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ABSTRACT

Due to the similarity of conditioning factors, the aggregation feature of landslides and the multi-temporal
landslide inventory, the spatial and temporal effects of landslides need to be considered in landslide sus-
ceptibility prediction (LSP). The ignorance of this issue will result in some biases and time-invariance in
landslide susceptibility. Hence, a novel framework has been proposed to update landslide susceptibility
by simultaneously considering the spatial and temporal effects of landslides at the regional scale. In this
framework, the landslide inventory of Chongyi County has been divided into pre- and fresh-landslide
inventories. According to the LSP results predicted by the support vector machine (SVM) model using
the slope unit-based conditioning factors and pre-landslide inventory, a normalized spatial distance
index (NSDI) is calculated to quantitatively represent the spatial correlation between landslides and sur-
rounding slope units to develop the SVM-NSDI model. Furthermore, the SVM-Updating model, which
incorporates the LSP results of the SVM-NSDI model and fresh-landslide inventory, could be developed
to update the LSP results. Subsequently, the confusion matrix, the area under the receiver operating char-
acteristic curve (AUC) and frequency ratio (FR) accuracy are used to evaluate the prediction performance
of the above LSP models. The F;-score values of the SVM, SVM-NSDI and SVM-Updating models are 0.776,
0.816 and 0.831, respectively. The AUC values are 0.869, 0.903 and 0.914 and the FR accuracies are 0.795,
0.853 and 0.873. It can be concluded that landslide susceptibility is a time-variant variable, which can be
updated by considering the spatial correlation between landslides and surrounding slope units as well as
the temporal effects of multi-temporal landslide inventory. This study provides a new framework to
update landslide susceptibility over time and also provides more accurate LSP results for decision-

makers.
© 2023 China University of Geosciences (Beijing) and Peking University. Published by Elsevier B.V. on
behalf of China University of Geosciences (Beijing). This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

ferent LSP models, uncertainty analysis in landslide susceptibility
modeling and other aspects to promote the application of LSP for

Landslide susceptibility prediction (LSP) has been an effective
technique to predict the spatial distribution of landslides that are
likely to occur at the regional scale, by calculating the likelihood
of a landslide occurring based on the topographical, geological,
hydrological, land cover and other conditioning factors as well as
the recorded landslide information (Reichenbach et al., 2018; Liu
et al., 2023). Recently, lots of studies of LSP focus on the mapping
unit extraction, conditioning factors selection, comparison of dif-
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landslide risk assessment and prevention (Merghadi et al., 2020;
Huang et al., 2021a,2021b; Zhou et al., 2021; Yang et al., 2022;
Chang et al., 2023). In those studies, however, the landslide suscep-
tibility is normally thought of as a time-invariant concept, which
means that it remains constant throughout time for a given loca-
tion, the spatial and temporal effects of landslides have been
neglected in the LSP process. Moreover, if the temporal effect is
considered in landslide susceptibility, it will fall under the purview
of landslide hazards (Guzzetti et al., 1999; Al-Najjar and Pradhan,
2021).
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Conversely, a new concept of time-variant landslide susceptibil-
ity or dynamic landslide susceptibility has been proposed by Samia
et al. (2020), which means that the landslide susceptibility of a
place changes over time. Several evidence could be provided to
support on this concept. First, subsequent landslides are more
likely to occur with a wider and rounder scope over a period of
about 10 years as a result of the clear legacy effect of earlier land-
slides (Phillips, 2006; Parker et al., 2015; Temme et al., 2015;
Samia et al,, 2017a). Then, the observations indicate that fresh
landslides are more likely to occur when they are situated close
to the center of a previous landslide in space (Fan et al., 2015;
Samia et al., 2017b). Apparently, the landslide susceptibility would
change over time as more valuable information could be provided
by the multi-temporal inventory in a region (Tseng et al., 2015).
Moreover, some literature also shows that the spatial and temporal
probabilities of landslides are not independent (Guzzetti et al.,
2005). Furthermore, time-related internal conditioning factors also
play an important role in determining the landslide susceptibility
(Singh et al., 2014; Samia et al., 2017a). Therefore, since the
time-variant property of landslide susceptibility exists, the effects
of fresh landslides on landslide susceptibility should be taken into
account and quantified to update the landslide susceptibility.

Although landslide susceptibility has been deeply studied with
many encouraging results based on a wide range of statistical and
machine learning techniques (Youssef et al., 2015; Ji et al., 2022;
Zhou et al., 2022; Zhang et al., 2023), only few studies taken the
time-variant property into account to update landslide susceptibil-
ity from the following perspectives: First, the intuitive and simple
method is to continually integrate the information of fresh land-
slides with the previous landslide inventory as the multi-
temporal landslide inventory to predict landslide susceptibility
(Guzzetti et al., 2012; Del Ventisette et al., 2014). However, the
drawbacks of operation difficulty, consumption of time and labor
temporarily limit the updating of multi-temporal landslide inven-
tories with sufficient resolution in time. Additionally, the updating
performance is unsatisfactory when the number of fresh landslides
is lower. Focusing on the multi-temporal landslide inventories,
Samia et al. (2018, 2020) have implemented the transient effects
of earlier landslides on the susceptibility of further landslides in
a promising perspective by using “landslide path dependency”.
The path dependency has been characterized and quantified by a
space-time clustering measure. Two landslide path dependency
variables are applied to describe the transient effects on landslide
susceptibility based on the multi-temporal landslide inventories
from the Collazzone area in Italy. However, the essential limitation
of this method is that the landslide inventories in most areas are
not multi-temporal due to the difficulty of obtaining high-
resolution multi-temporal datasets, resulting in the restricted
application.

