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Abstract: Debris flow disasters frequently occur and pose considerable hazards; thus, it is essential to
thoroughly evaluate their risks. This study constructs a database comprising 20 assessment indicators,
utilizing comprehensive natural disaster risk assessment theory and incorporating the triggering fac-
tors of Huokou Lake in the Changbaishan Mountains. This research employs a hybrid ANP-CRITIC
methodology to allocate weights to the assessment indicators efficiently. For hazard assessment,
this research utilizes both the Information Quantity and Random Forest models for comparative
analysis. The ROC curve was employed to validate the outcomes, ultimately favoring the Random
Forest model due to its superior accuracy in assessing debris flow hazards. In this study, the risk of
debris flow disasters in Antu County is comparatively assessed under scenarios with and without
an outburst event. The findings indicate that areas of high and very high risk are predominantly
located within the central regions of economically prosperous and densely populated townships.
Additionally, the risk in Erdao Baihe Township escalates significantly when considering the outburst
of Huokou Lake. The significance of this study lies in its ability to furnish a robust scientific basis for
decision-makers aimed at preventing future debris flow disasters. Furthermore, it serves as a crucial
reference for advancing sustainable regional development and facilitates the equilibrium between
economic growth and environmental protection within disaster management strategies.

Keywords: information quantity; random forest; debris flow; risk assessment; Mike21; ANP;
CRITIC; sustainability

1. Introduction

Debris flows have historically constituted a prevalent natural disaster in mountainous
regions globally [1]. Such events can inflict substantial damage and losses, affecting not
only infrastructure, including residential and industrial buildings, but also human lives
and livestock through burial and land degradation. Additionally, they impact various
sectors such as water conservancy and hydropower, transportation and communication
networks, and the broader economy [2].

Research on the evaluation of debris flow disaster risk commenced relatively early
on an international scale. Nevertheless, due to the ambiguous definition of disaster risk
prevalent at that time, numerous studies failed to gain widespread recognition and dis-
semination. For instance, a risk evaluation encompassing ten natural hazards, including
earthquakes and landslides in California, was carried out in the United States between
1970 and 1973 [3,4]. It was only in 1982, when the United Nations Disaster Relief Office
introduced a more widely accepted definition of disaster risk, that notable international
geohazard researchers, such as Carrara [5], Varnes [6], and Brabb [7], began to undertake
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studies to establish preliminary concepts and propose rudimentary methods. However,
the absence of standardized technical methodologies and processes has constrained the
practical promotion and application of related risk evaluation studies. Research on debris
flow disaster risk in China commenced comparatively late. Despite the emergence of some
studies on this subject since the 1980s, a more comprehensive and mature system has yet
to be established. It was not until the 1990s that a significant number of Chinese scholars
began to systematically investigate debris flow disaster risk, coinciding with the gradual
maturation of international research on debris flow risk assessment [8].

In recent years, the rapid advancements in computer and information technology,
coupled with the proliferation of remote sensing technologies, software, models, and
methodologies, have significantly advanced research in debris flow disaster risk evaluation.
In 2016, Korean researchers Kim BJ et al. developed a real-time disaster management
Geographic Information System (GIS) utilizing GIS data [9]. American researchers Mee-
han Christopher L et al. examined debris flows resulting from landslides and surface
erosion, simulating the dynamic process of material flow [10]. Their findings indicated
that the severity of debris flow hazards increased markedly with the intensity of heavy
rainfall, presenting a substantial threat to society. In 2017, Pablo Tierz et al. employed
a Bayesian Information Network to assess rainstorm-induced debris flows in Somma-
Vesuvius, Italy, focusing on probability analysis and risk assessment [11]. In 2018, Han Xu
selected Dongchuan District as the study area to analyze debris flow risk and developed
an evaluation system integrating GIS and remote sensing technologies [12]. In 2021, Jiang
Tao-tao applied the risk = hazard x vulnerability model to analyze debris flow risk in
Fangshan District, Beijing, China [13]. In 2023, Wu Qingan et al. identified ten indicators as
factors for debris flow risk evaluation, considering the formation conditions and character-
istics of debris flows in Zhouqu County [14]. By incorporating results from a questionnaire
survey, they developed a debris flow risk evaluation model using the gray correlation
degree method. They also established a risk degree model based on the product of hazard
and vulnerability degrees, deriving risk assessments for each debris flow.

Collectively, the aforementioned studies have established a foundational basis for
debris flow disaster risk evaluation; however, several limitations persist in this domain.
For instance, the subjective assignment method is inherently influenced by the uncertainty
surrounding the decision-maker’s knowledge base, cognitive reasoning, and the interrela-
tionships among various qualitative and quantitative indicators, making it challenging to
accurately quantify the relative importance of these indicators. Conversely, the objective
assignment method determines weights solely based on the objective information of the
indicators, relying on robust mathematical theories; however, it fails to account for the sub-
jective intentions of the decision-maker and analysts. Furthermore, the results derived from
this method may occasionally diverge from the true significance of the indicators, which
can be challenging to rationalize [15]. Through comparative analysis of the assessment
accuracy of various machine learning models, scholars generally concur that the random
forest (RF) model exhibits superior predictive accuracy and enhanced modeling adaptabil-
ity, rendering it an accurate and reliable forecasting tool [16]. Additionally, traditional risk
assessment primarily focuses on disaster-causing conditions, which are deemed to arise
from the interplay of three factors: hazard, exposure, and vulnerability. This approach
often overlooks the inherent complexity of the system affected by debris flow disasters,
as well as the influence of community preparedness on risk mitigation efforts. To address
these limitations, this paper pioneers the application of the comprehensive risk assessment
theory of natural hazards as proposed by Zhang et al. (2009) [17]. By integrating the
network analytic hierarchy process (ANP) and the criteria importance though intercriteria
correlation (CRITIC) methods, it analyzes debris flow disaster risk in Antu County from
both subjective and objective perspectives. This theory extends the traditional risk forma-
tion principle from three to four elements: hazard, exposure, vulnerability, and emergency
response and recovery capacity (ERRC), which is the basic condition and special defense
capacity that regional human societies possess to guarantee that disaster-bearing bodies are
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free from, or are less threatened by, natural hazards, and is adopted in this study to ensure
that the assessment results are more scientific and standardized. For hazard assessment,
this study employs both the Information Quantity Model and the Random Forest Model for
comparative analysis, thereby enhancing the accuracy of the hazard assessment results. Fi-
nally, the visualization of risk using GIS, combined with twenty assessment indicators and
up-to-date data, offers a valuable tool for decision-makers to evaluate debris flow disaster
risk in Antu County in a comprehensive, scientific, standardized, and user-friendly manner.

