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Abstract: Landslide hazard assessment denotes the systematic evaluation of the likelihood of landslide occurrence within a defined

temporal and spatial context. Rainfall-induced landslide hazard assessment methods often fail to adequately consider the impacts of

human activities, resulting in assessments that lack sufficient accuracy to meet practical demands. This study proposes an innovative

dynamic assessment model that integrates both environmental factors and triggering factors, enabling regional hazard evaluations

that account for the dual spatial constraints imposed by slopes and hazard-bearing bodies. The study proposes an objective estimation

model for quantifying human activity intensity, utilizing the Criteria Importance Through Intercriteria Correlation (CRITIC) method

and the Entropy Weight Method (EWM). Subsequently, random forest and Transformer models were employed to perform a pro-

gressive assessment of landslide susceptibility and hazard. Specifically, the dynamic assessment of rainfall-induced landslide hazard

incorporated human activity intensity and rainfall characteristics as key triggering factors. The case study carried out in Zhenyuan

County indicates that the model substantially improves and significantly increases the accuracy of disaster warnings and reduces

the required hazard assessment area by approximately 40.6%, offering a targeted and valuable reference for early warning systems

and decision-making of rainfall-induced landslides.

Keywords: rainfall-induced landslides; human activity intensity; random forests; Transformer; slope; hazard-bearing bodies

1. Introduction

Since the Industrial Revolution, human transformation of the biosphere and ecosystem has continuously promoted
the process of urbanization and industrialization [1]. Concurrently, it has triggered a series of geological and environ-
mental problems [2]. Especially in plateau and mountainous areas, human demand for natural resources continues to
accelerate along with rapid socio-economic development, leading to an increase in the tectonic vulnerability of the rel-

evant regions, which in turn triggers a series of geologic hazards due to the synergistic effect of natural triggers such as
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rainfall, earthquakes, and subsidence [3]. Landslides account for the highest proportion of geological disasters in China,

causing serious economic losses and casualties every year [4][5]. Due to harsh environments characterized by complex
topography and fragile geological structures, 75% of the registered geological disaster hazard points in southwest China
are landslides [6][7]. Rainfall-induced landslides have long accounted for up to 95% of all landslides. Consequently,
administrative departments at all levels have placed significant emphasis on the early warning and management of
these disasters [8][9]. Landslide hazard is commonly defined as the probability of landslide occurrence considered
within a specific spatial and temporal domain [10][11]. Accurate and timely estimation of landslide hazard can com-
pensate for the evident shortcomings of susceptibility evaluation, particularly its weak timeliness [12][13]. Thus, hazard
assessment is pivotal in regional early warning and emergency response to rainfall-induced landslides.

Generally, landslide hazard can be modeled as the synergistic effect of static spatial susceptibility and dynamic
temporal inducibility [14][15]. Among them, susceptibility describes the spatial likelihood of landslides, influenced by
environmental factors [14][16]. In contrast, inducibility highlights the temporal likelihood, influenced by triggering fac-
tors such as rainfall, earthquakes, and human activities [17] [18]. Effectively coupling temporal and spatial probabilities
is key to understanding landslide hazards precisely. Domestic and foreign scholars primarily consider triggering factors
like rainfall or earthquakes in evaluating landslide hazards. The relevant model methods can be categorized into four
types: (1) Physical models, which explore the potential for landslides on slopes under various structural and causal
conditions based on physical principles. It models triggering factors like rainfall and earthquakes as physical parameters
to simulate landslide potential [18][19]. (2) Empirical models, which prioritize scoring or ranking landslide-influencing
factors based on expert knowledge, then analyze and evaluate regional landslide hazards within the context of disaster
mechanisms [20]. (3) Coupling models, which typically model susceptibility and inducibility independently and then
employ multiplicative or probabilistic methods for quantitative estimation and hazard degree analysis [21][22]. (4) Ma-
chine learning models, which often utilize statistical parameters to describe the intricate nonlinear interactions between
environmental factors and triggers, estimate disaster hazard levels through classification or regression techniques
[23][24][25]. However, despite the development of numerous hazard assessment methods, the accuracy of existing mod-
els' assessment results requires enhancement due to insufficient consideration of human activity factors [26][27].

