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Abstract: In China, the majority of mountainous regions are characterized by complex topography
and a delicate, sensitive geological environment. Coupled with a generally underdeveloped infra-
structure and numerous unreasonable human engineering activities, these regions are often highly
susceptible to geological disasters. Geological hazards can cause significant damage to human lives
and property, impeding the development of mountainous areas. Consequently, researching the as-
sessment of geological hazard vulnerability is crucial for disaster prevention, emergency manage-
ment, and economic development in these regions. This study focuses on Xuanwei City and selects
eight factors for evaluation, including elevation, gradient, slope aspect, normalized vegetation in-
dex, stratigraphic lithology, distance from faults, distance from rivers, and distance from roads.
These factors are chosen based on a comprehensive analysis of the spatial and temporal distribution
of geological hazards and disaster incubation conditions. Two paired models, the deterministic co-
efficient model + logistic regression model (CF+LR) and the information quantity model + logistic
regression model (I+LR), were employed to quantitatively assess the study area. The accuracy of
these models was evaluated using ROC curves and AUC values. The results indicate that: (1) The
AUC values for the CF+LR and I+LR coupled models are 0.799 and 0.772, respectively, demonstrat-
ing that both models can objectively and reliably assess the vulnerability to geological hazards in
the study area; (2) Based on the CF+LR model calculations, the geological hazard susceptibility of
Xuanwei City can be categorized into four zones: extremely high susceptibility (6.09%), high sus-
ceptibility (31.08%), medium susceptibility (32.26%), and low susceptibility (30.57%); (3) The CF+LR
model more accurately represents the evaluation results and offers a strong reference value.

Keywords: information model; certainty factor model; logistic regression model; geological hazard;
susceptibility; Xuanwei city

1. Introduction

Assessing the susceptibility of geological disasters is crucial in evaluating the risk they pose.
This refers to the likelihood of geological disasters occurring due to various internal factors, such as
topography, geomorphology, stratigraphic lithology, and geological structure, in combination with
external factors such as extreme rainfall and earthquakes. Accurate prediction and classification of
vulnerability for geological hazards are essential for regional economic development, ensuring peo-
ple's well-being and driving high-quality development. In the 1960s, researchers began investigating
the assessment of geohazard susceptibility, transitioning from initial qualitative evaluation methods
to quantitative approaches. Since the 21st century, advancements in 35S technology and mathematical
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and statistical theories have led to an increasing number of studies utilizing quantitative evaluation
techniques. Wang CM et al. [1] applied the information quantity method to assess and delineate ge-
ological hazard vulnerability in Wen County; Sun et al. [2] integrated the Dempster-Shafer evidence
theory to evaluate geohazard susceptibility along the northern route of the Sichuan-Tibet highway;
and Kohno et al. [3] employed the AHP-GIS method to examine earthquake-induced slope damage.
However, single quantitative evaluation methods are prone to mutual interference among evaluation
factors. If there is a high correlation between these factors, the accuracy of the evaluation model may
be compromised, causing the assessment results to fall short of expectations. To overcome this, the
logistic regression model has been used to test independence and diagnose covariance between eval-
uation factors, eliminating highly correlated factors and determining weights of evaluation factors
more objectively and scientifically.

Owing to the limitations of single evaluation methods and the benefits of logistic regression
models, an increasing number of researchers are effectively integrating the two approaches to assess
geological hazard vulnerability in their study areas. After conducting field investigations and tests,
the results have been found to be consistent with on-site conditions, and the evaluation model
demonstrates greater accuracy. Riegel et al. [4] utilized a geographic information system (GIS) and
logistic regression model to investigate landslide susceptibility in Novo Hamburgo, with the model
effectively determining landslide occurrence probability and exhibiting strong predictive capabili-
ties. Devkota et al. [5] employed GIS-based certainty factors, entropy index, and logistic regression
models to evaluate landslide susceptibility, focusing on the Mugling—Narayanghat road section in
the Nepal Himalaya; their results indicated that the model demonstrated high accuracy. Fan et al. [6]
assessed geological hazard vulnerability in Wenchuan County using an information quantity-logistic
regression model and compared the evaluation accuracy of the information quantity model, logistic
regression model, and coupled model simultaneously. Luo et al. [7] applied the CF-Logistic model to
evaluate landslide susceptibility in the Jiuzhaigou scenic area, with their findings revealing that the
coupled evaluation model had higher accuracy than the single evaluation model and that its zoning
results were highly reliable. This study focuses on Xuanwei City, combining the information quantity
model and the deterministic coefficient model with the logistic model to evaluate geological hazard
vulnerability in the study area. This is achieved through a comprehensive and objective analysis of
existing spatial and temporal distribution patterns and disaster conditions of geological hazards in
the area. Eight influencing factors were selected: elevation, slope, slope aspect, normalized difference
vegetation index (NDVI), stratigraphic lithology, distance from faults, distance from rivers, and dis-
tance from roads. By comparing various geological hazard susceptibility evaluation models, results,
and accuracy within the same study area, this research explores a coupled quantitative evaluation
model with high precision and reliability. This model serves as a reference for assessing geological
hazard susceptibility in the study area and potentially in other county-level regions. It offers a scien-
tific basis for disaster prevention and mitigation, development planning, and the selection of suitable
locations for major projects in Xuanwei.