2. Overview of the Study Area

Antu County is situated in the northern foothills of the Changbai Mountains, char-
acterized by rolling hills, gullies, and ravines. The Changbai Mountain Range extends
from south to north, resulting in a terrain that features high elevations in the south and
low elevations in the north, as well as high elevations in the east and low elevations in
the west, forming a north-south orientation and a narrow east-west expanse. The region
encompasses extensive mountainous areas and numerous rivers, presenting a continental
low mountainous landscape. The northern portion of the county consists of low mountains
and hills; the central region features mid-mountain and low-mountain areas; and the south-
ern section is characterized by plateaus and tablelands. Influenced by the topography and
the interaction of two types of airflow from the continent and the Pacific Ocean, vertical
zoning is pronounced in this region. Both temperature and precipitation are significantly
affected by altitude; specifically, the temperature decreases by 0.5-0.6 °C for every 100 m in
elevation, while annual precipitation increases by 33 mm. Hengdan, located in the central
northern part of the Arakou Ridge, serves as a natural geographical demarcation line for the
county, distinctly dividing it into two climate zones. The southern region, encompassing
the Tianchi area, exhibits a continental climate typical of the middle temperate zone, with
an average annual precipitation of 1407.6 mm, primarily concentrated from June to August,
and an average annual temperature of —7.3 °C. Conversely, the northern region falls within
the northern temperate monsoon climate zone, with an average annual precipitation of
632 mm, also concentrated from July to August, and an average annual temperature of
2.9 °C (Figure 1).
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Figure 1. Location and overview of the study area.
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3. Data and Methods
3.1. Data Sources and Preparation Techniques

This study is founded on the Geological Hazard Investigation and Regionalization
Project for the Changbai Mountain Protected Development Zone in Jilin Province, wherein
remote sensing interpretation serves as the preliminary approach, complemented by ground
investigations and necessary mapping, physical exploration, and mountain engineering
techniques (Figure 2). The data utilized in this study primarily consist of vector and raster
datasets encompassing remote sensing, meteorological information, basic geographic data,
and attributes pertaining to population and economic factors. The specific sources of
all datasets are detailed in Table 1. Data processing was conducted using ArcGIS 10.8.1
software. Slope and topographic relief were directly extracted using ArcGIS software, while
the topographic wetness index (TWI) and stream power index (SPI) were derived using the
raster calculator; distance from the water system (DFWS) was calculated using Euclidean
distance. Vegetation cover was obtained from Landsat 8 remote sensing imagery with a
resolution of 30 m, utilizing remote sensing image processing software ENVI 5.6 to generate
the NDVI. Appropriate vegetation classification standards were then applied within ArcGIS
software to derive the vegetation cover. Building density was extracted from points of
interest in the planning cloud for point extraction and subsequently processed using
kernel density estimation, while road density was derived through geometric calculations
based on the attribute table. The remaining metrics were acquired and imported into
ArcGIS software for direct cropping within the study area, with all aforementioned data
categorized into intervals using the natural breakpoint method. Figure 3 illustrates the
technical procedures employed in this study.

Figure 2. (a) North scenic debris flow No. 1 ditch; (b) north scenic debris flow No. 2 ditch; (c) remote
sensing image of debris flow.

Table 1. Data types and sources.

Parameters Data Types Source
. . Geological Hazard Investigation and Regionalization Project for the
Debris flow point Vector data Changbai Mountain Protected Development Zone in Jilin Province
Zoning Vector data https://www.webmap.cn (accessed on 1 March 2024)
DEM Raster data http:/ /www.gscloud.cn (accessed on 6 March 2024)
Slope Raster data ASTGTM2 DEM30m GIS analysis
Topographic relief Raster data ASTGTM2 DEM30m GIS analysis
TWI Raster data ASTGTM2 DEM30m GIS analysis
SPI Raster data ASTGTM2 DEM30m GIS analysis

Average annual rainfall
Distance from water system
Vegetation coverage
Lithology

Population density

Raster data https:/ /www.resdc.cn/ (accessed on 15 March 2024)
Vector data https:/ /www.resdc.cn/ (accessed on 15 March 2024)
Raster data https:/ /www.databox.store (accessed on 5 March 2024)
Vector data http:/ /de.ngac.org.cn/Distribute (accessed on 8 March 2024)

World UN population density dataset

Raster data https:/ /population.un.org/wpp/ (accessed on 11 March 2024)
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Table 1. Cont.

Parameters Data Types Source
Road density Vector data https://www.gscloud.cn (accessed on 6 March 2024)
Building density POI http:/ /www.guihuayun.com/ (accessed on 20 March 2024)
Land use Raster data https://www.esa.int (accessed on 20 March 2024)
Road category Vector data https:/ /www.gscloud.cn (accessed on 20 March 2024)
Building stories POI http:/ /www.guihuayun.com/ (accessed on 20 March 2024)
Antu County Statistical Yearbook
POVP Raster data http:/ /www.antu.gov.cn/sj_2368/tjgb /index.html
(accessed on 28 March 2024)
GDP Raster data https:/ /www.databox.store (accessed on 12 March 2024)
NOBIHW Raster data Antu County Statistical Yearbook
NOHCW Raster data Antu County Statistical Yearbook

Education status

Raster data

Antu County Statistical Yearbook
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Figure 3. Evaluation flow chart.
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3.2. Calculation of Weights
3.2.1. Calculation of Subjective Weight by ANP

The ANP method is an adaptive non-independent hierarchical decision-making
method developed on the basis of the analytic hierarchy process (AHP) method. Compared
with the AHP, which only emphasizes the unidirectional hierarchical relationship between
the decision-making levels, the ANP takes more account of the interactions between the
factors or the adjacent levels, and solves the interactions, dependencies, and feedbacks of
the factors, so as to make the results more accurately and efficiently described, and it is a
kind of subjective empowerment method [18].

(1) Constructing the Network Structure:

In accordance with the principles of the ANP and the evaluation framework, an ANP
network evaluation model is developed. This model employs double arrows to represent
mutual influences between elements, while single arrows indicate the direction of influence
generation (Figure 4).

| Target

Control layer | Criterion P1 | | Criterion P2 |

Network layer

group Cl group C2
Element m Element
group C1 . group C1
Element
group C1

Figure 4. The structure model of ANP.

(2) Pairwise comparisons are conducted based on the interactions among elements within
the network model. These comparisons utilize the Saaty 1-9 scale (Table 2) and are
derived from expert questionnaires. The expert ratings are then aggregated using the
geometric mean method.

Table 2. Saaty 1-9 scale.