Frankly speaking, human activities, in the aggregate, denote the persistent and scale-heterogeneous pursuits—

ranging from farming and forestry to mining, transport, and large-scale construction—by which populations sustain
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themselves, advance socio-economic progress, and enhance quality of life [28]. At the micro level, human activities

profoundly influence the distribution and occurrence of landslide disasters by altering land use patterns and accelerat-
ing environmental degradation. At the macro level, anthropogenic modification of land-cover trajectories coupled with
the progressive erosion of ecological integrity exerts a major control on where and how often slope-failure events man-
ifest [29][30]. Human activity intensity (HAI) denotes the level of impact exerted by human activities in a given area
and serves as a crucial metric for assessing human activity levels within the natural environment [31]. Researchers have
focused on quantifying and spatializing human activity intensity since its initial proposal [32][33][34][35]. However,
research gaps remain regarding how human activities transform potential geological conditions into disaster events
[14]. Over the past decade, urban and infrastructure development in China has accelerated, with human activities in-
creasingly altering the geological environment. Additionally, there has been an increase in abnormal weather events,
and earthquakes have become more frequent in the plateau and mountainous regions. Therefore, geological disasters
are still frequent and likely to occur [6]. Consequently, rigorous quantification of human activity intensity is a prereq-
uisite for refining the predictive fidelity of rainfall-induced landslide hazard assessment.

In recent years, the estimation methods for the intensity of human activities have primarily focused on the follow-
ing aspects: On one hand, human activity intensity is statistically approximated by mapping socio-economic proxies,
namely the coincident patterns of population density and GDP distribution [36] [37]. On the other hand, field surveys
and expert experience are combined to conduct qualitative or semi-quantitative assessments of the types and intensity
of human activities in specific regions [32][38]. However, existing methods for estimating the intensity of human activ-
ities still have some limitations. Firstly, most methods rely on socio-economic indicators or land use data. Although
these indicators can reflect certain aspects of human activities, they often fail to comprehensively capture the complex
impacts of human activities on the geological environment [39]. For example, some micro-level human activities, such
as engineering construction and mining, may singularly initiate geological disasters, but these are difficult to reflect in
macro-level socio-economic indicators. Secondly, existing methods often lack a comprehensive consideration of the in-
teraction between natural environmental conditions and human activities when estimating HAI [40][41]. HAI is jointly

influenced by natural environmental conditions and socio-economic factors; relying on a single perspective for estima-
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tion may produce biased outcomes. Moreover, most existing estimation methods are subjective and dependent on ex-

perts. Variations in indicator choice and weight assignment among researchers often lead to inconsistencies, reducing
the cross-regional comparability and practical applicability of estimation outcomes [42][43].

Overall, although many studies have explored methods for hazard assessment, two key challenges remain when
incorporating human activity intensity into regional assessments of rainfall-induced landslides:

(1) Existing studies typically incorporate indicators based on dynamic or static rainfall into hazard assessments,
with less attention given to the impact of HAI on landslide occurrence. Consequently, the insufficient consideration of
independent variables leads to the accuracy of existing model assessment results still needing improvement. Therefore,
any assessment model for rainfall-induced landslides should separately account for the destabilizing role of human
activities[29].

(2) Accurately estimating human activity intensity has always been challenging due to the high expert dependency
on indicator selection and data processing. Existing studies often only consider land cover types as basic factors, while
the diversity of human activities is generally overlooked, leading to a lack of interpretability in the assessment results
of rainfall-induced landslide disaster scenarios. Furthermore, how to objectively assign weights considering indicator
characteristics for multi-source heterogeneous human activity basic data is also a question worthy of research.

This study is dedicated to proposing an improved assessment strategy for rainfall-induced landslide disasters by
explicitly embedding the dimension of HAIL thereby advancing both the reliability and the explanatory depth of the
hazard maps. Our contributions include 3 aspects: First, this study developed a model for estimating human activity
intensity, integrating natural changes, economic development, and human regulation factors from a big data perspec-
tive. Second, this study used ML methods for a static susceptibility assessment of rainfall-induced landslides, and con-
sidering HAI, also developed a dynamic assessment mechanism for the rainfall-induced landslides. Third, by analyzing
the dual spatial constraints of slope and bearing body, a precise evaluation of rainfall-induced landslides in Zhenyuan

County, Yunnan Province, was achieved.

2. Study Area and Data
2.1 Overview of Zhenyuan County

Zhenyuan County, situated in the southwest of Yunnan Province, falls under the jurisdiction of Pu'er City.
Zhenyuan County, covering an area of 4148.023 km?, is positioned between 100°21" and 101°31” east longitude and 23°34’

and 24°22’ north latitude. The geological structure is complex. Landslide geological disasters, triggered by earthquakes,
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heavy rainfall, and human engineering activities, are prevalent. Statistics show that the average annual rainfall in

Zhenyuan County over the past decade has surpassed 1175 mm. A detailed investigation report reveals that 25,766
individuals and assets valued at 962.07 million yuan in Zhenyuan County are at risk from various geological disasters
to varying extents [44]. Thus, conducting geological disaster hazard assessments and enhancing public awareness of
disaster prevention and mitigation are crucial for ensuring stable economic development. The landslide inventory for

Zhenyuan County is mapped in Figure 1.
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Figure 1. Distribution of the study area and historical landslide hazards.
2.2 Data Source and Pre-processing