2. Overview of the Study Area

Xuanwei City, situated in Qujing City within Yunnan Province, is located in the northeastern
part of Yunnan Province (Figure 1. The grid and vector data of the study area are derived from the
geospatial data cloud [https://www.gscloud.cn/] and processed by the ArcGIS platform.). Its geo-
graphical coordinates range from 103°35'30"E to 104°40'50"E longitude and 25°53'30"N to 26°44'50"N
latitude. The city occupies a strategic position at the Yunnan-Guizhou interprovincial junction, often

referred to as the lock and key into Yunnan Province. To the east, Xuanwei shares borders with Pan-
xian and Shuicheng in Guizhou Province; to the west, it is separated from Huize County; to the south,
itis connected to Fuyuan County and Zhanyi County; and to the north, it adjoins Weining in Guizhou
Province. Due to its high altitude, cool climate, significant diurnal temperature variations, and rela-
tively low rainfall, the region is suitable for the cultivation of cold-resistant and drought-tolerant
crops, generally classified as an alpine mountainous area. Xuanwei City is located at the edge of the
Yunnan Plateau and is a transition slope to the Guizhou Plateau, with the terrain generally higher in
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the northwest and lower in the southeast. The highest peak in the area is the main peak of East Moun-
tain which has an elevation of 2868 meters, and the lowest point is the Lakeng Iron Cable Bridge of
the Beipan River, with an elevation of 920 m.
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Figure 1. Overview of the study area.

The primary rivers in the region are part of the upper reaches of the Beipan River within the
Pearl River system, originating from the northwestern foothills of MaXiong Mountain in Xuanwei
City. The area features two major tributaries: the GeXiang River, which flows through Xuanwei City,
and the Kedu River, which flows through Kedu. The region's main landforms encompass three types:
basin, tectonic erosion and denudation, and karst. The stratigraphic lithology in the area is complex,
with the most extensive exposures being the Xuanwei Formation and Emeishan Basalt Formation of
the Diametrion System. This is followed by the tuffs of the Qixia Maokou Formation, also of the Dia-
metrion System, and Carboniferous and Devonian carbonates distributed in the third area. The rock
masses throughout the study area exhibit varying degrees of hardness, with generally weak rock
quality, low weathering resistance, poor mechanical properties, and suboptimal engineering geolog-
ical characteristics. The area has a temperate monsoon climate with three-dimensional climatic char-
acteristics, with higher temperatures in the basin and river valley and lower temperatures in the
mountainous areas. The annual precipitation ranges from 623 mm to 1348 mm, with an average of
940 mm and concentrated rainfall from May to October.

3. Research Methods

3.1. Certainty Factors Methods (CF)

The Certainty Factor (CF) model is a bivariate statistical analysis probability function that can
be used to assess the sensitivity of geohazard occurrence for each causative factor. The model as-
sumes that future geohazard events will occur under the same working conditions as past geohazard
events. The calculation formula for the model is:

PPg—PPg

CF = PP (1-PPy) PF, = PK 1

=) PPy-PP I
———— PP, < PP,

PPs(1-PPg)
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Where 'PP," represents the conditional probability of a geological hazard occurring in the eval-
uation factor classification level ‘a’. It is typically calculated as the ratio of the number of geological
hazard points in level ‘a’ to the ratio of the area of the study area occupied by level ‘a’. ‘PP’ repre-
sents the prior probability of the event occurring in all data. It is expressed as the ratio of the number
of geohazard sites in the whole study area to the area of the whole study area.

The CF model's values range from -1 to 1, where a positive value closer to 1 indicates a higher
predictability of geohazard occurrence, meaning that this type of influence factor significantly con-
tributes to geohazard susceptibility. A negative value closer to —1 means that the certainty of geohaz-
ard occurrence is lower, indicating that a geological disaster is less likely to occur under the effect of
this type of influence factor. When the result is close to zero, it suggests that the influence of this
factor on geohazard susceptibility cannot be determined.

3.2. Information Methods (I)

Information methods for geological hazard susceptibility assessment are based on information
theory. The methods were first applied to landslide prediction by Yan Guozhen and later expanded
to include other geological hazards [8]. The underlying logic of these methods is to convert the meas-
ured values of impact factors reflecting the occurrence of geological hazards into informative values
that serve as quantitative indicators for vulnerability zoning. The information value of each evalua-
tion factor is calculated by combining the geological hazard point data with the raster layer of each
evaluation factor in the study area. The information quantity values of each layer are superimposed
through the raster calculator of the ArcGIS platform to obtain the geological hazard susceptibility
evaluation result for the study area. A higher information value indicates a greater susceptibility to
geological hazards, and it is calculated using the formula:

I(xl-,H)=lnI:i% @)

where: ‘I( x;,H)" represents the information value provided by the evaluation factor 'x;" con-
cerning the occurrence of geohazards, which reflects the likelihood of geohazards. A larger I value
indicates a higher probability of occurrence. 'S' denotes the total area of the evaluation unit within
the study area; 'S;’ is the area of the cell occupied by the evaluation factor x;" in the study area; ‘N’
reefers to the total number of geological hazard units in the study area; 'N;" represents the number

!

of geohazard units containing the evaluation factor 'x;’ in the study area.