Meaning Relative Importance
A is as important as B 1
A is slightly more important than B 3
A is obviously more important than B 5
A is more important than B 7
A is absolutely more important than B 9
The middle value of the above importance 2,4,6,8
The opposite expression of the above degree of importance 1/3,1/5,1/7,1/9

(38) The unweighted supermatrix is computed, followed by a consistency test. Initially,
within the control criterion layer, indirect dominance comparisons among elements
are conducted, and weight vectors are determined using the eigenvalue method.
Consistency testing is applied to each local weight matrix to ensure accuracy. Subse-
quently, the internal and external relationships among elements in other groups are
sequentially compared to derive the unweighted supermatrix W, which is constructed
from the ranking vectors of interacting elements within the network layer.
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(4) Each sub-block of the unweighted supermatrix only considers the ordering of the
elements within the subsystem (i.e., within the hierarchy) concerning a given criterion
and does not estimate the influence of the other subsystems on this criterion, so
each column of the unweighted supermatrix is not normalized. For this reason, with
each subsystem (or hierarchy) as an element, a two-by-two comparison for a given
subsystem yields a weighted matrix A, which weights the elements of W to yield a
weighted supermatrix W.

a1 41z - AIN
a1 dxp -+ @ON
A= . . ) (2)
AN1 aN2 - 4NN
aj] X w1 app X Wy -+ AN X WIN
— a1 X W Ay X W s IHN X W
W — 21 21 22 22 2N 2N 3)
AN1 X WN1 AN2 X WN2 -+ 4NN X WNN

(5) The limit supermatrix is computed to ascertain the weights of the elements. To account
for interdependencies among the elements, the weighted supermatrix is stabilized
through iterative self-multiplication until convergence is achieved. This process yields
the final weight values for the elements.

W® = lim (W) (4)

k—o0

3.2.2. Calculation of Objective Weight by CRITIC

The CRITIC method is a weighting method based on the comparative strength and
conflict of assessment indicators. Comparative intensity refers to the size of the difference
between the values of each assessment program for the same indicator, which is expressed
in the form of standard deviation, while the conflict between indicators is expressed by the
correlation coefficient. The larger the standard deviation, the greater the fluctuation and
the higher the weight; if the correlation coefficient is larger, the smaller the conflict and
the lower the weight. This method can fully combine the volatility, correlation, and other
characteristics of the data, and the resulting weights are objective and effective, avoiding to
a certain extent the influence of the extreme value of the weights of a single piece of data
on the whole, and it is an objective assessment method [19]. The fundamental steps are
as follows:

(1) Let a total of m evaluation objects and n evaluation indicators be selected, and the
original data matrix X is obtained.
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(2) In order to eliminate the influence of the scale on the evaluation results, the indicators
need to be standardized.
Positive indicators are as follows:

Xt — Xoso
= ij minj ©)

gl Xmaxj — ¥minj

Negative indicators are as follows:

_ xmaxj - xij
T )

Xmaxj — Xminj
where x;; is the jth indicator for the ith object (0 <i <m, 0 <j < n).

(3) Calculate the variability within each metric.

(4) Calculate the conflicting nature of the indicators.

Rj =) (1-ry) )

m
=1

(5) Calculate the amount of information for each indicator.

m

C] = 5]2(1 — rij) = S] X R]' (10)

(6) Calculate the weight of each indicator.

(11)

3.2.3. Calculation of Combination Weight by Game Theory

After using the ANP method to calculate subjective weights and the CRITIC method
to calculate objective weights, this study used game theory to optimize the combination
of the results of the two methods. The game theory combination assignment takes the
Nash equilibrium as the goal, absorbs the multi-class weight factors, and seeks the optimal
combination that takes into account the multi-class weights [20]. The calculation steps are
as follows:

(1) Assuming that L methods are used to calculate the weights, any linear combination of
these L weights is calculated as follows:

L
W =Y gwhT (12)
k=1

where By is the weighting factor, and the following applies:

L
Y Be=1,B)0 (13)
=1
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(2) The calculation of weighting factors is as follows:
L
min|| Y~ BWHT — w; (14)
bollk=1 2

where w; is the weight calculated by the ith method. According to the differential
properties of the matrix, Formula (14) is expanded as follows:

T T T T
wlwlT wlsz e wlw% B1 wlwlT
Ww; wWw; -+ wwy | B2 Wrw, 15)
T T T T
wrwy; wrw, oo wrwp ] | Pk wrwi

(38) Calculate the weight coefficient fj according to Equation (15) and normalize it into
Equation (12) to obtain the optimal weights.

3.3. Information Quantity

The theoretical foundation of the Information Quantity model is grounded in infor-
mation theory [21], which employs techniques from probability theory and mathematical
statistics to examine the debris flow hazard model. This model incorporates various
assessment indicators through the lens of information entropy.

By conducting a spatial superposition analysis of various assessment indicators and
debris flow hazard points, and utilizing a GIS platform to compute the Information Quantity
for each individual indicator, followed by the weighted integration of multiple indicators
to derive the comprehensive Information Quantity, the model for debris flow hazard

assessment is established. " NN
_ j
I=) In 5,75 (16)

=1

where [ is the total information weighted by various evaluation indicators, which can be
used as the debris flow hazard index; Nj is the number of debris flows contained within a
specific grading interval of a single evaluation indicator; N is the total number of debris
flows; Sj is the number of rasters within the specific grading interval of a single evaluation
indicator; and S is the total number of rasters.

3.4. Random Forest

In the early 1990s, mathematician Leo Breiman [22] introduced the Random Forest
algorithm, an ensemble learning method based on Bagging. This algorithm swiftly es-
tablished itself as a prominent example in the field of ensemble learning and garnered
significant attention within the data science community.

The fundamental principle of the Random Forest algorithm involves employing boot-
strap sampling (self-sampling method), where K samples are randomly drawn from the
original training dataset. For each sample, M features are selected at random for model
construction, resulting in K distinct decision trees. The final classification outcome is de-
termined through majority voting across these trees. This ensemble approach effectively
leverages the strengths of multiple decision trees, thereby enhancing classification accuracy.

Non-debris flow hazard sites, matched in number to historical debris flow hazard
sites, were randomly selected as sample data within the study area. Utilizing SPSSPRO
1.1.28 software, the sample data were allocated in a 7:3 ratio and input into the random
forest algorithm, with 70% designated for model training and 30% for model testing.
Evaluation metrics, including accuracy, precision, and recall, were employed to assess the
predictive accuracy of the model on unknown data. Based on the specific context, relevant
parameters within the random forest were adjusted to optimize the model’s performance.
Following testing, the model employed in this study was configured with 100 decision
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trees, a maximum of 1000 nodes per decision tree, a maximum depth of 10, and a minimum
sub-node size of 1.

3.5. ROC Curves and Sensitivity Analysis

The ROC curve is a graphical representation used to assess the performance of a
classification model [23]. The x-axis represents the false positive rate (1-specificity), while
the y-axis denotes the true positive rate (sensitivity). The ROC curve effectively illustrates
the trade-off between specificity and sensitivity. The area under the ROC curve, denoted as
the AUC value, ranges from 0 to 1. When the AUC value falls within the range of 0.5 to
0.6, the discriminatory power is considered inadequate. When the AUC value is situated
between 0.6 and 0.7, the discriminatory efficacy is deemed poor. When the AUC value lies
between 0.7 and 0.8, the discriminatory effectiveness is categorized as fair. When the AUC
value ranges from 0.8 to 0.9, the discriminatory performance is regarded as better. When
the AUC value reaches between 0.9 and 1, the discriminatory effect is classified as excellent.

