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Abstract: Landslide susceptibility mapping (LSM) is a vital tool for proactive disaster mitigation.
Although numerous studies utilize slope units (SUs) for LSM, the limited integration of adjacency
information, including spatial autocorrelation, often reduces predictive accuracy. In this study, GRASS
GIS was utilized to generate slope units, and a spatial logistic regression (SLR) model was developed
to incorporate the adjacency information of the slope units to predict the landslide susceptibility.
Then, the spatial stratification heterogeneity patterns of landslide susceptibility were analyzed using
GeoDetector. The results showed that the SLR model achieved an area under the curve (AUC) of
0.89, a notable improvement of 0.26 compared to the traditional logistic regression (LR) model that
does not incorporate adjacency information. This indicates that incorporating adjacency information
effectively enhances LSM accuracy by mitigating spatial autocorrelation. Furthermore, lithology, PGV,
and distance to the epicenter were identified as the primary factors contributing to the formation
of the spatial stratification heterogeneity of landslide susceptibility. Among these, the interaction
between lithology and PGV exhibits the strongest nonlinear enhancement. By integrating both
mapping units and their adjacency information, this study provides a novel approach to improving
the predictive accuracy of LSM. Moreover, by analyzing the driving factors of spatial stratification
heterogeneity in landslide susceptibility maps, the study advances the practical utility of LSM for
disaster management and mitigation.

Keywords: slope units; landslide susceptibility mapping; spatial logistic regression model; spatial
stratification heterogeneity; GeoDetector

1. Introduction

Landslides are the most common type of natural disaster [1,2]. Rainfall, earthquakes,
water level changes, rapid snowmelt, volcanic eruptions and human activities are all trigger
factors of landslides [3]. In mountainous areas, earthquakes are the main trigger factor
for landslides [4]. Co-seismic landslides, as one of the secondary effects of earthquakes,
frequently cause significant disasters [1,5,6]. The Wenchuan earthquake in China in 2008
triggered a large number of landslides, and nearly a quarter of the casualties were caused
by the landslides [7,8]. Landslide Susceptibility Mapping (LSM) has demonstrated a
strong predictive capability for potential landslide occurrences, facilitating the optimization
of regional planning and construction prior to the onset of disasters [9]. However, the
prediction accuracy of LSM is often influenced by the choice of mapping unit and the
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adaptability of the employed model [10,11]. Thus, integrating these factors is essential for
generating more accurate landslide susceptibility maps.

Mapping units are fundamental to LSM, with two primary types being raster units
(RUs) and slope units (SUs) [12]. RUs are commonly used due to their ease of acquisition
and mapping [13]. Nonetheless, the predictive accuracy of RUs is highly dependent on
resolution, and their correlation with the geological environment is relatively low [14,15].
In addition, if the elevation value cannot be determined, even if a high resolution is used,
the uncertainty will be higher than for a low resolution [16]. Landslides predominantly
occur in mountainous regions, characterized by valleys and ridgelines, and RUs often fail
to capture topographical continuity [17]. Conversely, SUs effectively address this limitation
by aligning more closely with the actual landforms, and are thereby widely accepted for
LSM [18-20]. In most studies, the extraction of SUs uses the curvature watershed method
and the geomorphology method, which are based on the artificial extraction of valley
ridgelines. However, it is difficult to obtain SUs by these two methods. Under these
circumstances, the extraction of large-scale landslide units presents the challenges of being
both time-consuming and prone to errors [21-23]. Therefore, the automatic zoning of
slope units is particularly important. Under such circumstances, Alvioli et al. developed a
modeling framework, r.slopeunits, which divides DEM data into large watersheds based on
r.watershed of GRASS GIS, and then divides the watersheds into adjacent units according
to the multiple flow strategy to obtain target slope units [24]. This software can be used to
automatically extract SUs that are consistent with geomorphic characteristics [24]. There
have been many studies that have used this software to make reasonable divisions of slope
units and have obtained good results [25]. The consideration of neighboring information in
the mapping of units is another critical factor for LSM, as landslides usually happen where
they have occurred before and have strong spatial continuity [26]. Spatial autocorrelation,
a common characteristic of spatial data, suggests that the neighboring units of landslide-
prone areas also play an indicative role in landslide susceptibility. Given the inevitable
impact of spatial autocorrelation on LSM modeling, recent studies have increasingly focused
on optimizing models to mitigate this effect [27]. For instance, spatial residual models
and spatial logistic regression models have been employed [28,29]. The spatial residual
model typically requires the consideration of numerous factors; otherwise, it is prone
to significant errors. However, it is impractical to encompass all the relevant factors
within a single landslide susceptibility assessment [30,31]. The spatial logistic regression
model incorporates the attribute information of neighboring mapping units as influencing
variables for landslide occurrences, thereby accounting for spatial autocorrelation and
significantly improving susceptibility mapping accuracy [13].