3.3. Logistic Regression Model (LR)

The logistic model is a frequently used statistical analysis model for binomial dependent varia-
bles. It is used to describe the relationship between the occurrence of a geological hazard, where 0
represents no geological hazard and 1 represents occurrence, and multiple independent variables
(X1, X2, X3,...Xy). In the logistic model, the independent variable is the CF value (or information value)
for each evaluation factor grading index. This value can be continuous or discrete and does not need
to satisfy a normal frequency distribution [7]. The functional expression of the model is:

1

{ POY = 1X) = — 3)
Z = Bo+ Bixy + BoXz + Paxz + -+ By

Formula (3) describes the logistic model: ‘P’ represents the probability of geohazard occurrence,

ranging from 0 to 1, where 0 indicates that a geohazard cannot occur, while 1 indicates that it will
occur. ‘n’ represents the number of evaluation factors, 'S/ is the logistic regression coefficient, and

"x; represents the deterministic coefficient value (or information value) for each evaluation factor.

3.4. Certainty Factors - Logistic Regression Model (CF+LR)

The CF values obtained from equation (1) for different levels of each evaluation factor are uti-
lized as the independent variables in the CF-LR model. The CF values are input into the binary lo-
gistic regression analysis model in SPSS software to calculate the logistic regression coefficients of
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each evaluation factor. To determine the weights of the evaluation factors, factors with high covari-
ance are eliminated. By substituting the obtained f; values from the logistic regression analysis into
equation (3) using the corresponding deterministic coefficient values, the susceptibility evaluation
results of the CF-LR model can be obtained.

3.5. Informativeness-Logistic Regression Model (I+LR)

Similarly, Equation (2) enables the calculation of informativeness values for various levels of
each evaluation factor. These computed informativeness values serve as the independent variables
for the I-LR model. Utilizing SPSS software, the information value for each factor is substituted, and
logistic regression analysis is conducted to obtain logistic regression coefficients. Following a corre-
lation analysis of evaluation factors, highly correlated factors are excluded. The aforementioned pro-
cedure is repeated to derive the weights for each evaluation factor. By integrating the information
quantity values with the logistic regression coefficients through Equation (3), the I-LR model for geo-
hazard susceptibility evaluation can be successfully implemented.

4. Susceptibility Evaluation

4.1. Selection and grading of the evaluation factor

The selection of evaluation factors and models are the two most crucial steps in geological haz-
ard susceptibility evaluation, as they directly influence the scientific accuracy and feasibility of the
evaluation results [9]. To select factors for geological hazard susceptibility evaluation, evaluation fac-
tors should be chosen in conjunction with field survey information [10]. Informed by prior research
and the field investigation data from the study area, this paper primarily examines the natural influ-
encing factors, such as geological conditions and geographical environment in the study area, and
selects elevation, slope, aspect, NDV], stratigraphic lithology, distance from faults, distance from riv-
ers, and distance from roads as evaluation indices for geological disaster susceptibility. Taking into
account the spatial and temporal evolution characteristics and disaster-causing mechanisms of geo-
logical disasters, the classification results are depicted in Fig. 2.

(1) Elevation: Elevation represents the macroscopic landform
within a specific area. Numerous research findings indicate that the oc-
currence and elevation distribution of geological disasters exhibit sig-
nificant regional patterns [11]. Simultaneously, elevation largely deter-
mines the movement potential energy of the disaster body. The higher
the elevation, the greater the dynamic potential energy stored after slid-
ing, the greater the impact on the disaster-bearing body, and the more
severe the resulting loss. Considering the spatial distribution character-
istics of geological disaster points and elevation in the study area, ele-
vation is divided into five grades: <1000 m, 1000 m1200 m, 1200 m1500
m, 1500 m~2000 m, >2000 m (Fig. 2a).

(2)  Slope: In the study area, the slope magnitude is intimately
connected to the extent of geological disasters. The displacement and
impact force of the disaster body largely depend on the slope size.
Moreover, the formation mechanism of geological disasters and the
critical point of anti-slipping for the sliding body are significantly con-
trolled by the slope factor. The slope of the study area is divided into
four grades: <10°, 10°30°, 30°50°, >50° (Figure 2b).

(3) Slope aspect: Assuming equal vegetation coverage, the
sunny slope contains abundant water and heat, and the rock mass's in-
ternal water tends towards saturation. Under water infiltration, the in-
itiation conditions for geological disasters are lower, making disasters
more likely to occur [12]. Utilizing the surface analysis function of
ArcGIS software, the slope aspect information of the study area was
extracted from the DEM data, and it was divided into north, northeast,
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east, southeast, south, southwest, west, and northwest (Figure 2c).

4) Normalized Difference Vegetation Index (NDVI): Vegeta-
tion serves the functions of slope protection, stabilization, and soil con-
servation which contribute to slope stability [13]. Generally, regions
with high vegetation coverage exhibit less severe geological disaster de-
velopment. The coarse roots of vegetation provide significant tension
to the slope body and securely anchor to the slope body, making it more
resistant to forming a sliding belt under rainwater infiltration. In this
study, the normalized vegetation index in the study area is divided into
five categories: <0, 00.2, 0.20.4, 0.4~0.6, >0.6 (Figure 2d).