According to the other perspective, the landslide susceptibility
can be updated using the Bayes method by respectively regarding
the pre- and fresh-landslide inventory information as the prior and
posterior information based on the physically-based models
(Wang et al., 2019; Depina et al., 2020). Although the physical
mechanism of landslides has been considered in physically-based
models and the Bayesian updating theory has been widely applied
in geotechnical engineering (Jiang et al., 2018; Wang et al., 2020). It
is difficult to collect geotechnical and hydrological data in detail on
a large scale, resulting in low accuracy and difficulty in application
promotion of this method. Hence, this method can only be imple-
mented on a small scale or on a single slope. Above all, how to
quantify the effect of fresh landslide on landslide susceptibility is
still an important issue that needs to be solved urgently.

In the previous landslide susceptibility updating literature,
another critical and frequently neglected issue is that the spatial
correlation between the landslides and their surrounding zones
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has not been quantified. It is illustrated that the spatial distribution
of landslides on a regional scale shows the aggregation feature in
actual practice (Wang et al., 2013; Liu et al., 2019), which can be
explained by the fact that natural clustering is a common phe-
nomenon. In addition, some conditioning factors (such as geologi-
cal strata, topography, hydrology, soil properties, etc.) that control
landslide occurrence have similar characteristics with strong spa-
tial correlation in a specific area. The ignorance of spatial correla-
tion will lead to some biases about the susceptibility of follow-
up landslides. Fortunately, the Euclidean distance is an effective
and widely used indicator in spatial correlation analysis for quan-
titatively quantifying the correlation between two points in space
(Liu et al., 2019; Gojcic et al., 2021). Hence, it provides a new per-
spective to achieve the landslide susceptibility updating by taking
the spatial correlation between fresh landslides and the surround-
ing area into account.

Aiming at the aforementioned issues, the main objective of this
study is to update the landslide susceptibility from the perspective
of space and time. In the space perspective, the spatial correlation
between landslides and surrounding slope units within a certain
distance has been quantified by the Euclid distance and a normal-
ized spatial distance index (NSDI). In the time perspective, the
landslide inventory is divided into pre- and fresh-landslide inven-
tories. The pre-landslide inventory is used to predict landslide sus-
ceptibility and the fresh-landslide inventory is applied to update
landslide susceptibility. This method is illustrated and validated
using an example in Chongyi County, China.

2. Method
2.1. Procedure of landslide susceptibility updating

The flowchart of landslide susceptibility updating is shown in
Fig. 1. The main procedures of this method include:

(1) Preparation of basic data and landslide inventory: the basic
topographic, geological, hydrological and land cover data of
the study area are collected. The landslide inventory is con-
structed by field investigation and historical information
collection, which is classified into pre-landslide inventory
(1970-2005) and fresh-landslide inventory (2006-2019). In
addition, slope units are extracted by the multi-scale seg-
mentation method as the basic mapping unit.

(2) Development of a slope unit-based SVM model and calcula-
tion of landslide susceptibility indexes: some slope unit-
based conditioning factors, including topographic, geologi-
cal, hydrological, land cover and others, are extracted as
the basic input data. The SVM model is applied to develop
a slope unit-based SVM model and calculate the landslide
susceptibility indexes, which can be divided into five land-
slide susceptibility levels (very low, low, moderate, high
and very high).

(3) Development of SVM-NSDI model considering the spatial
correlation between landslides and slope units: In this pro-
cess, the Euclidean distance is calculated to represent the
spatial correlation between landslide points and surround-
ing slope unit points. For each slope unit with a very high
landslide susceptibility level, the distance that is closest to
a landslide is chosen. As a result, the maximum value of
those closest distances is determined as the distance thresh-
old (Dt) between landslides and the slope units with very
high landslide susceptibility level. Then, the value of NSDI
is calculated to develop the SVM-NSDI model and calculate
the landslide susceptibility indexes considering the spatial
correlation between landslides and slope units, which can
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Fig. 1. The flowchart of landslide susceptibility updating.

be considered as landslide
information.

(4) Construction of the SVM-Updating model: the distances
between each fresh landslide and slope units within Dt are
calculated. Then the NSDI between fresh landslides and
slope units can be calculated. For the slope unit that
occurred fresh landslide, the LSP value is up to 1, and the
variation of LSP values can be calculated. Furthermore, the
LSP variation of other slope units can be calculated by mul-
tiplying the sum of NSDI and the LSP variation value of slope
units with fresh landslides. As a result, the SVM-Updating
model can be developed to update the LSP values by adding
the LSP variation and the LSP values of SVM-NSDI model.

