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Abstract: Based on the data from two field surveys in 2015 and 2022, this paper calculates the weight
of values using the entropy weight method and the variation coefficient method, and evaluates
risk using the information quantity method. The information quantities of four levels of criteria
(hazards, exposure, vulnerability, emergency responses, and capability of recovery) were extracted
and inputted into a random forest model. After optimizing the hyperparameters of the random
forest using GridSearchCV, the risk assessment was performed again. Finally, the accuracy of the two
evaluation results was verified using an ROC curve, and the model with the higher AUC value was
selected to create a risk map. Compared with previous studies, this paper considers the factors of
emergency responses and recovery capability, which makes the risk assessment more comprehensive.
Our findings show that the evaluation results based on the coupling model are more accurate than
the evaluation results of the information method, as the coupling model had an AUC value of 0.9329.
After considering the indices of emergency responses and capability of recovery, the risk level of the
highest-risk area in the study area decreased.

Keywords: collapse; national highway; risk assessment; random forest; information quantity method

1. Introduction

The G331 national highway is located in Changbai Korean Autonomous County,
Baishan City, Jilin Province, China (hereinafter referred to as Changbai County). It is close
to the border between China and Korea; therefore, it is in an important strategic position
and has a profound impact on China’s geopolitical security [1]. The G331 national highway
is a tourist route that leads to the Changbai Mountain scenic spot, and this attracts a large
number of tourists and vehicles throughout the year. As other roads are far from the border,
the special geographical location of the G331 national highway determines that its existence
holds significant importance regarding national defense. The existence of this solution has
resolved the geographical obstacles hindering the transportation of combat-ready materials
by the Chinese army and improved the speed of responses to border emergencies.

The geological disasters along the G331 national highway in Changbai County are
frequently influenced by human engineering activities. Among these activities, collapse
disasters, also known as landslide disasters, are the most severe [2]. Collapse is a kind of
geological phenomenon that the rock and soil mass on the steep slope is separated from the
parent rock and accumulated at the foot of the slope under the action of gravity. Roads are
an important type of infrastructure for economic development. The destruction of roads
caused by collapses or landslides will affect the economic development of Changbai County.
It also causes loss of life and property for tourists and residents [3]. The lack of information
on the risks associated with collapse disasters and a reliable basis for decision-making
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hinders work on prevention and control in this study area. Prevention and control work is
often carried out blindly and lacks focus, making it impossible to effectively utilize funds
for disaster prevention and mitigation. The safety of local people’s lives and property is
difficult to guarantee, and meeting the needs of economic development is challenging.

In this paper, a coupling model is used to quantify the risk of collapse in the study
area and create a collapse risk map. This provides a reliable foundation for the Changbai
County government to develop a plan for preventing collapse disasters and implement
an early warning system for such disasters. While minimizing economic investment in
disaster prevention and mitigation, it can also achieve a better protection effect and reduce
economic losses. The study area currently faces the problem of blind and non-targeted
prevention and control strategies for its collapse disasters. Improving these strategies can
enable defense work to proceed smoothly and effectively, and protect the safety of people’s
lives and property in order to meet the economic development needs of Changbai County.

Existing collapse risk research methods mainly include qualitative methods and quan-
titative methods [4]. The qualitative research method involves experts selecting the influ-
encing factors of geological disasters based on their experience and evaluating the impact
of these factors on the occurrence of geological disasters. This research method is often
considered more subjective [5]. For example, the analytic hierarchy process [6], expert
evaluation method [7], and fuzzy set integration method [8] are common qualitative re-
search methods. The quantitative research method establishes a mathematical relationship
between geological disasters and indicators using specific data, resulting in findings with
a relatively high accuracy [9]. However, this research method is easily affected by the
challenges of data collection, and the efficiency of data collection will impact the research
progress [10]. Common quantitative research methods include the information quantity
method [11], the logistic regression method [12], the frequency ratio method [13], the weight
of evidence method [14], and so on. The information quantity method can identify the
optimal combination of influencing factors that contribute significantly to the occurrence
of collapse disasters in order to achieve an effective risk assessment of collapse disasters
on roads [15–17]. With the rise of artificial intelligence, an increasing number of scholars
have started utilizing machine learning models [18]. The most commonly used models are
artificial neural networks [19], support vector machines [20], and random forest models [21].
Machine learning algorithms can be applied regardless of the dimension or type of data,
making them widely applicable [22]. The random forest method combines the results of
multiple classification trees. It effectively avoids the discontinuity of the predicted value in
decision trees and reduces sensitivity to the training dataset so that the predicted value is
smoother, thus preventing model overfitting and improving its stability [23–25].

