terrain, the accumulation of rock and soil materials
during road construction, coupled with excavation activities, compromises the stability of
the original rock or soil mass. This process is also seen in the Loess Plateau [42]. On the
other hand, during the operational phase, dynamic loads and vibrations exerted by road
traffic further induce stress on the surrounding geotechnical medium.

Landslides in Tengchong are concentrated in areas where the rock strata consist of
Neogene sandstone and Quaternary alluvial deposits. Whether it is sandstone or alluvial
deposits, the mechanism for landslide occurrence in these regions mainly lies in the insta-
bility of the rock-soil structure and high permeability [7]. These characteristics make the
areas with sandstone and alluvial deposits highly susceptible to disturbance and prone
to landslides. The distance from faults is not significantly correlated with landslides in
Tengchong. First, we infer most of the landslides in Tengchong may not have been trig-
gered by fault activity, or that the existing faults have not shown significant movement
in recent years. Second, the fault structure data are not detailed enough, or other vari-
ables reflecting tectonic activity should be proposed. Third, the current landslide survey
may exhibit spatial sampling bias in that more landslides threatening human populations
have been documented, whereas those in remote mountainous regions have been over-
looked. It may partially explain why recorded landslides are closer to roads/rivers than to
faults (Figure 6e).

Globally, regional studies are necessary because landslides are sensitive to different
factors in different regions. In southern Colombia, where the climate is similar to that of
Tengchong, researchers used RF to evaluate landslide susceptibility. They found that eleva-
tion and soil silt content had the most significant impact, consistent with our results [66].
In this study, we found that landslides are concentrated in low-elevation areas, whereas
in Sikkim Himalaya, India, at the same latitude, landslides are more likely to occur in
high-elevation regions [67]. This may be because, in India, the monsoon winds encounter
the Himalayas and are forced upwards by the terrain, generating significant rainfall and
triggering landslides. In another region of Yunnan, researchers found that among their
12 evaluation factors, slope has the highest importance, making it the most significant
controlling factor for landslides in Yulong County [68]. Their result is different from that of
our study; highly undulating terrain (more than 4000 m) may be the reason, according to
the elevation map they showed. These comparisons reveal that although certain controlling
factors (e.g., elevation) are universally important, the landslide-environment relationship is
highly region-specific. This relationship is primarily shaped by unique local geological and
climatic conditions.

There are some uncertainties and implications that should be noted for future studies.
First, the current landslide survey may be subject to spatial sampling bias. The dataset
primarily documents landslides that pose a threat to human populations, which may lead
to the omission of events in remote mountainous regions. This oversight may explain why
distance from faults—a key geological factor—exhibits a weak correlation with landslide
locations (Figure 6e), especially given Tengchong’s high frequency of geological activity.
Additionally, the observed tendency of landslides to occur in low-slope areas (Figure 6b) is
likely attributed to this same sampling bias. Second, as the study area is relatively small,
variables may have spatial autocorrelation. It may therefore inflate accuracy metrics because
nearby pixels share similar environmental conditions. For the extreme rainfall indicator,
although the results showed their importance in landslide susceptibility assessment, their
minimal variation may affect the accuracy of their impact. Third, future research could
integrate field survey data with InSAR data to achieve more precise landslide identification,
thereby addressing the temporal constraints of remote sensing data and the spatial coverage
limitations of field surveys. Finally, the occurrence of landslides is influenced by a variety
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of factors that interact with each other in a complex way. Machine learning techniques may
capture these complex interactions but are difficult to explain. Sensitivity analysis of factors
should be implemented to diagnose the landslide susceptibility.

5. Conclusions
This study presents a comprehensive assessment of landslide susceptibility and risk

in Tengchong of southwest China by integrating multi-source influencing factors and
using four machine learning algorithms and the AHP. The RF model demonstrates the
highest predictive reliability (AUC = 0.88), enabling the identification of highly susceptible
zones. Notably, the analysis identifies elevation as the primary controlling factor, followed
by NDVI, lithology, and CWDs, underscoring the critical roles of vegetation cover and
precipitation patterns in modulating landslide susceptibility. Empirical results show that
landslides predominantly occur in areas with low NDVI values (<0.57), suggesting that
enhanced vegetation coverage may mitigate landslide hazards. Spatial distribution analysis
reveals that high-susceptibility zones are concentrated within 500 m of river networks
and road infrastructures, as well as in regions underlain by alluvial deposits or Neogene
sandstone formations. The integrated risk map, developed by fusing machine learning
predictions with AHP-based socio-economic analysis, pinpoints Heshun and Tuantian
townships as high-risk hotspots. These findings provide a scientific basis for hierarchi-
cal disaster management and emergency resource optimization in Tengchong and also
offer a typical case for the risk assessment framework in global mountainous areas prone
to landslides.
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