(5) Landslide susceptibility mapping and accuracy validation:
based on the LSP results of SVM, SVM-NSDI and SVM-
Updating models, the landslide susceptibility indexes of
those models are classified into five levels to obtain the land-
slide susceptibility mapping. In addition, confusion matrix,
the receiver operating characteristic (ROC) curve and fre-
quency ratio (FR) accuracy are used to validate the perfor-
mance of those models.

the prior susceptibility

2.2. Support vector machine model

Currently, some machine learning models have been commonly
used to predict landslide susceptibility, hazard and risk with better
performances than traditional statistical methods (Reichenbach
et al., 2018). The SVM model is selected as the basic machine learn-
ing model to predict landslide susceptibility due to its higher accu-
racy than other machine learning models. Meanwhile, it is also an
effective supervised machine learning model to solve non-linear
binary classification problems (Merghadi et al., 2020). The goal of
this method is to convert the original input data into a higher-
dimensional feature space to maximally split input data into two
classes by finding the best n-dimensional hyper-plane.

The schematic diagram of SVM model is shown in Fig. 2. Sup-
pose a training dataset in a feature space: T ={(x1, ¥;),
(X2, ¥2) 5 «ooy (Xn, Yp)h thex; (i =1, 2, .., n)is a series of
input variables and the y; € {-1,+1},i=1,2,...,n corresponds
to output of binary-classification. For the hyper-plane of
w-x+b =0, the classification margin of this hyper-plane and
sample points ( x ; , ¥; ) can be calculated by Eq. (1). The minimum
of classification margin is represented by Eq. (2).

w b
yi=yi Dk 1
hi=y <\|wu HWH> M

¥

Fig. 2. The schematic diagram of SVM model.

V= i:l}?zlﬂn Vi (2)

The maximum separating hyper-plane solution of SVM model
can be expressed as the following constrained optimization
problem:

iwpe 3)

Yi(@-x)+b>1 (4)

where || w || is the norm of the normal of the hyper-plane, b is
regarded to be a constant value. The Lagrangian forma is used to
define the cost function as:

N
L= w?/2=> k(i@ x)+b)—1) (5)

i=1

where /; is the Lagrange multiplier. The radial basis function is
selected in this study as Eq. (6), where ¢ represents the gamma term
of the kernel function:

K(xi,3;) = exp(—3] % — x; [2), 6 >0 (6)
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2.3. Normalized spatial distance index

According to the similar characteristics of conditioning factors
and the aggregation feature of landslides in actual practice (Liu
et al., 2019), the spatial correlation between landslide points and
slope unit points has been taken into account by Euclidean dis-
tance (Gojcic et al.,, 2021). The landslide and slope unit points are
determined by the centroids of landslide and slope unit polygons.
For each landslide point, based on the Euclidean distance within
the distance of Dt, the NSDI is used to quantitatively represent
the effect of each landslide on its surrounding slope units, which
can be calculated using the Eq. (7):

MaX(dLi,sl.) — d[_i.’s].

NSDI;; = Max(dy,s,) — Min(dy,s;)

(i=1,2,..mj=12,..

1)

)

where the L; represents the number of landslides, the S; represents
the number of slope units, the dy,5; represents the Euclidean dis-
tance between landslide of L; and slope unit of S;, the Max(dLi,sj),
Min(d,,s;) respectively represents the maximum and minimum
value of dys,.

2.4. A conceptual example of landslide susceptibility updating

To visualize the process of landslide susceptibility updating in
Fig. 1, a conceptual example has been shown in Fig. 3. There are
a total of 16 slope units (Sy, S, .. ., S16) and the landslide suscepti-
bility levels of those slope units have been predicted using
machine learning models, which can be used as the prior landslide
susceptibility information (Fig. 3a). Then suppose two fresh land-
slides (L;, Ly) have respectively occurred in slope units of S; and
S15 (Fig. 3b), and suppose the landslide susceptibility indexes of
S, and S5 have increased to 1. For the landslide of L; (or L), the
Euclidean distances between L, (or L) and their surrounding slope
units (d;g) are calculated (Fig. 3c). Next, the NSDI value, repre-
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sented by g%, can be calculated using Eq. (7) (Fig. 3d). For each
slope unit, the total effect induced by its surrounding landslides
can be obtained by adding the NSDI values of the surrounding
landslides (Fig. 3e), For the Sy, the total effect induced by its sur-
rounding landslides can be obtained by ¢°'° = -1 + g'251°_ Lastly,
the landslide susceptibility level for each slope unit can be updated
by integrating the spatial effect of fresh landslides on surrounding
slope units and the landslide susceptibility variation of slope units
where fresh landslides occurred (Fig. 3f). For example, the land-
slide susceptibility levels of S,, S, Se, S10 and S;; have been updated
from high, low, high, moderate and high levels to very high, high,
very high, very high and very high levels.

2.5. Model evaluation

The confusion matrix-based statistical indices, the ROC curve
and the FR accuracy are widely utilized to evaluate and compare
the prediction performance of different LSP models (Ng et al.,
2021; Wang et al,, 2021). In the confusion matrix, true positive
(TP) is the positive sample that is predicted as positive, false posi-
tive (FP) is the negative sample that is predicted as positive, true
negative (TN) is the negative sample that is predicted as negative,
false negative (FN) is the positive sample that is predicted as neg-
ative. The precision is defined as the ratio TP to (TP + FP), and the
recall is defined as the ratio TP to (TP + FN). The accuracy, and F;-
score can be calculated by Egs. (8) and (9). The ROC curve is drawn
by setting false positive rate (1-specificity) and true positive rate
(sensitivity) as the horizontal as well as vertical axes based on
the confusion matrix. The FR accuracy is calculated through divid-
ing the sum FR value of very high and high landslide susceptibility
levels by the sum FR value of all landslide susceptibility levels.
More details about the ROC curve and the FR accuracy can be found
in the literature of Huang et al. (2022).