Previous studies lack a uniform standard for assessing collapse disaster risks, and
various scholars have different interpretations of the concept of a risk and what it entails.
Gao [26] believes that a risk in this context refers to the potential loss of life, property, and
economic activities resulting from geological disasters occurring in a specific area and at a
specific time. Xiong [27] believes that the risk of geological disasters is a combination of
geological and social attributes and is determined by sensitivity and vulnerability. Sui [28]
believes that landslide risk is a measure used to describe the potential for slope damage
to some extent; their research content includes hazard analyses, vulnerability analyses of
the people affected by hazards, and risk zoning. Chang [29] considered that risk is the
product of hazards, vulnerability, and exposure, which can be expressed as a multiplication
of these three factors. On the basis of hazards, vulnerability, and exposure, this study also
considers emergency responses and recovery capabilities to ensure that the evaluation
results are more scientific and standardized. In this paper, the research area is the G331
national highway in Changbai County. The information quantity method, random forest
method, variation coefficient method, entropy weight method, and other methods are
primarily employed to create a collapse risk map along the G331 national highway. This
map will assist future decision-makers and establishes a theoretical foundation for disaster
prevention in the studied area.
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2. Study Area and Data Sources
2.1. Study Area

The G331 national highway is an extremely important border road that connects
China’s northeast, China’s northwest, and Inner Mongolia. It provides important assistance
for the economy and trade of these three regions. The total length of this road is 9301 km.
In this paper, the G331 national highway in Changbai County is studied (Figure 1), and
the collapse of its back slope is identified by analyzing the elevation contours of the
surrounding region. A buffer zone of 3.5 km is set on both sides of the G331 national
highway. Our study area excludes the collapse of the back slope, and the remaining area
in the buffer zone that belongs to the DPRK is also excluded from the study area of this
paper. Changbai County is located in the southeastern part of Jilin Province in China, at
the southern foot of Changbai Mountain, on the right bank of the upper reaches of the
Yalu River. To the west is Linjiang, to the north is Fusong County, and to the southeast it is
bounded by the Yalu River, with the Republic of Korea on the other side of the river. Its
geographical coordinates are 127◦12′20” E–128◦18′10” E, 41◦21′41” N–41◦58′02” N. It is
82.9 km long from east to west and 30 km wide from north to south, with a total area of
2497.6 km2. The surrounding region has a northern temperate continental humid monsoon
climate. This climate is characterized by long, cold winters, short, rainy summers, and four
distinct seasons.
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2.2. Data Sources

In this paper, when consulting a large number of documents and considering the
formation mechanism of collapse disasters and the related local conditions, eight indicators
were used to assess the hazard. These indicators include the slope, aspect, curvature, NDVI,
distance from the fault, lithology, mean annual precipitation, and distance from the road.
For assessing exposure and vulnerability, factors such as data collectability, population
density, road density, and building density were chosen as indicators. The age of the
structure, highway classification, and building types were selected to indicate vulnerability.
Through the official website of the Changbai County Government, one can fill out a form
to apply for the provision of data and information on emergency responses and recovery
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capabilities, including GDP, educational status, and the number of medical staff. Table 1
shows the data source. Figure 2 depicts the workflow of the study.

Table 1. Data source.

Target
Layer Criterion Layer Indicator Layer Data Sources

Risk

Hazard

DEM https://www.gscloud.cn (accessed on 24 May 2022)
Slope, aspect, curvature Extracted via DEM

Mean annual precipitation www.resdc.cn (accessed on 7 June 2022)
NDVI Using Landset8 satellite data produced via ENVI

Lithology http://dc.ngac.org.cn/Home (accessed on 19 June 2022)
Distance from fault http://dc.ngac.org.cn/Home (accessed on 19 June 2022)
Distance from road Changbai County Transportation Bureau

Exposure
Population density Changbai Yearbook

Road density Changbai County Transportation Bureau
Building density http://www.guihuayun.com/ (accessed on 24 May 2022)

Vulnerability
Age of structure Changbai Yearbook

Road classification Changbai County Transportation Bureau
Building types http://www.guihuayun.com/ (accessed on 24 May 2022)

Emergency
responses and

recovery capability

GDP www.resdc.cn (accessed on 7 June 2022)
Educational status Changbai County government official website

(http://changbai.gov.cn/wzsy/) (accessed on 21 August 2022)Number of medical staff
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3. Establishing an Evaluation Index System

In ArcGIS, after processing all of the collected data into a raster format, the raster data
are resampled to a size of 30 m × 30 m for further use.

