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Abstract
The Newmark displacement (ND) method is a reliable tool for assessing earthquake-
induced slope deformation, yet a universally accepted regional-scale approach is still lack-
ing. Existing ND equations often rely on regression from diverse strong-motion datasets or 
landslide statistics that were initially unavailable. To address this, we propose a site-adapt-
able ND approach (SAND) for various tectonic mountainous environments and scales. 
This knowledge- and data-driven method models cumulative slope displacement assuming 
normal pre-earthquake conditions, considering a quadratic relationship with peak ground 
acceleration (PGA) and a non-linear relationship with critical acceleration (Ac). We grad-
ually incorporate region- and site-specific conditions, including fault type, focal mecha-
nism, hanging/footwall effects, topographic amplifications, terrain roughness, and wetness 
coefficient. Case studies include landslides triggered by the Haiti earthquakes in 2010 and 
2021, as well as those from Taiwan (1999), Lushan (2013 and 2022), and Luding (2022). 
SAND outperforms previous regression-based models in predicting landslide locations. 
The SAND threshold varies between 0 and 10 cm, in line with previous studies. The SAND 
approach quickly predicts shallow ETLs to support rescue efforts, using data on earthquake 
magnitude, epicenter, and focal mechanism (ideally the fault activated segment).

Keywords  Critical acceleration · PGA distribution · Quadratic relationship · Newmark 
displacement · Haiti · Sichuan Province

1  Introduction

Large earthquakes are typically associated with, but not limited to, strong ground shaking, 
surface rupture, liquefaction, and, in mountain regions, widespread ETLs. ETLs account 
for a significant proportion of total earthquake losses in mountainous areas, particularly in 
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the context of global population growth, settlements, and infrastructure (Fan et al. 2018; 
Havenith et al. 2022; Shao et al. 2022b; Zhao et al. 2023). These mountainous areas are 
vital for human and economic development globally. A single catastrophic earthquake in 
these regions can have widespread impacts, affecting the financial stability and sustainabil-
ity of communities worldwide.

Frequently used earthquake-landslide assessment susceptibility methods as assembled 
by Shao et  al. 2022b include mechanical models, heuristic or index-based approaches, 
statistical analysis methods, machine learning and deep learning models. The Newmark 
method has been used for almost 60 years to model the movement of a landslide assimi-
lated to a block sliding on an inclined plane during an earthquake (Newmark 1965). This 
method aims at calculating the ND by using as inputs the record of local seismic shaking 
and the critical acceleration (Ac); the latter is defined as the ground acceleration neces-
sary to trigger first slope movements (Wilson and Keefer 1983; Jibson 1993; Jibson and 
Keefer 1993; Ingles et al. 2006; Du and Wang 2016; Cui et al. 2019; Jin et al. 2019; Yiğit 
2020). Initially, this physics-based model was developed to assess co-seismic permanent 
displacements and related slope failure probability for specific sites. Later, the Newmark 
method was adapted for the spatial analysis of seismically induced slope deformation at a 
regional scale by, e.g., Jibson et al. (1998), Jibson et al. (2000), Jibson et al. (2004), Jibson 
et al. (2006)); Chen et al. (2019); Jin et al. (2019); Djukem et al. (2024). The adaptation 
to regional analyses required several adaptations and considerations. One important factor 
is the attenuation of the seismic intensity at variable distances from the seismic source. 
Further, various geo-environmental factors need to be integrated in the analysis, such as 
detailed topographic and geological information (Yang et al. 2024).

The goal of the ‘spatial’ prediction of NDs is to outline areas with a higher or lower 
probability of co-seismic landslide occurrence. Compared with other—purely statistical—
techniques used for regional landslide susceptibility assessment, the spatial variant of the 
Newmark method has the advantage that its application does not depend on the availability 
of a landslide inventory. Therefore, this method can be implemented more quickly than sta-
tistical methods (Havenith et al., 2022; Shao et al. 2022a; Djukem et al. 2024) once infor-
mation is available on the magnitude of the earthquake, its epicenter, hypocenter, and the 
location of the activated seismogenic fault (Jibson 2011; Cui et al. 2019; Ma and Xu 2019; 
Chen et al. 2023; Yang et al. 2024).

However, the current trend in applying the ND method can be summarized by the asser-
tion that the predictive capability of the newly developed ND equations surpasses the 
existing formulations. The adaptability of these equations for predicting future ETLs in 
the same regions or not is not considered. Most statistically derived ND equations are cali-
brated using strong-motion datasets and landslide inventories from specific seismic events. 
They are then applied to future earthquakes, often in different tectonic settings, without 
sufficient validation. However, their predictive capability in new regions remains ques-
tionable. Djukem et  al. (2024) compared two ND equations—the Miles and Ho (1999) 
or M99 equation, originally derived for California, and the Jin et al. (2018) or J18 equa-
tion—following the 2022 Mw 6.8 Luding earthquake in southwestern China. Surprisingly, 
the M99 equation outperformed J18 in capturing landslide distribution, even though J18 
was developed more recently. This suggests that older equations, despite being site-spe-
cific, can sometimes generalize better than newer ones that rely more heavily on statistical 
correlations.

It should also be noted that the coefficient variations in ND equations are seldom 
explained by regional specificities. These changes often appear random, driven by statis-
tical correlations from earthquakes and landslide records that are not initially available. 
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Wang et  al. (2014) attempted to include triggering and environmental factors in the ND 
analysis after the 12 May 2008 Wenchuan Earthquake in the Pingwu County of Sichuan 
Province, China. But they used one of these empirical ND formulas proposed by Hsieh 
and Lee (2011). The coefficients in the ND equation were derived through regression 
analysis of strong-motion data from various seismic events that took place in regions with 
different geological, geomorphological, hydrogeological, and tectonic conditions. These 
events included the 1995 Kobe earthquake, 1999 Kocaeli earthquake, 1999 Chi-Chi earth-
quake, 1999 Duzce earthquake, 1994 Northridge earthquake, and the 1989 Loma Prieta 
earthquake.

The calculation of ND can be done by considering either the Arias intensity (IA) or the 
PGA as a seismic parameter. But so far, the conditions for using one or the other seems 
to remain unclear. However, PGA is generally more readily available immediately after 
an earthquake compared to IA (Tsinidis et  al. 2019; Hsu and Pratomo 2022). Moreover, 
during an earthquake, ground acceleration fluctuates over periods typically lasting sev-
eral tens of seconds, making the absolute maximum value recorded on an accelerogram, 
known as PGA, the most critical parameter for assessing ETLs as highlighted by Power 
et al. (2012); Yuan et al. (2013); Du et al. (2018); and Yao et al. (2020). In the absence of 
seismic recorded data, already available ground motion prediction equations or shake maps 
are made available few minutes after a seismic event (Tsinidis et al. 2019). PGA empirical 
equations account for source distance, magnitude, and site geology, allowing for the assess-
ment of key factors that influence earthquake damage. They also incorporate the effects of 
the hanging and footwall site of seismogenic faults on PGA attenuation (Ambraseys et al. 
1996; Abrahamson and Silva 2007; Campbell and Bozorgnia 2007; Chiou and Youngs 
2007; Houqun et al. 2016).

Therefore, it seems essential to reevaluate the effectiveness of ND models in differ-
ent tectonic environments to derive the conditions that determine the effectiveness of this 
method. We propose a site-adaptable approach (SAND), which allows rapid calculation of 
probable slope displacements in different tectonic environments and scales. The predictive 
capacities of SAND models are compared with the PGA-based ND regression equation 
proposed by Jin et al. (2019), called J19. The case studies include 6 earthquakes and their 
associated landslides. These are the Mw 6.7 Lushan 2013, Mw 5.9 Lushan 2022, Mw 6.8 
Luding 2022, and the Mw 7.5 Chi-Chi 1999 events for China, and the Mw 7.0 Port-au-
Prince 2010 and Mw 7.2 Nippes 2021 earthquakes for Haiti.

2 � Study areas

2.1 � Natural settings and landslides

The hilly and mountainous terrain of the western Sichuan (Lushan and Luding areas) and 
Taiwan in China, along with the southern regions of Haiti, are regions that frequently expe-
rience M > 6.5 earthquakes (Wen et al. 2004; Gorum et al. 2013; Bai et al. 2018; Fan et al. 
2018; Ma and Xu 2019; Havenith et al. 2022). Related events are often accompanied by 
coseismic landslides (Fig. 1), which account for a significant percentage of total earthquake 
damages. Type and distribution of triggered landslides depend on several regional and site-
specific seismological, geological, climatic, and geomorphological factors, including the 
effect of diverse fault mechanisms (Keefer 2002; Meunier et al. 2008; Gorum et al. 2013; 
Havenith et al. 2022; Shao et al. 2022b).
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Yuan et  al. (2016) highlighted that the earthquake’s focal mechanism indicates the 
direction of seismic wave propagation and the tectonic stress distribution in the source-
surrounding region. Tang et  al. (2023) emphasized that the stress field propagation is 

Fig. 1   Seismotectonic context and location of Haiti, Lushan, Luding, and Taiwan (A, B, C and D); coseis-
mic landslides in Haiti (E and F) and China (G). The red lines depict the global active fault system, sourced 
from the Global Active Faults Database (https://​www.​globa​lquak​emodel.​org/​gem-​active-​faults-​datab​ase)

https://www.globalquakemodel.org/gem-active-faults-database
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different for reverse, normal or strike-slip fault activation. However, for all types of faults, 
the strongest shaking is always expected to occur within the hanging wall. We can define 
hanging wall for reverse or normal faults, but not for strike-slip faults. This was highlighted 
by the Wenchuan earthquake, which had induced far more landslides (and larger ones) on 
the eastern hanging wall side of the activated fault segments than on the western foot wall 
side (Qi et al. 2010).