A meticulous screening process yielded 205 rainfall-induced landslide disaster events, collected from the Yunnan
Provincial Institute of Geological Environment Monitoring, spanning from January 2022 to May 2024 [14]. These events
are distributed across 16 prefecture-level administrative divisions in Yunnan Province. In addition, key indicators of
human activities, consistent with the mechanisms of landslide occurrence and the geological context of the study region,
were collected and subjected to preprocessing. Additionally, environmental factors related to topography, geological
structure, and meteorological precipitation triggers were assembled and preprocessed. Overall, the research data are
primarily acquired from various sensors aboard satellites (such as Landsat, Luojia-1, and meteorological radars) and
from ground-based monitoring instruments. The data overview is shown in Table 1.

Table 1. Sources of topography, geological structure, human activities, and meteorological precipitation datasets.
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Topography

DEM
Landsat-8
Soil Type

Geological type

Mining area distribution

Geological structure

Deformation Data

Fault distribution

Road network and water
system
Land cover data

Building outline

Human activities

Population Density
Night light remote sens-
ing

GDP Distribution

Meteorological pre-

Daily rainfall

cipitation

USGS
China Geological Survey
Chinese Academy of Sciences
Chinese Academy of Sciences
National Mineral Deposits Database
European Space Agency Official
Website

Chinese Academy of Sciences
NGCC

NGCC
NGCC
WorldPop Hub

Wuhan University

Chinese Academy of Sciences
National Meteorological Science

Data Center

Almost static 30m
Almost static 30m
Almost static 1: 1000000
Almost static 1: 2500000
Yearly 1: 50000
Quarterly 20m
Almost static 1: 2500000
Almost static 1: 250000
Every 5 years 30m
Yearly 1: 50000
Yearly 1000m
15 days 130m
Yearly 1000m
Daily 1000m

Environmental factors are essential for landslide formation, dictating their scale, size, and location. Environmental
and triggering factors jointly define the conditions and processes that initiate landslide disasters. Thus, the prepro-
cessing of environmental and triggering factors is critical for assessing landslide hazard [14][20]. Through numerical
cleaning, coordinate system projection, and resampling the data listed in Table 1 at a 300-meter resolution, a total of 6
human activity factors, 12 environmental factors, and 3 rainfall factors were derived. Some of these data are continu-

ously updated, while others are rarely updated. They are used respectively to estimate the HAI, susceptibility, and the

hazard level of rainfall-induced landslides. The spatial distribution of relevant factors is shown in Figures 2 to 4.
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Figure 2. Distribution of six human activity factors in the province.
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3. Methods

In this study, a 300-meter grids were employed as the fundamental analysis unit, incorporating multiple environ-
mental and triggering factors to assess the hazard of rainfall-induced landslides. Specifically, human activity intensity
was objectively estimated and integrated into the dynamic hazard evaluation as a key triggering factor. The model
framework is illustrated in Figure 5. The primary contributions of this study are summarized in three aspects: First, an
objective weighting method was developed to enable a comprehensive estimation of human activity intensity. Second,
the landslide susceptibility and hazard levels at the provincial scale were quantified through random forest and Trans-
former models. Finally, the optimization of hazard assessment results was conducted through the implementation of

dual spatial constraints based on slope and hazard-bearing body. Furthermore, a visual analysis of the hazard assess-
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ment outcomes in Zhenyuan County was performed based on the case study.
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Figure 5. Framework of a regional rainfall-induced landslide hazard assessment model considering the intensity of human activi-
ties.
3.1 Quantification of Human Activity Intensity

Criteria Importance Through Intercriteria Correlation (CRITIC) is an objective weighting method proposed by Dia-
koulaki in 2015 [45]. The core idea is to determine the objective weight of each indicator by assessing both its compara-
tive strength and its inter-indicator conflict [46]. Comparative strength is indicated by the standard deviation of the
evaluation indicator, reflecting the variation in values across different schemes. Indicator conflict is indicated by the
correlation coefficient, reflecting the similarity among different indicators. A larger standard deviation signifies greater
fluctuation in indicator values across schemes, thereby assigning a higher weight. Conversely, a stronger correlation
indicates less conflict between indicators, resulting in a lower weight. The CRITIC method considers the variability
within each indicator and the correlation between them [47]. This method leverages the objective attributes of the data
for evaluation [45]. The CRITIC method encompasses the following steps for implementation.