3.1. Hazard

The hazard level refers to the probability of a collapse disaster. Usually, the higher the
hazard, the greater the risk. The slope measurement is a crucial factor that influences the
stability of slopes, as collapses frequently happen on steeper slopes. These areas are more
prone to collapse [30]. The aspect index reflects the light conditions and solar radiation of
the slope. A sunny slope is more prone to collapse [31]. The curvature reflects the shape of
the slope. The stability of a convex slope is low, and these are more prone to collapse [32].
The NDVI (Normalized Difference Vegetation Index) is used to characterize the soil and
water conservation of regional geological disasters under varying vegetation conditions.
Usually, an area with a smaller NDVI value is prone to collapse. The NDVI is measured
according to Landsat 8 satellite data, which is produced via ENVI and imported into the
ArcGIS platform [33]. The mean annual precipitation reflects the meteorological conditions
of the study area. Areas with a higher mean annual precipitation often experience better
vegetation development, which is not conducive to the occurrence of collapse [34]. The
lithology and distance from the fault reflect how rock brittleness and geological conditions
influence the occurrence and development of geological disasters in this area. The lithology
is divided into three categories: soft rock, hard rock, and very hard rock. The hard rock
area is more prone to collapse. The fault line data are analyzed in ArcGIS. The index data
for the distance from the fault are calculated using the Euclidean distance tool. The closer
an area is to the fault, the more susceptible it is to collapse [35]. The distance from the road
reflects the impact of human engineering activities on a collapse. The closer an area is to
the road, the more prone it is to collapse [36].

The spatial distribution of the hazard indicators is shown in Figure 3.
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3.2. Exposure

The exposure refers to the affected area exposed to the disaster. The greater the
exposure, the higher the risk. The higher the population density, the greater the loss in
a collapse disaster, and thus the greater the exposure [37]. Road infrastructure plays a
crucial role in the economic development of urban areas. However, it is also susceptible
to collapse disasters. This is the main part of our risk assessment along the studied road.
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The higher the road density, the greater the exposure [38]. In this paper, the road density
per square kilometer is calculated and then resampled to a 30 m grid data. On the basis
of collecting point of interest (POI) data of Changbai County, ArcGIS was used to create a
building density map of the study area. The grid size was 1 km, and the grid data needed
to be resampled to 30 m for this study.

The spatial distribution of the exposure indicators is shown in Figure 4.
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3.3. Vulnerability

Vulnerability refers to the extent of potential loss when the exposed area is affected by
a disaster. The greater the vulnerability, the higher the risk. The percentage of people under
the age of 14 and over the age of 60 was calculated for each township, and an age structure
map was created using ArcGIS. People under the age of 14 and over the age of 60 are less
capable of avoiding disasters compared to adults. As a result, they are more susceptible to
injuries in collapse disasters and have a higher level of vulnerability. According to overall
statistics on rural roads, it has been observed that the lower the road grade and technical
standard, the more susceptible rural roads are to damage during disasters, compared to
high-grade roads [39]. We measured the percentage of detached houses and bungalows
in each township that are not surrounded by any other buildings. Based on the collection
of POI data in Changbai County, this paper utilizes remote sensing images of the area to
classify its buildings and create a map of building types in ArcGIS. Compared to multi-
storey buildings, large hospitals, and shopping malls, houses and bungalows that stand
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alone and are not surrounded by other buildings are more prone to damage in collapse
disasters [38].

The spatial distribution of the vulnerability indicators is shown in Figure 5.
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3.4. Emergency Responses and Recovery Capability

The emergency responses and recovery capability indices reflect the ability of a region
to respond to disasters and recover from them afterwards. Usually, the higher the emer-
gency response capability and recovery capability, the smaller the risk. The GDP value
reflects the ability of a region to recover after a disaster. A region with a higher GDP can
recover faster after being affected by a disaster. A higher level of emergency responses
and recovery capability can also be correlated with higher levels of education [40], as
education can improve disaster awareness and knowledge. People can better cope with
disasters when they are prepared for them; therefore, well-educated individuals have
greater disaster response capabilities. This paper calculates the average number of years of
education completed among each township’s population to assess the town’s educational
status. The higher the educational status, the higher the level of emergency responses and
recovery capability [38]. Moreover, hospitals’ rescue capabilities provide an important role
in responding to disasters and post-disaster recovery. In areas with a higher number of
medical staff, the ability to respond to disasters and recover from them is stronger, hence
such areas have a higher level of emergency responses and recovery capability [40].