The Lushan and Luding have experienced recurrent earthquakes without any significant 
pre-earthquake meteorological event over the years. The island of Taiwan has experienced 
one major earthquake in September 1999, with significant typhoons before and after this 
event of magnitude 7.7 (Fig. 1). The southwestern part of Haiti has been crossed by hur-
ricanes a few years before and directly after the 2021 event (Havenith et al. 2022; Amatya 
et  al. 2023), while the region affected by the 2010 earthquake had not been affected by 
hurricanes before or after the event. The earthquake-affected region had not experienced a 
major hurricane for about six years before the 2010 event. The most recent major hurricane 
prior to the earthquake was Hurricane Jeanne in 2004. The earthquakes, ETLs, geoenviron-
mental conditions and population density of these regions selected for our study are shown 
in Table 1.

2.2 � Tectonic settings and ETLs of Haiti, Lushan, Taiwan, and Luding

The seismogenic fault systems, earthquakes, and earth-induced landslides of the targeted 
parts of Haiti, Taiwan, Lushan, and Luding are presented.

2.2.1 � Haiti

The Mw 7.0 Port-au-Principe 2010 (January 12) and the Mw 7.2 Nippes 2021 (August 
14) earthquakes occurred on fault segments (marked by oblique thrust and strike-slip 
fault movements) associated with the Enriquillo-Plantain Garden strike-slip fault system 
(Havenith et al. 2022).

This fault system is located near the North American-Caribbean plate boundary 
(Fig. 1A) characterized by a complex tectonic evolution due to an oblique subduction tak-
ing place in the east, and a transform plate boundary in the west, increasing its seismic-
ity potential (Prentice et  al. 2010; Bakun et  al. 2012; Possee et  al. 2020). The historical 
seismicity revealed that the Port-au-Prince region (southern Haiti) has experienced earth-
quakes of magnitudes 7.0 or greater several times (Bilham 2010; Calais et al. 2010). These 
include the events of September 15 and November 21, 1751. with one having a modified 
Mercalli intensity of X. Also, the largest earthquakes occurred in 1770 (3 June) and 1860, 
with their assumed epicenters at 30–50  km more to the west on the Enriquillo-Plantain 
Garden fault (Fig. 2A). After about 200 years of relatively low seismic activity, a disastrous 
earthquake of magnitude Mw 7.0 struck the Port-au-Prince region of Haiti on January 12, 
2010 (Bilham 2010; Calais et al. 2010). This event resulted from the combined rupture on 
the Léogâne blind thrust fault and a deep lateral slip on the Enriquillo-Plantain Garden 
Fault as concluded by Calais et al. (2010); Gorum et al. (2013) and Kocel et al. (2016). 
This earthquake was followed by more than 59 aftershocks of magnitude 4.5 or greater. 
About 300,000 people had been killed and, more than a million had to be relocated (Cal-
ais et  al. 2010; DesRoches et  al. 2011; Gorum et  al. 2013; Havenith et  al. 2022). More 
than 20,000 landslides (mostly shallow rock and debris falls) at a maximum distance of 
46 km from the epicenter were inventoried by Harp et al. (2016), and 5000 landslides were 
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mapped by Gorum et al. (2013). Detailed investigations of the January 12 Haiti earthquake 
indicated the absence of any surface ruptures of the activated Léogâne Fault near the Enri-
quillo-Plantain Garden fault (Bilham 2010 and Calais et al. 2010).

More recently, the August 14, 2021, Mw 7.2 Nippes earthquake had its epicenter 
located near the Enriquillo-Plantain Garden fault surface expression, at about 150 km 

Fig. 2   Overview of the study areas: A southern part of Haiti: ETLs’ inventories of a representative region 
with two earthquakes and Hurricanes. The 2021 coseismic landslide inventory has been modified from 
Havenith et al. (2022). The 2010 landslide catalog is from Harp et al. (2016). B Spatial distribution of ETLs 
triggered by the 1999 Chi Chi earthquake in Taiwan. The Chelungpu fault and epicenter have been digitized 
from Chuang et al. (2020). C the fault system in the Luding and Lushan areas. The fault lines are extracted 
from Wu et al. (2023); the elevation map is derived from the Copernicus global digital elevation models 
provided by OpenTopography
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in the west of Port-au-Prince. This 2021 earthquake struck the same broader fault zone 
as the 2010 Mw 7.0 earthquake and did not produce a clear surface rupture. This main 
earthquake was followed by several aftershocks with a magnitude of up to Mw 5.7. 
During this event, approximately 2500 people were killed, 13,000 were injured and 
more than 137,000 structural failures had occurred (Calais et  al. 2022); about 8000 
landslides had been triggered by this earthquake (inventory of Havenith et  al. 2022, 
used for this study).

2.2.2 � The island of Taiwan

Taiwan is located between the Philippine Sea plate and the Eurasian plate, which 
moves to the northwest, resulting in lateral compression (Fig. 1E). Small seismic trem-
ors affect the island of Taiwan almost daily (Chen and Hawkins 2009; Chuang et  al. 
2020). Taiwan is located at 175 km east of the mainland China. The target area is char-
acterized by elevations ranging from about 0 to 4000 m. The study area extends from 
about longitudes 120° to 122°E and latitudes 22 to 25°N (Fig. 2B).

The destructive Mw 7.6 Chi-Chi earthquake of September 21, 1999 produced an 
approximately 100 km long surface rupture with variable strikes, along the Chelungpu 
fault. The Chelungpu fault dips superficially to the east (Huang 2000; Ma et al. 2001). 
Boore and Atkinson (2008), Chiou and Youngs (2008), Idriss (2008), and Hsieh and 
Lee (2011) highlighted that seismic ground motion attenuates faster in Taiwan, lead-
ing to low ND values even for large movements occurring far from the fault. This rapid 
attenuation is influenced by Taiwan’s complex geological setting, soil properties, and 
tectonic environment, all of which play a crucial role in shaping landslide distribution. 
Taiwan’s geological complexity, resulting from the convergence of the Philippine Sea 
and Eurasian plates, features diverse rock formations and fault systems, such as the 
Chelungpu fault, whose thrust faulting mechanisms contribute to rapid energy dissi-
pation. Additionally, soft soil in areas like the Taipei Basin influence attenuation by 
initially amplifying seismic waves but later increasing energy dissipation due to their 
non-linear behavior. The tectonic environment further contributes to this phenomenon, 
as strong ground motions near the fault diminish quickly due to wave scattering and 
absorption by varied geological formations. These attenuation characteristics affect 
landslide triggering by shaping the intensity and duration of seismic shaking, leading 
to spatial variability in landslide distribution. Regions with softer soils experience dif-
ferent landslide dynamics than those on harder substrates due to variations in seismic 
energy dissipation.

More than 20,000 landslides have been triggered during this event (Huang 2000; 
Khazai et  al. 2004). The landslide catalogue (Fig.  2B) used for this investigation is 
from Huang (2000).

Most of these landslides were shallow debris slides and rock avalanches that 
occurred across a 150 km2 area as highlighted by Dadson et  al. (2004); Lin et  al. 
(2006). The July 31 to August 1, 1996, typhoon Herb event, which crossed the north-
ern part of the island 3  years before the Chi-Chi earthquake triggered a total of 73 
debris flows. Typhoon Herb (1996) brought significant rainfall to Taiwan, with some 
areas receiving up to 1,199 mm of precipitation over 24 h (Wu and Kuo 1999). While 
the July 29–31, 2001, Toraji typhoon event recorded a total precipitation of 757 mm 
but triggered more than 300 debris flows.
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2.2.3 � Lushan and Luding tectonics under the influence of the western Sichuan faults

Earthquakes in the western Sichuan China occur, mainly along the Longmenshan and 
Xianshuihe fault systems (XSHF). The Longmenshan fault system (Fig.  2C) is a thrust 
boundary along the eastern margin of the Tibetan Plateau, which consists of three major 
faults from west to east. These are: the Wenchuan-Maoxian, Yinxiu-Beichuan, and Anxian-
Guanxian fault, respectively (Wen et al. 2004; Xu et al. 2008; Zhang et al., 2013; Guo et al. 
2024). The eastward extrusion of the Tibetan Plateau and the obstruction of the Sichuan 
Basin justify the complex tectonic setting of the Longmenshan mountains. This leads to 
high active seismicity along the Longmenshan fault system, where several devastating 
earthquakes have been recorded in the past, including the May 12, 2008, Ms 8.0 Wenchuan 
earthquake epicenter located in the Longmenshan mountains, in areas with similar geo-
graphical, geological, and geomorphological conditions with the Lushan 2013 earthquake 
(Li et al. 2013).