(1)  Dimensionless processing. Assuming that there are 772 sample units to be evaluated and # measurement

indicators, by normalizing the original data to the maximum and minimum values, the indicator value of each sample

can be expressed as a matrix X, as shown in Formula 1.
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X=|: . (1)
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(2) Indicator calculation. The indicator comparison strength and the conflict between indicators are estimated

by calculating the standard deviation o of the ; th indicator and the correlation coefficient R, between indicators, as

shown in formulas (2) to (4). Among them, X; represents the data mean of the j th indicator, X; represents the normal-

ized value of the j th indicator of the Ith sample unit, and 7, represents the Pearson correlation coefficient between the

J thiindicator and the k th indicator.

— 1 om
X = D )
Zm ( —\2
" (-5
o. = i=s1\"Y J (3)
/ m—1
Ry =2 (1-7) @
k=1
(3) Weight calculation. The information volume c is the comprehensive value of the index conflict and index

comparison and is also the core embodiment of the CRITIC objective weighting method. Based on the information

volume c, the preliminary weight w of index j can be calculated, as shown in formula (5) to formula (6):

C,=0,xR, 5)

we G

J n C. (6)
j=1

The Entropy Weight Method (EWM) originates from the "information theory" framework, introduced in 1948 [48].
The essence of the entropy weight method is to assess the uncertainty and randomness of decision-making indicators
via their information entropy [49]. Higher information entropy in an indicator indicates more dispersed information,
reducing its distinctiveness and impact on decision-making. Conversely, lower entropy signifies more concentrated
information, amplifying its distinctiveness and decision-making influence. The entropy weight method's advantage lies
in its ability to objectively determine indicator weights based on data distribution [50][51]. This approach eliminates
subjective bias in weight assignment. The entropy weight method involves the following steps for implementation:

(1) Information entropy calculation. Calculate the weight of each sample unit under each indicator, and then

use the information entropy formula to calculate the information entropy of each indicator. Among them, f; represents
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the weight of the I th sample unit under the ; th indicator, O, represents the entropy value of the j th indicator, Ow,

represents the entropy weight of the j th indicator, and the value range of O, and Qwis (0,1], as shown in formulas

) to (9).

iry (7)

Q== y (fifxlnfi/’) (®)

S-0) ®

(2) Weight optimization. The CRITIC method determines objective weights by accounting for both the compa-
rability within a single indicator and the conflicts across different indicators, thereby exploiting the inherent character-
istics of the data while preserving its informational content. However, the single CRITIC method lacks consideration of
the differences in the importance of indicators. Integrating indicator weights with their corresponding entropy values
enables a more comprehensive reflection of inter-indicator comparability, conflicts, and relative importance. Therefore,
this work proposes a combined weighting model that couples CRITIC and entropy values. The calculation method is

shown in formula (10).

w, xOw,

ﬂZXWf)+QWi

Wj=(1+,[)’2)><( (10)

Among them, w; represents the initial weight w; of indicator j, and the reconciliation parameter /3 represents the

multiple of the importance of the contrast and conflict between indicators compared with the reference value of the
indicator importance, which has important physical significance. Usually /3 is 0.5, 1, or 2.
3) Calculation of HAI Based on the optimization weights obtained by formula (10) and the driving data of

each sample unit, the human activity intensity /, of each sample unit can be further calculated using formula (11). The

workflow for quantifying human activity intensity is shown in Figure 6.

1 n
Pl,:—ZW..xx.‘ (11)
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Figure 6. The workflow for quantifying human activity intensity by coupling CRITIC and EWM.
3.2 Random Forest for Susceptibility Assessment

The random forest model employs multiple classification trees to establish a nonlinear relationship between data
features and labels, suitable for both classification and regression tasks [52]. The model generates decision trees that
reflect the distribution of a sampled subset of the training data through sampling with replacement [53][54]. It then
aggregates the classification outcomes of all trees, voting, and scoring to determine the optimal classification result. The
randomness in the random forest is manifested in two ways: random feature selection and random sampling of data
[55]. While the trees in a random forest share certain characteristics, they also differ from one another, enabling the
model to effectively handle high-dimensional datasets without additional dimensionality reduction [56]. A potential
drawback of the random forest model is its susceptibility to overfitting when dealing with noisy classification problems
[52]. The essence of rainfall-induced landslide susceptibility assessment lies in estimating the vulnerability level of the
target area based on geographical similarity, which is consistent with the characteristics of small sample sizes and non-
linear modeling [14][20]. Random forest models are adept at capturing nonlinear decision boundaries and are highly
tolerant of outliers and noise. Hence, a random forest approach was applied in this work to assess the susceptibility of
landslides.

The random forest method uses impurity to measure the best split and calculates the factor importance through

the reduction value Dcrof the Gini index of factor index k when the node is split [20]. The proportion of the average Gini
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index reduction value to the total average Gini index reduction value of all factors is F,, and the calculation method is

shown in formula (12):

n !