ISPRS Int. J. Geo-Inf. 2023, 12, 493 9 of 23

The spatial distribution of the emergency responses and recovery capability indicators
is shown in Figure 6.
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4. Research Methods
4.1. Risk Assessment Model Construction

The risk of a collapse disaster is calculated according to a combination of the hazard,
exposure, and vulnerability factors. In this paper, the entropy weight method was used to
calculate the weights of each criterion layer, while the variation coefficient method is used
to calculate the weights of each index layer. The risk index model for a collapse disaster is
established as follows [40]:

Risk = HωH × EωE ×VωV × (1− R)ωR (1)

Y = ∑n
i=1 µi × I(xi) (2)

where Risk refers to the risk index of a collapse disaster; H, E, V, and R correspond to the
hazard, exposure, vulnerability, and emergency responses and recovery capability indices
of collapse disasters, respectively; ωHe ωE, ωV, and ωR represent the weight value of
each factor; xi is the selected evaluation index; e represents the weight of the ith index; I(xi)
represents the information quantity provided by the indicator layer xi on the occurrence of
collapse; and Y represents the H, E, V, and R criterion layers.
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4.2. Entropy Weight Method

The entropy weight method was used to quantify the level of uncertainty of environ-
mental factors [41]. The principle of this method is to calculate the weight of each index
based on the information provided by the collected data. Because this calculation process
does not take into account the influence of the factors, its objectivity is strong [42]. In
this paper, the entropy weight method was used to calculate the weights of each criterion
layer. First, the probability density was calculated based on a frequency ratio analysis, as
shown in Equation (3), where Pij is the FR value of each environmental factor, Sj represents
the number of categories, and i and j represent the serial number and category of the
environmental factors, respectively.

Pij =
Pij

∑
Sj
j=1 Pij

(3)

Secondly, the probability density Pij was substituted into Equation (4) to obtain the
entropy value Hj for each parameter. The calculation formula for the information coefficient
Ij is as follows in Equation (5).

Hj = −∑
Sj
j=1 Pijlog2Pij (4)

Ij =
log2Sj − Hj

log2Sj
, I = (0, 1) (5)

Finally, the final weight value ωj of each parameter was calculated by coupling the
information coefficient Ij with the probability of collapse.

4.3. Variation Coefficient Method

The variation coefficient method was used to calculate the degree of change for each
index based on statistical methods. It directly utilizes the information contained in each
index to calculate the weight of the index, making it an objective weighting method [43].
This paper utilizes the variation coefficient method to calculate each indicator layer’s
weight.

Firstly, the mean value of each index was calculated. Ai represents the mean value of
the ith index, and rij represents the jth value of the ith index, as shown in Equation (6):

e =
1
n∑n

j=1 rij (6)

We calculated the coefficient of variation of each index as follows, where Si represents
the standard deviation of the ith index, and Vi represents the coefficient of variation of the
ith index:

Si =

√
1
n∑n

j=1

(
rij − Ai

)2 (7)

Vi =
Si
Ai

(8)

Finally, the weight of each index was obtained as follows, where e represents the
weight of the ith index:

µi = e (9)

4.4. Information Quantity Method

After qualitatively classifying each evaluation index based on these data, the infor-
mation quantity method can objectively reflect the relationship between each evaluation
index and a collapse, avoiding the uncertainty caused by human subjective opinions [44].
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In this study, the variation coefficient method was used to calculate the weight of each
indicator layer in terms of evaluation index weight. The entropy weight method was used
to calculate the weight of each criterion layer. Additionally, the information quantity of
each index was weighted and superimposed to obtain the total information quantity.

The calculation formula for information quantity is shown in Equation (10):

I(xi) = ln
P( xi|H)

P(xi)
(10)

In this formula: xi is the selected evaluation index, I (xi) is the information quantity
provided by xi at the collapse, P (xi|H) is the probability of xi under the condition of
collapse distribution, and P (xi) is the probability of xi in the study area.

The above formula is a theoretical model, and is used in practical applications as
follows (11):

I(xi) = ln
Ni/N
Si/S

(11)

where S is the number of grids, N is the number of grids with collapses, Si is the number of
grids with evaluation index xi, and Ni is the number of grids with collapses distributed in
evaluation index xi.

4.5. Random Forest

A random forest is an algorithm proposed by Leo Breiman in 2001. It is an algorithm
that integrates multiple decision trees through an ensemble learning technique known as
‘bagging’ [45]. The concept of bagging [46] involves feeding the samples into multiple weak
classifiers and then aggregating the classification results through voting to create a strong
classifier. Random forests synthesize the results of all classification trees and regression
trees, effectively avoiding the discontinuity of the predicted value in decision trees and
their sensitivity to the training dataset. This makes the predicted value smoother, prevents
the model from overfitting, and improves its stability [47].

The bootstrap sampling method is used to randomly extract N training samples from
the dataset. These N training samples form a training set, and the training set for each tree
is unique. When the node is split, the decision tree will select M feature factors from M
features and use the best features among these M feature factors for node splitting. Each
decision tree will then vote independently. Finally, the voting results from all decision trees
are integrated, and the category with the highest number of votes is determined as the final
output.