The April 20, 2013 Mw 6.7, and the June 1, 2022, Mw 5.9 Lushan earthquakes resulted 
from the rupture of the Longmenshan blind thrust fault zone through a blind reverse focal 
mechanism as concluded by Hao et al. (2013); Xu et al. (2013); Yuan et al. (2016); and 
Duan et al. (2022). Luo et al. (2015), after analyzing the seismic records of 37 aftershocks 
of the 2013 Lushan earthquake with magnitudes ranging from Mw 3.4 to 5.1, confirm that 
the focal mechanisms predominantly indicate thrust events. But they also found occasional 
strike-slip mechanisms. The 2013 Mw 6.7 Lushan had its epicenter located at the south end 
of the Longmenshan fault zone, about 100 km from the Wenchuan earthquake epicenter. 
The Mw 5.8 Lushan earthquake in 2022 occurred along the southern segment of the Long-
menshan trust tectonic zone, in Baoxing County, Ya’an City (Fig. 2C). The epicenter was 
located at 30.395N, 102.958E with a focal depth of about 12.0 km (Zhao et al. 2022). Tang 
et al. (2023) highlighted that this earthquake occurred in the seismic gap between the pre-
vious 2013 Lushan and the 2008 Wenchuan earthquakes.

Moreover, the epicenter of the September 5, 2022, Mw 6.8 Luding earthquake was 
located on the Moxi fault, a single and linear segment of the SE Xianshuihe Fault (An et al. 
2023; Dai et al. 2023). The Moxi fault is in the intersection between the Xianshuihe fault 
and the Longmenshan Fault systems (Fig. 2C). This zone is found between strike-slip fault 
zones encompassing the Garze-Yushu, Xianshuihe, Anninghe, Zemuhe, Xiaojiang, Jinsha 
River faults; and the Longmenshan thrust fault Zone (Allen et al. 1991; An et al. 2023).

3 � Data and method

We present the process of acquisition of the datasets necessary to compute the slope fac-
tor of safety (FS), critical acceleration (Ac), peak ground acceleration (PGA), and New-
mark displacement models (ND). The 30 by 30 m digital elevation models (DEMs) of the 
targeted regions have been provided by the European Space Agency distributed by Open-
Topography (https://​opent​opogr​aphy.​org/). The following geoenvironmental factor maps 
have been used: slope, slope aspect, distance to river, and curvature. The seismic factors 
include the PGA, amplified PGA, PGA attenuation, epicentral and hypocentral distance 
maps. The soil-rock geomechanical properties included cohesion (c), friction angle (Φ), 
and material unit weight (γ). The hydrogeological condition of these slopes affects their 
mechanical properties, the degree of mobilization, and the volume of these materials as 

https://opentopography.org/
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highlighted as Li et al. (2016); Kharismalatri et al. (2019); and Pudasaini and Krautblatter 
(2021). This hydrogeological influence is considered by integrating the wetness coefficient 
(m) in the calculation of the critical acceleration (Ac).

3.1 � Landslide datasets

The landslide inventories used to evaluate the predictive ability of the computed ND mod-
els are from different sources. Landslide catalogs for the 1999 Chi Chi earthquake in Tai-
wan and the 2010 Haiti earthquake are from Liao and Lee (2000) and Harp et al. (2016), 
respectively.

The 1999 Chi Chi earthquake in Taiwan triggered approximately 13,783 landslides over 
an area of approximately 230 km2. For the 2021 Haiti event we use a revised version of 
the ETL catalog presented by Havenith et al. (2022). Some polygons erroneously identi-
fied as landslides have been removed from this catalog, while others were manually added 
based on the visual interpretation of 30 Planet Scope satellite images of 3 m resolution. 
The acquisition dates of the images are presented in the Supplementary table (Table S1). 
We had to download several images taken at different times in some places marked by 
extensive cloud cover. An overview of the southern part of Haiti before and after the 2021 
earthquake has been reconstructed by juxtaposing these satellite images (Fig.  S1 of the 
supplementary material).

The 2013 and 2022 Lushan ETLs have been automatically extracted through the inter-
pretation of satellite imagery. We have juxtaposed the Spot-5 satellite data for the period of 
June 7 and 28; July 16 and 29, for the 2013 ETL inventory. The 2022 Lushan ETLs inven-
tory has been derived from Planet Scope satellite data taken on July 6, 2022 (Fan et  al. 
2022; and Dai et  al. 2023). The acquisition dates of the satellite images used to extract 
ETLs are presented in Table S1. The resulting ETL maps are presented in the supplemen-
tary material Figs. S2.

3.2 � Geoenvironmental and seismic factors necessary to compute ND models

The methods used to generate slope, slope aspect, curvature, lithological maps (Sup-
plementary materials Figs. S3, S4, S5, S6) and distance to faults are identical to those 
described in Djukem et al. (2020 and 2024).

3.2.1 � Lithological formations

Lithological maps of Luding, Lushan and Taiwan (Figs. S6) were extracted from the 1:200 
000 global lithological map database GLiM compiled by Hartmann and Moosdorf (2012).

3.2.1.1  Haiti  The island of Hispaniola is dominated by magmatic and sedimentary rocks. 
These are: cretaceous andesitic to silicic volcanic rocks, cretaceous volcanic rocks, carbon-
ate sedimentary, and alluviums. About 80% of the mountainous areas affected by the 2010 
and 2021 earthquakes are made of (partly highly weathered) limestone. The lithological 
map of Haiti has been extracted from Havenith et al. (2022).

3.2.1.2  Taiwan  Hartmann and Moosdorf (2012) and Lin and Chen (2016) have assembled 
several results to generate the lithological maps of Taiwan. The Island of Taiwan presents 
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magmatic (andesite, tuffs, volcanic breccia, basalt, ultrabasic rocks); metamorphic (gneiss, 
schist, metagranite, marble, and amphibolite), and sedimentary rocks (alluvium and terrace 
deposits; conglomerate, carbonate, or limestone).

3.2.1.3  Luding and Lushan  Luding and Lushan are dominated by magmatic, metamorphic, 
and sedimentary rocks. These rocks include acidic plutonic, basic plutonic, basic volcanic, 
intermediate plutonic, intermediate sedimentary, pyroclastics, carbonate sedimentary, silici-
clastic.

3.2.2 � Soil‑rock geomechanical properties

The ND scenarios computed consider shallow landslides with the sliding depth (t) of 5 m. 
The study areas are situated in sub-tropical regions with thick weathering crust which is 
likely to be similar for sedimentary, magmatic, and metamorphic rocks (M.A., 1991; White 
and Brantley 2003). Rodríguez-Peces et  al. (2014) reported that, based on geotechnical 
data and laboratory tests, the average values for various rock types are: cohesion (c) 41 to 
74 kPa; angle of internal friction (Φ) 23 to 30°; and unit weight (γ) 18 to 26 kN/m3. These 
rocks include micashists, quartzites, gneisses, phyllites, and different types of sedimen-
tary rocks and soils such as limestones, dolostones, marbles, sandstones, and clays. The 
shear strengths parameters do not vary significantly with lithology. Therefore, geomechani-
cal properties values of superficial soil-rock formations used to compute ND models are 
c = 50 kPa, Φ = 25°, and γ = 18 kN/m3. Similar values have been commonly used to pre-
dict the shallow landslides’ Newmark Displacements in these regions, also in regions with 
similar geological formations (Cui et al. 2019; Djukem et al. 2024). These values are then 
assigned to all lithologies for the slope factor of safety (FS) calculations.

3.3 � Implementing the site‑adaptable ND approach (SAND)

3.3.1 � Statistical regression and empirical equations

Hsieh and Lee (2010) highlighted that there are two tendencies regarding the application of 
the ‘spatial’ Newmark method at regional scale. The first consists of performing statistical 
regression from actual specific areas strong-motion records to estimate the slope displace-
ment under seismic loading. The second is an empirical prediction of the ETLs using the 
already developed ND formulas.

Moreover, Jibson (2007) and Hsieh and Lee (2010) emphasized that the factors fre-
quently used for ND models include an index for measuring seismic intensity (over the 
whole duration of the shaking) known as the Arias Intensity (IA); some models also use 
the measure of the maximal ground movement at a given geographic point during an earth-
quake called PGA (peak ground acceleration) or amax, and/or the magnitude of the earth-
quake (Mw); one or two of those measures are then combined with the critical acceleration 
(Ac) value to compute ND. Only five representative ND equations are presented in this 
work (Eqs. 1–5). They are, respectively, from Miles and Ho (1999); Jibson et al. (1998); Jin 
et al. (2018); Jin et al. (2019); and Rathje and Saygili (2009).

(1)log(ND) = 1.46 ∗ log(IA) − 6.642 ∗ Ac + 1.546
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The general form of the preceding ND equations using either PGA or Arias IA can be 
summarized by Eqs. (6) and (7). The first term X1logIA or X1logPGA represents the weight 
of the shaking intensity, the second term X2Ac or X2*log(Ac) represents the weight of the 
critical acceleration (Ac), and the last term “X3” represents the errors or uncertainties or 
variability of these variables’ linearity for the computation.

Newmark (1965) and Jibson (2011) pointed out that the dynamic shear resistance 
and the static shear resistance are nearly equal (a statement that we take here as given 
but which for sure might also be debated as indicated by Yang et al. 2024); and that the 
safety factor in this state is large enough to prevent significant movement in all compacted 
embankment materials and in several natural soil layers. In addition, faults are typically in 
a state of static equilibrium before an event, with static shear stresses balanced by frictional 
resistance (Day et  al. 1998). This equilibrium is factored into the static factor of safety 
calculations.