Post-mapping analysis of the spatial stratification heterogeneity of susceptibility maps
offers critical insights for regional landslide disaster prevention and emergency manage-
ment [32]. By examining the mechanisms of underlying past landslide events, we can
effectively prevent and mitigate future landslides caused by earthquakes in the same
area [33,34]. The spatial stratification heterogeneity in landslide distribution results from
the interplay of multiple factors rather than a single cause. Hence, analyzing the inter-
actions between these factors is crucial for practical slope engineering applications [35].
The GeoDetector tool proves to be an effective tool for identifying the drivers of spatial
stratification heterogeneity in landslide susceptibility maps, as it considers both individual
influencing factors and their interactions [36]. This approach is instrumental in validating
and applying LSM, offering substantial information for engineering applications.

To enhance the accuracy of landslide susceptibility maps, this study advances LSM
methods and applications through three main aspects: (a) generating slope units for
LSM using GRASS GIS; (b) modeling LSM by incorporating the adjacency information of
neighboring units through spatial logistic regression and making comparisons with the
results of the logistic regression model; and (c) analyzing the influencing factors and their
interactions to understand the mechanisms behind the spatial stratification heterogeneity
of landslide susceptibility.
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2. Study Area and Data
2.1. Study Area

In 2013, a magnitude 5.9 earthquake struck Minxian County, Dingxi City, Gansu
Province, China [6]. This earthquake triggered numerous co-seismic landslides. The study
area was delineated as an elliptical region along the seismic intensity contour, encompass-
ing the epicenter. It spans approximately 34°25'-34°43'N latitude and 103°51’-104°16'E
longitude, covering an area of 927.35 km? with an average slope of 24.19°. The region
experiences a plateau continental climate, with an average annual temperature ranging
from 5.0 to 7.0 °C. Elevations in the area vary between 2192 and 3360 m, reflecting its high-
altitude terrain. Influenced by the interaction of continental air masses and subtropical
warm, humid air masses, coupled with topographical effects on the atmospheric uplift,
the region exhibits a cold and humid climate. The Tao River serves as the primary river
flowing through the study area.

The channel area of the study region consists of Quaternary sandy deposits, with Late
Cenozoic sandstones distributed along both sides of the channel and Early Permian quartz
sandstones covering most of the area. In the southwest and southern regions, Devonian
carbonaceous shale and silty shale are present, respectively [6]. The continuous uplift
and compression of the Qinghai-Tibet Plateau result in strong tectonic movements and
frequent seismic activity, shaping a complex landscape characterized by numerous valleys
and steep mountains.

The study area is situated in the north-central section of the North-South Seismic Belt, a
region highly susceptible to earthquakes due to the presence of numerous large-scale active
fault zones [37]. Figure 1 provides a comparative overview of the landslide conditions in
the study area before and after the seismic event. The seismogenic structure responsible for
the earthquake is a branch fault on the northern side of the Lintan-Dangchang Fault Zone,
which lies between the eastern Kunlun Fault Zone and the northern edge of the western
Qinling Fault Zone. This fault zone features a southward thrust with a general NWW-
NW strike, a NE dip, and a dip angle of 50-70°, combined with a left-lateral strike-slip
component. Variations in fault zone activity characteristics contribute to post-earthquake
disasters, such as landslides and collapses [20]. To enhance the accuracy of the statistical
analysis of the co-seismic landslides, Al Earth was utilized to perform a comparative
analysis of pre- and post-seismic remote sensing imagery. The pre-earthquake satellite
imagery, dated 6 April 2013, is shown in Figure 1a, while the post-earthquake imagery,
captured on 1 August 2013, is displayed in Figure 1b.
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Figure 1. Maps showing the co-seismic landslides based on pre- and post-quake AI Earth images.
(a) Pre-quake satellite image; (b) post-quake satellite image.