(5)  Stratum lithology: Lithology reflects the physical and chem-
ical properties of the minerals that compose the rock mass. In geological
disaster susceptibility evaluation, the chemical properties primarily
manifest as the chemical reactions between the minerals in the rock
mass and other factors (water, atmospheric rainfall, fertilizer, etc.),
which diminish the rock mass's original strength. The physical proper-
ties are more evident in the structure, mechanical properties, and engi-
neering geological properties of the mineral itself. The lithology of the
study area is divided into four categories: loose soil, soft rock, soft and
hard interbedded rock, and medium hard rock (Figure 2e).

(6) Distance from faults: Geological disasters typically occur in
areas with more active fault structures, and the two are closely related.
Particularly in the cross-composite parts of regional fault structures, the
rock is relatively fragmented, often evolving into a structural condition
conducive to the formation and development of geological disasters
[14]. Based on the 1:50,000 geological map of the study area, fault belt
information is extracted using the ArcGIS platform, and a 500 m inter-
val buffer zone is established. The study area's distance from faults is
divided into five categories: <500 m, 500 m1000 m, 1000 m1500 m, 1500
m~2000 m, >2000 m (Figure 2f).

(7)  Distance from rivers: Rivers not only alter surface morphol-
ogy but also constitute a major cause of geological disasters. Rivers ex-
ert an erosive effect on the slopes on both sides. Under the cyclic erosion
of hydrodynamics, slopes can easily form an empty face, causing the
gravity of the upper rock mass to exceed the critical tension it can with-
stand and thus triggering geological disasters. Based on the distribu-
tion characteristics of the water system and geological disasters in the
study area, the distance from rivers is divided into six grades: <200 m,
200 m400 m, 400 m600 m, 600 m800 m, 800 m1000 m, >1000 m (Figure 2
8).

(8) Distance from roads: Roads represent the impact of human
engineering activities on rock and soil. During the construction of es-
sential projects, excavating mountains and cutting slopes are inevitable
processes. This can cause rock and soil masses to develop gaps due to
vibration and disturbance, which facilitates water infiltration and alters
the natural stress state of the rock and soil masses, reducing their cohe-
sion and internal friction angle. Consequently, the sliding body is more
likely to exceed the equilibrium state. Based on the vector data of the
main roads in the study area, this paper establishes a buffer zone with
300 m as a segment in ArcGIS software and divides the distance from
roads into six categories of 1500 m (Figure 2 h).
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Figure 2. Evaluation factors grading chart.

4.2. Evaluation model

(1) Calculation of CF and I value
The evaluation factor layers were transformed into grid layers and reclassified according to their
respective classifications. The number of disaster points and the area of each classification were then
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counted to determine the CF and I values for each evaluation factor level using equations (1) and (2),
as presented in Table 1. The CF and I values not only demonstrate the relative significance of different
grades within the same evaluation factor but also show the contribution rate of each evaluation index
in geological disasters.

The CF value characterizes the certainty of geological disasters objectively and fairly. The closer
the CF value is to 1, the higher the probability of geological disasters. Based on the results in Table 1,
it can be concluded that areas with elevations of <1000 m and 1000 m-1200 m have the lowest certainty
of geological disasters, and geological hazards are less likely to occur. A gradient greater than 50° has
a high certainty coefficient, indicating a high probability of geological disasters. However, it cannot
be accurately determined whether the northeast, east, and south have a driving effect on the occur-
rence of geological hazards, whereas the certainty of geological disasters in the southwest and west
is the lowest. Additionally, the lusher the vegetation in the area, the less likely it is for geological
disasters to occur. Geological hazards mostly occur in areas close to the fault zone, and the number
of geological disaster points decreases with an increase in distance from the fault zone. Furthermore,
geological disasters are prone to occur in soft rock mass areas. The CF value is highest in the range of
200 m-400 m from the water system, indicating a high probability of geological disasters in this envi-
ronment. The influence of distance from the road on geological disasters is inversely proportional to
a certain extent, indicating that the farther the distance from the road, the less prone to disasters.
However, it is noteworthy that the general law of slope and disaster distribution in this paper is
different from previous studies. The reasons for this difference are insufficient accuracy of geological
disaster record data, errors in the information extracted by ArcGIS multi-value extraction to point
tool during operation, and high-quality vegetation growth in the landform with a slope between 30°
and 50°, which has a positive effect on slope reinforcement and slope protection, thereby reducing
the probability of geological disasters. When the slope is >50°, the vegetation is sparse, which weak-
ens the ability of the surface cover to fix itself, and the tensile stress of the landslide is increased,
making geological hazards more likely to occur.

Table 1. Calculation results for information value and CF value across various evaluation factor clas-
sification levels.