3.3.2 � Assumptions considered in the SAND approach and key factors’ interaction

The SAND approach combines the knowledge-driven and data-driven approaches. Fol-
lowing these pre-earthquake state of equilibrium statements, our ND models are imple-
mented based on Eq. (8), which with the coefficient 2, initially assumes an equal interac-
tion between seismic and geo-environmental factors, prior to an earthquake event.

In which, PGA incorporates magnitude, amplified curvature, amplified slope aspect, 
HW/FW effect; Ac incorporates distance to rivers converted into wetness coefficient (m); 
RF is the ruggedness coefficient. We introduce a ruggedness or roughness factor (RF), to 
account for the pixels neighboring values, in place of the uncertainty term used in the sta-
tistical regression.

(2)log(ND) = 1.521 ∗ log(IA) − 1.993 ∗ logAc − 1.546 ± 0.375

(3)log (ND) = 0.465 log IA + 12.896Ac log IA − 22.201Ac + 2.092 ± 0.148

(4)log (ND) = 0.215 + log

[

(

1 −
0.7Ac

PGA

)2.341

∗

(

0.7Ac

PGA

)−1.438
]

(5)
lnND = 4.89 − 4.85

(

Ac

PGA

)

− 19.64
(

Ac

PGA

)2

+ 42.49
(

Ac

PGA

)3

− 29.06
(

Ac

PGA

)4

+ 0.72 ln (PGA) + 0.89
(

Mw − 6
)

(6)log(ND) = X1 ∗ log IA − X2 ∗ Ac + X3

(7)logND = X1 ∗ logPGA − X2 ∗ Ac + RF

(8)logND = 2 logPGA − 2Ac + RF
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The coefficient of 2 for the term logPGA also implies that the Newmark Displacement 
is proportional to the square of PGA since 10exp(2logPGA) = (PGA)2. This assumes a 
quadratic relationship between ND and PGA, and non-linear with Ac, since the equation is 
in logarithmic form.

The quadratic relationship has long been applied in several domains including: seismic 
risk analysis for the detailed representation of the large magnitude-low frequency region 
(Merz and Cornell 1973); in electromagnetic geophysical surveys for electromagnetic data 
correction (Santos and Porsani 2011), for evaluating the relationships between macroseis-
mic intensity, PGA, peak ground velocity (PGV) and the spectral acceleration (Oliveti 
et al. 2022). Similarly, Jang et al. (2023) demonstrate the effectiveness of quadratic pro-
gramming in optimizing ground motion models, while Robinson et  al. (2017) highlight 
its role in predicting landslide frequency based on PGA and distance from rivers. Li et al. 
(2024b) further emphasize the necessity of nonlinear approaches to capture seismic slope 
responses, and Chan and Chen (2024) advocate for hybrid statistical-physical models to 
improve landslide hazard assessments. These studies collectively underscore the impor-
tance of quadratic and nonlinear relationships in understanding complex geophysical and 
geotechnical processes.

3.3.3 � Theoretical framework explaining why quadratic relationships might emerge 
from the underlying physical processes involved in ETLs

3.3.3.1  The fundamental physics of energy transfer and work done by seismic forces  The 
quadratic relationship with PGA (2logPGA) can be justified by considering the complex 
(non-linear) interactions conditioning seismic energy transfer and dissipation (Carey et al. 
2019; Li et al. 2021b; Shao et al. 2022b; He et al. 2021). In this case, the ETLs predisposing 
factors include magnitude, fault types, focal mechanism, hanging wall/footwall effect, ampli-
fied curvature and slope aspects. During an earthquake, the energy is transferred through 
seismic waves, which interact with slopes. The energy dissipation in the slope material fol-
lows a non-linear relationship (Carey et al. 2019; Li et al. 2021b), potentially quadratic, as 
the intensity of shaking increases as highlighted by Oliveti et al. (2022).

3.3.3.2  Topography, pore pressure effects and amplification non‑linearity  As highlighted 
by Li et al. (2021b), faults, joints, and bedding planes create discontinuities that can facili-
tate or inhibit landslides in ways that are difficult to predict linearly. Also, slope angle, 
aspect, and curvature influence landslide susceptibility non-linearly. Steeper slopes are gen-
erally more prone to failure, but very steep slopes may have already shed unstable material.

Moreover, pore pressure generation during shaking can reduce effective stress non-
linearly, potentially leading to quadratic relationships between displacement and ground 
motion parameters. In addition, topographic and soil amplification of seismic waves can 
lead to non-linear increases in ground motion with increasing input motion, potentially 
resulting in quadratic relationships (Boore and Atkinson 2008; Jang et al. 2023).

3.3.3.3  The relationship between  strain energy and  the  difference between  driving 
and resisting forces  The inertial forces acting on a potential landslide mass are proportional 
to acceleration.

The quadratic Ac term might represent a non-linear relationship between slope stabil-
ity and wetness, where small changes in wetness near a critical threshold have outsized 
effects on stability. In this sense, He et  al. (2021) highlighted that pore water pressure 
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significantly affects slope stability, but its distribution and changes during seismic shaking 
are highly non-linear. Moreover, antecedent rainfall can increase landslide susceptibility, 
but its effects depend on complex interactions with soil properties and topography (Carey 
et al. 2019).

This theoretical framework suggests that quadratic relationships could emerge due to 
interaction between slope displacement geoenvironmental, hydrogeological and seismic 
conditions. Geoenvironmental, hydrogeological and seismic factors vary for Haiti, Lushan, 
Luding and Taiwan. The site-adaptable ND model is therefore implemented based on 
Eq. (8). The general ND model calculation flowchart is presented in Fig. 3.

The ND is therefore computed following a three-step approach (Fig. 3). First the slope 
factor of safety and critical acceleration are computed following Eqs. (9) and (10), as pre-
sented in Fig. 3. Second, the influence of water on these slopes’ stability is considered by 
computing and integrating the wetness coefficient map (Fig. S7). Third we compute the 
peak ground acceleration (PGA) following attenuation laws that account for several influ-
ential factors, namely: PGA attenuation factors, ruggedness coefficient and amplification 
factors (fault focal mechanism, curvature, and slope aspect). The details of this ND compu-
tation steps are presented below.

Fig. 3   The steps for the calculation of the site-adaptable Newmark displacement (SAND). Ac and FS con-
sider the wetness coefficient (m). The PGA accounts for the roughness factor (RF), PGA attenuation factor 
(H) and the amplification factors. The detailed calculation steps of “m”, amplification factors, and assign-
ment of the PGA attenuation factors are developed in Figs. S6, S7, and S8
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3.4 � Computation of FS and Ac

The infinite slope model was assumed in computing the FS (Eq. 9) as applied before in 
these regions or similar ones by Ward et al. (1982), Jibson et al. (2000); Chen et al. (2012); 
Jin et al. (2018); Huang et al. (2020); Chen et al. (2023); Gong et al. (2023); Djukem et al. 
(2024); Li et  al. (2024a, b). Equations  (9) and (10) were implemented using the raster 
calculator tool in ArcGIS 10.8. The slope angle (α), cohesion (c), friction angle 

(

∅
)

 , unit 
weight (�) , the depth of the sliding surface (t), and the wetness (m), are essential for the FS 
and Ac calculation.

3.4.1 � Computation of FS and Ac considering the wetness coefficient

Climate, through temperature, precipitation and soil moisture, plays a critical role in pre-
disposing slopes to failure during earthquakes (Havenith et al. 2022; Loche et al. 2022). 
Similarly, deeply incised river channels can influence groundwater level fluctuations asso-
ciated with intense soil wetting and drying phenomena that cause slope instability even in 
the absence of seismic shaking. In addition, an increase in hydrostatic pressure can lead to 
a total or partial loss of shear strength under shaking conditions or with even small defor-
mations (Newmark 1965; Dai and Lee 2003; Kharismalatri et al. 2019; Djukem et al. 2020; 
Pudasaini and Krautblatter 2021).

The difficulty in determining the spatial and temporal patterns and controls of ETLs 
by climate zone is that the authors do not always specify the type of climate in the study 
areas. Therefore, we used the geographic distribution of wet and dry climate zones cre-
ated by Li et al. (2021a) to differentiate climate zones. This classification is based on soil 
moisture using the 30-year average of soil root zone temperature with the reference period 
of 1976–2005. Lushan and Luding have a semi-arid climate; Haiti and Taiwan have a sub-
humid/humid climate. High and frequent rainfall in tropical areas, often characterized by 
a bimodal annual pattern, leads to faster saturated soil conditions. Therefore, we assumed 
the wetness coefficient (m) to vary between 0.2 and 1 in subarid/arid climate (Luding and 
Lushan), and between 0.6 and 1 in subhumid/humid climate or humid tropical climate 
influenced by typhoons and hurricanes (Haiti and Taiwan).

Distances from major rivers were computed using the Euclidean distance tool of Arc-
GIS 10.8 around river networks extracted from the DEM. The resulting map was con-
verted into wetness coefficient (m) maps, assuming that the distance classes closest to the 
hydrographic networks were the most likely to favor landslide occurrences as reported by 
Havenith et al. (2016); Djukem et al. (2020); Tseng et al. (2022). The weighting was done 
by using the heuristic fuzzy logic approach previously applied by Djukem et  al. (2020); 
Badola et al. (2023); Zhang et al. (2023).