2.2. Data

Using high-resolution Google Earth images and comparing them with ZY-3 images,
the landslide after the Minxian earthquake in 2013 was identified [37]. There are various
types of landslides in the study area, such as falls, slides, and slumping on steep loess
ridges, as well as deep continuous landslides and soil collapse [6]. In the study area,
there are a total of 8526 landslides, with areas ranging from 3.68 to 51,246.19 m?. Among
them, 8236 landslides are less than 1000 m?, accounting for 96.60% of the total number of
landslides, while only 290 are large. Most of the landslides are soil landslides, with few rock
landslides. These landslides are generally distributed along the Tao River, concentrated in
the central and southern parts of the study area, where land use types are mostly cultivated
land. The geographical location, topography, and distribution of landslides in the study
area are illustrated in Figure 2.
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Figure 2. Inventory map of earthquake landslides in Min County earthquake epicenter area. (a) Loca-
tion of the study area, (b) landslide inventory.



Remote Sens. 2024, 16, 4475

50f18

According to the geological conditions in the study area, eight factors were selected for
LSM, including topographic and geological conditions (Figure 3). The topographic landform
category includes four influencing factors: elevation, slope, profile curvature, and topographic
wetness index (TWI). The elevation data have a resolution of 5 m and can be obtained from
the AW3D website (https://www.aw3d.jp/en/ (accessed on 1 February 2014)) [38]. Slope,
curvature, and TWI can be derived from the elevation data. The geological conditions include
four influencing factors: distance to the epicenter, distance to the seismogenic fault, peak
ground velocity (PGV), and lithology. The distance to the seismogenic fault and the epicenter
represents the distance from the centroid of each unit to the seismogenic fault and the epicenter,
respectively. Proximity to the seismogenic fault significantly increases both the probability
and severity of landslides, while closer proximity to the epicenter is associated with a higher
likelihood of landslide occurrence. PGV is an important indicator for describing earthquake
intensity, and PGV data have a quantitative relationship with landslide density, according to
the ShakeMap released by the United States Geological Survey (USGS) [39]. The lithology
data come from the 1:200,000 geological map classified by stratigraphic age provided by the
National Geological Data Center [6].
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Figure 3. Maps showing distribution of influencing factors in study area. (a) Elevation; (b) curvature;
(c) distance to epicenter; (d) distance to seismogenic fault; (e) slope; (f) TWI; (g) lithology; (h) PGV.
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3. Method

This study evaluated landslide susceptibility by following three core steps: first, slope
units were generated from elevation data using the GRASS GIS 7.8, and the attributes of
each influencing factor were mapped to the slope units based on their spatial locations;
second, an LR model and SLR model were employed to assess landslide susceptibility, and
the results were verified and compared; and finally, the spatial stratification heterogeneity
mechanisms in the landslide susceptibility map were analyzed using GeoDetector. Figure 4
depicts the comprehensive technical workflow of the study.
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Figure 4. Workflow of the method proposed in this research to predict earthquake-induced land-
slide events.

3.1. Slope Unit Delineation

A slope unit (SU) refers to a topographic unit enclosed by drainage and watersheds.
Several methods have been proposed for the division of slope units; among these, the
r.slopeunits v1.0, based on GRASS GIS, is an automatic way to roughly divide the elevation
data along the landform into SUs [40]. The parameters that need to be set include the
following: the initial flow aggregation area threshold t (km?); the reduction coefficient
1, used to iteratively calculate the new value of the flow aggregation area threshold; the
minimum square difference c of the terrain slope direction within a slope unit; and the
minimum area a (m?) of the SU [40]. Parameters a and c are important parameters for
controlling the size of the SUs, and the time required by r.slopeunits to extract the SUs is
also closely related to a and c [20].