Evaluation Level | CF Evaluation factor Level I CF
factor
- Loose - -
<1000m 0'08 00 1.0000 soil 1.1908 0.6960
0 Soft 6 5
1000m-  0.0000 | o I;Cfl: 0.5367 0.4153
1200m 0 ) 5 7
0 and
1200m- 04128 0.3382 Lithology hard - - ’
. inter-  0.0490 0.0478
Elevation 1500m 5 5
layer 4 6
rock-
1500m- 0.8313 0.5645 mediu
2000m 9 3 mohard 0.6720 0.9582
2 3
rock
- - <500m
>2000m 0.8433 0.5697 500m- 0'25 87 0'2580
3 4 Distance from the  1000m
- - fault 1000m-
<10° 0.0501 0.0489
Slope 10°-30° 0.4066 0.3341 1500m - 3

5 4 1500m-
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30°-50° 2000m - -
>50° 0.20990.1894 >2000 0.3195 0.2735
9 1
m 8 6
0.4416 0.3570 0.1943 0.1766
7 5 6 5

2 8 5 -
0.1466 0.1364 0.5620 0.4300
5 1 8 0
0.0908 0.0868 0.7943 0.5481
4 4 <200m ’ 4
200m-
0.0026  0.0026 400m 0.6528 0.4794
400m- 3 5
9 9
North Distance from the 600m
Northeast 0.3515 0.2963 road 600m- 0.7041  0.5055
800m 5 0
East 0 8
Southeast 800m-
Gradient South 0.0954  0.0910 1>01(z)(z)r(;1 0.42635 0.3;09
Southwest 6 5 m
West - - - -
Northwest 0.4036 0.9999 0.1634  0.9999
9 5 6 4
.0431 i 4 354
0.043 0.9999 0.4383 0.3549
2 8 4
2
- <300m
0.35109 0.9999 300m- 0.1;)15 0.01966
0 600m
1.7735 0.8303 600m- 0.2265 0.2026
9 2 900m 0 9
900m- - -
0.1319 - 0.1236 Distance from the 1200m  0.2022 0.1830
7 4 .
<0 river 1200m- 1 8
1500m - -
0-0.2 0.3764 0.3137
NDVI 0.3-04 6 3 >1500 0.1;29 0.1:03
0.4-0.6 m
>0.6 0.3;186 0.26943 02070  0.9999

7 4
1.5145 0.7800
1 9
The degree of influence of evaluation factors on the susceptibility of geological disasters is re-
flected by the information quantity of observed values of geological disasters in the study area. The
larger the information variable of evaluation factors, the more prone to geological hazards under the
action of this factor. Based on the analysis of the calculation results of the information value, it can be
concluded that geological hazards often occur in the 1500 m-2000 m altitude range, and when the
slope is >50°, the information value is the largest, indicating a high probability of disasters. The north-
west slope is prone to geological disasters due to the influence of the natural environment (climate,
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sunshine, precipitation, etc.). Vegetation coverage is negatively correlated with the probability of ge-
ological disasters. Soft rock masses serve as the foundation and material source for the development
of geological disasters. The impact of faults, rivers, and roads on geological disasters demonstrates a
certain degree of correlation. Within a specific distance, these three evaluation factors contribute to
the promotion of geological hazard occurrences.

(2) Weight calculation

Logistic regression analysis was conducted using SPSS software, where 660 disaster points were
used as sample points, with 330 geological disaster points and 330 non-geological disaster points. The
occurrence of geological disasters was taken as the dependent variable (1 for occurrence, 0 for non-
occurrence), while the CF and I values of each evaluation factor classification level were taken as
independent variables. The logistic regression coefficient ([3) value and significance (Sig.) value were
obtained through binary logistic regression analysis in SPSS software (Table 2), using a stepwise
backward calculation method based on the partial likelihood ratio test results to eliminate variables
[15]. Typically, if the Sig. value is greater than 0.05, it suggests that there is collinearity between the
evaluation factor and other evaluation factors, necessitating collinearity diagnosis. In the collinearity
diagnosis table (Table 3), a larger conditional index implies more significant collinearity with other
evaluation factors. It is generally considered that multicollinearity exists when the conditional index
exceeds 10 [16], requiring a comprehensive assessment of the intrinsic relationship between the eval-
uation factor and other predisposing factors for disasters, and the elimination of highly correlated
evaluation factors. This process is repeated until all Sig. values of the evaluation factors are less than
0.05 (Table 4), indicating that the model is reasonable and accurate, with the corresponding 3 value
representing the weight of the evaluation factor. In the CF model (Table 2), the significance values of
distance from the road, distance from the fault, slope direction, and distance from the river were all
greater than 0.05, indicating their collinearity with other factors. The collinearity diagnosis results
showed that the variance ratio of the seventh dimension from the road distance and the ninth dimen-
sion from the river distance were significantly larger. Therefore, the distance factor from the river
was removed, considering that roads and other human engineering activities in the study area were
mostly built along the river. Furthermore, the aspect factor was eliminated after analysis, considering
its minimal contribution to the susceptibility of geological hazards in the study area, and the close
relationship of most geological disasters in the study area to the fault zone factor. In the information
model (Table 2), the significance values of distance from the river and slope factor were greater than
0.05, indicating their significant collinear effects with other evaluation factors. These two factors were
eliminated, and the remaining factors were used as independent variables for binary logistic regres-
sion analysis.

Table 2. Results of logistic regression analysis without removing covariate causative factors.

