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Abstract 

The purpose of this work is to carry out seismically induced landslide probabilistic hazard mapping for future seismic 
scenarios of Aba Prefecture and Chengdu Plain region, Sichuan Province, China. Nine earthquake events that occurred 
in the regions and neighboring areas are selected, which include a total of 251,260 landslide records. This work 
used 12 influencing factors including elevation, slope, aspect, relief, topographic wetness index (TWI), topographic 
position index (TPI), peak ground motion, distance to active faults, vegetation coverage, distance to roads, lithol-
ogy, and annual rainfall to establish the LR model. Based on the probabilistic seismic hazard analysis (PSHA) method, 
the distribution of predicted seismic motion under four earthquake scenarios is calculated including frequent, 
occasional, rare, and very rare earthquake occurrence. Using the PGA distribution of the four scenarios as input peak 
ground motion parameters, we calculated the occurrence probability of coseismic landslides in the entire Aba Prefec-
ture and Chengdu Plain region under the action of different ground motions. The result shows that the high-hazard 
areas are mainly concentrated in the Longmenshan fault zone, and the southern area of Kangding is also a potential 
high-hazard area for landsliding. Meanwhile, as the probability of exceedance decreases, the probability of corre-
sponding earthquake-induced landslides hazard probability and the area of high-hazard regions also significantly 
increase. Especially, the Pengguan complex rock mass in the southwest of the Longmenshan fault zone is the poten-
tial high-hazard area for coseismic landslides.

Highlights 

• Establishing a coseismic landslides evaluation model suitable for Aba Prefecture and Chengdu Plain region.
• Calculating the occurrence probability of coseismic landslides under different peak ground motions.

Keywords Earthquake-induced landslides, Aba Prefecture and Chengdu plain region, Landslide hazard assessment, 
Probabilistic seismic hazard analysis (PSHA), Logistic regression (LR) model
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Introduction
Earthquake-induced landslides are a common type of 
secondary earthquake hazard in mountainous areas, 
and the losses they cause often account for a consider-
able proportion of earthquake disasters (Huang and Fan 
2013; Keefer 1984). The 2008 Wenchuan earthquake trig-
gered massive landslides that directly caused the death 
of 20,000 to 30,000 people, accounting for roughly 30% 
of total earthquake fatalities, with the Wangjiayan land-
slide burying half of the old Beichuan County town and 
causing about 1600 deaths (Cui et  al. 2009; Yin et  al. 
2009). On May 31st, 1970, a snow avalanche caused 
by the Peru earthquake directly buried the city of Yun-
gay, causing approximately 23,000 deaths. As a result, 
earthquake-induced landslides have received widespread 
attention in recent decades, and related studies have pri-
marily focused on the construction of landslide invento-
ries (Shao et al. 2023a, b; Zhao et al. 2021), distribution 
pattern (Jibson and Tanyaş 2020; Papathanassiou et  al. 
2021), susceptibility and hazard assessment (Lombardo 
et  al. 2019; Robinson et  al. 2017; Shao et  al. 2021), and 
landscape evolution (Dai et al. 2021; Parker et al. 2011). 
Among them, earthquake-induced landslide hazard map-
ping plays an important role in emergency rescue and 
disaster recovery and reconstruction (Ma et  al. 2020; 
Massey et al. 2018; Shao et al. 2021).

Many methods have been used for landslide hazard 
assessment in affected areas of an individual earthquake 
event, mainly including expert knowledge (Fall et  al. 
2006), Newmark model (Jibson et  al. 2000), statistical 
analysis (Carrara et  al. 1995) and Deep learning(Yang 
et  al. 2022a, b; Yang et  al. 2022a, b). The expert knowl-
edge method established landslide assessment mod-
els based on limited information, and then rank and 
weight influencing factors based on professional knowl-
edge (Anbalagan 1992; Msilimba and Holmes 2005). It 
should be noted that expert knowledge methods are usu-
ally applied in situations where the landslide data of the 
study area are scarce, or quantitative methods are not 
applicable. Otherwise, such methods heavily rely on the 
subjective knowledge of experts and often present signifi-
cant subjectivity and error in the evaluation results (Van 
Westen et  al. 1999). The Newmark method estimates 
seismic landslide displacement by simulating a landslide 
as a sliding block on an inclined plane with a known criti-
cal or yield acceleration (Newmark 1965). The modeled 
displacement serves as an indicator for assessing the seis-
mic stability of the slope. However, utilizing the New-
mark model for prediction necessitates precise input of 
the physical characteristics of rocks and ground motion 
parameters. Obtaining these parameters is often chal-
lenging given the existing technical limitations (Liu et al. 
2017; Wang et  al. 2021). As a result, assessing landslide 

hazards solely using the Newmark model remains full of 
challenges and risks (Chen et al. 2014; Ma and Xu 2019).

The landslide hazard assessment based on the statisti-
cal analysis method assumes that within a certain area, 
the influencing factors of past landslides will also lead to 
future. By analyzing the relationship between landslide 
influencing factors and the distribution of landslides 
that have already occurred, the landslide hazard assess-
ment model can be established to conduct the potential 
landslide hazards assessment (Broeckx et  al. 2018; Kri-
tikos et al. 2015; Parker et al. 2017). Especially, with the 
development of GIS technology and machine learning, 
besides classical multivariate statistical methods includ-
ing discriminant analysis and weight of evidence, more 
widely popular machine learning such as logistic regres-
sion (LR) models, support vector machines (SVM), ran-
dom forests, and deep learning models have also been 
widely applied to landslide hazard assessment modeling 
(Kavzoglu et al. 2014; Merghadi et al. 2020; Sajadi et al. 
2022; Shao and Xu 2022). Among them, the LR model 
is one of the most widely used models by virtue of its 
simplicity, high efficiency, and high prediction accuracy 
(Reichenbach et al. 2018). This method can carry out dif-
ferent types of independent variables including continu-
ous variables and discrete variables, and the LR model 
can derive specific regression coefficients of independent 
variables. In recent years, few studies have focused on 
the establishment the earthquake-induced landslide haz-
ard model at the national or global scale (Nowicki Jessee 
et al. 2019; Rosser et al. 2018; Shao et al. 2021). For exam-
ple, Nowicki Jessee et al. (2019) established a new global 
model based on published 23 global coseismic landslide 
databases and LR modeling. This model can be applied 
to near real-time assessment of earthquake-induced 
landslides and medium to long-term hazard assessment 
in global regions. Wang et al. (2021) combined the Infor-
mation value method with Newmark model to obtain 
the Chinese seismic landslide hazard assessment results. 
Xu et  al. (2019) proposed a real probability prediction 
method for coseismic landslides by the Bayesian prob-
ability method and LR model and established a new gen-
eration of earthquake-triggered landslide hazard model 
in China based on nine earthquake cases. These studies 
have shown that the earthquake-induced landslide haz-
ard assessment models for large-area scale, combined 
with probabilistic seismic hazard analysis can be used for 
conducting medium to long-term hazard assessment of 
earthquake-induced landslide hazards. Meanwhile, it is 
also the preferred method for establishing the near-real-
time prediction model of earthquake-induced landslide 
hazards.