Considering previous research and the actual shape size of the slope units in the
study area, the following values were obtained, corresponding to several combinations
of input parameters in the r.slopeunits software: t = 0.08 km?, 0.1 km?, 0.2 km?2, 0.3 km?;
a = 70,000 m?, 90,000 m?, 150,000 m?; ¢ = 0.15, 0.2; and r = 5. The slope morphology of
t=0.1km?, a = 70,000 m2, c = 0.2, and r = 5 was the most consistent with that of the actual
study area. To avoid excessive area differences between the slope elements, the slope units
with too small an area were merged with adjacent units, and a total of 8647 SUs were
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generated. These units have a maximum area of 0.76 km? and an average area of 0.11 km?
(Figure 5). There were 6743 units without landslides and 1904 units with landslides.

Figure 5. The slope unit map.

3.2. Spatial Logistic Regression Model

The logistic regression model can predict the probability of the landslide by using
the linear regression relationship between the variables and multiple independent vari-
ables [19]. Since the variable that occurs in the landslide is a dual variable, the independent
variable type can be continuous or discrete [41]. The equation is as follows:

Y = lnll_J(—;()x) =Bo+P1X1+ BXo+ ..+ BiXi+e(i=1,2,..,n) 1)
eY
Tive @

where Xj, Xp, ... X; are independent variables, B is the intercept coefficient, and 1, B2,
..., Bi are the undetermined regression coefficients corresponding to each factor. P(x)
is the probability of landslide occurrence, P is the prediction probability, and x is the
conditional factor.

P(x)

Y:lnm

=Bo+ P X1+BXo+ ..+ BXi+oWY +e(i=1,2,..,n) 3)

In practical situations, the occurrence of landslides is not only related to various factors
under the influence of the spatial autocorrelation effect, but also to the environment around
the landslides [10]. Therefore, in addition to being influenced by the independent variable,
the value of the Y variable also needs to consider the neighboring information of SUs. Spa-
tial regression is a modification of the regression equation that incorporates the adjacency
matrix [10]. Equation (3) represents the spatial autoregressive model, which considers the
adjacency relationship of spatial data based on Equation (1) [27,42]. p is the coefficient
of spatial autocorrelation of Y, ¢ is the error term that conforms to a normal distribution,
W is the n-dimensional spatial adjacency matrix, and 7 is the total number of samples.
Compared with Equation (1), the increase of pWY in Equation (3) excludes the spatial
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structure information contained in the adjacency relationship from the residuals, reducing
the possibility of obtaining biased estimates. The specific content of W is as follows:

0 f(di2) --- f(dy))

d 0 e dos
W f( '21) ' | f<'2]) @
flda) f(dp) --- 0
e(“+Xﬁ+pWy)
—yln— " _(1_ (a+XB+pWy)
L yln1 @ X TWy) (1 y)ln(l +e ) 5)

Equation (4) represents the adjacency matrix, and it is used to represent the adjacency
relations in a SU, especially in graph theory and network analysis. If two mapping units are
adjacent, the value of f (d;j) is 1; otherwise, if they are not adjacent, f (d;;) is 0. Equation (5)
is the maximum likelihood function, which is used to solve the bias caused by the traditional
least squares method and other parameter estimations.

3.3. Implementation of SLR

The 8647 SUs obtained above were used as mapping units, and the mean values of
the independent variables of six factors, including elevation, curvature, distance to the
epicenter, distance to the seismogenic fault, slope, and TWI, were assigned to the SUs.
For the two discrete factors, lithology and PGV, the value with the largest proportion of
landslide area was assigned to the corresponding SU. Dependent variables need to be
considered during SLR modeling. If there is a landslide in the slope unit, the value of
Y is 1; otherwise, it is 0. The spatial logistic regression model, as a supervised learning
model, relies on training data to estimate parameters, and requires test data to verify the
generalization ability and performance of the model. This process ensures that the model
can have a better prediction effect in practical application. Considering the difficulty of
acquiring future data sets, in this study, we adopted the conventional random sampling
method for verification; 70% of the samples were used for training and 30% for testing [43].
The LR model and SLR model were solved using the free R-INLA package [44,45], and the
expression for the SLR model is as follows:

Y = (0.173 x Elevation) + (—0.012 x Curvature) + (—0.406 x Distance to epicenter)
+ (—0.237 x Distance to seismogenic fault) + (—0.040 x Slope) + (0.017 x TWI)

+ (—1.420 x Lithology(sandy)) + (—1.174 x Lithology(sandstone))

+ (—1.509 x Lithology(conglomerate)) + (—0.611 x Lithology (silty shale))

+ (—1.928 x Lithology(carbonaceous shale)) + (—2.159 x Lithology(quartz sandstone))
+ (—1.425 x PGV (2)) + (—1.164 x PGV (4)) + (—1.197 x PGV (6)) + (—1.353 x PGV (8))
+ (—1.443 x PGV (10)) + (—1.153 x PGV (12)) + (—1.781 x PGV (14))

+ (=1.207 x PGV (16)) + (—0.274 x PGV (18))

The regression coefficients represent the impact of influencing factors on landslide
susceptibility and are determined by the dimensions of each factor. The regression co-
efficient of a categorical variable means the relative risk of each category. A negative
regression coefficient indicates that the category is less likely to trigger the event compared
to the reference category. For instance, in this study, the regression coefficient for quartz
sandstone is —2.159, whereas for silty shale it is —0.611, suggesting that quartz sandstone
has a lower likelihood of causing landslides compared to silty shale. The regression co-
efficient, therefore, reflects the relative risk. For continuous independent variables, the
regression coefficient indicates the direction and magnitude of influence on the dependent
variable. A positive coefficient implies that an increase in the independent variable raises
the probability of landslide occurrence, whereas a negative coefficient indicates that the
probability decreases as the independent variable increases.
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3.4. GeoDetector

GeoDetector can identify the causes of spatial stratification heterogeneity in landslide
susceptibility maps caused by influencing factors and their interactions [36]. This study
used the free R package “GD” to process the data [35,46]. The predicted value of each slope
unit was taken as the dependent variable Y, and the continuous variable X is categorized.
The number of categories for each continuous variable was set to 6-10 categories. The “GD”
package was used to determine the best classification method and classification number of
each continuous factor. It calculates the contribution of each factor to landslides and their
combined effect on landslides.

GeoDetector includes four parts: a risk detector, a factor detector, an ecological detector,
and an interactive detector [47]. Among these, the factor detector and interactor detector
are the most helpful for the impact factor analysis of this study. The role of the factor
detector is to detect the spatial heterogeneity of Y and the extent to which variable X
explains the spatial heterogeneity of attribute Y. The interactor detector is used to identify
the interactions between variables X; that is, to assess whether two factors acting together
increase or decrease the explanatory power of the dependent variable Y, or whether the
effects of these factors on Y are independent [48]. The principle of GeoDetector is as follows:

1 m
q= 1— WZi:l I\IZ'O'Z-2 q € [O, 1] (6)

where m is the number of categories of the independent variable X—taking lithology as
an example, m is 6; N is the total number of slope units; (71-2 is the variance of the i-th
layer of the dependent variable Y; and ¢? is the variance of the whole study area Y. The
g value indicates the extent to which the independent variable X explains the spatial
stratification heterogeneity of the dependent variable, and a higher g value indicates a
greater contribution of X to the landslides.

4. Results
4.1. Model Verification and Comparison

The predictive accuracy of the model can be characterized by the receiver operating
characteristic (ROC) curve and the area under the curve (AUC). The farther the ROC curve
is from the diagonal, the better the differentiation of the model [49]. An AUC value between
0.7 and 0.9 indicates that the model has a high accuracy [38,50]. In addition to the AUC,
the confusion matrix not only quantitatively assesses the predictive performance of the
model, but also reveals more detailed information. In this study, the AUC of the LR and
SLR models were 0.63 and 0.89, respectively (Figure 6). According to the confusion matrix
of the two models in Table 1, the overall prediction accuracy of SLR was 85.20%, which
was 17.70% higher than that of the LR model, and the recall also increased by 22.07%. The
results show that the SLR model has a higher accuracy.

Table 1. The confusion matrix of LR and SLR.