The fuzzy logic theory developed by Zadeh in 1965 has proven effective for creat-
ing landslide susceptibility maps on a regional scale.  This approach is particularly use-
ful because it can handle the inherent uncertainty and vagueness associated with landslide 
events and their contributing factors. Fuzzy logic allows for a more nuanced representa-
tion of the complex relationships between various environmental variables that influence 

(9)FS =
c

� × t × sin �
+

tan �

tan �
−

m × �w × tanΦ

� × tanΦ

(10)Ac = (FS − 1) × g × sin �
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landslide occurrence, providing a more accurate assessment of landslide risk across large 
areas (Badola et al. 2023; Zhang et al. 2023).

In this investigation the membership degree (y) in fuzzy logic indicates how the distance 
to rivers (x) influences landslide susceptibility. For y = 1, the distance to river strongly 
increases landslide risk; y = 0, the distance to river has minimal impact on landslide risk, 
and for 0 < y < 1, the distance to river has an uncertain influence on landslide risk. As the 
membership degree (y) increases for a given distance on the distance to river map (x), it 
suggests a higher landslide susceptibility for that area. The distance to river maps were 
therefore converted into fuzzy subsets with values ranging from 0.2 to 1 in semiarid cli-
mate (Luding and Lushan) and from 0.6 to 1 in humid tropical climate influenced by 
typhoons and hurricanes (Haiti and Taiwan). The assignment of a fuzzy subset or weight 
to each distance to river class was done under the assumption that high and frequent rain-
fall in tropical areas may lead to faster saturated soil conditions than in semiarid regions. 
This operation was performed using linear fuzzy functions from the Spatial Analyst tools’ 
Fuzzy Membership option in ArcGIS 10.5. We set membership values between 0.2 or 0.6 
as the minimum, and a membership of 1 as the maximum. The commonly used wetness 
(m) of Eq. 9 has therefore been replaced by these wetness coefficients in the calculation of 
FS (Fig. S7). Figs. S8 shows the resulting wetness coefficient maps used to calculate FS.

3.4.2 � Computation of the amplified peak ground acceleration

PGA is obtained through the following methods: strong-motion accelerometers, seismic 
hazard maps, attenuation relationships developed in forms of equations that predict PGA 
based on factors like earthquake magnitude, distance from the fault, and local site condi-
tions (Wan et  al., 2023). An attenuation law of the peak horizontal ground acceleration 
( Eq.11) is an empirical relationship that allows the value of ground motion generated by a 
given modeled earthquake to be predicted at any given map pixel. The Eqs. (11) and (12) 
proposed by Ambraseys et  al. (1996) consider the source-distance, surface wave magni-
tude, and site geology. Equation  (12) is suitable for magnitudes 4.0–7.5 and source-dis-
tances of up to 200 km (Ambraseys et  al. 1996, 2005). This equation allows integrating 
the influence of the seismogenic fault’s hanging and footwall site effect in the PGA attenu-
ation previously investigated by Abrahamson–Silva (2007), Campbell–Bozorgnia (2007), 
Chiou–Youngs (2007); and Houqun et al. (2016).

In this equation the coefficient r is defined by (Eq. 12).

In which, PGA is peak ground acceleration in g. Ms is the earthquake magnitude; r is 
the distance attenuation parameter from the hypocenter, d is the shortest distance from the 
station to the surface projection of the fault rupture; h is a constant best described as a 
representative hypocentral depth effect on acceleration, and P accounts for errors or uncer-
tainties. The integration of ruggedness factor, PGA amplification coefficients and fictitious 
depth (h) in the PGA is presented below.

i. Ruggedness factor (RF)
The RF (Fig. S9 presenting the RF maps for Haiti, Taiwan, Lushan and Luding) or 

terrain ruggedness classifies terrain as smooth or rugged.  More rugged terrain is gener-
ally associated with a higher with a higher landslide susceptibility during seismic events. 

(11)log (PGA) = −1.39 + 0.261Ms − 0.922 log (r) + 0.5P

(12)r =
√

d2 + h2)



Natural Hazards	

It considers the changing morphological conditions around a pixel (Gautam et  al. 2021; 
Pyakurel et al. 2024). Often ND computed without considering the RF can become very 
high for pixels marked by steep slopes, while neighboring pixels do not have such high 
steepness. The RF helps smooth the effect of steep slopes on the ND calculated for singular 
pixels by considering the neighborhood of those pixels. Thus, steep slope and related low 
FS values computed for singular pixels may only lead to larger Newmark Displacement 
values if also the surrounding area is marked by a higher ruggedness of the topography. 
Indeed, if this is not the case, the low FS value assessed for a singular pixel within a more 
stable area would not lead to major instability. The RF is derived from the OpenTopogra-
phy DEM of 30 m resolution using the Topographic Roughness Index tool of the QGIS 
3.28.7 software. The DEM is first smoothed to 25 × 25 pixels, then the values are normal-
ized (with a common factor for all the regions studied) to obtain values of 0–3, with 0 for 
plain regions and 3 for deep valleys with steep slopes.

The RF (Fig. S9 presenting the RF maps for Haiti, Taiwan, Lushan and Luding) or ter-
rain ruggedness classifies terrain as smooth or rugged.  More rugged terrain is generally 
associated with a higher with a higher landslide susceptibility during seismic events. It con-
siders the changing morphological conditions around a pixel (Gautam et al. 2021; Pyakurel 
et  al. 2024). Often ND computed without considering the RF can become very high for 
pixels marked by steep slopes, while neighboring pixels do not have such high steepness. 
The RF helps smooth the effect of steep slopes on the ND calculated for singular pixels by 
considering the neighborhood of those pixels. Thus, steep slope and related low FS values 
computed for singular pixels may only lead to larger Newmark Displacement values if also 
the surrounding area is marked by a higher ruggedness of the topography. Indeed, if this is 
not the case, the low FS value assessed for a singular pixel within a more stable area would 
not lead to major instability. The RF is derived from the OpenTopography DEM of 30 m 
resolution using the Topographic Roughness Index tool of the QGIS 3.28.7 software. The 
DEM is first smoothed to 25 × 25 pixels, then the values are normalized (with a common 
factor for all the regions studied) to obtain values of 0–3, with 0 for plain regions and 3 for 
deep valleys with steep slopes.

 ii. PGA amplification factors: topographic smoothing operators, hanging wall/footwall 
coefficients, preferred slope aspect coefficients, and fictitious depth parameter (h)

To account for the acceleration, deceleration, convergence, and divergence of seismic 
waves as they propagate from the source through subsurface soils, adaptive smoothing 
operators, with values ranging from 0.7 to 1.5 (as proposed by Zevenbergen and Thorne 
1987, and Moore et al. 1991), were implemented in ArcGIS 10.5. These operators previ-
ously used by Wang et al. (2018) and Djukem et al. (2024) for topographic amplification, 
were also used in this investigation to simulate seismic wave propagation as a function of 
preferred slope orientation involved by the fault focal mechanism). Similarly, Houqun et al. 
(2016) recommended after performing the statistical regression analysis of 154 horizon-
tal strong earthquake records with earthquake magnitudes recorded on the bedrock in the 
western United States during the years 1933–1994, to the use of near-site factors for seis-
mic motion acceleration ranging from 0 to 1.5 for a fault distance of 2.5–5 km, while com-
puting the PGA. Therefore, considering the fault focal mechanism (strike-slip, thrust and 
reverse faults), different factors ranging from 1.1 to 1.5 were assigned to the footwall (FW) 
and hanging wall (HW) in Luding, Taiwan, Lushan and Haiti (Fig. 4). The highest factor 
indicates that the evaluation factor is more favorable for the development of landslides and 
the lowest indicates that the probability of landslide development by this evaluation factor 
is lower.
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The seismogenic fault and epicentral distance maps were produced by digitizing the 
corresponding activated fault segments and/or epicenter points. The sources of the seismo-
genic faults and epicenters of the targeted seismic events are shown in the supplementary 
table (Table S2). The combined distances to both the epicenter and activated fault segment 
were computed using the Euclidean distance tool of ArcGIS 10.5. The resulting mean epi-
central distance map was calculated using the ArcGIS 10.5 raster calculator. Figures S10 
and S11, present the PGA maps, and amplified PGA, respectively.

In the Ambraseys’ PGA attenuation law, h is assimilated to a fictitious depth parameter 
rather different from the real focal depth of the earthquake. ℎ is typically proportional to 
the average depth of some type of earthquakes and also marks the focusing effect around 
faults: smaller values for shallower earthquake hypocenters, typically also for strike-slip 
faults with strong focusing of high PGA values near the fault rupture (Luding and Haiti 
events); larger values for high-magnitude events with fault rupturing over a wide range 
of depths (e.g. for Taiwan). It acts as a parameter to improve the equation’s performance 
in estimating strong ground motions. The following PGA attenuation factors of 3, 5, 9, 
and 6, have been assigned to Luding, Haiti, Taiwan, and Lushan events, respectively (Fig. 
S12). These values were chosen to better fit the ground motion data observed over a wide 
range of earthquake magnitudes and distances, based on the similarity of the shape of their 
curves to that of the PGA attenuation curves calculated using the laws of the original Huo 
and Hu (1992); Ambraseys et al. (1996); adapted Bindi et al. (2017) for magnitudes from 
M = 5 to 6.5 (Excel sheet provided as supplementary material).