D

Ghkhj

_ k=1 k=l
B=a— (12)
z Z DGUU
=1 h=l j=1
Where m is the total number of factors, #n is the number of classification trees, and ¢ is the number of nodes in a
single tree, respectively.; Dcwijis the Gini index reduction value of the k th factor on the j th node of the & th tree; Pxis the

importance of the k th factor [57].

3.3 Transformer for Hazard Assessment

As a deep learning framework built upon self-attention, the Transformer can accurately represent complex and
nonlinear interactions between different feature variables [58]. It is particularly suitable for tasks that require modeling
intricate interactions among features. The model’s effectiveness stems from its self-attention mechanism, which dynam-
ically redistributes weights by measuring inter-element correlations within the sequence, thereby enhancing its capacity

to capture extended and nonlinear dependencies. The specific formula is as follows:

Attention(Q, K, V') = soft max(Q K

\/d_)V (13)
k

Where Q, K, and V are the query, key, and value matrices, respectively, derived from the input data through linear

transformations. dk is the dimension of the key vectors. The Softmax function normalizes the attention scores so that
their sum is 1. The output is a weighted sum of the value vectors based on the attention scores. Through this mecha-
nism, the Transformer model dynamically adjusts the importance of features and captures complex nonlinear relation-
ships between them. The working principle of the Transformer model used for hazard assessment is shown in Figure

7.
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Figure 7. The working principle of the Transformer model used for hazard assessment.

Hazard assessment typically involves complex nonlinear interactions between multiple factors, such as environ-
mental conditions, rainfall, and human activity intensity [59]. The Transformer model, with its self-attention mecha-
nism, dynamically adjusts feature weights to efficiently identify key factors and their relationships, thereby improving
the accuracy of hazard predictions. Additionally, the Transformer model can be easily extended to accommodate dif-
ferent hazard assessment scenarios. Therefore, the Transformer model, with its strong nonlinear modeling capabilities
and efficient handling of high-dimensional data, is an ideal choice for hazard assessment.

3.4 Evaluation Indicator

To ensure a rigorous evaluation of hazard assessment outcomes, four performance metrics —accuracy, recall, false
negative rate, and false positive rate —were employed to evaluate model quality. Accuracy (A) refers to the fraction of
samples classified correctly out of the entire dataset. Recall (R) quantifies the correctly recognized positives compared
with the overall number of positives. The false negative rate (FNR) indicates the proportion of positives wrongly as-
signed to the negative class, whereas the false positive rate (FPR) reflects the proportion of negatives incorrectly labeled

as positives. The detailed expressions of these indicators are given in Equations (14) to (17).
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TP+1N
A= (14)
TP+ FP+TN+FN
R:L (15)
TP+ FN
FNR=—1N__ (16)
TP+ FN
FPR=—1T a7
FP+TN

Depending on the specific needs of disaster management, there may be different focuses on the above indicators.
Specifically, R and FNR focus more on the model's ability to recognize landslide hazards. At the same time, A and FPR
provide a perspective on the overall performance of the model and the extent of false alarms. If avoiding underreporting
(i.e., reducing casualties and property damage) is a top priority, then R and FNR will be key metrics for evaluating
model performance. Conversely, if resources are limited and unnecessary precautions need to be avoided, then FPR

will be an important consideration.

4. Experiments and Results
4.1 Human Activity Intensity Estimation

Complex topography renders existing methods for estimating human activity intensity inadequate for large-scale,
refined quantitative calculations in plateau and mountainous regions [60]. Furthermore, existing methods for estimating
human activity intensity are subjective and reliant on expert knowledge for indicator selection and weight assignment,
hindering their widespread adoption across different regions [32]. To address these limitations, an integrated human
activity indicator system is proposed, encompassing "natural transformation-economic development-human regula-
tion" factors. Subsequently, an objective model for estimating human activity intensity is developed using CRITIC and
EWM. Natural transformation, economic development, and human regulation factors reflect the phased impact of hu-
man activities on the geological environment from the perspectives of the past, present, and future [61]. Objective esti-
mation of human activity intensity is achieved in this section by leveraging multi-source geographic big data.

Utilizing the combined weighting method outlined in Section 3.1, the weights of the 6 human activity factors are
presented in Table 2. Based on the weights of each factor, the human activity intensity across Yunnan Province is calcu-

lated and visualized in Figure 8.