. Prediction
Method Landslide Recall Accuracy
Occurred Yes No
Yes 353 218 61.82% o
LR No 625 1398 69.10% 67.50%
Ye 47! 2 .89%
SLR s ? 2 83897 85.20%

No 292 1731 85.57%
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Figure 6. Comparison of the LR and SLR models by using the ROC curve. AUC is the acronym of the

area under the ROC curve.

4.2. Landslide Susceptibility Map

The Seed Cell Area Index (SCAI) is an indicator for assessing the efficiency of clas-
sification, with lower SCAI values in highly sensitive areas and higher SCAI values in
low-sensitive areas [51]. Table 2 shows that the SLR model has a gradually increasing
sensitivity from high to low SCAI values, indicating that the classification results are rea-
sonable, while the LR model has a large SCAI value in the high-risk area, indicating that
the LR model overestimates the high-risk area. Figure 7 shows the spatial effect of the SUs’
adjacent information extracted by the SLR model. The spatial effect indicates that SUs can
effectively reduce the influence of spatial effects on the results. The predicted landslide
risks are divided into three categories using the classification of natural break points [52].
The landslide susceptibility grade distribution maps obtained by the LR and SLR models
are shown in Figure 8a and 8b, respectively. The LR model divides most areas into the
same disaster level, while the SLR model is more dispersed.

Table 2. The densities of landslides among susceptibility classes of both methods.

Model Sensitivity Level Area Ratio Number of Landslides SCAI
Low 46.36% 3998 1.003

LR Moderate 34.21% 2990 0.989
High 19.41% 1659 1.012

Low 50.93% 4385 1.004

SLR Moderate 35.13% 3041 0.999
High 13.92% 1221 0.987

B oo
W o2 -oss
[ B

-
B oo
oo o

0 5

Figure 7. Map of the study area illustrating the neighboring structural effect.
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Figure 8. Landslide susceptibility map. (a) is the landslide susceptibility map produced by LR.
(b) is the landslide susceptibility map produced by SLR. LS, MS, and HS, respectively, indicate three
landslide susceptibility levels of low, moderate, and high.

4.3. Factor Analysis for the Spatial Pattern of the Landslide Susceptibility Map

The spatial stratification heterogeneity of the landslide susceptibility map was investi-
gated using factor analysis. Lithology, PGV, and distance to the epicenter were identified as
the three factors contributing most significantly to the spatial distribution of the landslides
(Table 3), and their q values are 0.299, 0.207, and 0.175, respectively. This indicates that
lithology alone can explain 29.9% of the spatial stratification heterogeneity of landslide
susceptibility. This result shows that earthquakes are a trigger factor of landslides, but
their main controlling factor is lithology. The interaction analysis of factors shows that,
while the interactions between lithology and slope, distance to the epicenter, and PGV
involve bivariate enhancement, the enhancement of other factors is nonlinear. Among these,
the interaction between lithology and PGV shows the strongest nonlinear enhancement,
followed by the interaction between lithology and distance to the epicenter (Figure 9).
The risk detector reflects the average area of landslide occurrence in each layer of the
impact factor, as well as the statistically significant difference in the average landslide area
between the layers. DEM, curvature, distance from fault, slope, TWI, and PGV all show
significant differences (Figure 10). Ecological detection was used to compare whether there
were significant differences in the effects of the two factors on the spatial distribution of
landslides. The results showed that all the factors have significant effects on landslides
(Figure 11), indicating that the factors selected in this study are reasonable and there is no
redundancy, which affects the accuracy of landslide susceptibility mapping [53].

Table 3. The factor detector calculated by Geodetector. (X1-X8 represent DEM, curvature, distance to
epicenter, distance to fault, slope, TWI, lithology, and PGV, respectively).

Variables X7 X8 X3 X1 X4 X5 X6 X2
q 0.299 0.207 0.175 0.030 0.016 0.013 0.002 0.001
P <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05 <0.05
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Figure 10. Risk detector result.
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5. Discussion

This study addressed the influence of the spatial autocorrelation of spatial data on
LSM, by dividing slope units and including the neighboring information of SUs in suscepti-
bility modeling. Additionally, by analyzing the contributions of the interactions among
various factors to the spatial heterogeneity of landslide susceptibility, the accuracy of the
susceptibility map was improved. Compared with the LR model, the AUC and confusion
matrix of the SLR model had a higher accuracy, which indicated that the landslide suscep-
tibility evaluation established by the SLR model was more consistent with the landslide
occurrence rule compared with the LR model. The SLR model demonstrates objectivity,
feasibility, and a strong predictive capability for the study area. This evaluation can play a
certain guiding role in the prevention and management of landslide disasters in the region.