Fig. 4   The computation flow chart of the PGA amplification coefficients: focal mechanism, preferred slope 
aspect, and topographic amplification. HW means hanging wall and FW means footwall. W, E, S, N, SS, 
and NS represent the west, east, south, north, south-south, and north–south directions
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3.5 � Assessing the predictive power of the site‑adaptable ND and Jin et al. (2019) 
models

We compared the predictive capabilities of our models with those calculated using the 
equation of Jin et al. (2019). For practical application, we evaluated the efficiency of ND 
models computed with both equations by calculating the proportion of landslide pixels 
(Eq. 13), within each ND category. Jibson et al. (2000), Djukem et al. (2024), and Li et al. 
(2024a, b) also used this method.

The first part of the formula indicates the likelihood of landslides occurring within that 
specific ND class. A higher value suggests that a large proportion of pixels in that class 
are associated with landslides. The second part of the formula serves to normalize values. 
This accounts for differences in the overall number of pixels across all classes, allowing for 
a more balanced comparison. First the landslide polygons were converted to raster in the 
ArcMap 10.6 interface. Initially, the operation failed due to a mix-up in some polygons. 
This was likely caused by the automatic extraction of the landslides. We checked invento-
ries to eliminate and/or modify incorrect and unreliable polygons.

4 � Results

4.1 � Variation of slope displacement in each region

Jibson and Keefer (1993), Wang et al. (2014), and Cui et al. (2019) suggested that the slope 
displacement is initiated at ND threshold values between 5 and 10 cm. The ND models are 
therefore categorized into the following six classes: ND < 0.5, 0.5–2, 2–10, 10–25, 25–80, 
and ND ≥ 80 cm.

4.1.1 � Predicted displacement for Haiti 2010 and 2021 events

The final ND models for Haiti takes into account: the hanging wall effect of the Léogâne 
blind thrust and Enriquillo-Plantain Garden strike-slip faults; amplified curvature; rough-
ness; wetness index; mean distance to 2010 and 2021 epicenters and activated fault seg-
ments. For the SAND models, the predicted displacements range between 0–155 cm for 
Haiti 2010, and 0–126 cm for Haiti 2021. High displacement values are observed both at 
near and far-fault sites. The ND values decrease with distance from the epicenter for Haiti 
2021. Landslides are dominant in the ND classes with displacement greater than 10 cm for 
both Haiti 2021 and 2010 (Figs. 5 and 6). However, the J19 models predicted displacement 
values vary between 0 and > 500 m for both Haiti 2010 and 2021. Very high displacements 
(≥ 80 cm) are observed all over the target area, even very far away from the 2010 and 2021 
activated fault segments. This is marked by the predominance of the red and orange colors 
(Fig. 6C and D).

The sites displaying high ND values are precisely areas of high probability of slope 
failures. The spatial distribution of the highest SAND values for the Haiti 2021 ND 
model, almost perfectly delineate the actual landslide areas (Fig. 5A and B). Regardless 

(13)Curvevalue =
Nb of land slide pixels in ND classi

Nb of pixels of ND classi
×
Total land slide pixels

Total pixels of ND
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of the spatial distribution of the landslides, the J19 model of Haiti 2021 and 2010 shows 
ND ≥ 10 cm throughout the area. Considering Haiti 2010, landslides are also observed in 
areas with both low and high ND values (Fig. 6B and D) for both the SAND and J19 mod-
els. High displacement values are also observed far from the epicenter and the activated 
fault, in areas without landslides. However, for the SAND models, high displacements 

Fig. 5   Spatial distribution of ND values and the 2021 ETLs; A–B show most of the 2021 ETLs in areas 
with high ND values (2 to > 80 cm) in the ND model computed with the site-adaptable approach or SAND; 
C–D show the ND model computed with the Jin et al. (2019) equation or J19; the Enriquillo-Plantain Gar-
den fault activated segment is represented by the red line

Fig. 6   Spatial distribution of ND values and ETLs: A and B show most of the 2010 landslides in areas with 
low to moderate ND values (0.5–25 cm) computed with SAND; C–D show the ND model computed with 
J19; the Léogâne blind thrust fault activated segment is represented by the black line
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appear more concentrated near the first 10 km of the activated fault trace (Fig. 6B), while 
for the J19 models (Fig. 6D), very high displacements are observed throughout the area.

4.1.2 � Spatial distribution of ND and ETLs in Taiwan

The 1999 Chi Chi earthquake ND model considers the hanging wall effect of the thrust 
Chelungpu fault, along with the wetness coefficient; slope aspect; amplified curvature; 
roughness; and mean distance to the source (epicenters and fault). The predicted displace-
ments range from 0 to 108 cm for SAND, and 0 to ≥ 500 cm for J19. For SAND, the low 
ND values (0- 0.5 cm) are dominant on the eastern side of the Chelungpu fault, represent-
ing the footwall. This is also consistent with the absence of landslides. ND values ≥ 0.5 cm 
and landslides are dominant on the western side of the fault or hanging wall (Fig.  7A, 
B). The ND values decrease less rapidly with distance from the epicenter on the hang-
ing wall. Landslides are once dominant in the ND classes with displacement greater than 
10  cm. However, landslides are observed in areas with both low (gray, green, and light 
green) and high (yellow, orange, and red) ND values (Fig. 7B). However, similar to Haiti, 
the J19 models show very large displacements (≥ 80 cm) throughout the target area, even 
far from the activated fault segment, both on the hanging wall and the footwall. (Fig. 7C-
D). Regardless of the spatial distribution of the landslides, the J19 model of Taiwan 1999 
shows ND ≥ 10 cm throughout the area.

4.1.3 � Spatial distribution of ND and ETLs for Lushan 2013 and 2022 events

The Lushan 2013 and 2022 slope displacement models include the corresponding focal 
mechanism effects, curvature, roughness, wetness coefficient, and mean epicentral dis-
tance for the 2013 earthquake, but only the distance to the 2022 event epicenter. The dis-
placement values fluctuate between 0 and 103 cm for Lushan 2013 for SAND, and from 0 
to ≥ 500 cm for J19. The low SAND values (≤ 0.5 cm) are mostly observed on the eastern 
side of the Longmenshan fault zone, representing the footwall, where there are no land-
slides. SAND values ≥ 0.5 cm and landslides are dominant on the western side of the fault 
or hanging wall (Fig. 8B and D). On the hanging wall, the ND values decrease less rapidly 
as the distance from the activated fault and the epicenter increases, like Taiwan 1999.

Fig. 7   Spatial distribution of ND values and ETLs for 1999 Chi Chi earthquake in Taiwan. computed with 
SAND (A–B); C–D show the ND model computed with J19. The enlarged parts of the image (B and D) 
show most landslides in areas with ND ≥ 2 cm on the hanging wall for SAND and J19
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As in Haiti and Taiwan, the predicted displacements of the J19 models for Lushan 2013 
vary from 0 to > 500  m, and very high displacements (≥ 80  cm) are observed through-
out the target area, even far away from the activated fault segment (Fig. 8C, D). The J19 
model of Lushan 2013 is dominated by ND ≥ 10 cm throughout the region, whether on the 
hanging wall or the footwall, regardless of the spatial distribution of the landslide. For the 
Lushan 2022 event with the lowest magnitude of Mw5.9, the predicted displacements vary 
between 0 and 17 cm for SAND, and from 0 to ≥ 500 cm for J19. However, landslides once 
predominate in the ND categories with displacements greater than 10 cm using both equa-
tions. A similar landslide-displacement distribution was also the case in Taiwan and Haiti.

Fig. 8   Spatial distribution of ND values and ETLs for Lushan 2013 (A, B, C, D) and 2022 (E, F, G, H) 
earthquakes. The distribution of these landslides in areas with both low and moderate ND values for SAND 
(A, B, E and F), and for J19 (C, D, G, and H), is observed in the magnified parts of the pictures (B, F, D 
and H)

Fig. 9   Spatial distribution of ND values and ETLs for the Luding 2022 earthquake. Landslides are predom-
inant in areas with ND values ≥ 2 cm for SAND (A-B) as indicated by the light green, yellow, orange, and 
red colors in the enlarged parts of the image. For J19 landslides are predominant in areas with ND values 
and ≥ 10 cm for J19 (C-D)
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4.1.4 � Spatial distribution of ND and ETLs in Luding

The computed ND models take into account the left strike-slip mechanism of the Moxi 
fault segment; preferred slope orientation, amplified curvature; roughness; wetness index; 
and mean distance to the epicenter of the source. The predicted displacements range from 
0 to 169 cm for SAND (Fig. 9A, B), and from 0 to ≥ 500 cm for J19 (Fig. 9C, D). The ND 
values also decrease with distance from the fault and epicenter for SAND. Very high ND 
values (≥ 80 cm), indicated by the red color (Fig. 9A, B), are mostly observed on the west-
ern side of the left-lateral strike-slip Moxi fault segment. The distance over which displace-
ments greater than 0.5 cm extend is greater on the west side of the fault (Fig. 9B). There 
are also a few areas of high ND without landslides, and areas of low ND with landslides. 
Landslides are dominant in the ND classes on the western side of the activated fault, with 
displacement greater than 10 cm for Luding 2022.

Similarly, for Haiti, Taiwan, and Lushan, displacement values ≥ 80  cm are observed 
throughout the Luding area on both sides of the activated fault segment (Fig.  9D). The 
J19 model of Luding 2022 shows ND ≥ 10 cm throughout the area, regardless of the focal 
mechanism effect, the spatial distribution of landslides, and the preferred slope orientation.