Factor B Standard error Wald Variance Significance Exp(B)
NDVI 1.689 0.236 51.325 1 0.000 5.415
Distance from road -0.032 0.159 0.040 1 0.841 0.969
Distance from fault  0.796 0.416 3.662 1 0.056 2.217
Elevation 1.206 0.166 52.516 1 0.000 3.341

CF Slope 0.867 0.358 5.865 1 0.015 2.379
Gradient -0.073 0.185 0.158 1 0.691 0.929
Distance from river  0.138 0.153 0.818 1 0.366 1.148
Lithology 0.701 0.242 8.418 1 0.004 2.016
Constant -0.076 0.172 0.196 1 0.658 0.927
NDVI 1.130 0.151 55.894 1 0.000 3.096
Distance from road -2.031 0.250 66.281 1 0.000 0.131
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Distance from fault  1.234 0.397 9.681 1 0.002 3.436
Elevation 1.011 0.127 63.194 1 0.000 2.747
Slope 0.395 0.329 1.443 1 0.230 1.485
Gradient 1.604 0.438 13.398 1 0.000 4.973
Distance from river  0.148 0.305 0.235 1 0.628 1.159
Lithology 0.598 0.260 5.290 1 0.021 1.819
Constant -0.261 0.102 6.581 1 0.010 0.771

Table 3. The results of evaluation factors covariance diagnosis.

Variance ratio

Mode Dimen- Eigen- ?onfii- Dis- Dis- Dis-
1 sion value tion in- (Con- ND tance tance Eleva- Slop  Gradi- tance Lithol-
dex stant) VI from from tion e ent from ogy
road fault river
1 2.651 1.000 0.03 0.00 0.04 0.00 0.00 0.00 0.05 0.04 0.01
2 1.376 1.388 0.01 0.18 0.01 0.13 0.25 0.02 0.01 0.00 0.04
3 1.146 1.521 0.00 0.09 0.04 0.01 0.00 0.47 0.00 0.00 0.21
4 0.963 1.659 0.00 0.22 0.00 0.49 0.00 0.04 0.00 0.00 0.22
CF 5 0.836 1.781 0.00 0.05 0.00 0.23 0.08 0.21 0.00 0.01 0.51
6 0.728 1.909 0.00 0.41 0.03 0.12 0.41 0.13 0.07 0.00 0.00
7 0.642 2.032 0.00 0.00 0.58 0.00 0.13 0.12 0.21 0.01 0.00
8 0.480 2.351 0.02 0.03 0.14 0.01 0.04 0.01 0.49 0.35 0.01
9 0.179 3.849 0.94 0.02 0.16 0.01 0.08 0.00 0.16 0.58 0.01
1 1.520 1.000 0.01 0.08 0.01 0.08 0.20 0.03 0.00 0.13 0.04
2 1.374 1.052 0.21 0.01 0.28 0.01 0.01 0.06 0.00 0.01 0.05
3 1.137 1.156 0.13 0.10 0.02 0.08 0.01 0.22 0.19 0.00 0.08
4 1.073 1.190 0.02 0.03 0.00 0.00 0.00 0.06 0.36 0.18 0.23
I 5 0.976 1.248 0.00 0.38 0.01 0.39 0.00 0.10 0.05 0.00 0.04
6 0.815 1.366 0.01 0.22 0.05 0.01 0.00 0.28 0.05 0.16 0.37
7 0.796 1.382 0.01 0.00 0.00 0.32 0.00 0.10 0.34 0.25 0.16
8 0.707 1.466 0.11 0.07 0.13 0.10 0.57 0.00 0.00 0.26 0.01

9 0.602 1.590 0.49 0.11 0.50 0.00 0.20 0.14 0.00 0.02 0.01
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Table 4. Results of logistic regression analysis excluding covariate causative factors.

Factor B Standard error Wald Varl- Signifi- Exp(B)
ance cance

NDVI 1.683 0.235 51.358 1 0.000 5.380
Distance from road  -0.032 0.158 0.041 1 0.840 0.969
Distance from fault 0.809 0.415 3.808 1 0.048 2.247
CF Elevation 1.237 0.163 57.672 1 0.000 3.445
Slope 0.871 0.357 5.941 1 0.015 2.390
Lithology 0.690 0.241 8.213 1 0.004 1.994
Constant -0.141 0.113 1.578 1 0.209 0.868
NDVI 1.113 0.150 54.732 1 0.000 3.044
Distance from road  -2.054 0.249 68.262 1 0.000 0.128
Distance from fault 1.243 0.396 9.842 1 0.002 3.464
I Elevation 1.037 0.125 69.372 1 0.000 2.821
Gradient 1.627 0.436 13.918 1 0.000 5.091
Lithology 0.656 0.256 6.543 1 0.011 1.926
Constant -0.271 0.101 7.184 1 0.007 0.763

(Note: By analyzing the field survey data of geological disasters in the study area, it is found that human engi-
neering activities such as road and bridge construction and unreasonable slope excavation have a great influence
on the existing geological disasters, so the distance factor from the road is not removed.)

(3) CF-Logistic model
A functional relationship was established between the CF value and the (3 value obtained from
logistic regression analysis. The model formula can be expressed as:

{Yl = —0.141 + 1.683X; — 0.032X, + 0.809X; + 1.237X, + 0.871X5 + 0.690X,
1
Pl =

T (1+e7Y1)

(4)

The formula above presents the probability P; of geological disasters, with a value ranging be-
tween [ 0 ~ 1]. X;~X, represent the evaluation factors: NDVI, distance from the road, distance from
the fault, elevation, slope, and CF value of lithology.