The use of SUs significantly reduces the spatial autocorrelation of landslide occurrence.
The spatial effect map obtained by the SLR model is only approximately the same as the
actual landslide density map (Figure 8b, while previous studies based on grid cells have
shown that there is a strong correlation between the spatial effect map and the actual
landslide density map [13]. This is mainly due to the consideration of the spatial similarity
of adjacent units. RUs fail to consider the spatial similarity of adjacent units. SUs are
extracted from RUs, and the value of each factor attribute in each SU is not particularly
different, while the adjacent SUs show differences. In this study, 96% were small landslides,
and one SU included many landslides, which greatly reduced the correlation of landslide
occurrence among adjacent units, thereby making the spatial data more independent. For
landslide susceptibility mapping, an increased independence on input data leads to reduced
negative effects of spatial autocorrelation on the model. Previous studies have shown that
SUs can reduce input uncertainty more effectively than RUs [54], which is consistent with
the findings of this study.

The performance of LR and SLR models differs significantly in areas with high land-
slide incidence. The LR model predicts a series of high-risk areas in the southwest car-
bonaceous shale region, the central conglomerate region, and a small portion of the quartz
sandstone region. This pattern arises because the LR model heavily relies on lithology
factors, causing the predicted high-risk areas to align with lithological trends. However,
as shown in Figure 2b, the actual landslide distribution is dispersed, and even within a
single lithology area, landslides are not contiguous. This indicates that the LR model, by
focusing solely on slope element attributes, erroneously classifies some low-to-medium-
risk areas as high-risk. In contrast, the SLR model incorporates not only the attribute



Remote Sens. 2024, 16, 4475

14 of 18

information of mapping units, but also spatial adjacency information, recognizing that
the occurrence of landslides in the surrounding units greatly influences the likelihood
of landslides within a slope unit. By accounting for these spatial relationships, the SLR
model can distinguish three types of risk areas even within a single lithology region. This
approach better reflects the heterogeneity of landslide distribution and aligns more closely
with real-world conditions.

In general, the prediction accuracy of the SLR model is greatly improved compared
with the LR model. The spatial model used in this study incorporates the adjacency
information between mapping units. Unlike general regression models, an adjacency
matrix aligned with geomorphic characteristics is included, which helps to mitigate the
influence of spatial autocorrelation between adjacent units. However, the LR model is a
linear model, and the effect is poor when the relationship between landslide and impact
factors is not linear and is complicated [43,55]. This enhances the model’s precision and the
accuracy of landslide susceptibility mapping. However, the SU approach utilized in this
paper inherently reduces the impact of spatial autocorrelation on modeling to some extent.
To demonstrate more comprehensively the characteristics of the SLR model, it is essential
to investigate the influence of the SLR model on spatial autocorrelation under RU and SU
unit mapping approaches. This investigation constitutes the next step in our research plan.

GeoDetector’s factor detection analysis reveals key differentiation characteristics of
landslide susceptibility. Lithology, peak ground velocity (PGV), and distance to the epi-
center are identified as the most significant factors, with lithology being the primary
determinant of landslide instability. The study area’s lithology comprises sand, sandstone,
conglomerate, carbonaceous shale, quartz sandstone, and silty rock, accounting for 9%,
6%, 9%, 13%, 51%, and 12% of the slope units, respectively. Although quartz sandstone
dominates in area, Figures 3g and 8 show that carbonaceous shale is mainly classified as
moderate-to-high-risk, while quartz sandstone is predominantly low-risk. This demon-
strates that lithology significantly influences landslide susceptibility. Carbonaceous shale,
silty rock, conglomerate, and sandstone are the most landslide-prone lithologies, while soft
riverine areas and quartz sandstone are less susceptible. Soft rocks, like sandy loams and
carbonaceous shales, deform under seismic vibration, reducing landslide risk by altering
their stress state. In contrast, hard rocks such as quartz sandstone resist sliding due to their
high shear strength, even during vibrations.