Aba Prefecture and Chengdu Plain region is located at 
the intersection of the eastern edge of the Qinghai-Tibet 
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Plateau and the South China Block. This area includes 
two geographical divisions: the west Sichuan Plateau 
mountainous area and the eastern Sichuan Basin. The 
Minjiang Fault and Huya Fault are distributed in a 
nearly north–south direction in the eastern bound-
ary of the study area, as well as the Longmenshan fault 
with a northeast direction developed in the middle part 
of the area, which is an important component of Chi-
na’s famous north–south seismic zone (Hu et al. 2017; 
Wang et  al. 2010). In recent years, several destructive 
earthquakes have occurred in Sichuan Province, such as 
the 2008 Ms8.0 Wenchuan earthquake (Xu et al. 2014), 
the 2013 Ms7.0 Lushan earthquake (Xu et al. 2015), the 
2017 Ms7.0 Jiuzhaigou earthquake (Fan et  al. 2018), 
2022 Maerkang earthquake(Chen et  al. 2023) and 
the 2022 Ms6.1 Lushan earthquake (Shao et  al. 2022). 
These earthquake events triggered a large number of 
coseismic landslides, and also produced a large number 
of unstable and weakened slopes, further increasing the 
occurrence possibility of landslide disaster (Fan et  al. 
2019). Especially after the 2008 Wenchuan earthquake, 
massive post-quake landslides frequently occurred in 
the area and have obvious disaster-chain effects. Mean-
while, the post-quake landslide density increased by 
1.55 times compared with the landslides before the 
earthquake. Influenced by frequent short-term heavy 
rainfall and human activities, the fragile geological 
environment has become more sensitive, and the scale 
and quantity of landsliding are much larger than before 
the earthquake. This phenomenon will last for a long 
time and cause serious harm to economic development 
and social stability (Fan et al. 2019; Xiong et al. 2021). 
Therefore, conducting a medium to long-term poten-
tial earthquake-induced landslide hazard assessment 
is crucial for emergency rescue and risk assessment of 
landslides in the Aba Prefecture and Chengdu Plain 
region.

Therefore, the purpose of this work is to carry out 
seismically induced landslide hazard mapping of Aba 
Prefecture and Chengdu Plain region. Based on nine 
earthquake-induced landslide databases around Aba Pre-
fecture and Chengdu Plain region, this work can establish 
coseismic landslides evaluation model suitable for the 
study area based on the LR model. Based on the proba-
bilistic seismic hazard analysis (PSHA), the distribu-
tion maps of predicted peak seismic motion under four 
earthquake occurrence scenarios are calculated. Using 
the distribution results of potential ground motion, the 
occurrence probability of earthquake-induced landslides 
in the study area under different ground motions is car-
ried out. This study can provide important data support 
for the distribution pattern and potential hazard zoning 
of earthquake-induced landslides in southwestern China.

Geological and tectonic setting of the study area
Aba Prefecture and Chengdu Plain region are located 
in the northwest of Sichuan Province, with a longitude 
of 100°0′–104°7′E and a latitude of 30°5′–34°9′N. It 
is approximately 414  km long from north to south and 
360  km wide from east to west, with a regional area of 
about 84,000  km2. Structurally, it is located on the south-
eastern edge of the Qinghai Tibet Plateau at the inter-
section of the eastern edge of the Qinghai Tibet Plateau 
and the South China block. Affected by the Longmen-
shan Fault, Minjiang Fault and Huya Fault, this area is 
one of the high-hazard areas for earthquakes with high 
frequency and intensity in Sichuan Province (Fig.  1). In 
recent years, a series of destructive earthquakes have 
occurred in the region, such as the 2008 Wenchuan 
earthquake, the 2013 Lushan earthquake, and the 2017 
Jiuzhaigou earthquake. The historical earthquakes data 
also show that most of the historical earthquakes in the 
entire Aba Prefecture and Chengdu Plain region are 
mainly distributed in the Longmenshan fault zone, Minji-
ang fault zone, and Huya fault zone, with 41 earthquakes 
with magnitudes between Ms6.0 and Ms7.0 and seven 
earthquakes with magnitude greater than Ms 7.0 (https:// 
news. ceic. ac. cn/).

The terrain of the study area is higher in the northwest 
(Aba Prefecture) and lower in the southeast (Chengdu 
Plain), with a minimum elevation of 100 m and a maxi-
mum elevation of 7845  m. The area in the northwest 
has a continental plateau climate, which is mostly com-
posed of high mountains and canyons with an average 
elevation of over 3500 m. The study area is cool in sum-
mer and cold in winter with an average annual tempera-
ture of only 0.8–4.3 °C and an average annual rainfall of 
650 mm ~ 730 mm. The eastern area of the Sichuan basin 
has a subtropical humid climate with relatively low ter-
rain, with most areas with elevations below 1000  m. 
The climate is mild and humid, with an average annual 
temperature of 8.3– 11.7  °C and an annual rainfall of 
800 mm—910 mm. In addition, the study area has abun-
dant water systems, with the Minjiang River and the 
largest tributary of the Dadu River crossing through the 
entire area. The area has abundant water resources and 
large natural waterfalls, which contain rich hydroelectric 
power resources (http:// www. abazh ou. gov. cn/ abazh ou/ 
c1043 50/l_ c. shtml).