Table 2. Weights for 6 human activity factors (two decimal places).
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Factor Name Initial weight Entropy Weight Optimize weights

River density 0.39 0.09 0.14
GlobeLand 30 0.33 0.25 0.28
Road density 0.19 0.19 0.19
Radiation intensity 0.03 0.1 0.05
Grid GDP 0.06 0.17 0.08
Grid population 0.01 0.21 0.02
Z
{
£
z
e HAL
& High : 0.56
0 100 200
km l Low : 0
98°0'0"E  100°0'0"E  102°0'0"E  104°0'0"E  106°0'0"E

Figure 8. Spatial distribution of human activity intensity in Yunnan Province.
4.2 Landslide Susceptibility Assessment

In applying the random forest algorithm, the reliability of the dataset plays a decisive role in determining both
model accuracy and generalization ability [20]. For landslide susceptibility analysis, the dataset was constructed with
two categories: landslide occurrences (positive samples) and non-occurrences (negative samples). Each record includes
twelve environmental attributes as inputs, with binary outputs coded as 1 for landslide sites and 0 for stable areas. To
mitigate sample imbalance, a ratio of 1:2 between positive and negative cases was adopted, resulting in 615 instances.
Following standard practice, the dataset was randomly divided into training (70%) and testing (30%) subsets [62]. This
procedure produced a dataset reflecting regional geological and environmental conditions, which was subsequently
used for model learning and validation. In the prediction stage, the trained random forest was applied to gridded spatial
units, where environmental attributes were preprocessed as input features. The model then outputs susceptibility prob-
abilities ranging from 0 to 1 for each grid cell.

In susceptibility evaluation modeling, the random forest model's key parameters are configured as follows: n_esti-

mators set to 200, max_depth to 8, max_features to auto, and the information gain threshold to 0.025. This study utilizes
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the Gini index to determine the significance of various environmental factors. The model training's factor importance

ranking is as follows: elevation, fault density, soil type, surface deformation, planar curvature, profile curvature, fault
distance, and slope. Factors not listed are omitted due to their importance falling below the predefined information gain
threshold.

Following the random forest training principles described in Section 3.2, a detailed assessment of landslide suscep-
tibility in Yunnan Province was performed. The spatial distribution of rainfall-triggered landslide susceptibility is illus-
trated in Figure 9. As shown, susceptibility values range from 0.1 to 0.87, with highly susceptible zones concentrated

mainly along road corridors at higher elevations.

26°0'0"N 28°0'0"N

24°0'0"N

Susceptibility
W High : 0.87

22°0'0"N

|———T" B Low: 001

98°0'0"E 100°0'0"E 102°0'0"E 104°0'0"E 106°0'0"E

Figure 9. Spatial distribution of rainfall-induced landslide susceptibility in Yunnan Province.
4.3 Landslide Hazard Assessment

Sections 4.1 and 4.2 presented the spatial distribution of HAI and rainfall-induced landslide susceptibility. Further-
more, the Transformer model was employed to construct a hazard assessment model. Due to the limited historical
landslide disaster samples available in Zhenyuan County, which makes it challenging to support effective modeling
with the Transformer model, this study opted to use a dataset extracted from the entire province for training. Further-
more, to control the effectiveness of the model in the hazard prediction task for Zhenyuan County, the hazard assess-
ment samples did not consider historical rainfall-induced landslide data from Zhenyuan County. As depicted in Figure
4, the hazard assessment samples incorporate dynamic rainfall characteristics for specific dates, not just simple features

like average annual rainfall. The model's training results indicate a test set accuracy of 91.87%, a recall rate of 80.85%, a
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missed rate of 19.15%, and a false alarm rate of 1.32%, suggesting that the hazard assessment model's training is highly

effective.

4.4 Slope and Bearing Body Constraints

To enhance the precision of the hazard assessment further, the slope and the distribution of the hazard-bearing
body are utilized as prior information for the hazard assessment. By imposing prior information constraints, unneces-
sary areas in the original hazard zoning can be corrected. The final hazard level for rainfall-induced landslides is artic-
ulated in formula (18).

H, =HxS_.xB, (18)

In the formula, /_ and H represent the probability of hazard assessment after and before prior information con-

straint, respectively. S, represents the attribute value of the slope constraint layer. Research has indicated that 95% of

rainfall-induced landslides are mainly distributed in the slope range of 8°~45°, and some disaster points are located

outside the slope range [63]. Based on these findings, the slopes of historical disaster points in Yunnan Province are
sorted and counted, with areas having a slope of 8°~45° assigned a value of 1 and the rest assigned a value of 0. B,

represents the attribute value of the hazard-bearing body constraint layer. Buildings and roads are selected as hazard-
bearing bodies. In line with existing research [64], the road network distance and building distance are reclassified with
a threshold of 500 meters, assigning a value of 1 to the buffer area and 0 to all other areas. Therefore, the constraint layer
of Zhenyuan County is shown in Figure 10, where the slope constraint area and the hazard-bearing area represent the

range where the hazard assessment results are retained.
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Figure 10. Spatial constraint layers of slope (a) and hazard-bearing body. (a)Slope constraint layer, (b) Hazard-prone body con-

straint layer.
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According to the Transformer model, the hazard assessment results on August 8, 2023, are shown in Figure 11(a).