The literature review employed the area under the curve (AUC) to quantify the success
rate of hazard prediction. In this approach, the horizontal axis represents the cumulative
percentage of hazard zones, while the vertical axis represents the cumulative percentage of
debris flow hazard points. The AUC is used as a measure of the predictive success rate.

Sensitivity analysis is a quantitative analytical method that elucidates the degree of
influence exerted by input variables on output variables [24]. This methodology is widely
applied across various domains, including economics, ecology, engineering, and chemistry.
The primary objective of this paper is to ascertain the sensitivity coefficient by systematically
removing an influencing factor from the model, thereby evaluating the impact of each factor
on the model’s assessment results in relation to this sensitivity coefficient. A sensitivity
value greater than 0 indicates that the factor positively influences the model’s assessment
results; furthermore, a larger sensitivity value correlates with a more significant impact on
these results. The sensitivity value is calculated using the following formula:

_ AUC — AUG

RD; AUC

x 100% (17)
where RD; is the sensitivity coefficient value after removing the i influence factor; AUC is
the AUC value obtained from the test based on the premise of all the factors involved in
the assessment of the model; AUC; is the AUC value obtained from the test after removing
the i influence factor.

3.6. Model Construction

Taking into account the characteristics of Huokou Lake, this study draws upon con-
cepts presented in the works of Bin Zhou [25], Rayees Ahme [26], and Tandin Wangchuk [27],
which form a well-established international framework, to model the potential outburst of
Huokou Lake through a series of defined steps.

3.6.1. Modeling of the Tianchi Outburst

Changbaishan Tianchi is a Huokou lake with a water surface elevation of 2189.7 m, a
lake area of 9.4 km?, an average depth of the lake of 204 m, and a maximum depth of 373 m.
The topographic conditions surrounding Tianchi dictate that water can only be discharged
through the northern side of the lake. Consequently, this discharge can be conceptualized
as a dam breach. Utilizing the model presented below allows for effective simplification of
this issue, rendering the discharge process from Tianchi more predictable.

Consider Tianchi as an inverted circular frustum, where the radius of the upper base
exceeds that of the lower base (Figure 5) [28]. Let R3 denote the radius of the lake bottom,
R the radius of the water surface after a height increase of AH, H the original water depth,
and AV the volume of the water body added due to the height increase AH. This volume
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AV can be determined using the formula for the similarity of triangles and the volume of a
circular frustum:

AV:%AHnQ#+JmR2+RQ (18)

R-R, AH+H
R, Ry  H

(19)

In this paper, the volume of the overflowed water body is 0.5 km?, and the data related
to the mouth of Tianchi are brought in to find the lake surface elevation of 49 m.

Figure 5. Tianchi round table model.

3.6.2. Mike21 Model

In this study, the MIKE21 hydrodynamic model is employed to simulate the maximum
water depth resulting from the outburst of Huokou Lake. Since its inception, MIKE 2014
software has consistently outperformed other hydrodynamic models due to its precision
in simulation, reliability in boundary condition input, user-friendly operability, efficient
processing capabilities, and streamlined interface [29].

(1) Flow process line design

For the relationship between the size of the parameter o, which is the ratio of the water
depth Hy upstream of the dam site to the water depth H, downstream of the dam site
before dam failure, and a certain critical value &, the dam failure flow can be categorized
into three scenarios: continuous wave flow o < o; critical flow o = «; and discontinuous
wave flow o > o. (Values of & can be found in Table 3)

Table 3. The value of flow parameters under different working conditions.

River Valley Section Form m oc A Maximum Flow Calculation Formula
Rectangle 1.0 0.138 0.298 8 J8BH?
Quartic parabola 1.25 0.205 0.220 0.220,/gBH;?
Quadratic parabola 15 0.272 0.172 0.172,/gBH;"?
Triangle 2.0 0.373 0.116 0.116,/gBH;"?

The uniform formula for maximum flow at the dam site can be found using the
instantaneous total failure of Hsieh Renzhi [30]:

Qm = AByy/gH3/? (20)
2\/%“— [ 2m—+1
A=l | VE (21)

1+2m
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where Q) is the peak flow; By is the width of the water surface; g is the acceleration of grav-
ity; Hy is the upstream water depth; A is the flow coefficient. The formula for solving A is dif-
ferent for different flow regimes; see Table 3. In this paper, o« = 0.5/204 = 0.0024 < «c = 0.272;
therefore, continuous wave flow analysis is chosen.

Qm = 0.172,/gBHS/* = 44000 m® /s (22)

The generalized estimation method is employed to determine the flow process line.
This method utilizes the results obtained from a detailed algorithm and model analysis,
where the maximum flow rate derived from the flow process line is combined with the
reservoir capacity to compute the total duration of the flow process. The flow process line is
then approximated as a quadratic parabola or a 2.5-times parabola [31]. The total duration
of the dam failure is initially calculated based on the maximum flow rate, Q,;, observed at
the dam failure site, and the total volume of water, W, associated with the failure.

W
T=K— 23
Qn )
where K is the coefficient, with 4 times and 2.5 times the parabolic corresponding to K; take
the value of 4-5, 3.5. Then, combined with the existing generalized estimation model table
to determine the flow process line, this paper selects the 2.5 times parabolic model, and its
calculation table is shown in Table 4.

Table 4. Generalized estimated model: 2.5th parabola.

t/T 0

0.01 0.1 0.2 0.3 0.4 0.5 0.65 1.0

Q/Qm QO /Qm

1.0 0.62 0.45 0.36 0.29 0.23 0.15 Qo/Qm

Finally, verify whether the water discharge between the process curve and the Q = Qg
straight line matches the dam-break reservoir capacity or falls within the acceptable error
margin. If so, the calculation can be terminated. This study will apply the relevant data to
resolve the flow process line, with the details provided in Table 5.

Table 5. Flow process calculation table.

0 397.73 3977.3 7954.6 11,931.9
7.77 x 1075 44,000 27,280 19,800 15,840
15,909.2 19,886.5 25,852.45 39,773
12,760 10,120 6600 7.77 x 107°
(2) Modeling of Flood Evolution
Import the corrected coordinate data in the MIKE21 Grid Generator, generate the
reservoir boundary and terrain file, and determine the simulation area. The parameter
settings are shown in Table 6.
Table 6. Calculation parameters of flood routing model.
Parameter Numerical Value of Outburst Flood of Huokou Lake Meaning
Module Hydrodynamics Model module
Based on the project’s existing topographic
information, GPS, and other information of the actual
measurement information, use the ArcGIS software to
Bathymetry fill the topographic file for the water body, turn the Model calculation area setting

point, and generate the XYZ file; the MIKE conversion
work will be converted from the topography to the
MIKE mesh terrain files.