(4) I-Logistic model

A model was developed based on the information value and the 3 value obtained from logistic
regression analysis. The formula for the model is as follows:

{Yz = —0.271 + 1.113x, — 2.054x, + 1.243x; + 1.037x, + 1.627x5 + 0.654x,
1

27 (1+eY2)

©)

In the above formula, P, is the probability of geological disasters, and the value range is [0 ~ 1
]. x1~x¢ represent the evaluation indexes: NDVI, distance from the road, distance from the fault, el-
evation, gradient and information value of lithology.

4.3. Evaluation results and verification

The weight and CF value of the CF-Logistic model are employed using formula (4), and grid
weighting superposition is conducted through the map algebra function on the ArcGIS platform,
ultimately obtaining the susceptibility evaluation results for the study area. The natural breakpoint
method is then used to categorize the evaluation results into four grades: extremely high-prone area,
high-prone area, medium-prone area, and low-prone area. This categorization helps generate the ge-
ological disaster susceptibility zoning map for Xuanwei City based on the CF-Logistic model (Fig.
3a). Similarly, the evaluation factor weight and information value of the CF-I model are utilized, and
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the process is repeated using Formula (5) to produce the susceptibility zoning map for the study area
based on the I-Logistic model (Fig. 3b).

1047 6T

1015 20 km

104" 0L

(a) CF+LR Model (b) I+LR Model

Figure 3. Geological hazard susceptibility zoning map of the study area.

Table 5. Statistical table of the results of geological hazard susceptibility zoning in Xuanwei City.

Susceptibility =~ Evaluation Area/ Are? proo- Disas- ProRortlon of Ratio
division model km? portion/% ters/pcs disaster (R=D/a
(A) points/% (D) )

Extremely-high CF+LR 369.46 6.09 92 27.88 4.58
prone areas I+LR 89.96 1.48 11 3.33 2.25
High prone areas CF+LR 1886.78 31.08 159 48.18 1.55
I+LR 3137.75 51.69 281 85.15 1.65

Medium suscep- CF+LR 1958.34 32.26 69 20.91 0.65
tible area I+LR 1584.39 26.10 32 9.70 0.37
Low susceptible CF+LR 1855.30 30.57 10 3.03 0.10
area I+LR 1257.78 20.72 6 1.82 0.09

By comparing and analyzing the geological disaster susceptibility zoning maps (Fig. 3a, Fig. 3b)
obtained from the two evaluation models and the statistical table of the area and the number of dis-
aster points for both models (Table 5), it is possible to verify whether the evaluation results of the two
models are reasonable. This comparison also helps to determine whether the model can objectively
and fairly represent the actual geological disaster susceptibility in Xuanwei City. From Table 5, it is
evident that there is a significant difference in the proportion of disaster points in extremely high-
prone and high-prone areas for both the CF-Logistic and I-Logistic models. A thorough analysis of
the field survey data in the study area reveals that slope has a considerable impact on geological
disasters in the extremely high-prone area. Alongside the analysis of the slope factor classification
map (Fig. 2b), it is concluded that when the slope ranges between 30° and 50°, the region's geological
disasters are extremely high-prone. The I-Logistic model, due to the high correlation between the
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slope factor and other evaluation factors, differs from the CF-Logistic model in the susceptibility eval-
uation of geological disasters in Xuanwei City, as it lacks the key evaluation factor of slope. By com-
paring Figure 3a and Figure 3b, it can be seen that the CF-Logistic model and the I-Logistic model are
roughly similar in the spatial distribution of the high-risk areas of geological disasters in the study
area, and the difference exists in the partition area of the I-Logistic model. The high susceptibility
area is characterized by sunnier slopes, resulting in significant physical and chemical impacts, re-
duced vegetation coverage, elevated surface runoff coefficients, and intensified erosion. These factors
have created favorable conditions for geological disasters. However, the CF-Logistic model does not
consider aspect as an evaluation parameter, and therefore, its final evaluation outcomes differ from
those of the I-Logistic model.

Sensitivity
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Figure 4. ROC curve of each mode.

The ROC curve is a prevalent method for verifying the accuracy of geological disaster-prone
areas. The ROC curve can distinctly, intuitively, and accurately depict the relationship between the
specificity and sensitivity of the evaluation model, demonstrating excellent test accuracy. As a result,
it has been extensively employed in geological disaster susceptibility evaluations [16]. The AUC value
of the ROC curve, representing the area under the curve, serves as a criterion for measuring the mod-
el's accuracy. Its value ranges between [0.5 ~ 1], with a value closer to 1 indicating a more convex
curve toward the upper left, which signifies higher model accuracy. As shown in Figure 4, the AUC
value for the CF-Logistic model is 0.799, while the AUC value for the I-Logistic model is 0.772. This
suggests that the CF-Logistic evaluation model exhibits higher evaluation accuracy and more reason-
able evaluation results, making it better suited for assessing geological disaster susceptibility in
Xuanwei City. The existing geological disasters in the study area are used to verify the accuracy of
the CF-Logistic model. It is found that the model can well predict the susceptibility of geological
disasters in Xuanwei City, and can be used as a scientific reference for disaster prevention and early
warning, major project site selection, and land space planning in Xuanwei City (Figure 5).
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Figure 5. Verification of field disasters.