Figure 2 illustrates the main strata exposed in the study 
area. The strata from the Cambrian (Є) to the Quaternary 
(Q) are distributed throughout the study area, of which 
the Jurassic (J) and Triassic (T) strata are the most widely 
distributed. Jurassic strata are mainly distributed in the 
southeast of the study area, and lithology mainly includes 
conglomerate, sandstone, siltstone and mudstone. The 
Triassic strata are mainly distributed in the northwest 

https://news.ceic.ac.cn/
https://news.ceic.ac.cn/
http://www.abazhou.gov.cn/abazhou/c104350/l_c.shtml
http://www.abazhou.gov.cn/abazhou/c104350/l_c.shtml
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of the study area, and the lithology is mainly composed 
of sandstone, slate, and limestone. Meanwhile, the Cre-
taceous (K), Silurian (S), and Quaternary (Q) strata in 
the study area are also distributed. The Cretaceous strata 
are mainly distributed in the areas of Mianyang, Deyang, 
and Ya’an, with sandstone and mudstone. The Silurian 
(S) strata are mainly distributed in the northern part of 
the study area, with the lithology mainly consisting of 
medium to light metamorphic gray and green phyllite. 
Quaternary (Q) stratum is mainly composed of deposits 
from Early Pleistocene to early Holocene, mostly clay or 
sandy soil layer covered with gravel layer, mainly distrib-
uted in the interior of the basin. In addition, the igneous 
rock stratum in the study area is also widely developed, 

mainly distributed in the Pengguan complex between 
Yingxiu Beichuan fault and Wenchuan Maoxian fault, 
and the lithology is mainly granite and granodiorite. 
Under the strong influence of tectonics, the joint fissures 
in the rock mass study area are developed.

Materials and methods
Seismically induced landslides modeling
Similar terrain conditions and environment can trigger 
similar geological disasters when an earthquake occurs. 
This phenomenon is mainly related to the mecha-
nism and influencing factors of earthquake geological 
disasters. The locations of previously triggered land-
slides provide crucial information about the geological 

Fig. 1 Map showing the spatial distribution of active faults, historical earthquakes, and topographic features of the Sichuan Province. Longmenshan 
fault zone includes Wenchuan–Maoxian fault (WMF), Beichuan–Yingxiu fault (BYF) and Jiangyou–Guanxian fault (JGF); XSHF Xianshuihe fault, HYF 
Huya fault, MJF Minjiang fault, XJHF Xiaojinhe fault, JSJF Jinshajiang fault. The active fault lines are from Deng (2007). GPS data are from Zhao et al. 
(2015)
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conditions in the area(Huang et al. 2022; Meunier et al. 
2007). This includes soil types, geological features, 
slope steepness, orientation, and other factors closely 
related to landslide occurrences. Studying the geologi-
cal conditions of triggered landslides can lead to a bet-
ter understanding of the mechanisms behind landslide 
occurrences (Shao et  al. 2023a, b). Therefore, when 
modeling, we try to select as many strong earthquake-
triggered landslide databases within or around the 
evaluation area as possible as training samples. In this 
study, nine earthquake events that occurred in the study 
area and neighboring areas were selected, including the 
Ms 8.0 Wenchuan earthquake on May 12, 2008 (Xu 
et al. 2014), the Ms 7.1 Yushu earthquake on April 13, 
2010 (Xu and Xu 2014), the Ms 7.0 Lushan earthquake 

on April 20, 2013 (Xu et al. 2015), the Ms 6.6 Minxian 
earthquake on July 21, 2013(Tian et  al. 2016), the Ms 
6.5 Ludian earthquake on August 3, 2014 (Wu et  al. 
2020), the Ms 7.0 Jiuzhaigou earthquake on August 8, 
2017(Tian et al. 2019), the Ms6.9 Milin earthquake on 
November 17, 2017(Huang et al. 2021a, b), the Ms 5.7 
Xingwen earthquake on December 16, 2018 (Huang 
and Xu 2020), and the Ms6.0 Changning earthquake on 
June 17, 2019 (Huang et al. 2021a, b). For all the avail-
able inventories, landslides have been mapped as poly-
gons from aerial photographs and satellite imagery, 
as well as conducting field surveys. Nine earthquakes 
include a total of 251260 landslides, with the Wen-
chuan earthquake triggering the most, with 197,481 
landslide records. More information on earthquake and 

Fig. 2 Map showing the spatial distribution of the stratigraphic ages for the study area which was obtained from 1:200,000 geological maps 
published by the China Geological Survey (http:// dcc. cgs. gov. cn/)

http://dcc.cgs.gov.cn/
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landslides data related to nine earthquake events can be 
found in Table 1.

According to the Bayesian probability theory, the occur-
rence probability of the coseismic landslides for a single 
earthquake event is the ratio of the total landslide area to 
the area of the entire study area, that is, the prior prob-
ability of the occurrence of the coseismic landslide of the 
earthquake event (Shao et  al. 2020, 2021). Based on the 
distribution characteristics of the nine quake events, the 
coseismic landslides of the nine events are distributed in 
areas with intensities of VI or above. Therefore, we ran-
domly generated sample points in the study area. Based on 
a previous study (Shao et al. 2020), the sampling intensity is 
200 grid cells/  km2. The points falling within the landslides 
area were sliding samples, and the rest were non-sliding 
samples. This ensured that the ratio of the sliding to the 
non-sliding was equivalent to the occurrence probability of 
the coseismic landslides in the study area.