4.6. GridSearchCV

In machine learning models, there are certain hyperparameters that require manual
selection. If these hyperparameters are not selected properly, a machine learning model
may suffer from overfitting or underfitting [48]. When running the GridSearchCV, the
selection interval and step length are specified in advance. The search will select hyperpa-
rameters based on this specified interval and step length. These hyperparameters will be
incorporated into the model for training and, ultimately, identify the optimal performance
hyperparameters [49]. This research utilized GridSearchCV to fine-tune the random forest
model and select the optimal set of hyperparameters in order to enhance the accuracy of
the model.

5. Research Results
5.1. Information Quantity Method

The weight of each criterion layer was calculated using the entropy weight method,
while the weight of each index layer was calculated using the variation coefficient method.
These calculation results are shown in Table 2. Simultaneously, the collapse disaster data
from 2015 were used to calculate each evaluation index using the information quantity
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method. The corresponding information quantity values for each evaluation index are
shown in Table 3.

Table 2. Weights of the indicator layers.

Target Layer Criterion Layer Criterion Layer Weights Indicator Layer Indicator Layer Weights

Risk

Hazard 0.2330

Slope (degree) 0.0665
Aspect 0.1151

Curvature 0.1155
NDVI 0.1521

Mean annual precipitation (mm) 0.1016
Distance from fault (m) 0.1377

Lithology 0.1664
Distance from road (m) 0.1450

Exposure 0.1221
Population density (p/km2) 0.3526

Road density (km/km2) 0.2079
Building density 0.4395

Vulnerability 0.2729
Age of structure 0.4145

Road classification 0.3422
Building types 0.2433

Emergency responses and
recovery capability 0.3720

GDP 0.5461
Educational status 0.2417

Number of medical staff 0.2123

Table 3. Information quantities of the indicators.

Criterion Layer Category Information Quantity Indicator Layer Category Information Quantity

Hazard

Low −3.3451 Slope (degree)

0–6.4314 −1.8233
6.4314–11.6324 −1.5189

11.6324–17.4423 −0.6277
17.4423–23.8533 −0.1079
23.8533–30.8400 0.3197
30.8400–39.0721 1.0671
39.0721–70.2963 2.0259

Medium −2.7958

Aspect

Flat 0.0000
North 0.2573

Northeast 0.6518
East 0.3086

Southeast 0.1941
South −0.0200

Southwest −0.2762
West −2.0180

Northwest −1.0921

Curvature
Concave 0.1300

Flat 0.0000
Convex −0.0408

Higher −1.5567

NDVI

0–0.4335 −0.2555
0.4335–0.5859 0.8270
0.5859–0.7148 0.5974
0.7148–0.8320 −0.0809

0.8320–1 −0.7986

Mean annual
precipitation (mm)

706–817 −0.4274
817–942 −0.0260

942–1055 0.6101
1055–1151 −0.0005
1151–1298 0.4425

Highest 1.2415

Distance from fault (m)

0–9857.54 −0.5391
9857.54–22,568.58 0.2497

22,568.58–34,241.99 0.2229
34,241.99–47,990.67 0.1358
47,990.67–66,408.71 −0.7098

Lithology
Very hard rock 0.1582

Hard rock −0.2534
Soft rock −1.5518

Distance from road (m)
0–1036.19 0.9099

1036.19–2235.75 −2.6964
2235.75–3500 −2.9131
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Table 3. Cont.

Criterion Layer Category Information Quantity Indicator Layer Category Information Quantity

Exposure

Low −1.9625
Population density

(p/km2)

0.1858–342.7732 −0.0185
342.7732–1536.2757 0.4348
1536.2757–3718.4541 0.2052

Medium 0.3414
Road density (km/km2)