5. Conclusion

(1)  This study focuses on Xuanwei City as the subject of geolog-
ical disaster susceptibility evaluation. After examining the spatial dis-
tribution and development environment characteristics of existing ge-
ological disasters in the region, elevation, slope, aspect, NDVI, strati-
graphic lithology, distance from faults, distance from rivers, and dis-
tance from roads are chosen as evaluation factors. The CF-Logistic eval-
uation model and I-Logistic evaluation model are employed to divide
geological disaster susceptibility in Xuanwei City using the ArcGIS
platform.

(2) Based on the two coupling models, it is determined that
NDVI, elevation, and distance from faults have a significant influence
on geological disaster susceptibility in the study area. Particularly
when NDVI < 0; when the altitude ranges between 1500 m and 2000 m;
and when the distance from the fault is less than 500 m, the CF value, I
value, and logistic regression coefficients of the three factors are rela-
tively large. This suggests that geological disasters are most likely to
occur under these conditions, and areas with such an environment
should be given significant attention.

(3)  The extremely high-susceptibility areas for geological disas-
ters are mainly located along roads and densely populated regions. The
geological structure in these areas is highly developed, with frag-
mented rock and significant influence from fault zones. High-prone ar-
eas are primarily found near rivers and faults, and the terrain in these
regions is highly variable. Medium-prone areas are strongly influenced
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by new tectonic movements, possess a relatively developed surface wa-
ter system, and have complex geological environmental conditions.
Low-prone areas are predominantly distributed in the central, north-
eastern, and southwestern regions of Xuanwei City. The slope of these
areas is mostly between 5° and 10°, hydrogeological conditions are rel-
atively simple, and the disaster environment is not complicated.

(4)  The partition results of the two models are roughly similar
in spatial distribution. Differences in the partition area arise due to
slight variations in evaluation factors among different models. Overall,
the evaluation results of the two models align with the distribution of
existing geological disasters in the study area and offer valuable refer-
ence for geological hazard risk assessments and disaster prevention
and emergency work. The AUC values of the CF + Logistic model and
the I + Logistic model are 0.799 and 0.772, respectively, indicating that
both models meet the requirements for objective and scientific evalua-
tions of geological disasters in Xuanwei City. The CF + Logistic model
demonstrates higher evaluation accuracy.

(5)  The distribution of hazardous rock mass in the study area is
extensive. Engineering treatment would require considerable economic
investment. At present, the most effective prevention and control
measures are mass observation and preparedness, along with strength-
ened rainfall monitoring and restrictions on large-scale excavation to
mitigate the impact of collapse disasters. Landslide disasters have a sig-
nificant impact on the safety of people's lives and property in the study
area, and collective relocation efforts are challenging and feasible.
Based on the geological hazard susceptibility zoning results, appropri-
ate engineering control measures should be selected according to local
conditions to manage prone landslides, especially by clarifying preven-
tion and control policies for geological disasters during flood seasons
to reduce their impact on landslide disasters. Debris flow disasters
mainly occur in deep valleys with steep terrain, fragmented rock, and
heavy rainfall, causing severe damage to affected bodies. Planting trees
in debris flow formation areas can help reduce soil erosion and control
from the root; employing blocking engineering measures in circulation
areas to obstruct debris flow; and constructing sedimentation fields or
drainage ditches in accumulation areas to prevent debris flow from im-
pacting villages or blocking rivers.

6. Discussion and Prospect

6.1. Discussion

China is among the countries with the most severe geological hazards globally, which consti-
tutes a fundamental national condition. Conducting comprehensive surveys of disaster risks in coun-
tries and regions is an inevitable necessity and a requirement for high-quality economic and social
development. The selection of evaluation methods, evaluation factors, and weight determination are
critical components of the entire evaluation process. In the past, qualitative evaluation methods con-
tained numerous subjective factors, and future-developed quantitative evaluation methods lacked
thorough research on the correlation of evaluation factors. These issues can affect the accuracy of the
evaluation results. The presented approach of coupling a single quantitative method with a logistic
regression model can address both the high collinearity of factors in a single evaluation method and
the challenge of the logistic regression model not being able to quantify the classification level of
evaluation factors so that the evaluation results are scientific and credible. In this study, the following
questions merit in-depth analysis: (1) In the CF-Logistic model, whether the inclusion of the highly
correlated factor of distance from the road will directly impact the evaluation results; (2) The two
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models in this study reveal a high degree of collinearity between the river and other evaluation indi-
cators. As the river serves as an external force transforming surface morphology, it is scientifically
reasonable to eliminate this factor.

6.2. Prospect

Changes in location affect the geological conditions, such as topography, geological structure,
and stratigraphic lithology, which in turn influence the disaster mechanism of a region. Therefore,
the evaluation model used for each region differs because of its unique characteristics. The accuracy
of this evaluation model primarily depends on the quality, correlation, reliability, and representa-
tiveness of the input evaluation factor data. The selection of appropriate evaluation factors and mod-
els depends on the disaster-causing conditions of geological disasters in a region which can lead to
more accurate prediction results that meet ideal requirements. In our future research, we aim to ex-
plore a set of quantitative evaluation models for geological disaster susceptibility. With the assistance
of machine learning algorithms, the model can autonomously, objectively, rigorously, and impar-
tially select evaluation factors to reduce the subjective interference of human factors on the model
and accurately calculate weightage. The evaluation model is scientific, universally applicable, and
can serve various disaster-prone areas with similar disaster-prone characteristics in human living
environments.
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