Sustainability 2024, 16, 9545

13 of 31

Table 6. Cont.

Parameter

Numerical Value of Outburst Flood of Huokou Lake

Meaning

Simulation time
Time step
No. of time step

Enable flood and drying

Resistance

5 April 2023 0:00:00-5 April 2023 8:04:00
30s
880 step

Drying depth 0.01 m; flooding depth 0.05 m

Roughness is a key parameter in hydraulic
calculations, reflecting the combined coefficients of the
regional surface, channel bottom, and bank slopes that
affect water resistance. In the two-dimensional surface
flow model, the roughness is expressed as Manning’s
value (unit m!/3/s), which is subdivided into various

types of subsurface according to highway, farmland,
green land, building land, village houses, woods,
water surface, etc., and given different roughness
values, respectively. The Manning diagram in the

MIKE21 model was made according to the land use

Simulation time
Time step
Calculation steps
Water depth h < 0.01 m; do not
participate in the hydrodynamic
calculation; when 0.01 m < h < 0.05 m, the
flow velocity at the grid point is zero;
when h > 0.05 m, regional grid points
participate in hydrodynamic calculation.

The comprehensive coefficient of water
resistance affected by regional surface,
river bottom, and bank slope

type map (Figure 6). Firstly, the Manning value M is
added and assigned to different land types in ArcGIS
software; the Manning value attribute is selected as a
conversion field to convert the land use type map into
a roughness raster; the Manning raster is exported as
an .asc file, and finally the .asc file is converted into a
.dfs2 file by using the Grd2Mike module in the
ToolBox of the MIKE software.

H Grid Data

Grid Data[m”(1/3)/s]
I Above 48

(Grid spacing 30 meter)

1 nn

indefined Value

0 500 1000 1500 2000

(Grid spacing 30 meter)

Figure 6. Simulation area roughness Manning diagram.

3.6.3. Risk Evaluation Model

In this study, the natural disaster risk index method and the weighted comprehensive
assessment method were employed to develop a debris flow disaster risk assessment model,
aimed at quantifying the degree of debris flow risk [32,33]. The specific formulas used in
the model are as follows:

DFRI = HY" x E* x V% x (1 —R)"" (24)
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where DFRI is the debris flow hazard risk index; the values of H, E, V, R represent the
index of debris flow hazard, exposure, vulnerability, and ERRC factors, respectively; wy, we,
wy, and w, are the weights assigned to the hazards, exposures, vulnerabilities, and ERRC
factors of the debris flow hazards, respectively.

n
E= Z Wei Xei (25)
i=1
n
V=Y W,X, (26)
i=1
n
C= 2 Wi Xyi (27)

i=1
where 7 is the total number of indicators; i is the ith indicator; W,;, Wi, and W,; are the
obtained factor weights; and X,;, X;;, and X,; are the quantitative values of the indicators
corresponding to exposure, vulnerability, and ERRC, respectively.

4. Result
4.1. Simulation Result of Burst Water Body

The flood map shows that the flood inundation area is 1.71 x 108 m? (Figure 7). The
inundated area with a maximum water depth <5 mis 1.27 x 10® m?, accounting for 74%
of the inundated area; the area with a maximum water depth of 5-10 m is 2.83 x 10”7 m?,
accounting for 17% of the total area; the area with a maximum water depth of 1020 m
is 1.3 x 10" m?, accounting for 7.2% of the total area, and this water depth is located in
the main ditch of Erdao Baihe River; the maximum water depth > 20 m is 3.1 X 10° m?2,
accounting for 1.8% of the total area, and this water depth is located in the source of
the Tianchi outburst, the Changbai Mountain volcano. After the Tianchi outburst, the
floodwaters rushed out along the Erdao Baihe River. They gradually spread outward,
passing through the scenic area of the north slope of Changbaishan Mountain, EDBH town.

128°0'0"E 128°20'0"E 128°0'0"E 128°10'30"E

42°7'30"N

42°20'0"N

A\ e snck:

Maximum depth of water

[ s s-10) ] ro-200 ] 20-30 | >30

0 20
Kilometers

Figure 7. Maximum water depth distribution of flood routing.
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4.2. Parameter Introduction and Processing Results

In this study, we employed a multi-dimensional indicator assessment to develop the
indicator system for evaluating debris flow disaster risk in Antu County. Drawing upon
the theory of comprehensive risk assessment for natural disasters, we categorized the
assessment into four elements: hazard, exposure, vulnerability, and ERRC. Regarding the
hazard component, we not only reviewed extensive relevant literature but also integrated
the geological characteristics of the study area and the mechanisms underlying debris flow
disaster occurrence. For the exposure, vulnerability, and ERRC, we considered indicators
related to demographics, economy, and education from a societal perspective, grounded in
the population, economic, and social context of the study area. In summary, we identified a
total of 20 assessment indicators, including maximum water depth, average annual rainfall,
slope, topographic relief, TWI, SPI, DFWS, vegetation cover, lithology, population density,
road density, building density, percentage of vulnerable population (POVP), road category,
building stories, land use, GDP, number of beds in hospitals and welfare centers (NOBIHW),
number of healthcare workers (NOHCW), and education status, as the indicators utilized
in this study.

4.2.1. Hazard Indicator

Average Annual Rainfall: Water is a critical factor in debris flow formation, serving
as both a stimulus and a fundamental component. It plays a key role in the debris flow
process by contributing to the conditions necessary for its occurrence. The formation of
debris flow requires substantial surface runoff, which acts as a crucial trigger for debris flow
events. Surface runoff on slopes and gully beds continually induces erosion and hillside
collapse. This process mobilizes a significant amount of solid materials, such as sand and
stones, which are transported by the water flow and driven by gravity and inertia under
conditions of rapid runoff [34].

Slope: Slope denotes the average gradient of the terrain on either side of a debris flow
channel, and it is a critical indicator for assessing geological hazards. Generally, a gentle
slope does not favor the occurrence of debris flows. In contrast, a steeper slope increases the
potential energy of downward-moving material, leading to slope instability and a higher
probability of debris flow [35]. However, a steeper slope does not always correspond to
a higher probability of debris flow. Within a certain range of gradients, if the slope is too
shallow, there may be insufficient potential energy to mobilize the material. Conversely, if
the slope is too steep, it may hinder the accumulation of debris.

Vegetation Coverage: Vegetation plays a crucial role in water retention, reducing
surface runoff, stabilizing the soil, and enhancing overall soil stability [36,37]. In areas
with sparse vegetation cover, rock and soil weathering is more pronounced, and erosion by
rivers and rainfall is more intense. Consequently, soil stability is compromised, increasing
the likelihood of debris flow disasters.