TP +TN

Accuracy = g5 mp N T N (8)

Low Moderate High Very High
D T R 1nside Susceptibility Level

Fig. 3. A conceptual example of landslide susceptibility updating.
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2 x Precision x Recall
Precision + Recall

Fy — score =

)

3. Case study
3.1. Introduction of Chongyi County

Chongyi County, shown in Fig. 4a, is selected as a suitable study
case. The site lies between the latitudes 25°24'N-25°55'N and lon-
gitudes 113°55'E-114°38’E. It covers an area of approximately
2,206.27 km?. In this study area, the elevation ranges from 142
to 1998 m. The climate belongs to a sub-tropical monsoon climate,
and the annual average rainfall is up to 1615 mm. The initial land-
slide inventory of 235 landslides has been constructed based on
remote sensing interpretation and field survey results in 2005.
Since then, a total of 16 landslides have been collected from
2006 to 2019. Because the occurrence time of some landslides is
unknown and the number of landslides (2006-2019) is small, the
landslide inventory is classified into pre-landslide inventory
(1970-2005) and fresh-landslide inventory (2006-2019) to respec-
tively predict and update landslide susceptibility.

The distribution of pre-landslide (red points) and fresh-
landslide (green points) inventories are shown in Fig. 4b. These
landslides can be regarded as shallow landslides with the charac-
teristic of small scale and group occurrence. The landslide area
ranges from 4.2 x 10 to 9.2 x 10* m? with the average value of
2.5 x 10* m2. The thicknesses of landslides vary between 2.8 and
8.0 m. Furthermore, the main triggering factors of landslides occur-

0 500 1,000

113°50'0"E
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rence are seasonal heavy rainfall and human activities. Especially
with the construction of roads in the mountains, lots of landslides
have occurred on the sides of road slopes under the heavy rainfall
conditions. For example, two typical landslides are shown in Fig. 4-
c-d. This is because that the stress condition and stability of the
slope have been changed by the slope cutting, and the overburden
soils of the slope are prone to occur landslides in a small area with
heavy rainfall, resulting in traffic disruption and a threat to vehi-
cles and pedestrians.

3.2. Selection and FR analysis of conditioning factors

Landslides are usually induced by the combined effects of topo-
graphic, geological, hydrological, human activity and land cover
conditioning factors. Those conditioning factors are used to
develop LSP models as the basic input variables when using the
statistical method. Some literature has listed and suggested a ser-
ies of conditioning factors for LSP (Huabin et al., 2016; Reichenbach
et al,, 2018; Yong et al., 2022). However, not all conditioning fac-
tors can contribute to LSP and have positive influences. Moreover,
the same conditioning factor affects LSP differently depending on
the locale and landslide type. According to the suggested condi-
tioning factors in the literature, the correlation analysis method
has been used to select suitable conditioning factors. Some condi-
tioning factors that have a strong correlation (correlation coeffi-
cient larger than 0.30) will be removed. Consequently, 12
conditioning factors, including elevation, slope, aspect, profile cur-
vature, plan curvature, relief amplitude, lithology, topographic
wetness index, normalized difference built-up index (NDBI), nor-

1400 114°100°E 114°200"E 1149300"E

25°40'0"N 25°50'0"N
h 1

25°30'0"N
)

|(®)

N

25°50'0"N

25°4010"N

Legend
@Pre-landslide inventory
@ Fresh-landslide inventory|
[ IStudy area A

25°300°N

"0 2 4

= 113°500"E

T T T
114°100"E 114°20'0"E 114°30'0"E

T
114°0'0"E

Fig. 4. The location and historical landslide inventory map of Chongyi County.
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malized difference vegetation index (NDVI), river density and road
density, are extracted using ArcGIS 10.2 software.

In this study, the slope unit is used as the basic mapping unit,
which can be automatically extracted by the multi-scale segmen-
tation method proposed by Huang et al. (2021a). There are a total
of 53,055 slope units in this study area. Based on the pixel-based
conditioning factor maps with a resolution of 8.9 m, the slope
unit-based conditioning factors can be extracted using the zoning
statistical function in the ArcGIS 10.2 software. The slope unit-
based conditioning factor maps are shown in Fig. 5. Afterwards,
to reduce the effect of different dimensions or scales of condition-
ing factors on LSP, the FR method has been used to unify and con-
struct the relationship between landslides and conditioning factors
(Chang et al., 2020). In this method, it is important to determine
the attribution numbers of each conditioning factor in landslide
susceptibility modeling. There is no uniform standard for dividing
the attribution numbers of conditioning factors. Huang et al.
(2021b) have explored the influences of different attribution num-
bers of conditioning factors on the uncertainties of LSP. Hence,
based on the studies of Huang et al. (2021b), the attribution num-
bers of continuous slope unit-based conditioning factors are deter-
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mined to be 8 using the natural break point method in ArcGIS
software. For the discrete slope unit-based conditioning factors,
the attribution numbers are determined according to the number
of types contained in the conditioning factor. For example, the
lithology is divided by strata configuration and the aspect is
divided into 9 classes. The FR results of conditioning factors are
summarized in Table 1. For each class of conditioning factors, the
larger the FR value is, the greater the contribution to landslide is.
For example, the FR values of 142 m-311 m, 311 m-421 m are lar-
ger than 1, representing that the area between 142 m and 421 m is
prone to occur landslides.