4.2 � Predictive power of the SAND and J19 models in Haiti, Taiwan, Lushan 
and Luding

First, we present in Fig. 10A a general overview of the ETL prediction by comparing the 
total surface area (TSA) of landslides triggered by each of the analyzed earthquake events 
with the TSA of NDs larger than the common threshold of 2  cm computed by the two 
methods, SAND, and J19. The first are marked by green bars in Fig.  10A, the second, 
respectively by blue and red bars. This graph shows that logically the TSA for landslides 
roughly augments with increasing magnitude; the only exception is the Mw = 7.0 Haiti 
2010 event that triggered more than 20,000 landslides, but all being relatively small, and 
thus the related TSA is also smaller than the one observed for the Mw = 6.8 Luding event. 
The main reason is that the latter occurred in the middle of a mountain region, while the 
Haiti 2010 event occurred close to the sea and mostly affected hilly areas – a fact that had 
already been outlined by Havenith et al. (2022). Globally, the TSA of NDs larger than 2 cm 
computed by each of the two methods for the six events follow the same trend. Related 
TSA are however much larger, typically 50 to 100 times larger for the J19 method and 
about 6–50 times for SAND. This marks also the fact that for most events the 2 cm thresh-
old is probably too low, especially for the J19 method that systematically produces larger 
NDs than SAND as could already be observed from the maps presented above. Further-
more, below we will show that the landslide predictions provided in terms of ND calcula-
tions made with SAND are more specifically highlighting zones that were indeed affected 
by landslides during the respective events, also for larger ND classes.

For the presentation of related statistical results, the ND models are categorized into 
the following 7 classes: ND < 0.012, 0.012–0.25, 0.25–1.2, 1.2–6, 6–16, 16–50 and 
50–150 cm.

Figure 10B presents for both models the ratios of TSA of landslides per ND class nor-
malized by the TSA of all landslides divided by the TSA of the respective class normalized 
by the TSA of the all ND classes; in Fig. 10B related results are shown for the two events 
in Haiti (2010 and 2021), in Fig. 10C those for the two Lushan events (2013 and 2013) and 
in Fig. 10D those for the 2022 Luding and for the 1999 Taiwan earthquakes.
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All these graphs show that for both models (solid lines for SAND and dashed lines 
for J19), with increasing displacement, the proportion of landslides within each ND 
class increases almost gradually, except for the largest ND values computed by SAND 
for the Haiti 2010 event. In general, however, per ND class the proportion of landslides 
is clearly higher for SAND than for the J19 model, which is likely because J19 produces 
related ND values for much wider areas, which reduces the ‘density’ of predicted land-
slides in those areas. SAND thus appears as a more efficient model as more landslides 

Fig. 10   A Comparison of total surface areas (TSA) of landslides (green bars) triggered by each of the ana-
lyzed earthquake events (for increasing magnitudes, from left to right: Mw = 5.9 Lushan 2022–Lush22, 
Mw = 6.7 Lushan 2013 – Lush13, Mw = 6.8 Luding 2022 – Lud22, Mw = 7.0 Haiti 2010–Hai10, Mw = 7.2 
Haiti 2021–Hai21, Mw = 7.5 Taiwan 1999 – Tai99) with the TSA of NDs larger than 2 cm calculated for 
the respective event by using the SAND (blue bars) and the J19 (red bars) methods. (B, C, D) SAND and 
J19 predictive power curves: A, B, C proportion of landslide pixels normalized to the sum of all classes 
within each displacement category for the Haiti, Taiwan, Lushan and Luding earthquake-induced land-
slides. The curves from the SAND model are shown as solid lines, and the curves plotted with the J19 
results are shown as dashed lines
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are clustered within smaller areas of medium to high ND value classes (according to a 
type of efficiency as highlighted by Li et al. 2024a, b).

More specifically, slope failures appear to start when SAND values fluctuate between 
2 and 10  cm in Haiti, Taiwan, Lushan, and Luding (Fig.  10B-D, Tables S3 and S4); 
while those threshold values are typically higher for the J19 model. The lower threshold 
value of 2 cm is in accordance with the results obtained in the Betic Cordillera moun-
tainous zones by Rodríguez et al. (2014), and slightly different from the 5 to 10 cm sug-
gested by Jibson and Keefer (1993) and Cui et al. (2019), which would fit better for the 
J19 model.

It is also important to note that the Lushan 2022 event yields the lowest ND values with 
17 cm as maximum displacement (Fig. 10), which is due to the lower magnitude of the 
earthquake.

5 � Discussion or integration of results

In this section, we discuss various factors that affect the SAND and J19 methods effective-
ness in each region, including seismotectonic activity, model parameters, landslide specific 
features, hydrogeological, and geological conditions.

5.1 � Factors differentiating Haiti, Taiwan, Lushan and Luding earthquake events: 
influence on the ND

The maximum SAND values obtained can be classified from highest to lowest as fol-
lows: Mw = 6.7 Lushan 2013 (209 cm); Mw = 6.8 Luding (169 cm); Mw = 7.0 Haiti 2010 
(155 cm); Mw = 7.2 Haiti 2021 (126 cm); Mw = 7.5 Taiwan 1999 (108 cm) and Mw = 5.9 
Lushan 2022 (17 cm). For J19, the maximum NDs values in these regions are even higher 
(> 500 cm).

The predicted SAND efficiency assessment shows that 33 to 85% of landslides inven-
toried during Haiti (2010 and 2022), Lushan 2013, Luding 2022 and Taiwan 1999, 
occurred in areas with a high probability of slope failure considering both the displace-
ment thresholds of 2 cm (Table 2). For Lushan 2022, only 8% of the landslides were cap-
tured by the SAND model using the same thresholds. This can be mainly explained by the 

Table 2   Proportion of landslides predicted per region by the SAND and J19 models, considering 2 cm as 
thresholds

Models Haiti 2021 Haiti 2010 Lushan 
2013

Lushan 
2022

New 
Lushan 
2022

Taiwan 
1999

Luding 
2022

Luding 
2022

Cumulative proportion (in %) of landslides for ND classes >  = 2 cm, normalized with respect to total 
number of landslides

SAND 91 45 70 8 87 56 80 80
J19 99 92 94 91 91 93 91 91
Cumulative proportion (in %) of landslides normalized with respect to size of region marked by 

ND >  = 2 cm
SAND 12 15 3 2 2 3 11 11
J19 1 2 1 0 0 1 1 1
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lower magnitude (Mw 5.9) of this earthquake, which was not sufficient to generate strong 
motions. The landslides, despite the earthquake’s weak magnitude, could be due to slope 
material weakened by the 2008 Wenchuan and 2013 Lushan earthquakes, and the heavy 
rainfall recorded around the 2022 event (Du et al. 2023; Tang et al. 2023). Each of these 
regions also has some specific features that could affect the predictive capabilities of ND 
models as highlighted below.

The SAND threshold displacement from 0 to 10 cm plays a crucial role in shaping 
landslide risk management strategies by informing key decision-making areas:

1.	 Risk assessment and early warning: the threshold helps define criteria for triggering 
alerts, supporting timely evacuation and protective measures in high-risk zones.

2.	 Resource prioritization: areas with higher predicted displacements can be prioritized 
for inspection and mitigation efforts, ensuring efficient allocation of resources.

3.	 Engineering considerations: understanding expected displacement aids in designing 
mitigation structures, such as retaining walls and drainage systems, to enhance slope 
stability.

4.	 Long-term monitoring and adaptation: continuous assessment of threshold variability 
supports improvements in predictive models and adaptive risk management strategies.

While SAND offers a useful tool for landslide risk management, its application 
should be complemented with field observations and additional geotechnical analyses 
to ensure robust decision-making.

5.1.1 � Influence of the seismic related factors: pre‑event seismicity, focal mechanism, 
fault geometry, and aftershocks on slope displacement

During earthquakes landslides occur more often in rocks or sediments weakened by 
previous climatic or seismic events and in the neighborhood of wide fault zones. For 
instance, the 2013 and 2022 Lushan earthquakes occurred only several tens of kilom-
eters in the southwest of the epicenter of the Wenchuan earthquake, in an area where 
continuous strong earthquakes have weakened the solid-rock materials of the slopes. 
These materials presented loose and fractured structures with a high probability of 
landslide occurrence prior to the 2013 earthquake, as highlighted by Du et al. (2023). 
In addition, the 2022 Lushan Mw 5.9 earthquake occurred in the aftershock zone of 
the 2013 Lushan and the 2008 Mw = 7.9 Wenchuan earthquakes, causing more land-
slides than expected (Chen et al. 2013; Gao et al. 2014; Tang et al. 2023). The pres-
ence or absence of a surface rupture along the activated fault also affects slope failures. 
Surface ruptures often coincide with areas of stronger shaking, which can increase the 
likelihood of landslides. However, this is not always the case. In some instances, shak-
ing intensity near a surface rupture may be lower, as seen near a 10-m-high scarp that 
appeared during the 2008 Wenchuan earthquake in Beichuan, where a nearby house 
experienced relatively mild shaking despite its proximity to the rupture. The energy 
released by a fault rupture increases the pressure on nearby faults, which can lead to 
future earthquakes of varying magnitudes (Richardson and Marone 2008; Dong and 
Luo 2022). Among the studied events, the Mw = 6.8 Luding 2022 and the Mw = 7.5 
Taiwan 1999 earthquake generated the largest surface ruptures, of several tens of 
kilometers of length. Highest landslide densities could thus be observed near surface 
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ruptures (see e.g. the 2022 Luding event) or outcrops of activated fault segments (Haiti 
2021 event) that are in mountain regions. The Lushan and Taiwan earthquakes further 
confirm that higher landslide densities are observed in the hanging wall parts of acti-
vated thrust faults, as previously outlined for the 2008 Wenchuan earthquake (Gorum 
et al. 2011; Fan et al. 2018).