Currently, the logistic regression (LR) model is the pre-
ferred method for evaluating earthquake-induced landslide 
hazards (Nowicki Jessee et al. 2019; Tanyas et al. 2019). This 
model can model different types of independent variables 
(including continuous and discrete variables) and does not 
require any assumptions about the distribution of the iden-
tifying variables. Based on the regression coefficients of the 
various influencing factors in the LR model, the predicted 
probability can be obtained by superimposing the layers of 
the various influencing factors. The LR model converts the 
dependent variable into a binary logical variable that either 
occurs (represented by 1) or does not occur (represented 
by 0). The relationship between the probability of landslide 
occurrence and the influencing factors can be expressed as:

(1)Z = β0 + β1χ1 + β2χ2 + β3χ3 . . . βiχi

(2)P = 1/
(

1+ e
−z
)

,

where P represents the probability of landslide occur-
rence, ranging from [0,1]. Z represents the sum of linear 
weight values after variable superposition; χi represents 
various influencing factors, βi is the logistic regression 
coefficient.

Influencing factors data
Earthquake-induced landslides are mainly affected by 
the combination of different influencing factors, such 
as seismic motion, topography, geology, hydrology, etc. 
(Ling et  al. 2020; Watkinson and Hall 2019; Zhao et  al. 
2022). In this study, 12 factors were selected, including 
elevation, slope, aspect, relief, topographic wetness index 
(TWI), topographic position index (TPI), peak ground 
motion, distance to active faults, vegetation coverage, 
distance to roads, lithology, and annual rainfall to estab-
lish the LR model (Figs. 2, 3). Elevation can influence the 
distribution of water flow, soil stability, and overall ter-
rain characteristics. Higher elevation areas might expe-
rience increased soil erosion due to runoff, potentially 
leading to landslides. Steeper slopes are more prone to 
gravitational forces and erosion, making them suscepti-
ble to landslides(Saleem et al. 2019). Slope angle directly 
affects the stability of the terrain. Different aspects 
can lead to variations in soil properties and vegetation 
growth, affecting landslide susceptibility (Cellek 2021). 
Higher relief areas may experience more significant water 
drainage, increasing the potential for landslides. TWI 
quantifies the tendency of an area to accumulate water. 
High TWI values indicate areas prone to water satura-
tion, which can reduce soil cohesion and increase land-
slide risk. TPI identifies whether a point is situated in a 
ridge, slope, or valley. It helps capture local topographic 
features that influence water accumulation and soil sta-
bility. Peak ground motion, caused by seismic activity or 
human activities, can trigger landslides (Pourghasemi 
et  al. 2018). High peak ground motion areas are more 

Table 1 List of the coseismic landslide inventories of nine earthquake events used in this study

No. Date Location Magnitude 
(Ms)

Focal 
depth 
(km)

Maximum 
intensity

Epicenter location Number of 
landslides

Total 
landslide 
area  (km2)

Affected 
area 
 (km2)

1 2008/05/12 Wenchuan earthquake 8.0 19 IX 31.002°N, 103.322°E 197,481 1159.9 75,481

2 2010/04/13 Yushu earthquake 7.1 17 IX 33.165°N, 96.548°E 2036 1.2 1455

3 2013/04/20 Lushan earthquake 7.0 14 VII 30.308°N, 102.888°E 22,528 18.9 4949.8

4 2013/07/21 Minxian earthquake 6.6 8 VII 34.512°N, 104.262°E 6479 1.8 830.2

5 2014/08/03 Ludian earthquake 6.5 12 VIII 27.189°N, 103.409°E 12,817 16.3 600

6 2017/08/08 Jiuzhaigou earthquake 7.0 9 VII 33.193°N, 103.855°E 4834 9.6 284.3

7 2017/11/17 Milin earthquake 6.9 10 VIII 29.75°N, 95.02°E 3130 4.35 2360

8 2018/12/16 Xingwen earthquake 7.9 12 VII 28.24°N, 104.95°E 288 0.49 600

9 2019/6/17 Changning earthquake 6.0 16 VIII 28.34°N, 104.90°E 496 1.2 300
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likely to experience slope instability during an earth-
quake. Proximity to active faults indicates tectonic 
activity, which can cause ground shaking and displace-
ment, leading to landslides. Vegetation stabilizes soil by 
reducing erosion, enhancing root cohesion, and absorb-
ing excess water. Sparse vegetation can weaken the soil’s 
stability and increase landslide susceptibility. Road con-
struction and human activities near roads can alter drain-
age patterns and soil stability. Areas close to roads might 
experience increased disturbance and erosion, elevating 
landslide risk (Shao and Xu 2022). Different rock types 
have varying strengths and weathering rates. Weaker 
lithologies are more susceptible to erosion and may lead 
to landslides. Rainfall, particularly heavy and prolonged 

rainfall, is a major trigger for landslides. Excessive water 
can saturate the soil, reducing friction and triggering 
slope failures(Vorpahl et al. 2012).

The ALOS DEM data with a resolution of 25  m were 
used to obtain the elevation information of the study area 
(https:// www. eorc. jaxa. jp/ ALOS/ en/ aw3d30/ index. htm). 
The DEM data were used to calculate the hillslope gra-
dient and slope aspect(Fig. 3a, g). We also calculated the 
topographic relief based on the elevation range within a 
1.0  km radius (Fig.  3b). TWI was calculated by GRASS 
GIS and elevation data, and drainages were derived using 
ArcGIS from the DEM (Fig.  3c). The vegetation cover-
age of the study area is set at 0–100%, and the vegeta-
tion coverage of the body of water is assigned a value of 