Lithology: The lithology of stratigraphic layers plays a critical role in the formation of
debris flows. Variations in the physical and mechanical properties of rocks significantly
influence this process [38]. The weathering and erosion of resistant rock formations and
certain loose accumulation layers can supply ample material sources, thereby facilitating
the development of debris flows. In this study, lithologies are classified based on their
relative softness or hardness. Specifically, granite and basalt are categorized as very hard,
andesite and diorite as hard, coarser facies and metamorphic rocks as moderately hard,
gneisses and sandstones as soft, and cherts and shales as very soft.

DFWS: River scouring can lead to the transport of weathered topsoil and loose accu-
mulations into the river channel. Prolonged transport can result in sedimentation, which
increases the likelihood of debris flow formation during periods of heavy rainfall [39].

Topographic Relief: Topographic relief is a crucial parameter for quantitatively de-
scribing landform characteristics. Originating from the concept of “depth of terrain cut”
introduced by the Institute of Geography of the Academy of Sciences of the former USSR, it
is now a key indicator for classifying landform types [40]. A higher degree of topographic



Sustainability 2024, 16, 9545

16 of 31
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relief correlates with the increased potential energy of the landform, which, to some extent,
enhances the likelihood of geological hazards.

TWI: The TWI measures the degree of soil wetness or dryness [41]. Higher soil
moisture content increases the likelihood of saturation and runoff, while lower moisture
content indicates drier soil. The formula is as follows:

TWI:In( 4s )
tan 8

where Aj is the unit catchment area and § is the slope.

SPI: The erosive power of surface water flows is typically quantified using the SPI. This
index can be used to identify the pathways of intense flows formed by water accumulation
on natural slopes and pinpoint locations susceptible to gully-head erosion, which may lead
to debris flows [42]. The formula is calculated as follows:

(28)

SPI = Astan (29)
where A; is the unit catchment area and § is the slope.
The spatial distribution of hazard indicators is shown in Figure 8.

4.2.2. Exposure Indicator

Population Density: Population density is a critical exposure indicator for debris flow
disasters [43]. Higher population density and more frequent human activities increase the
potential loss of life and the exposure of individuals to debris flow hazards.

Building Density: Buildings, both public and private, are fundamental to daily life
and play a crucial role in the material economy [44]. Higher building density indicates a
greater concentration of structures within a given area.

Road Density: Road transportation serves as a crucial link in social production, circu-
lation, and consumption, becoming an indispensable element of social infrastructure [45].
Higher road density reflects a greater concentration of roads within a given area.

The spatial distribution of exposure indicators is shown in Figure 9.
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Figure 8. (a) Average annual rainfall; (b) slope; (c) vegetation coverage; (d) lithology; (e) DFWS;
(f) topographic relief; (g) TWI; (h) SPIL.

4.2.3. Vulnerability Indicator

Road Category: The category of a road is a significant determinant of its vulnerability
to damage from debris flow disasters [46]. Higher-grade roads are generally more struc-
turally robust, costlier to construct, and exhibit lower vulnerability. In contrast, rural roads,
which are typically of lower grade, are more susceptible to damage during such events.

POVP: Individuals under the age of 14 and over the age of 60 generally possess
lower capacity to respond to and evade disasters compared to adults between these ages.
Consequently, this demographic is at a higher risk of harm during debris flow disasters [47].

Land Use: The value of land resources significantly impacts the extent of loss during a
debris flow disaster [48]. By assigning values to different land use types, it is evident that
higher compensation for land occupation corresponds to higher land value, which in turn
results in a higher vulnerability value.
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Figure 9. (a) Population density; (b) building density; (c) road density.

Building Stories: The number of stories in a building can reflect the level of economic
development to some extent [49]. In terms of vulnerability assessment, the number of
stories directly correlates with the potential loss a building may incur during a disaster.
Generally, buildings with fewer stories are more susceptible to being severely damaged or
buried in the event of a disaster.

The spatial distribution of vulnerability indicators is illustrated in Figure 10.
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Figure 10. (a) Road category; (b) POVP; (c) land use; (d) building stories.

4.2.4. ERRC Indicator

GDP: GDP refers to the gross domestic product, which can also refer to the total
value created by the people in a certain time and space. It directly reflects the degree of
development of a region [50]. The higher the GDP, the more developed the region is and
the stronger its ability to recover from the debris flow disaster.

Education Status: Education enhances disaster awareness and knowledge, thereby
improving individuals’ capacity to effectively manage and respond to disasters [51]. Indi-
viduals with higher levels of education generally possess superior disaster-coping abilities.

NOHCW /NOBIHW: The capacity for relief in a region is crucial for effective disaster
response and recovery. Regions with a higher number of healthcare workers, hospitals,
and orphanage beds are better equipped to manage and recover from disasters [52].

The spatial distribution of ERRC indicators is shown in Figure 11.
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Figure 11. (a) GDP; (b) education status; (c¢) NOHCW; (d) NOBIHW.

4.3. Model Validation and Sensitivity Analysis Results

For hazard assessment, the accuracy of the two models used in the study was judged
based on the AUC value of the area under the ROC curve. The AUC values range from 0 to
1, whereby a value approaching 1 signifies superior discrimination capabilities. The AUC
value for the Information Quantity model presented in this study (Figure 12a) is 0.87, while
the AUC value for the Random Forest model is 0.90, suggesting that the discriminative
performance of both models is acceptable, with the Random Forest model demonstrating
enhanced precision. Furthermore, a comparative analysis of the AUC values of the Random
Forest model with those from other similar studies (Table 7) reveals that the Random Forest
model exhibits the highest precision. Consequently, this study adopts the Random Forest
model for assessing the hazard associated with debris flow.
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Figure 12. (a) ROC curve; (b) sensitivity analysis of indicators.
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Table 7. Comparison of AUC values from other studies.

R h Luo et al.,, Sun et al., Lietal, Yuan et al., Yu et al., Ours
esearc 2022 [38] 2024 [53] 2023 [54] 2022 [55] 2021 [56]
AUC value 0.737 0.796 0.824 0.894 0.889 0.900

The sensitivity analysis of the indicators pertaining to the Random Forest model was
conducted using Formula (17), with the results illustrated in Figure 12b and Table 8. It
is evident that all factor RDs exceed 0, indicating that each of these indicators positively
influences the model’s assessment outcomes. Notably, the removal of the vegetation cover
indicator exerts the most significant impact on the assessment results. The deletion of the
lithology indicator demonstrates the least impact on the model’s assessment outcomes.

Table 8. Sensitivity coefficient values.