3.3. Preparation of the sample datasets and development of models

It is indispensable to prepare a dataset including conditioning
factors and labeled data for machine learning model development.
Then the dataset is divided into training and testing dataset with a
predetermined ratio. The training dataset is generally applied for
building LSP models, and the testing dataset is used to validate
the prediction performance of LSP models (Hong et al., 2019; Sun
et al., 2022). The labeled data consists of landslide data with a

Elevation
1998 m

: Aspect

360
]

- Plan Curvature

80.6
]

moL—r—1km -24
024 8 12

. Profile Curvature

273
||

v

Lithology
s T
[s2 T2
s+ Y2

km-ss [ Iwater
12

Road Density

.6.90

Fig. 5. Slope unit-based conditioning factors in Chongyi County.
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Table 1

Geoscience Frontiers 14 (2023) 101619

The data source, classification and FR values of conditioning factors.

Conditioning Source Spatial Classification standard and FR values
factors resolution
DEM (m) ASTER 8.9m [142, 311, 2.409]; (311, 421, 1.078]; (421, 536, 0.797]; (536, 669, 0.646]; (669, 823, 0.527]; (823, 996, 0.36]; (996,
satellite 1234, 0.162]; (1234, 1998, 0]
Slope (°) DEM 8.9 m [0,6.38, 1.674]; (6.38,10.5, 1.794]; (10.5, 13.88, 0.999]; (13.88, 17.09, 0.916]; (17.09, 20.4, 0.775]; (20.4,24.19,0.717];
(24.19, 29.07, 0.2]; (29.07, 47.88, 0.099]
Aspect (°) DEM 89 m [0, 22.5, 0.437]; (22.5, 67.5, 0.906]; (67.5, 112.5, 1.155]; (112.5,157.5, 0.829]; (157.5, 202.5, 0.917]; (202.5, 247.5,
1.301]; (247.5, 292.5, 1.171]; (292.5, 337.5, 0.973]; (337.5, 360, 0.437]
Profile DEM 8.9m [0, 3.37, 1.27]; (3.37, 5.07, 1.395]; (5.07, 6.41, 1.201]; (6.41, 7.72, 1.154]; (7.72, 9.19, 0.804]; (9.19, 11.06, 0.763];
curvature (11.06, 13.85, 0.432]; (13.85, 27.31, 0.257]
Plan DEM 89 m [2.44, 14.91, 0.775]; (14.91, 20.43, 0.899]; (20.43, 25.41, 1.221]; (25.41, 30.4, 1.064]; (30.4, 35.79, 1.123]; (35.79,
curvature 42.1, 1.033]; (42.1, 50.66, 0.895]; (50.66, 80.59, 0.578]
Relief DEM 8.9m [1.21,13.21, 1.676]; (31.21, 51.22, 2.07]; (51.22, 67.47, 1.101]; (67.47, 83.72, 0.845]; (83.72, 99.9, 0.712]; (99.9,
amplitude 119.9, 0.589]; (119.9, 142.4, 0.368]; (142.4, 320.0, 0.06]
Lithology National map  1:100,000 [hard clumpy intrusion rock (Y2), 0.493]; [limestone and dolomite rock (T1), 0.985]; [slate and phyllite (B1), 0.707];
[schist (T2), 0.607]; [sandstone, glutenite and mudstone (S2), 1.142]; [coal sandstone, shale and mudstone (S4),
1.083]; [sandstone and shale (S5), 1.274]; [water, 0]
TWI DEM 89 m [3.21, 4.80, 0.336]; (4.80, 5.29, 0.527]; (5.29, 5.78, 1.027]; (5.78, 6.26, 1.171]; (6.26, 7.00, 1.549]; (7.00, 7.85, 1.481];
(7.85, 8.83, 2.213]; (8.83, 34.38, 1.362]
NDBI Landsat TM 8  1:25,000 [0.1, 0.28, 0.203]; (0.28, 0.35, 0.413]; (0.35, 0.40, 0.614]; (0.40, 0.46, 0.894]; (0.46, 0.52, 1.429]; (0.52, 0.61, 1.975];
images (0.61, 0.75, 2.306]; (0.75, 1, 1.875]
NDVI Landsat TM 8  1:25,000 [0,0.14,0.512]; (0.14, 0.23, 1.337]; (0.23, 0.28, 1.911]; (0.28, 0.31, 1.554]; (0.31, 0.33, 1.104]; (0.33, 0.36, 0.82]; (0.36,
images 0.39, 0.519]; (0.39, 0.48, 0.142]
River density DEM 89 m [0, 0.43, 0.157]; (0.43, 0.63, 0.346]; (0.63, 0.80, 0.76]; (0.80, 0.96, 1.183]; (0.96, 1.11, 1.041]; (1.11, 1.28, 1.22]; (1.28,
(km/km?) 1.47,1.561]; (1.47, 1.95, 1.687]
Road density Google Earth 1:25,000 [0,1.37,0.432]; (1.37,1.83, 1.36]; (1.83, 2.29, 1.941]; (2.29, 2.78, 2.646]; (2.78, 3.32, 3.158]; (3.32, 3.94, 3.026]; (3.94,
(km/km?) 475, 3.1]; (4.75, 6.89, 2.176]