0–0.5101 −2.1271
0.5101–1.7344 0.3777
1.7344–3.3667 1.5542

Higher 1.4598
3.3667–5.4072 1.0978
5.4072–26.0160 1.8249

Highest 1.3088 Building density
Low −0.0134

Moderate −0.2681
High 1.1611

Vulnerability

Low −0.9880 Age of structure

Lowest 0.3363
Lower 0.1452

Moderate −0.3172
Higher 0.0856
Highest −0.9880

Medium −0.3172
Road classification

Lowest 0.0687
Lower 0.0917

Moderate −0.1332

Higher 0.2076
Higher 0.2410
Highest 0.0000

Highest 0.0768 Building types
Low 0.1961

Moderate −0.2068
High 0.0367

Emergency responses
and recovery capability

Low −1.4252

GDP

Lowest 0.1511
Lower −0.3131

Medium −0.9220
Moderate −0.9223

Higher −1.4275
Highest 0.0000

Higher −0.4696 Educational status
Low −0.0397

Moderate 0.0166
High 0.3363

Highest 0.1704 Number of medical staff
Low −0.0197

Moderate 0.0251
High 0.3363

After calculating the value of each criterion layer using Formula (2), according to
these values, hazard maps, exposure maps, and vulnerability maps were drawn in ArcGIS
(Figure 7). Because the formation of the collapses in this area is mainly influenced by human
engineering activities, the hazard level increases as one moves closer to the road (Figure 3h).
The risk level in the town of Malugou is high, mainly due to the presence of hard rocks
in this area and a low NDVI. The rocks in the towns of Badaogou and Shierdaogou are
also hard, but the reason for their lower risk levels is that the NDVI values in these areas
are higher (Figure 3d,g). The town of Changbai serves as the administrative center of
Changbai County. It has the highest level of exposure, primarily due to the relatively large
population density and building density of this town (Figure 4a,c). Other areas’ higher
levels of exposure are primarily attributed to the construction of rural roads for traffic
purposes. In Malugou Town, there is a large proportion of houses and bungalows that
stand alone and are not surrounded by other buildings (Figure 5c). In the areas around
Shisidaogou and Changbai, the percentage of low-grade highways is higher (Figure 5b), so
the towns of Malugou, Shisidaogou, and Changbai have the highest vulnerability levels.
The region with the highest emergency response and recovery capability also has a higher
GDP level (Figure 6a). The educational status and the number of medical staff in the town
of Changbai are at the highest level, so the emergency responses and recovery capability
in Changbai is also at a higher level (Figure 6b,c). The emergency responses and recovery
capability levels are low in other areas.
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After calculating the value of each target layer using Formula (1), the accuracy of
this value was verified via an ROC curve using collapse data surveyed in 2022. In the
ArcGIS system, a 100 m × 100 m grid is generated, and the grid points are generated
simultaneously. The total amount of information quantity finally calculated is based on the
values extracted from the grid points, taking into account whether there is a collapse in
the grid. The sample data are then formed through spatial connection. The same number
of non-collapse samples and collapse samples were randomly extracted and inputted into
SPSS 26.0 software. Finally, the AUC value was observed at 0.776; the ROC curve is shown
in Figure 8. Table 4 contains the curve’s parameters.

Table 4. Area under the curve.

Area Std. Error Asymptotic Sig. Asymptotic 95% Confidence Interval
Lower Bound Upper Bound

0.776 0.02 0 0.736 0.815
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5.2. Random Forest

The AUC value for the random forest method is higher. A risk map was generated
using a random forest algorithm, and the information quantity value of each criterion
layer in the research area was extracted and assigned to the point. The collapse data
surveyed in 2022 were selected, and an equal number of non-collapse instances were
randomly selected in the study area to form the sample data. Using Python, the sample
data were allocated in a ratio of 7:3 and inputted into the random forest. A total of
70% of the data was used for training the model, while the remaining 30% was used
for testing the model. The model was tested using the ROC curve. Its AUC value is
0.9213 (Figure 9a). Subsequently, the GridSearchCV function from the Sklearn package was
utilized to optimize the hyperparameters of the random forest model. The search range,
step size, and optimized values from the GridSearchCV function are shown in Table 5. First,
it optimized the n_estimators. The AUC value for this model is 0.9327 (Figure 9b). Finally,
it optimized the min_samples_split and min_samples_leaf. The AUC value for this model
is 0.9329 (Figure 9c).

Table 5. Hyperparameter optimization results.

Hyperparameters Search Range and Step Size Optimal Value of the Hyperparameters

n_estimators (25, 500, 25) 75
min_samples_split (1, 250, 1) 84
min_samples_leaf (1, 110, 2) 25
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5.3. Risk Map

Based on the 100 m × 100 m grid, the necessary data for predictions are extracted. The
optimized random forest model is then selected to predict the entire research area, and the
prediction probabilities are derived. In ArcGIS, the derived table is linked to the original
grid attribute table, and the natural breakpoint method is used to reclassify the probability
value into four categories. This process generates a risk map for the entire research area
(Figure 10).

Table 6 presents the statistics concerning collapse distribution in each risk area based
on the collapse data from 2015. The collapses are more evenly distributed in the areas
with the higher and highest risk levels, accounting for 86.62%. When the highest-risk
area comprises only 8.57% of the total area, the number of collapses reaches 70.06%. The
collapses are highly concentrated in the higher-risk area and the highest-risk area, indicating
that the collapse risk assessment aligns with the actual field situation.

Table 6. Collapse distribution.