Fig. 3 Map showing the spatial distribution of relevant influencing factors for LR modeling: a slope angles; b topographic relief; c topographic 
wetness index (TWI); d distance to roads; e annual rainfall; f vegetation coverage; g slope aspect; h distances to active faults; i TPI (topographic 
position index)

https://www.eorc.jaxa.jp/ALOS/en/aw3d30/index.htm
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-1 (http:// www. iscgm. org/) (Tateishi et al. 2011) (Fig. 3f ). 
The active fault data adopt the national seismotectonic 
map (Xu et al. 2016). According to the interval of 1 km, 
the study is divided into 11 categories, namely, 0 ~ 1 km, 
1 ~ 2 km, 2 ~ 3 km, 3 ~ 4 km, 4 ~ 5 km, 5 ~ 6 km, 6 ~ 7 km, 
7 ~ 8 km, 8 ~ 9 km, 9 ~ 10 km and > 10 km from the active 
faults (Fig. 3h). Stratigraphic data are from the 1: 250,000 
geological map of China published by the China Geo-
logical Survey (http:// dcc. cgs. gov. cn/). According to 
the geological age, the stratigraphy of the study area is 
divided into 12 categories, from new to old, namely the 
Quaternary (Q), Tertiary (Te), Cretaceous (K), Jurassic 
(J), Triassic (Tr), Permian (P), Carboniferous (C), Devo-
nian (D), Silurian (S), Ordovician (O), Cambrian ( ∈), and 
Precambrian (Pre ∈). The annual average rainfall data are 
from the global rainfall data, with a resolution of about 
1 km(Fick and Hijmans 2017). The annual average rainfall 
map of the study area with a resolution of 25 m is pro-
duced by using the linear interpolation method to match 
the resolution of other influencing factors  (Fig. 3e). The 
peak ground motion acceleration (PGA) comes from 
PGA distribution map published by the United States 
Geological Survey (USGS) which is calculated by com-
bining actual station data and numerical simulation of 
each earthquake. Based on the information related to 
seismic motion distribution published by USGS, the PGA 
information of each earthquake event can be obtained. 

Probabilistic seismic hazard analysis
Cornell (1968) established the probabilistic of seismic haz-
ard and analysis (PSHA) based on the Poisson distribution 
model, and this method has become the most commonly 
used method for seismic hazard analysis worldwide (Ahulu 
et al. 2018; Sana 2019). Considering the characteristics of 
spatiotemporal heterogeneity of earthquakes within the 
Chinese Mainland, the probabilistic seismic hazard analysis 
method considering spatiotemporal heterogeneity of seis-
micity was proposed (Hu 2002). In recent years, some stud-
ies have proposed methods for the three-level division of 
potential source areas, clarifying the impact of block action 
boundaries on the determination of the range of potential 
source areas and the upper limit of earthquake magnitudes. 
This method used paleoseismic data, seismic data, fault 
activity rate, GPS data to determine the recurrence period 
and annual average occurrence rate of high-magnitude 
earthquakes, the Seismic Ground Motion Parameter Zon-
ing Map of China was prepared by the new near site seis-
mic attenuation relationship of large earthquakes and the 
seismic ground motion attenuation relationship of mod-
erately strong seismicity areas (Gao 2021). However, this 
method only considers the seismic hazard caused by fault 
segmentation or historical earthquake rupture segmenta-
tion and does not consider the occurrence rate of major 

cascading-rupture earthquakes that may exceed the histor-
ical maximum magnitude.

The 2008 Wenchuan earthquake belongs to the cascade 
rupture type earthquake, which is completely different 
from the prediction results based on historical earthquake 
rupture segmentation in existing earthquake risk predic-
tion models. For specific strike slip-fault parts, long-term 
earthquake risk assessment based on cascade rupture seg-
ments tends to be more reasonable (Wen 2001). Mean-
while, it is of great practical significance to consider the 
occurrence rate of catastrophic cascading fractures in the 
new seismic risk model (Cheng et  al. 2020). Active faults 
are the main locations where earthquakes occur in the 
entire seismic source area, and major earthquakes gener-
ally occur on major active faults. The length of the rupture 
increases with the magnitude of the earthquake. Cheng 
et al. (2020) used the Tapered Gutenberg–Richter relation-
ship (TGR) (Kagan 2002) instead of the truncated G-R rela-
tionship to control the maximum earthquake in the source 
zone in the Global Earthquake Model (GEM) OpenQuake 
tool (Silva et al. 2020, 2014). Based on the original values of 
a and b in the G-R relationship, the revised model added 
the unknown quantity of MC (corner magnitude) to con-
trol curve change to obtain the occurrence rate of major 
earthquakes by formulas (3) and (4)):

The unit of M is N.m, F(M) is the earthquake occurrence 
rate of seismic moment greater than, β = 2b/3, Mt is the 
seismic moment of the smallest earthquake in the integ-
rity catalog, and αt is the earthquake occurrence rate cor-
responding to the earthquake of seismic moment greater 
than or equal to Mt . Mc can be estimated by the conserva-
tion criterion of seismic moment:

Mc is the total seismic moment accumulation rate given 
by geodesy or geological survey. χ is the seismic release 
coupling factor of this accumulation rate, and Ŵ is the 
gamma distribution equation. MT0 can be estimated 
using strain rate models derived from geodetic data.

where A is the grid area, c is the coupling degree, z is the 
depth of the seismogenic layer in km, and (cz) is the aver-
age coupled depth of the seismogenic layer.

(3)

F(M) = αt

(

Mt

M

)β

exp

(

Mt −M

Mc

)

(Mt ≤ M ≤ ∞).

(4)Mc = [
χ ˙MT0(1− β)

αtM
β
t Ŵ(2− β)

]

1/(1−β)

.

(5)
.

MT0 = A(cz)

{ .

23; (2̇ < 0)

−
.

21;
(

2̇ ≥ 0
)

,

http://www.iscgm.org/
http://dcc.cgs.gov.cn/
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Cheng et al. (2020) established a seismic risk prediction 
model for the Sichuan Yunnan region considering major 
earthquakes exceeding the historical maximum magni-
tude, and use OpenQuake to calculate the PGA distri-
bution in the Sichuan Yunnan region. In this study, we 
combined the above model to calculate the PGA distri-
bution in the study area under different earthquake sce-
narios including frequent, occasional, rare, and very rare 
earthquake occurrence.