Note: In [a, b, c], a and b represent the lower and upper limit value for each conditioning factor class; c represents the FR value.

labeled value of 1 and non-landslide data with a labeled value of 0.
The balance of landslide (positive) and non-landslide (negative)
samples plays a crucial role in the process of LSP using machine
learning models, which is still an important issue to be deeply
studied. Some research has been carried out on this issue and some
satisfactory results have been revealed (Hong et al, 2019;
Pourghasemi et al., 2020; Yang et al., 2022). However, owing to
the differences in the study area, machine learning models, map-
ping unit selection, landslide features and other factors, the conclu-
sions of previous studies are different and it is difficult to obtain
the optimal ratio. Hence, the ratio between landslide and non-
landslide samples is set at 1:1 in this study, which is the most
widely used ratio (Huang et al., 2021b).

In this study, 244 landslide slope units are totally included
where landslides had occurred, which are labeled 1. The same
number of non-landslide slope units, which are randomly sampled
from the landslide-free area, are labeled 0. The landslide and non-
landslide slope units are combinate as training samples, and then
the slope unit-based conditioning factors FR values in Table 1 of
training samples have been extracted as the input data to develop
SVM models. Afterwards, training samples are randomly spilt into
a training dataset and a testing dataset with a ratio of 70%/30% to
develop the SVM model and to validate the predicting perfor-
mance. For the slope unit-based SVM model, the radial basis func-
tion is selected as the kernel function, the optimum values of C and
Gamma are assigned to be 5 and 1 based on the ten-fold cross-
testing method. Hence, the landslide susceptibility indexes of all
slope units in the study area can be predicted by the SVM model.
Then, the Euclidean distance between landslide points and slope
unit points and NSDI values can be calculated to develop the
SVM-NSDI model. Finally, the SVM-updating model can be devel-
oped to update the LSP values by adding the LSP variation and
the LSP values of SVM-NSDI model.

4. Results
4.1. Determination of distance threshold

To determine the optimal distance threshold between land-
slides and slope units with very high landslide susceptibility level,
several different distance threshold values of 1000, 1500, 2000,
2100, 2500, 3000, 4000, 5000, 6000, 7000, 8000 and 9000 m are
used to calculate the Euclidean distance between the central points
of landslides and slope units. If the distance threshold is too short,
more slope units with very high level won’t be selected. On the
contrary, if the distance threshold is too long, more slope units
with very high level will be excessively considered. Hence, the
optimal distance threshold is determined by analyzing the num-
bers of slope units with very high levels and landslides for each dis-
tance threshold. It can be seen from Fig. 6 that the quantity of slope
units with very high levels and the quantity of landslides within
each distance threshold tend to increase and then stabilize along
with the increase in distance threshold value. When the distance
threshold value is equal to 3000, all landslides in this study and
93.5% of slope units with very high level are included for analysis.
Therefore, 3000 m is determined as the final optimal distance
threshold.

4.2. Landslide susceptibility mappings of SVM, SVM-NSDI and SVM-
Updating models

Based on the SVM, SVM-NSDI and SVM-Updating models, the
LSP result for each model can be predicted and divided into five
levels (very high, high, moderate, low and very low) using the nat-
ural break point method in ArcGIS 10.2 software. The landslide sus-
ceptibility mappings are shown in Fig. 7. The very high, high,
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Fig. 6. The number of slope units with very high levels and landslides for different distance threshold.
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Fig. 7. Landslide susceptibility mappings of SVM, SVM-NSDI and SVM-Updating models (the white and blue points represent the old landslides and fresh landslides).

moderate, low and very low level account for 12.1%, 14.6%, 18.2%,
28.0% and 27.2% (Fig. 7a) for SVM model, 6.8%, 13.9%, 18.9%,
30.0% and 30.3% (Fig. 7b) for SVM-NSDI model, and 9.4%, 14.8%,
19.2%, 29.1% and 27.5% for SVM-Updating model (Fig. 7c). To
clearly indicate and compare the differences of above landslide
susceptibility mappings, a certain same zone (blue rectangle zone)
has been enlarged and shown in Fig. 7d-f. Comparing the

landslide susceptibility mappings of SVM and SVM-NSDI models,
it can be found that the percentage of very high and high levels sig-
nificantly decreases and the spatial distribution extracts a certain
band. For the landslide susceptibility mapping of the SVM-
Updating model, the spatial distribution of very high and high
levels shows the feature of block-shaped around the fresh
landslides.
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4.3. Landslide susceptibility index distribution of SVM, SVM-NSDI and
SVM-Updating models

The differences between different LSP models can be repre-
sented and compared by analyzing the landslide susceptibility
index distribution. The mean and standard deviation values of
landslide susceptibility indexes are two important indicators to
reflect the mean level and dispersion degree of the landslide sus-
ceptibility index distribution. It is known that the lower the mean
value is, the more landslide susceptibility indexes are primarily
concentrated in the low and very low landslide susceptibility
levels. The larger the standard deviation value is, the higher the
dispersion is. The landslide susceptibility index distribution of
SVM, SVM-NSDI and SVM-Updating models is shown in Fig. 8.
The distribution patterns of landslide susceptibility indexes for
SVM, SVM-NSDI and SVM-Updating models conform to a logarith-
mic normal distribution (red line). The mean values of landslide
susceptibility indexes for SVM, SVM-NSDI and SVM-Updating
models are 0.399, 0.436 and 0.461, respectively, with an increasing
tendency. Similarly, the standard deviations of landslide suscepti-
bility indexes exhibit the same tendency. It can be concluded that
when the spatial correlation between landslides and slope units
are considered and the landslide susceptibility indexes of slope
units are updated by fresh landslides, the landslide susceptibility
indexes of all slope units exhibit an increasing tendency.