. Average Annual Topographic Vegetation .
Indicator Rainfall SPI TWI Slope Relief Coverage Lithology DFWS
RD 3.3 2.7 2.7 4.3 4.2 7.6 24 3.1
4.4. Hazard, Exposure, Vulnerability, and ERRC Results
The information values of the hazard indicators and the calculation results of the
weights of each indicator are shown in Tables 9 and 10. The results of the four-factor zoning
map are shown in Figure 13 by using the raster calculator in GIS.
Table 9. Information quantities of the indicators.
Indicator Layer Category Information Quantity
0-4.93 —0.5951
4.93-9.80 0.2155
Slope 9.80-15.06 0.2132
15.06-21.5 0.5824
21.5-71.9 1.5738
0-38 —0.916500757
38-72 0.537534352
Topographic relief 72-104 0.120183604
104-143 —0.240809566
143-489 0.461616993
571-656 0.68347837
656-704 —0.634114802
Average annual rainfall 704-761 —1.270701842
761-853 —0.745041941
853-1056 1.159032524
2.6-6 —0.038017119
6-7.6 —0.047757929
TWI 7.6-9.95 —0.07962952
9.95-13.7 0.494845358
13.7-25 —0.055833464
—3.5-1.05 —1.077750746
1.05-2.72 —0.072137699
SPI 2.72-4.65 0.235479555
4.65-7.63 0.336167532

7.63-18.85 0.793671632
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Table 9. Cont.
Indicator Layer Category Information Quantity
0-550 0.368379884
550-1200 0.020267322
DFWS 1200-1900 —0.566280743
19002800 —0.883742455
2800-6900 0.693889346
0-0.16 1.787859015
0.16-0.45 1.218030363
Vegetation coverage 0.45-0.70 —0.358028398
0.70-0.90 —0.263473695
0.9-1 —1.256118074
Very soft 0.383702631
soft 0.823669846
Lithology Moderate 0.256887989
Hard —0.256430435
Very hard —0.272373367
Table 10. Weight of each evaluation indicator.
Target Layer Target Layer Weight Indicator Layer Indicator Layer Weight
Maximum water depth 0.102
Average annual rainfall 0.232
TWI 0.086
SPI 0.079
Hazard 0.426 Distance to water system 0.061
Slope 0.103
Topographic relief 0.103
Vegetation coverage 0.086
Lithology 0.084
Population density 0.448
Exposure 0.201 Road density 0.189
Building density 0.363
Land use 0.290
e Road category 0.244
Vulnerability 0.221 Building stories 0.174
POVP 0.290
GDP 0.390
NOBIHW 0.223
ERRC 0153 NOHCW 0211
Education status 0.177

The results of the hazard assessment conducted using the Random Forest model are
presented in Figure 14 and Table 11. The analysis in conjunction with the hazard zoning map
reveals that higher hazard areas in Antu County are predominantly located in the southern
and northern regions, whereas the central area exhibits relatively lower hazard levels.
This pattern is attributed to the central region’s relatively gentle topography and lower
average annual rainfall. Notably, incorporating the factor of the Tianchi outburst leads to an
increased proportion of high and very high hazard areas in Erdao Baihe Township, situated
in the central downward area. The statistical results for these hazard zoning subdivisions
are detailed in Table 12.
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Figure 13. (a) Information quantity hazard; (b) random forest hazard; (c) outburst hazard;
(d) exposure; (e) vulnerability; (f) ERRC.
Table 11. Random forest model evaluation results.
Accuracy Recall Ratio Precision Ratio F1
No outburst Training sets 0.994 0.994 0.994 0.994
hazard Testing sets 0.903 0.903 0.903 0.903
Outburst h d Training sets 0.982 0.982 0.982 0.982
utbur azar .
S Testing sets 0.903 0.903 0.906 0.903

The exposure zoning map indicates that the regions with the highest exposure levels
are predominantly situated in the northern part of Antu County, primarily due to Mingyue
Township being the central hub of the county. This centrality attracts individuals from
neighboring townships seeking development opportunities, resulting in increased pop-
ulation density and, consequently, higher demand for buildings. Thus, both population
density and building density are relatively elevated in this area. Additionally, Erdao Baihe
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Township exhibits high exposure levels because it is closest to the northern scenic area of
Changbaishan Mountain, where road density is high and there is a significant movement
of people.

Positive

True Value

Negative

Positive Negative
3 37

(a) -
Predicted Value

Positive

True Value

Negative

Positive 5 & Negative
(b) |
Predicted Value

Figure 14. Random forest confusion matrix heat map: (a) no outburst hazard; (b) outburst hazard.

Table 12. Comparative analysis of hazard risk.

Type Level Area (km?) Proportion (%)
Very low 566.83 7.8
Low 1021.60 14.07
No outburst hazard Moderate 2088.06 28.76
High 2412.42 33.23
Very high 1170.34 16.12
Very low 547.51 7.5
Low 1011.08 13.93
Outburst hazard Moderate 2051.53 28.26
High 2474.46 34.09
Very high 1174.68 16.18

The vulnerability zoning map reveals that the highest vulnerability levels are present
across all townships. These high-vulnerability areas are characterized by a prevalence of
low-rise buildings, dense rural road networks, and a substantial vulnerable population.
The elevated overall vulnerability in the northern region can be attributed to Mingyue
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Township, situated in the north and serving as the central hub of Antu County, which has
significant land use value throughout the northern area.

The analysis in conjunction with the ERRC zoning map reveals that regions with higher
disaster prevention and mitigation capacities are consistently associated with higher GDP
levels. Specifically, Mingyue Township demonstrates a high capacity for disaster prevention
and mitigation, attributed to its superior medical facilities, concentration of educational
resources, advanced educational status, and a greater number of healthcare professionals.

4.5. Debris Flow Risk Result

As illustrated in Figure 15, the risk of debris flow disasters in Antu County was
assessed in accordance with Equation (24) and subsequently categorized into five levels
utilizing the natural breakpoint method. In conjunction with Figure 16 and Table 13, it is
evident that, excluding the consideration of the Huokou Lake outburst, the proportions
of high-risk and very high-risk zones are 7.2% and 2.5%, respectively. Despite the rela-
tively low proportions of these zones, they warrant attention due to their concentration in
economically prosperous and densely populated township centers. The primary factors
contributing to the high- and very high-risk areas are the concentration of agricultural, con-
struction, and other developmental activities in these regions, which is further exacerbated
by prolonged rainfall and the incompatibility of human engineering with the geological
environment. Road construction and urban development frequently necessitate extensive
land excavation and vegetation removal, thereby undermining the natural capacity for
soil and water conservation, consequently heightening the risks of soil erosion and water
loss. Additionally, urban development is typically accompanied by population concentra-
tion, which may exacerbate the impact of disasters during debris flow events. Elevated
population densities not only amplify the pressure on emergency response efforts but also
complicate rescue and recovery operations.

Table 13. Comparative analysis of risk.