Interaction detection identifies the interplay of multiple factors influencing landslide
susceptibility. Figure 9 highlights that the interaction between lithology and peak ground
velocity (PGV) exhibits the strongest nonlinear enhancement, followed by the interaction
between lithology and distance to the epicenter. Generally, areas with hard lithology are
less prone to landslides. However, high-risk zones are observed in some quartz sandstone
regions near the focal point (southeast of the study area in Figure 8b). In contrast, in
distant focal areas, high-risk zones are more common in regions with soft lithology. This
indicates that landslide occurrence is not determined solely by individual factors such as
lithology, but by the combined effect of geological conditions and seismic forces. The strong
interaction between lithology and PGV suggests that landslides are heavily influenced
by the combined effects of seismic dynamics and geological conditions. Similarly, the
interaction between lithology and distance to the epicenter underscores the varying impact
of geological and dynamic effects at different spatial scales. Specifically, as distance to
the epicenter increases, PGV decreases, making soft lithology areas more susceptible to
landslides, while hard lithology areas remain less prone. Conversely, closer to the epicenter,
even areas with hard lithology exhibit a higher likelihood of landslides due to the amplified
seismic effects.

Factor analysis and interaction analysis revealed that geological factors exert a greater
influence on landslides than topographic conditions, highlighting earthquakes as the
primary triggering factor. Given the challenges posed by topographic conditions, geological
factors, wet climates, and the increasing frequency of extreme weather events, greater
attention should be paid to the role of geology in landslide occurrence. In landslide
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prevention and mitigation, regular geotechnical monitoring is essential [56]. Priority
should be given to shale and sandstone areas in slope engineering, where techniques such
as shotcrete, bolt support, and other reinforcement methods can be applied to enhance
slope shear strength and reduce the likelihood of collapse or landslides. Additionally,
using ecological materials such as plant fibers and ecological bags for slope protection
not only helps to prevent landslides, but also promotes slope biodiversity, providing both
environmental and structural benefits.

The spatial logistic regression (SLR) model incorporates spatial information by consid-
ering the connectivity relationships between mapping units. When selecting the spatial
adjacency matrix, various methods can be employed, such as the adjacency matrix and the
distance matrix. In this study, the connection method used was queen adjacency within
the adjacency matrix, which involves connections through common vertices and adjacent
edges. Spatial samples based on the queen adjacency rule exhibit a closer correlation
with their surrounding spatial units. This adjacency method is straightforward to operate
and manage. However, its limitation is that it only considers the influential strength of
adjacent units, assigning an influential strength of zero to non-adjacent units. This does
not accurately reflect real-world conditions. Therefore, future model improvements should
explore different connection methods to achieve a higher prediction accuracy that aligns
more closely with actual situations.

6. Conclusions

Landslide susceptibility mapping is of great significance for landslide prediction and
control. In this study, slope units were used as the mapping units for landslide susceptibility
mapping, ensuring that the results aligned more closely with the actual natural environment.
Furthermore, the spatial logistic regression (SLR) model was employed to incorporate the
adjacency information of slope units, demonstrating a 26% higher accuracy compared to
the logistic regression (LR) model, which does not account for spatial adjacency. This
suggests that adjacency information can serve as a valuable new index for landslide
susceptibility mapping. Additionally, the driving factors of landslide susceptibility and
their interactions were analyzed using GeoDetector. The results identified lithology, peak
ground velocity (PGV), and distance to the epicenter as the main factors contributing
to landslides. Among these, the interaction between lithology and PGV exhibited the
strongest nonlinear enhancement, followed by the interaction between lithology and the
epicenter. These findings highlight the importance of considering lithological characteristics
and seismic vibration conditions in slope engineering control. By delineating high-risk
landslide areas, more precise engineering reinforcement measures and risk warnings can be
implemented. This study not only deepens our understanding of the spatial differentiation
of landslide susceptibility, but also enhances the practical application of susceptibility
mapping in real-world scenarios.
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