4.4. Accuracy assessment and validation

4.4.1. Confusion-matrix-based statistical indices

In this study, based on the confusion matrix of LSP models, the
accuracy, precision, recall and F;-score are calculated and shown in
Table 2. It is revealed that the accuracy values of SVM, SVM-NSDI
and SVM-Updating models are 0.793, 0.817 and 0.819, respec-
tively. F;-score values of SVM, SVM-NSDI and SVM-Updating mod-
els are 0.776, 0.816 and 0.831, respectively, indicating that the
SVM-NSDI model that considering the spatial correlation between
landslides and slope units has a better prediction performance
than that of the SVM model. The LSP results of SVM-Updating
model based on the fresh landslides information also have greater
prediction performance than that of the SVM and SVM-NSDI
models.

4.4.2. ROC curve

The ROC curve is the most effective and widely used method to
evaluate the prediction performance of LSP models. The AUC value
(under the area of ROC curve) can be used to quantitatively com-
pare the prediction performance of the different LSP models. The
ROC curves of LSP models in this study are shown in Fig. 9. The
AUC values of SVM, SVM-NSDI and SVM-Updating models are
0.869, 0.903 and 0.914, respectively. It can be concluded that the
prediction performances of the SVM-NSDI and SVM-Updating
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models are better than that of the SVM model, indicating that
the LSP results are more scientific when the spatial correlation
between landslides and slope units are taken into account. Further-
more, the LSP results can be updated based on the fresh landslide
information.

4.4.3. FR accuracy

In this study, the FR accuracies of the SVM, SVM-NSDI and SVM-
Updating models are shown in Table 3. The FR accuracies of the
SVM, SVM-NSDI and SVM-Updating models are 0.795, 0.853 and
0.873, respectively, indicating that the prediction performance of
SVM-NSDI model has a significant improvement than SVM model.
Compared to the results of SVM-NSDI model, more landslides are
located into very high, high levels and the LSP results can be
updated with a satisfactory prediction performance.

5. Discussion
5.1. Variation of landslide susceptibility level in study area A

To illustrate the practicability and effectiveness, the study area
Ain Fig. 4 is taken as an example. In this study area, there are 3324
slope units, 19 pre-landslides and 6 fresh-landslides (Fig. 10). The
landslide susceptibility results of SVM, SVM-NSDI and SVM-
Updating models in area A are shown in Fig. 11. Based on the LSP
results of the SVM model, there are a total of 504 slope units with
very high level and 538 slope units with high level. It can be found
that those slope units are mainly distributed along the highway
and construction area. When considering the spatial correlation
between landslides and slope units, the number of slope units with
very high and high levels is 277 and 527, respectively. Moreover,
the LSP results are updated based on six fresh-landslides. There
are 517 slope units with very high level and 659 slope units with
high level. It is revealed that more information and effects on adja-
cent slope units of those fresh landslides can be integrated into LSP
results when the LSP results are updated.

5.2. The comparison of LSP performance for SVM, SVM-NSDI and SVM-
Updating models

In this study, the prediction performances of SVM, SVM-NSDI
and SVM-Updating models are evaluated using confusion matrix-
based statistical indices, ROC curve and FR accuracy method. The
SVM-NSDI model has better prediction performance compared
with that of the SVM model, indicating that the spatial correlation
between landslides and mapping units needs to be taken into
account during the LSP process. This is because the same types of
landslides are prone to occur under the same inducing condition-
ing factors. In particular, for the rainfall-trigging shallow landslide,
the spatial distribution of this type landslide demonstrates the fea-
ture of spatial aggregation at a certain scale, which is similar to
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Fig. 8. Landslide susceptibility index distribution features of SVM, SVM-NSDI and SVM-Updating models (STD: standard deviation).
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Table 2
The accuracy, precision, recall and F;-score indicators for different LSP models.
Model TP FP FN TN Accuracy Precision Recall Fi-score
SVM 173 32 68 209 0.793 0.844 0.718 0.776
SVM-NDSI 195 42 46 199 0.817 0.823 0.809 0.816
SVM-Updating 226 50 42 191 0.819 0.819 0.843 0.831
1.0 _— LSP process on the spatial and temporal scales. One of the limita-
ﬂ,_/—f tions is that the spatial correlation between landslides and map-
0.9 ~ /f//j;/f_' ] ping units has not been explicitly considered. This means that
the adjacent and distant mapping units around landslides are
L& ,///_/ equally taken into account by the LSP models, which may cause
074 F”/ a large bias for the predictive performance (Goetz et al., 2015;
/ Lombardo et al., 2018). The other limitation is that the LSP results
> 0.6 in an area are stationary in time. This is not valid because the con-
s ’/ ditioning factors inducing landslides (such as rainfall and land
g 0.5 cover) may change over a period of time. In addition, the landslide
g inventory also needs to be updated along with the occurrence of
©2 044 fresh landslides. Focusing on above limitations in this study, land-
03 slide susceptibility has been predicted and updated considering
 SVM (AUC=0.869) the spatial and tempgral effects of lanc_lslide. The spatial correla-
0.2 SVM_correlation (AUC=0.903) tions betweep lgndslldes a.nd slope units htave been reprgsented
_ SVM_up dating (AUC=0.914) by the NSDI indicator, which can quantitatively characterize the
0.1 - = effect of landslides on their surrounding slope units, along with
higher predicted performance for LSP models. Furthermore, the
0.0 T SVM-Updating model has been developed to update the LSP results
00 01 02 03 04 05 06 07 08 09 1.0