Results and analysis
In this study, we calculated the distribution of peak 
ground acceleration (PGA) under four earthquake sce-
narios, including frequent, occasional, rare, and very rare 

earthquake occurrence. These four earthquake scenarios 
correspond to the seismic motion distribution under dif-
ferent exceedance probabilities. Figure 4 shows the spatial 
distribution of PGA under different exceedance probabil-
ity conditions. Overall, the PGA in the eastern region is 
significantly lower than that in the western region, and 
as the probability of exceedance increases, the corre-
sponding PGA also gradually decreases. From the overall 
distribution of the predicted PGA results for four earth-
quake scenarios, it can be seen that active faults have a 
significant effect on the spatial distribution of PGA, and 
the high-value areas of PGA are roughly located near 
the active faults, such as the middle section of the Long-
menshan fault zone and the both sides of the Huya fault 

Fig. 4 Map showing the PGA distribution of the study area under four earthquake scenarios: a PGA distribution with a probability of exceeding 
63% in 50 years for frequent earthquake occurrence; b PGA distribution with a probability of exceeding 10% in 50 years for occasional earthquake 
occurrence; c PGA distribution with a probability of exceeding 2% in 50 years for rare earthquake occurrence; d PGA distribution with a probability 
of exceeding 0.5% in 50 years for very rare earthquake occurrence



Page 10 of 17Shao et al. Geoscience Letters           (2023) 10:55 

and the Minjiang fault zone. For extremely rare and rare 
earthquake scenarios, PGA is significantly controlled by 
active faults. Most areas with high PGA values (i.e., red 
areas) are mainly distributed within a 25  km range on 
both sides of the Longmenshan and Minjiang fault zones. 
The maximum PGA values calculated for extremely rare 
and rare earthquake scenarios reach 2.13  g and 1.37  g, 
respectively  (Fig.  4d, c). For the occasional earthquake 
scenario, we can see that the control of Longmenshan 
fault zone on ground motion is significantly reduced. 
The areas with high PGA values are located in the North-
west and Southwest areas of the Sichuan basin, and the 
area with the largest PGA value of 0.8  g appears in the 
west of Minjiang fault (Fig. 4b). For frequent earthquake 
scenarios, we can observe that the PGA values in most 
areas are generally below 0.05 g, while the areas with high 
PGA are generally located in the northwest region of the 
Longmenshan Fault zone, with a maximum PGA value of 
0.09  g of Kangding are also potential high-hazard areas 
(Fig. 4a). 

According to the regression coefficients, the rela-
tionship between each influencing factor and landslide 
occurrence can be analyzed. For continuous variables, a 
positive sign indicates that the explanatory variable has 
increased the probability of change, and a negative sign 
implies the opposite effect. The regression coefficient for 
elevation is -0.00034, indicating that earthquake-induced 
landslides often occur in areas with lower elevations. This 
may be because areas with lower elevations accumulate 
more loose deposits, which have a loose structure and are 
more prone to landslides under strong ground motion. 
The regression coefficient for slope angle is 0.026535, 
indicating a positive correlation between coseismic land-
slides and slope gradient. The higher the slope gradient, 
the higher the probability of landslide occurrence. The 
regression coefficient for topographic relief is 0.002227, 
indicating a positive correlation between the probability 
of earthquake-induced landslides and relief. Generally, 
the areas with higher topographic relief have steep terrain 
and are more prone to landsliding. In addition, there is a 
positive correlation between average rainfall and earth-
quake-induced landslides, with a regression coefficient 
of 0.001484. The regression coefficient for vegetation 
coverage is −  0.01132, indicating a negative correlation 
between vegetation coverage and earthquake-induced 
landslides. The greater the vegetation coverage, the less 
likely coseismic landslides are to occur. The regression 
coefficient for distance to roads is − 1.16977, indicating a 
negative correlation between distance to roads and earth-
quake-induced landslide occurrence. The farther away 
from roads, the less likely landslides are to occur.

For the categorical variable, the weight of each clas-
sification within the influencing factor is significantly 

different, which indicates that different classifications 
have distinct effects on the coseismic landslide. Figure 5 
is the regression coefficient of four categorical variables 
(slope aspect, fault distance, TPI, and strata of different 
ages) in different classification intervals. Figure 5a shows 
the regression coefficients corresponding to different 
aspects. Overall, the regression coefficients for the east 
aspect are larger than those for the west aspect, which 
may indicate that the east slope is more prone to land-
slides. Among them, the regression coefficients for the 
northeast and East slopes are the highest, with values of 
0.18 and 0.16, respectively. Figure  5b shows the regres-
sion coefficients for distance to faults. The results show 
that the overall regression coefficient gradually decreases 
with the increase of distance to faults, indicating a sig-
nificant negative correlation between distance to fault 
and landslides. The further away from the fault, the less 
likely it is that landslides will occur. Figure 5c shows the 
regression coefficients corresponding to Topographic 
Position Index (TPI). The results show that the regres-
sion coefficients for gentle slopes are the lowest, while 
the regression coefficients for valleys and ridge areas are 
the highest, indicating a greater likelihood of earthquake-
induced landslides occurring in valleys and ridge areas. 
Figure  5d is the regression coefficient corresponding to 
strata of different ages. The statistical results show that 
the stratum with the largest regression coefficient is the 
magmatic rock stratum, which is mainly because the 
magmatic rock stratum in the study area is mainly dis-
tributed in the Pengguan complex rock mass between 
Yingxiu–Beichuan fault and Wenchuan–Maoxian fault. 
Due to the strong influence of tectonics, the joint fissures 
of the rock mass are very developed, resulting in a signifi-
cant reduction of the actual rock mass strength relative to 
the rock mass, Therefore, this area is more prone to land-
slides under the action of strong ground motion. 