Furthermore, by applying spatial constraints through formula (18), optimized hazard assessment results were obtained,
as depicted in Figure 11(b). Considering the simplicity of result display, statistical rationality, and practical applicability
in specific regional environments, the hazard assessment results were divided into five levels using the equal interval
method: very high, high, medium, low, and very low. By comparing Figure 11(a) and Figure 11(b), it is evident that
significant spatial constraints have been applied to the evaluation results at different levels. Consequently, the area of
the hazard assessment results has been reduced by 49%, 34.4%, 33.5%, 20.5%, and 16% respectively, with the total eval-

uation area decreasing by 40.6%. The statistical results are shown in Figure 12.
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Figure 11. Hazard assessment results before (a) and after (b) prior information constraints (August 8, 2023). Evaluation results be-

fore prior information constraints, (b) Evaluation results after prior information constraints.
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Figure 12. Changes in the hazard statistics based on prior information constraints (August 8, 2023)
4.5 Case Study of Rainfall-Induced Landslide Associated with Human Activity

The study utilizes Zhenyuan County, Yunnan Province, as a case example to carry out landslide disaster hazard

assessment and mapping for a rainfall-induced landslide event that occurred in the county in recent years. The event
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occurred at 4 a.m. on August 8, 2023, in Yakou Village, Heping Town, Zhenyuan County. The event was triggered by

natural rainfall and was classified as a minor disaster. The traction landslide caused damage to the pigpen on the upper
side of the farm, resulting in direct economic losses and family property losses totaling 200,000 yuan. Figure 13 shows

an aerial view of the geographical location of the Yaokou landslide.

Yakou landslide | Yakou landslide

% LON:101.441194° LON:101.441194°

LAT:23.939989° LAT:23.939989°
2023/8/8 ‘ ol 2023/8/8

Figure 13. Geographic location of the Yaokou landslide. (a) Aerial view of the Yaokou landslide as seen from remote sensing im-
agery, (b) Detailed version of the aerial view of the Yaokou landslide.

To analyze the early warning performance of the model, the hazard assessment results from August 8, 2023, were
spatially visualized. According to the hazard probability level of the landslide location in Figure 14 (a) and Figure 14
(b), it can be inferred that a more accurate hazard is obtained by considering HAI The main basis is that considering
the intensity of human activities can classify the grid unit where the event is located as a high hazard level, and this
result can directly trigger the preset disaster early warning mechanism. In particular, River density, land cover type,
Road density, Radiation intensity, Grid GDP, and Grid population were considered comprehensively and objectively
in the estimation process of HAI. However, Figure 14 (b) does not consider HAI, directly weakening the modeling of
human activity triggering factors, and thus obtaining an evaluation result with a lower degree of danger. The evaluation
model that incorporates HAI, as proposed in this study, proves to be a more suitable approach for assessing the hazards

of rainfall-induced landslides.
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Figure 14. Hazard assessment results of Zhenyuan County. (a) Hazard assessment result considering the intensity of human activi-
ties, (b) Hazard assessment result without considering the intensity of human activities.
5. Discussion

5.1 Comparison with Existing Work

In the realm of landslide hazard assessment, prior research has predominantly focused on natural factors such as
rainfall intensity, slope gradient, and soil properties, often neglecting the significant role of human activities [65]. Alt-
hough previous studies have established a strong basis for understanding natural triggers of landslides, they have not
fully addressed the role of human activities, which are now widely acknowledged as significant drivers of landslide
hazards [14]. For instance, many existing models rely on subjective weighting methods to quantify human activity in-
tensity, leading to potential biases and a lack of robustness in the assessment results [32][33]. In contrast, this study
innovatively integrates the CRITIC and EWM objective weighting models, leveraging multi-source geographical big
data to provide a more objective and comprehensive estimation of HAIL This approach not only addresses the limita-
tions of previous studies but also offers a more nuanced understanding of how human activities interact with natural
factors to influence landslide hazard [34][35][14].

Furthermore, traditional landslide hazard assessment methods often suffer from a lack of spatial precision and
efficiency, resulting in overly broad hazard classifications that may not accurately reflect the true hazard distribution
[20]. The spatially constrained assessment strategy employed in this study, which incorporates slope distribution and
disaster-bearing body distribution, represents a significant advancement. By applying dual spatial constraints, this

study effectively reduces the assessment area, and the hazard assessment areas at different levels were reduced by 49%,
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34.4%, 33.5%, 20.5%, and 16% respectively, thereby enhancing the precision and efficiency of the hazard mapping pro-

cess. This is a notable improvement over previous methods that fail to account for the spatial heterogeneity of landslide
hazards, often leading to inefficient allocation of resources and inadequate disaster preparedness [18][22][23].