Risk Level Number of Grids Proportion Number of Collapses Proportion

Low risk 400,325 51.25% 1 0.64%
Medium risk 190,432 24.38% 20 12.74%
Higher risk 123,452 15.80% 26 16.56%
Highest risk 66,974 8.57% 110 70.06%
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With the recent improvements on the economic level of Changbai County, the scale
of various living, production, and engineering construction activities among residents
has expanded unprecedentedly. Human activities have become a significant driving force
be-hind changes in the geological environment and the occurrence of geological disasters
in the surveyed area. The lack of foresight and disregard for scientific principles in human
engineering activities has become the primary cause of geological disasters in this study
area. This is due to a lack of coordination between engineering construction and the geo-
logical environment. The human activities involved in the construction of the G331 national
highway have resulted in frequent collapse disasters along the highway. Our risk map
indicates that the highest-risk areas are predominantly situated on both sides of the G331
national highway. All townships exhibit a relatively high risk in proximity to both sides of
the G331 national highway, whereas the risk is comparatively low in areas located far from
the G331 national highway. However, the towns of Changbai, Badaogou, and Shierdaogou
deviate slightly from this pattern. Changbai is the center of the county. From the population
density map and building density map (Figure 4a,c), it can be observed that the majority of
the buildings and population of this county are concentrated in this area. As a result, there
are more medium-risk areas in this town compared to other towns. The slope along the
G331 national highway through the town is gentle, and the lithology is soft (Figure 3a,g).
Therefore, the risk along the G331 national highway in this town is higher still. Compared
to other towns, the risk in the Badaogou Town and the north of Shierdaogou Townis higher.
This is primarily due to the presence of rural roads that connect the villages in this region,
as indicated by the road density map (Figure 4b). The increase in the amount of rural roads
to hazard-affected areas leads to an increased risk in the northern parts of the two towns.

Figure 11 is a risk map that does not consider emergency responses and recovery
capability. Table 7 similarly shows the area statistics for each risk level. It can be seen that
the distribution of risk levels between these two is similar. However, after considering
the emergency responses and recovery capability, a small number of low-risk areas were
converted into medium-risk areas. The emergency response and recovery capability of
these regions were at a low level. Also, a few of the highest-risk areas in the towns of
Badaogou and Changbai were upgraded to higher-risk areas. The emergency responses
and recovery capability of these transformed regions were at a high level (Figure 7d).
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On the whole, the areas with higher risk levels and the areas with the highest risk levels
decreased. The proportion of higher-risk areas decreased by 2.65%, and the proportion of
the highest-risk areas decreased by 2.01%.
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Table 7. Area statistics without considering emergency responses and recovery capability.

Risk Level Number of Grids Proportion

Low risk 483,874 61.92%
Medium risk 111,994 14.33%
Higher risk 102,814 13.16%
Highest risk 82,740 10.59%

6. Discussion
6.1. Comparison with Other Evaluation Methods

There are three main methods for assessing collapse risk. The first uses mathematical
statistics. After collecting and processing data, this method establishes a probability
model, analyzes the data using this model, calculates the probability distribution and
risk value, and finally categorizes the risk level based on the risk value. Such methods
have specific requirements regarding the data’s quality and sources. The second method
is the scene simulation method [50,51]. After collecting data, this method establishes a
three-dimensional model and simulates the scene of a collapse using simulation technology.
Such methods typically require corresponding software, which can often be costly and will
result in increased research expenses. And, due to data processing and model accuracy, the
simulation results may not meet expectations. Such methods are frequently employed in
small-scale risk assessments. The third category is the index system method [52,53]. This
method selects indicators by referring to the research of other scholars and then establishes
an index system. It calculates and evaluates each layer of indicators, and then integrate
them according to specific methods or standards to determine various levels of risk. This
method has a certain level of subjectivity in selecting indices and calculating weights, which
can impact the evaluation results.
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Based on the index system method, this study integrates remote sensing data, statis-
tical data, and raster data to minimize the subjectivity in selecting indices. The subjectivity
of the weight calculation was reduced via qualitative weight calculation method. Finally, a
random forest model was optimized using GridSearchCV for our risk assessment. By using
the autonomous learning and self-adjusting characteristics of machine learning, the possible
subjectivity in this research was further weakened. After minimizing the subjectivity, a risk
map was obtained.