1-Specificity

Fig. 9. ROC curves of SVM, SVM-NSDI and SVM-Updating models.

that related to natural clustering (Li et al., 2011; Wang et al., 2013;
Liu et al., 2019). On the other hand, the prediction performance
results reveal that the SVM-Updating model has better perfor-
mance than that of the SVM and SVM-NSDI models. Due to the
abundant engineering construction and extreme climate condi-
tions recently, the landform is undergoing drastic changes, result-
ing in some differences in conditioning factors between pre- and
fresh-landslides (Lin and Wang, 2018; Rosi et al., 2018). In the
SVM-Updating model, more information about fresh landslides
can be incorporated into LSP model to improve the accuracy of
LSP results.

5.3. Evaluation of the proposed method

In the precious literature of landslide susceptibility (Lombardo
et al,, 2020; Liu et al., 2023), there are two main limitations in

using fresh landslides. It is revealed that the LSP updating results
have higher accuracy and the spatial and temporal effects of land-
slide have been successfully implemented in LSP.

Moreover, compared with the previous landslide susceptibility
updating methods (Guzzetti et al., 2012; Samia et al., 2018;
Depina et al., 2020), the main advantage of this study is that the
spatial and temporal effects of landslide can be taken into account
simultaneously in LSP at the regional scale. Especially for the study
area that without complete high-resolution multi-temporal land-
slide inventory, the effect of fresh landslides on surrounding slope
units within a certain distance can be fully represented to update
landslide susceptibility. In addition, the method of this study has
stronger applicability at a larger scale and doesn’t need to collect
detailed geotechnical and hydrological data compared with
physically-based models. However, there are still some drawbacks
that need to be improved. For example, the differences between
the slope unit that are affected by landslide and adjacent slope
units (such as aspect) have not been considered. The application
of this method at different scales needs to be further studied.
Moreover, the landslide inventory is just divided into pre- and

Table 3
FR accuracy of different LSP models.
Model LSL Threshold value Proportion of slope unit Proportion of landslide FR Accuracy
SVM model Very High (0.71, 1] 0.121 0.466 3.851 0.795
High (0.53, 0.71] 0.146 0.231 1.590
Moderate (0.37, 0.53] 0.182 0.168 0.924
Low (0.23, 0.37] 0.280 0.101 0.360
Very Low [0.0, 0.23] 0.272 0.034 0.124
SVM-NDSI Very High (0.89, 1] 0.068 0.392 5.737 0.853
High (0.65, 0.89] 0.139 0.295 2.113
Moderate (0.44, 0.65] 0.189 0.160 0.849
Low (0.26, 0.44] 0.300 0.123 0.410
Very Low [0.0, 0.26] 0.303 0.030 0.099
SVM-Updating Very High (0.89, 1] 0.094 0.520 5.532 0.873
High (0.65, 0.89] 0.148 0.243 1.642
Moderate (0.44, 0.65] 0.192 0.124 0.646
Low (0.26, 0.44] 0.291 0.087 0.299
Very Low [0.0, 0.26] 0.275 0.026 0.095
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fresh-landslide inventories due to the limited landslide data in this
study.

6. Conclusion

In this study, the spatial correlation between slope units and
landslides has been quantitatively represented, and landslide sus-
ceptibility has been updated by integrating the fresh landslide
information with LSP results. Based on the LSP results of the SVM
model, the SVM-NSDI and SVM-Updating models are constructed.
Some novel and significant conclusions can be drawn:

(1) NSDI is an effective indicator to quantify the spatial correla-
tion between landslides and slope units. The optimal dis-
tance threshold between landslides and slope units with
very high level is determined as 3000 m in this study.

(2) The results of matrix confusion-based statistical indices,
AUC and FR accuracy for SVM, SVM-NSDI and SVM-
Updating models indicate that the prediction performance
of the SVM-NSDI model is better than that of the SVM model.
In addition, the prediction performance of the SVM-
Updating model is better than that of the SVM and SVM-
NSDI models. It can be concluded that the landslide suscep-

+ L ——km @ Very high point of SVM model tibility can be updated based on the spatial and temporal

*e P % D Slopeunit W Very high class effect of landslides.

Fig. 10. The distribution of slope units with very high levels and landslides in study
area A.

model

|:| High
B very High

Fig. 11. Landslide susceptibility level in area A of SVM, SVM-NSDI and SVM-Updating models.

'(c) SVM-Updating
model
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(3) It is revealed that the landslide susceptibility is a time-
variant variable rather than a stationary variable, which
can be updated based on the multi-temporal landslide
inventory.
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