5.1.2 � Influence of model parameters and specific landslide features

The parameters used to design ND models determine their ability to predict slope fail-
ures. The SAND models computed in this work are suitable for the prediction of shallow 
slides with a depth of 5 m. The proportion of landslides was found to increase with ND 
values in Haiti, Lushan, Luding, and Taiwan. Moreover, in the Luding region, the high-
est proportion of landslides (22%) occurred in the class with the highest ND ≥ 80 cm. 
This percentage is significantly higher than the 19% and 3% predicted by the best ND 
scenarios for shallow landslides previously calculated by Djukem et  al. (2024). These 
authors used the equations developed by Miles and Ho (1999) and Jin et al. (2018) incor-
porating topographic and slope orientation amplifications in their analysis (Fig. 11A).

The spatial distribution pattern of ETLs is also of great importance as highlighted by 
Djukem et al. (2024). The Luding 2022 triggered mostly shallow, small-sized, and high-
altitude initiation landslides (1000–2500 m). The initiation of movement or detachment 
zone, whether from the summits or mid-slopes, has an impact on the effectiveness of the 
ND models. ETLs triggered in Haiti, Taiwan, Lushan and Luding presented different 
patterns. The Luding landslides were predominantly found on steep slopes of 30°–50°. 
They were also preferentially distributed in the E-, SE-, and S-facing slopes as pointed 
out by (Djukem et al. 2024). These landslides were mainly located in the southeastern 
area of the epicenter (Dai et al. 2023; Guo et al. 2024).

The 2022 Lushan earthquake triggered mostly shallow, disrupted landslides and rock 
falls, at higher elevations (1000–1600 m) and steeper slopes (30°–50°) than the land-
slides triggered by the 2008 Wenchuan and 2013 Lushan earthquakes (Zhao et al. 2022). 
These landslides appear to be initiated in high-altitude and steep-slope areas. The clus-
tering of small landslides on the ridges indicates the seismic amplification effects (Shao 
et al. 2022a).

Fig. 11   A Predictive power of models obtained with SAND, Jin et  al. (2019), and previous ND models 
computed by Djukem et al. (2024) using the Miles and Ho (1999) and Jin et al. (2018) equations to predict 
the 2022 Luding ETLs. B New ND model for Lushan 2022 computed using SAND, but reducing the FS in 
all areas affected by the 2013 Lushan earthquake
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Moreover, the flexibility of the SAND approach allows to improve the prediction 
of the 2022 Lushan from 8% to > 80% in cumulative >  = 2 cm. This improvement was 
achieved by incorporating the focal mechanism for calculating the PGA (as many land-
slides occurred quite far from the epicenter on the hanging wall side) and reducing the 
FS in all areas affected by the 2013 Lushan earthquake (see the New Lushan 2022 in 
Table 2 and Fig. 11B).

5.1.3 � Influence of hydrogeological conditions

The climate through dry and wet seasons, and extreme meteorological events such as 
typhoons, hurricanes influence the hydrogeological conditions of the sites and conse-
quently the water content of the materials (Lin et al. 2008; Chen and Hawkins 2009). These 
conditions are determinant for the types, sizes, and even the initiation zones of coseismic 
landslides.

Likewise, the effect of the 2010 Haiti earthquake may also have been slightly increased 
due to some climatic forcing such as the 2004 tropical storm Jeanne and nearby 2008 hur-
ricanes (Fay, Gustav, Hanna, and Ike) as mentioned by Gorum et  al. (2013). Still, com-
pared to the 2010 earthquake, even much larger landslides were triggered by the 2021 
Haiti earthquake within a wider area. The more extensive 2021 landslide activity could be 
explained by the larger magnitude of the event and by the impacts of recent hurricanes that 
had directly crossed the epicentral region of the 2021 event: ‘Matthew’ in October 2016 
and ‘Grace’ just two days after the main shock (Calais et al. 2022; Havenith et al. 2022). 
Similarly, Chen and Hawkins (2009) also concluded from their study of the 1999 Chi-Chi 
ETLs that typhoon Herb (1996) may almost have doubled the surface area of landslides 
caused by the earthquake.

Moreover, on May 6, 2022, Lushan, located in Ya’an City, experienced continuous rain-
fall, reaching a cumulative value of 330 mm on June 5. In addition, 3 min after this earth-
quake, Baoxing County in the same city experienced a second earthquake with a magni-
tude of 4.5 (Du et al. 2023). These factors may have amplified the effects of the Lushan 
Mw 5.9 earthquake on June 1.

5.2 � Limitations of existing ND and SAND models

5.2.1 � Limitations of existing ND equations

Existing ND equations mainly rely on seismic and geotechnical parameters like PGA and 
Ac, often neglecting key factors such as fault rupture type, directivity effects, and seismo-
genic zone depth (Wang et al. 2014). Many models, including J18, fail to account for IA 
attenuation with distance, overemphasizing slope stability and leading to overestimated 
ND values in distant regions where landslides do not occur (Djukem et  al. 2024). This 
results in poor spatial predictions, particularly for earthquakes with concentrated landslides 
near the epicenter, such as the Luding earthquake. Additionally, ND models often over-
look topographic amplification and hydrological influences, which can intensify ground 
shaking or weaken soil stability (Chen and Hawkins 2009; Gorum et al. 2013; Havenith 
et al. 2022). Their reliability is further impacted by incomplete landslide inventories due 
to remote sensing limitations, survey constraints, and inconsistent documentation, lead-
ing to biased statistical correlations and inconsistent coefficients (Hussain et  al. 2023). 
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Moreover, most ND equations lack a mechanistic basis, limiting their applicability across 
diverse environments. Models developed in humid, tectonically active regions like Taiwan 
and Japan may not hold in arid areas like Iran and North Africa (Notti et al. 2023). Simi-
larly, equations calibrated for moderate-magnitude earthquakes (Mw 5.5–6.5) may fail for 
larger events (Mw > 7), where different triggering mechanisms dominate. Without a solid 
physical framework, these ND equations often struggle to generalize beyond the specific 
datasets.

5.2.2 �  Limitations of the SAND models

As with many other predictive models, the reliability of the site-adaptive ND model is 
highly dependent on the quality of the data available for computation and the landslide cat-
alog used for validation. The geomechanical data used in this study are averages from liter-
ature rather than from laboratory experiments. Therefore, there may be uncertainties in the 
predicted slope displacement. Also, automatic extraction by remote sensing can compro-
mise the quality of landslide catalogs used for the validation as previously noticed by Xu 
et al. (2014); Marc and Hovius (2015); and Valagussa et al. (2019). In addition, except for 
Luding, the site-adaptable ND and J19 models developed for Haiti, Lushan and Taiwan are 
not easily comparable to existing models because previous models were often focused only 
a small portion of the areas affected by ETLs. Furthermore, previous ND models imple-
mented in Haiti, Taiwan, and Lushan used empirical equations and/or different geomechan-
ical and geoenvironmental factors (Wang and Lin 2010; Yuan et al. 2016; Jin et al. 2018). 
Also, the assumption of a quadratic relationship between ND and PGA, and a non-linear 
relationship between ND and Ac may lead to some misrepresentation, as different regions 
may exhibit more complex responses to seismic inputs. Therefore, for future work, we will 
consider refining the SAND approach based on larger and more diverse datasets. Moreover, 
a comprehensive sensitivity analysis of SAND parameters will be carried out to quantify 
the influence of key input variables, such as PGA and Ac, on ND predictions. This will 
enhance the model’s reliability and applicability across diverse seismic and geoenviron-
mental conditions.

6 � Conclusions

At present, there is no universally recognized ND equation for predicting ETLs on a 
regional scale. We examine the effectiveness of ND models in different tectonic environ-
ments and identify why certain values of the ND equation coefficients work better in some 
places than in others. The affected regions in Haiti, Taiwan, Luding, and Lushan present 
different geological, geomorphological, seismotectonic, and structural characteristics that 
have not been considered in previous ND models. Moreover, the ND equations obtained 
by statistical regression on data from several seismic stations only provides a general over-
view. They are not sufficient for a detailed understanding of the interactions between seis-
mic waves and the specific conditions of individual sites. We propose a site-adaptable ND 
approach (SAND) accounting for region- and site-specific factors including seismotectonic 
and climatic conditions, soil-rock properties, hydrogeology, topography, as well as pre-
event slope weakening, to predict shallow landslide displacements across various tectonic 
environments. The predictive power of the resulting SAND models was compared with 
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that of the statistically derived ND based on PGA proposed by Jin et al. (2019). The SAND 
models showed higher predictive performance than the J19 models in Haiti, Lushan, Lud-
ing, and Taiwan. The J19 equation, which is considered representative of the statistically 
derived ND equations, may require additional calibration or adaptation for specific tectonic 
environments. This study suggests that the varying effectiveness of ND equations across 
regions is likely due to previously unconsidered factors that are unique for each area, par-
ticularly changes in pre-event conditions. The advantage of this method compared to other 
classical statistical methods is that this process-based technique allows us to make those 
predictions without any calibration by a landslide inventory, which is typically not avail-
able before several weeks after the main shock.
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