Type Level Area (km?) Proportion (%)

Very low 3112.26 42.90

Low 2098.73 28.93

No outburst risk Moderate 1341.64 18.49
High 524.53 7.2
Very high 178.04 2.5

Very low 3101.92 42.75

Low 2098.06 28.92

Outburst risk Moderate 1276.95 17.60
High 542.55 7.48

Very high 235.72 3.25

When considering the Huokou Lake outburst, the proportions of high-risk and very
high-risk areas are 7.48% and 3.25%, and the proportions have increased by 0.28% and
0.75%, respectively. Through comparative analysis, it was found that the increase in the
proportion of high-risk and very high-risk areas was due to the increase in the risk level
of Erdao Baihe Township and the northern scenic area of Changbaishan Mountain. Erdao
Baihe Township is an important gateway to Changbaishan Mountain, attracting a large
number of tourists and promoting local economic development, while Changbaishan
North Scenic Area has important ecological and cultural values, which leads to the higher
exposure and vulnerability of these two areas themselves. When considering the Huokou
Lake outburst, the increase in hazard risk in these two regions leads to an increase in high-
and very high-risk areas. The marked difference between the two scenarios highlights
the critical importance of including extreme event scenarios in risk assessments, and the
inclusion of outburst scenarios in risk assessments not only highlights the complexity of
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disaster risk, but also emphasizes the need for a comprehensive and adaptive disaster

management framework.

After counting, the number of debris flows in the very low-risk area is one, which is
0.83%; the number of debris flows in the low-risk area is six, which is 5%; the number of
debris flows in the medium-risk area is fifteen, which is 12.5%; the number of debris flows
in the high-risk area is thirty-six, which is 30%; and the number of debris flows in the very
high-risk area is sixty-two, which is 51.67%. This shows that the results of this study are

reliable.
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Figure 15. Results of debris flow disaster risk assessment: (a) no outburst risk; (b) outburst risk.
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5. Discussion and Conclusions
5.1. Discussion

The CRITIC method is a quantitative approach that determines the weights of in-
dicators based solely on objective data. While it is grounded in a robust mathematical
theoretical framework, it is susceptible to fluctuations in objective data and has a limited
scope of application. The ANP method involves the assignment of subjective weights by
the decision analyst, reflecting the degree of emphasis placed on each indicator. While
this approach captures the subjective intentions of the decision-maker, it also introduces
a higher degree of subjectivity and arbitrariness. When the decision-maker’s assessment
of the importance of the indicators is either excessively high or unduly low, it fails to
accurately represent the objective reality. This study integrates the ANP-CRITIC approach,
grounded in game theory. In comparison to utilizing a single method, this combined
approach ensures both the objectivity and scientific rigor of risk zoning while allowing for
subjective analysis based on the specific context of the study area.

In recent years, the continuous enrichment and enhancement of geohazard big data,
coupled with advancements in computational power, have made the analysis of geohazards
using machine learning algorithms a prominent research focus. In the domain of debris flow
research, machine learning is predominantly utilized in assessing susceptibility and hazard
risk, primarily employing models such as the random forest, support vector machine,
and logistic regression. Liu Yongyao et al. [57] employed the random forest algorithm
to assess the susceptibility of debris flow in the Wenchuan earthquake region, achieving
an average AUC value of 0.84, which indicates the high stability and accuracy of the
model. Li Kun et al. [58] utilized both the random forest algorithm and the support vector
machine algorithm to evaluate the susceptibility of debris flow in Dongchuan, with results
indicating that the random forest algorithm is more suitable for assessing the susceptibility
of mountain debris flows. Consequently, this study employed the random forest algorithm
to enhance the accuracy of the assessment results concerning debris flow hazards.

Anto County has been designated by UNESCO and WWF as one of the 40 nature re-
serves within the global “Man and the Ecosphere Conservation Network”. The significance
of assessing debris flow disaster risk in Antu County lies in its ability to proactively identify
potential debris flow hazards and implement appropriate disaster prevention and miti-
gation measures. This approach aims to safeguard both human lives and property, while
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also preserving the region’s vital non-renewable resources. Furthermore, the methodology
presented in this study may serve as a reference for similar assessments in other regions.

The assessment of debris flow disaster risks encompasses not only the rigorous sci-
entific evaluation of natural hazards but also establishes a direct link to sustainable socio-
economic development. Through the quantification and monitoring of debris flow risks,
this study provides a robust scientific foundation that enables policymakers to devise
more effective legislation aimed at safeguarding the ecological environment and ensuring
resident safety. This process not only facilitates disaster risk reduction but also fosters the
judicious use of resources and sustainable regional development, thereby supporting the
attainment of more comprehensive sustainability objectives.

This study aims to holistically evaluate the assessment indicators pertinent to debris
flow disasters through the lens of the four elemental categories. Nonetheless, the data
utilized in this study are derived from existing datasets, which may lead to the oversight of
certain critical factors and indicators due to limitations in data availability and completeness.
For instance, the collection of data regarding the proportion of vulnerable populations
and indicators of emergency response and recovery capacity proved to be particularly
challenging. Consequently, we opted to initiate data mapping at the township level, which
subsequently impacted the accuracy of our data representations. Future research should
prioritize the collection of higher-quality data, including statistics from community units,
to enhance the accuracy and reliability of the findings.

5.2. Conclusions

In this study, we employed a multi-criteria assessment framework to evaluate the
risk of debris flow disasters, focusing on factors such as hazard, exposure, vulnerability,
and ERRC. Additionally, we synthesized multi-dimensional indicators encompassing geo-
physical, socio-economic, and demographic aspects, including population and households.
In the process of selecting indicators, we meticulously considered the specific context of the
study area while also accounting for the triggering factor related to the outburst of Huokou
Lake in the Changbai Mountain region.

In the assessment of debris flow hazards, this study employs the Information Quantity
model and the Random Forest model for comparative analysis. The ROC curve was utilized
to validate the hazard assessment results. The accuracy of the Information Quantity model
was found to be 0.87, while the accuracy of the Random Forest model was determined to
be 0.90. The accuracy of the Random Forest model was superior, leading to the conclusion
that this model was ultimately employed for the assessment of debris flow hazards.

In the realm of disaster risk assessment, this study employs natural disaster risk theory
in conjunction with game theory to optimize both the subjective and objective weights of
the ANP and the CRITIC method. Ultimately, a debris flow disaster risk map was generated
through the overlay analysis and visualization capabilities of the GIS platform. The results
indicate that high-risk and very high-risk areas are predominantly concentrated in the
central regions of economically prosperous and relatively densely populated townships,
accounting for 9.7% of the total area. The risk associated with Erdao Baihe Township
and the Changbaishan North Scenic Area is projected to escalate when accounting for the
potential outburst of Fukou Lake, resulting in an increase of high-risk and very high-risk
areas to 10.73%.

In light of the study’s findings, we advocate for policymakers to implement initiatives
that foster sustainable development practices while restricting activities that contribute to
erosion and ecosystem degradation. Additionally, it is essential to develop community-
specific disaster preparedness plans tailored to the unique needs of densely populated, high-
risk areas. This encompasses allocating resources to emergency services to guarantee that
vulnerable populations receive timely information and support. Moreover, it is imperative
to invest in upgrading infrastructure to endure extreme events, including the establishment
of specialized monitoring sites in the Changbai Mountains and the development of the
Changbai Mountain Forecast and Warning Model.
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