5.2 Strengths and Limitations of the Proposed Strategy

The proposed strategy in this study offers several distinct advantages over existing approaches. Firstly, the inte-
gration of human activity intensity into the landslide hazard assessment model significantly enhances the model's abil-
ity to capture the complex interactions between human activities and natural processes. By considering factors such as
river density, land cover type, road density, radiation intensity, grid GDP, and grid population, the model provides a
more holistic view of the hazard landscape. The adoption of this holistic method not only raises the reliability of hazard
predictions but also ensures that the model captures real-world contexts in which human impacts act as major triggers
for landslides [2][14]. Moreover, the use of objective weighting models ensures that the relative importance of each
factor is accurately determined, thereby reducing the subjectivity associated with traditional weighting methods
[36][37][38].

However, despite these strengths, the proposed strategy also has its limitations. One major limitation is the resolu-
tion of the data used in this study. Although a 300 m grid provides adequate support for regional-scale assessments, it
fails to reflect detailed variations in landslide processes [19]. This limitation is particularly evident when the assessment
results are spatially overlaid with actual landslide events, where higher-resolution data would be necessary to fully
capture the nuances of the hazard distribution. Additionally, the current study relies on a relatively small dataset of 205
rainfall-induced landslide cases for model training. Although the dataset was curated with attention to quality, its rel-
atively small scale could constrain the model’s generalization capacity across different regions or application contexts.
Furthermore, the complexity of human activities means that the current indicator system for human activity intensity,
although comprehensive, may still need further refinement to fully account for the multifaceted nature of human influ-
ences on landslide hazards [14].

5.3 Innovation and Future Prospects

The innovation of this study lies in its novel approach to integrating human activity intensity into landslide hazard
assessment through the use of objective weighting models and multi-source geographical big data. This integration

represents a significant departure from traditional methods that often treat human activities as secondary factors [26].
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This study highlights human activities as a key driver of landslide hazards, offering fresh perspectives on the intricate

interactions between human and natural systems. By strengthening assessment accuracy and robustness, the proposed
strategy further supports effective understanding and governance of landslide hazards in environments where human
activity plays a major role [7][29].

Looking ahead, the potential applications of this study are extensive. The proposed strategy can be adapted and
applied to various regions with different environmental and socio-economic characteristics, providing valuable support
for disaster risk management, urban planning, and ecological conservation [9][19]. In particular, the ability to quickly
update and dynamically adjust hazard assessments based on real-time data makes this method highly suitable for use
in emergency response and early warning systems [13]. Future work will focus on further refining the human activity
intensity indicator system to incorporate additional factors and perspectives. Additionally, efforts will be made to col-
laborate with relevant authorities to validate the assessment results in different geographical contexts and to explore
the potential for integrating this method with other advanced technologies such as machine learning and remote sens-
ing. Ultimately, the goal is to develop a more comprehensive and accurate landslide hazard assessment framework that

can better serve the needs of both scientific research and practical applications.
6. Conclusions

A regional rainfall-induced landslide hazard assessment incorporating the intensity of human activities was con-
ducted. First, the CRITIC and EWM methods were used to generate an objective, spatially explicit measure of HAI over
a large region. Subsequently, random forest and transformer models were used to assess landslide susceptibility and
hazard in Zhenyuan County, Yunnan Province. Furthermore, spatial constraints for rainfall-induced landslide hazards
were imposed by incorporating slope and hazard-bearing body information. The case study of Zhenyuan County, Yun-
nan Province, demonstrated that: (1) The index system was constructed using three types of human activity geographic
data, namely natural transformation, economic development, and humanistic regulation. The estimated human activity
intensity can reveal the laws of human activities in a more detailed, comprehensive, and objective manner. (2) By incor-
porating slope and hazard-bearing body constraints, the hazard assessment model can reduce the number and area of
grid cells across various hazard levels while minimizing underreporting. (3) When the intensity of human activities is
considered, the early warning capacity of the assessment improves, and the hazard levels align more closely with the

actual occurrence of landslide events.
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In summary, the study offers multiple contributions. First, the intensity of human activities is quantitatively esti-

mated at a fine scale by incorporating geographic data, including natural transformation, economic development, and
human regulation. Second, the dynamics of rainfall-induced landslide hazard were assessed by integrating human ac-
tivity intensity data with rainfall-triggering factors. Additionally, the impact of HAI and spatial constraints on hazard
modeling outcomes was explored through control experiments. This information can help guide disaster prevention
and control. Thus far, the research has addressed the key question posed in the introduction: how the intensity of human
activities is spatially distributed and its influence on the effectiveness of rainfall-induced landslide hazard assessment.
In future work, further comparisons with meteorological risk warning or other methods will be conducted to thor-
oughly discuss the feasibility and applicability of this approach.
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