Based on the trained LR model, we can calculate the 
occurrence probability of earthquake-induced landslides 
in the study area under four future earthquake scenarios, 
including frequent earthquake occurrence with a prob-
ability of exceeding 63% in 50  years, occasional earth-
quake occurrence with a probability of exceeding 10% in 
50 years, rare earthquake occurrence with a probability of 
exceeding 2% in 50 years and very rare earthquake occur-
rence with a probability of exceeding 0.5% in 50  years. 
Using the PGA distribution of the four scenarios as input 
data, we calculated the occurrence probability of seis-
mic landslides in the study area under the action of dif-
ferent peak ground motions. The results show that the 
high-hazard areas are mainly concentrated in the Long-
menshan fault zone, and the southern area of Kangding is 
also a potential high-hazard area for landsliding. Mean-
while, as the probability of exceedance decreases, the 
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probability of corresponding earthquake-induced land-
slides and the area of high-hazard regions also signifi-
cantly increase. For the frequent earthquake scenario, the 
predicted probability of landslide occurrence is mainly 
concentrated in the northern area of the Longmenshan 
fault zone, especially in the Pengguan complex rock mass 
near the epicenter of the 2008 Wenchuan earthquake, 
which is the landslide abundance area during the earth-
quake. In addition, the high mountainous and canyon 
areas in the south of Kangding are also potential high-
hazard areas (Fig.  6a). For the occasional earthquake 
scenario, the potential high-hazard areas for earthquake-
induced landslides are roughly the same as those for 
the frequent earthquake scenario, mainly located in the 

northern part of the Longmenshan fault zone and the 
southern part of the Kangding area. However, the pre-
dicted probability of a landslide is significantly higher, 
with the maximum value being 0.44 (Fig. 6b). For the rare 
earthquake scenario, we can observe that the predicted 
area of high-hazard significantly increased, the areas near 
the Minjiang fault zone and the southern area of Ya’an 
are predicted as potential high-hazard areas of coseismic 
landslides. Otherwise, the southern area of the Long-
menshan fault zone is also predicted as a high-hazard 
area for landslides with the PGA value increases (Fig. 6c). 
For the extremely rare earthquake occurrence scenario, 
we can observe that almost the entire Longmenshan area 
is located in potential high-hazard areas for coseismic 

Fig. 5 Map showing regression coefficient of different classification attributes of four categorical variables in LR model modeling: a aspect; b 
distance to active faults; c topographic position index (TPI); d stratigraphic ages
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landslides, while surrounding regions of other active 
faults, including the southern section of the Minjiang and 
Xianshuihe fault zones, are also high-hazard areas for 
coseismic landslides (Fig. 6d). 

Based on previous studies (Shao et  al. 2021; Xu et  al. 
2019), the predicted occurrence probability of coseis-
mic landslide is divided into extremely low hazard areas 
(0–0.001%), low hazard areas (0.001−  0.01%), medium 
hazard areas (0.01 −  0.1%), high hazard areas (0.1–1%), 
and extremely high hazard areas (> 1%). Figure  7 shows 
landslide hazard maps under four seismic motion sce-
narios. The results show that the high and extremely high 
hazard areas of the study area are mainly concentrated in 

the vicinity of the main active fault zones, especially in 
the Longmenshan fault zone. Meanwhile, as the probabil-
ity of exceedance decreases, the area of potential high-
hazard areas for earthquake-induced landslides rapidly 
decreases. For frequent and occasional earthquake sce-
narios, the high-hazard areas are mainly distributed in 
the northern part of the Longmenshan fault zone (Fig. 7a, 
b). For rare and extremely rare earthquake scenarios, 
the area of extremely high hazard in the study area has 
significantly increased (Fig.  7c, d). For rare earthquake 
occurrence scenarios, the entire southern part of the 
Longmenshan fault, Minjiang fault, and Xianshuihe fault 
zone is roughly classified as extremely high-hazard areas. 

Fig. 6 Map showing the predicted occurrence probability of coseismic landslide under four earthquake occurrence scenarios: a PGA distribution 
with a probability of exceeding 63% in 50 years for frequent earthquake occurrence; b PGA distribution with a probability of exceeding 10% 
in 50 years for occasional earthquake occurrence; c PGA distribution with a probability of exceeding 2% in 50 years for rare earthquake occurrence; 
d PGA distribution with a probability of exceeding 0.5% in 50 years for very rare earthquake occurrence
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For extremely rare earthquake scenarios, except for the 
Sichuan basin, other regions are roughly classified as 
extremely high-hazard areas.

The statistical results for each hazard classification of 
the four scenarios of earthquake occurrence indicate 
that as the probability of exceedance decreases, the cor-
responding predicted high and very high hazard area 
of coseismic landslides increases (Fig.  8). For the fre-
quent earthquake occurrence scenario, the area of the 
extremely high-hazard zone is about 89   km2, account-
ing for 0.03% of the total study area, with the landslide 

area density (LAD) of 1.28%. The area of extremely low-
hazard zones is about 67,000   km2, accounting for 26.2% 
of the total study area, with the LAD of 0.0004%. For the 
occasional earthquake scenario, the area of the extremely 
high-hazard zone is 8,600  km2, accounting for 3% of the 
total study area, with the corresponding LAD of 2.55%. 
The area of extremely low-hazard zones is 12,900  km2, 
accounting for 5.1% of the total study area, with a LAD 
of 0.0006%. For the rare earthquake scenario, the area 
of extremely high-hazard zones is about 33,300   km2, 
accounting for 13% of the total study area, with a LAD 

Fig. 7 Landslide hazard map under four earthquake occurrence scenarios: a PGA distribution with a probability of exceeding 63% in 50 years 
for frequent earthquake occurrence; b PGA distribution with a probability of exceeding 10% in 50 years for occasional earthquake occurrence; c 
PGA distribution with a probability of exceeding 2% in 50 years for rare earthquake occurrence; d PGA distribution with a probability of exceeding 
0.5% in 50 years for very rare earthquake occurrence
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of 3.46%. The area of extremely low-hazard zones is 
1260   km2, accounting for 0.49% of the total study area, 
with a LAD of 0.0007%. For the extremely rare earth-
quake occurrence scenario, the area of extremely high-
hazard zones is 120,500   km2, accounting for 47% of the 
total study area, with a landslide density of 6.7%. 