6.2. Comparison with Others’ Studies

In previous studies, assessments of collapse risks have utilized various research
methods, which vary depending on the research objectives and geographical locations.
When conducting research on regional objects such as highways, railways, or historical
relics, the index system and mathematical statistics methods are usually employed. When
studying individual collapses, the scene simulation method is usually chosen. However,
when selecting the index system method, various scholars have enhanced their approaches
from different perspectives. In order to examine the relationship between landslides and
the surrounding environment, Zhao utilized the spatial case-based reasoning method
to assess the risk of landslides in Lushan County [39]. In order to eliminate the error
of subjective weighting, Gao utilized a weight-based generalized objective function to
evaluate vulnerability. This was combined with a Gaussian process classification model
to assess hazard levels, and subsequently conduct a risk assessment [26]. Chang utilized
the empirical model developed by Wischmeier to compute the intensity of rainfall for a
hazard assessment. This approach allowed their study to examine the influence of rainfall
on landslides. Subsequently, their risk assessment was conducted by considering three
key factors: hazard, exposure, and vulnerability [29]. Sui studied a specific landslide
at Shiyantan in Mayang County. They determined the threshold of landslide risk level
in China using the ALARP method and discussed the acceptable range of risks to life
and economic risk [30]. Karma Tempa evaluated the assets of the AH-48 highway using
a system independently developed by Bhutan. He then assessed the risk of the AH-48
highway from three perspectives: asset value, threat value, and vulnerability value [54].
Zheng incorporated railway management into the evaluation system and assessed the
risk of the Chengdu–Kunming railway using the analytic hierarchy process and triangular
fuzzy number method [55]. In this study, the index system method was selected to collect
remote sensing data, statistical data, and raster data. On the basis of hazard, exposure
and vulnerability, emergency responses and recovery capability were also considered. The
entropy weight method and the variation coefficient method were combined to eliminate
subjective errors in our weight calculation process. Additionally, our random forest model’s
hyperparameters were adjusted using GridSearchCV to generate a risk map. The model
eliminated subjective errors from two aspects: multi-source data and combined weights.
This optimized machine learning model was used to generate the risk map, resulting in
more accurate evaluation results. In this study, the more commonly used natural breakpoint
method was selected as the threshold. In future research, the risk level threshold should
be determined using a more scientific method, as the risk map will consequently be more
accurate. Or, by utilizing a deep learning model, the results could be made more accurate.

6.3. The Social Impact of Our Research Results

The research results reported here are beneficial for developing geological disaster
prevention plans and implementing geological disaster warning projects in the study
area. When formulating plans for geological disaster prevention and control, different
measures can be developed based on different levels of risk. In areas with higher elevation,
collapses are often more likely to occur, and there are often more disaster-exposed people
in these regions. Greater manpower and material resources are needed when formulating
prevention and control measures. In urban planning, it is important to avoid constructing
buildings in areas with the higher and highest risk levels. This is to prevent reductions in
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the vegetation coverage and to minimize the probability of collapses. At the same time,
this can also reduce the loss of economic assets and personal safety when collapses occur
in these regions. When conducting emergency evacuations, it is important to ensure that
the layout of emergency material warehouses and emergency corridors in higher and
highest risk areas is more rational. When a collapse occurs, emergency materials can reach
the affected areas more quickly, and the evacuation of affected people will be expedited.
Shelters should also be constructed in areas with a low level of risk. These results are
also applicable in other countries. However, it is necessary to consider the local natural
environment and human factors when selecting data indicators; the corresponding local
data should be selected.

6.4. Limitations

The study area is located on the Chinese border. When collecting data, it was necessary
to aggregate statistics into larger units in order to accurately represent the variations in
values. Some of the data grid units provided by the relevant departments are large. As a
result, it was not possible to fully cover the entire research area.

Collecting data on vulnerability, emergency responses and recovery capability indica-
tors was too difficult. This led to the selection of township-level units for producing data
maps of criterion layers. This further affected the accuracy of our vulnerability and emer-
gency responses and recovery capability maps. If these indicators used smaller statistical
units, for example, statistical units within a community, the quality of evaluation would be
improved.

The random forest program runs automatically. Once it starts running, there are
too few parts that can be debugged manually. This model is more suitable for solving
classification problems. Its effectiveness in solving regression problems is not as high as
that in solving classification problems.

7. Conclusions

In order to quantify the risks along the G331 national highway, this paper presents
an inventory of data on collapses in Changbai County in 2015 and 2022. Seventeen risk
assessment indices for road collapse disasters have been selected, establishing a spatial
database with multi-source data. A risk map of collapse disasters along the road was created
by combining weight calculations with the random forest algorithm and the information
quantity method.

(1) The evaluation results obtained from the coupling model are more accurate compared
to those obtained from the information quantity method, with an AUC value of 0.9329.

(2) According to the results of the risk assessment, the highest and higher risk areas are
mainly concentrated within a 1 km radius of the G331 national highway. The towns
of Badaogou, Shierdaogou, and the northern part of Malugou town are at a higher
risk. The risk levels are lower in other regions.

(3) After considering the emergency response and recovery capability index, the risk
levels in the higher- and highest-risk areas of the study area decreased. The proportion
of higher risk areas decreased by 2.65%, and the proportion of the highest risk areas
decreased by 2.01%.

In the future, additional research can be conducted using more comprehensive data.
More detailed data on the natural environment and disaster-causing factor data should be
collected to cover the study area located at the country’s edge. Regarding the vulnerability
data and the emergency responses and recovery capability index, statistics should be
collected with smaller units to refine these two sections of the map. This will result in a
more refined final risk map.
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