Discussion
In recent years, a large number of achievements have 
emerged in the construction of near real-time coseismic 
landslide hazard assessment models based on massive 
landslide data (Cao et al. 2019; Nowicki Jessee et al. 2019; 
Tanyas et  al. 2019). However, most of these models are 
trained based on global coseismic landslide databases 
(Nowicki Jessee et  al. 2019; Nowicki et  al. 2014; Tanyas 
et al. 2019). Therefore, due to the different terrain, geolog-
ical, and tectonic conditions, the applicability of hazard 
assessment models based on global coseismic landslide 
databases may not be applicable in an individual earth-
quake event (Allstadt et al. 2018). In this study, in order 
to construct an earthquake-induced landslide assessment 
model suitable for the study area, nine earthquake events 
that occurred in the study area and neighboring areas 
were selected. These landslide databases provide us with 
abundant training samples for constructing earthquake-
induced landslide evaluation models. More than 250,000 
actual landslide recordings are included in the LR mod-
eling, with more than 70% of those records coming from 
the 2008 Ms8.0 Wenchuan earthquake. The Wenchuan 
event caused massive landslides, and since this earth-
quake continues to dominate the global data set, the 
landslide samples from the Wenchuan events have the 
greatest influence on the construction of the LR model, 
which results in the highest applicability and accuracy of 

the model in the Wenchuan region. The same phenome-
non can also be found in previous studies (Nowicki Jessee 
et al. 2019; Nowicki et al. 2014).

After an earthquake occurs, time is life. By utilizing 
geological and terrain data of quake-affected areas, we 
can carry out rapid assessment and quickly identify high-
hazard areas of coseismic landslides combined with near-
time peak ground motion distribution, which can provide 
a basis for optimizing emergency deployment of quake-
affected areas (Ma et  al. 2020; Robinson et  al. 2017). In 
this study, we established a coseismic landslide hazard 
assessment model suitable for Sichuan Province based on 
nine earthquake events that occurred in Aba Prefecture 
and Chengdu Plain region and neighboring areas. Using 
this model, we can calculate the occurrence probability 
of earthquake-induced landslides based on the PGA dis-
tribution. Furthermore, we can conduct medium to long-
term probabilistic assessments of earthquake-induced 
landslide hazards. This assessment is focused on specific 
earthquake scenarios that might occur in the future. The 
primary goal of this approach is to enhance our ability 
to provide effective emergency response and implement 
medium to long-term strategies for mitigating the impact 
of earthquake-induced landslides. Meanwhile, in sub-
sequent studies, we can also conduct post-quake hazard 
and risk assessments based on rainfall data and strong 
aftershocks, and relevant hazard and risk assessments of 
landslides after earthquakes by overlaying population and 
economic data, providing data support for post-quake 
recovery and reconstruction phase.

At present, due to scale limitations and computa-
tional efficiency, the resolution of basic input data for 
earthquake-induced landslide hazard assessment models 
ranges from 100 to 1000  m (Nowicki Jessee et  al. 2019; 

Fig. 8 Histogram showing class area and landslide areal density (LAD) for different landslide hazard index classes under four earthquake occurrence 
scenarios
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Xu et al. 2019), which to some extent affects the predic-
tion accuracy of the modeling, resulting in errors of at the 
local scale (Allstadt et al. 2018). Therefore, in this study, 
we chose ALOS DEM data with a resolution of 25 m for 
LR modeling, thereby ensuring the accuracy of the pre-
dictive ability of the assessment model. In addition, we 
selected 13 commonly used influencing factors for estab-
lishing the coseismic landslide hazard assessment model. 
These 13 influencing factors include the potential factors 
that may affect the occurrence of landslides. However, 
due to the large scale of the study area and the large num-
ber of training samples, we have not carried out relevant 
studies on the impact of different training samples and 
combinations of different influencing factors on the pre-
diction results, which may cause some influencing factors 
to have a certain collinearity, thus increasing the com-
plexity of the model and reducing the prediction ability 
(Nowicki Jessee et al. 2019; Xu et al. 2019). Meanwhile, it 
should be pointed out that there may be potential influ-
encing factors, such as slope type, ground deformation 
of an earthquake, and properties of seismogenic fault, 
which may be potential factors affecting cosiesmic land-
slide occurrence. Therefore, in order to construct models 
with better predictive ability. We will further conduct a 
quantitative analysis of different combinations of influ-
encing factors on model construction in future work.

Conclusions
Our study has conducted a comprehensive assessment 
of coseismic landslide hazards in the Aba Prefecture and 
Chengdu Plain region, utilizing data from nine earth-
quake events and a total of 251,260 landslide records. 
Employing probabilistic seismic hazard analysis (PSHA), 
we assessed the distribution of seismic peak ground 
motion predictions under four distinct earthquake 
occurrence scenarios, ranging from frequent to very rare 
earthquake occurrence.

Our findings reveal significant regional variations in 
peak ground acceleration (PGA), with the eastern region 
exhibiting notably lower values compared to the west-
ern region. Furthermore, as the probability of exceed-
ance increases, there is a corresponding gradual decrease 
in PGA. Specifically, for rare and very rare earthquake 
occurrence scenarios, active fault lines exert significant 
control on PGA values. High-hazard zones are predomi-
nantly concentrated within the Longmenshan fault zone, 
with the southern area of Kangding also identified as a 
potential high-hazard region for landslides. Addition-
ally, our research underscores that as the probability 
of exceedance decreases, the likelihood of earthquake-
induced landslides and the extent of high-hazard areas 
increase significantly. Notably, the Pengguan complex 
rock mass in the southwest of the Longmenshan fault 

zone emerges as a particularly high-hazard area for 
coseismic landslides. The results provide critical data 
support for the spatial characterization and hazard zon-
ing of earthquake-induced landslides in southwestern 
China. The insights gained from our research contribute 
valuable information for disaster preparedness and miti-
gation efforts in the region, helping to safeguard lives and 
infrastructure against seismic hazards.
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