
1 
 

Modeling the combined effects of the 2023 Türkiye-Syria 
Earthquake and an Atmospheric River event on landslide hazard 
Hunter N. Jimenez1, Erkan Istanbulluoglu1, Tolga Gorum2, Thomas A. Stanley3, Pukar M. Amatya3, 
Hakan Tanyas4, Mehmet C. Demirel5, Aykut Akgun6, Deniz Bozkurt7 
1Civil and Environmental Engineering Department, University of Washington, Seattle, WA, USA 5 
2Eurasia Institute of Earth Sciences, Istanbul Technical University, Istanbul, Türkiye 
3NASA Goddard Space Flight Center, Greenbelt, MD, USA 
4Faculty of Geo-information Science and Earth Observation (ITC), University of Twente, Enschede, The Netherlands 
5Civil Engineering Department, Istanbul Technical University, Istanbul, Türkiye 
6Geological Engineering Department, Karadeniz Technical University, Trabzon, Türkiye 10 
7Department of Meteorology, University of Valparaíso, Valparaíso, Chile 

Correspondence to: Hunter N. Jimenez (hunterjimenez@outlook.com) 

Abstract. This study investigates the landslide hazards resulting from the compound effects of the February 6, 2023 

Türkiye-Syria earthquakes and a subsequent atmospheric river (AR) event that delivered up to 183 mm of rainfall across the 

earthquake-impacted region. Using the open-source Landlab modeling toolkit, we integrate global satellite datasets to 15 

simulate shallow landslide hazard at a regional scale. Our landslide hazard model incorporates earthquake legacy effects, a 

seismic driver accounting for post-seismic hillslope weakening, and rainfall drivers into a probabilistic implementation of the 

infinite slope stability theorem through a Monte Carlo approach. Model validation using landslide inventories and satellite-

derived surface change metrics confirms improved performance for rainfall-driven landslide hazards when legacy effects are 

included. The legacy model reveals an approximately 13° reduction in critical slope angle and identifies high-hazard zones 20 

consistent with observed and inferred failures. Additionally, we analyze how the sequence of extreme seismic and rainfall 

events influences landslide hazard. We find that the scenario where the AR event precedes the earthquakes produces the 

greatest hazard, with median critical slopes up to 7° lower than other models in high-probability bins (probability of failure, 

P(F) > 0.6) and nearly double the number of grid cells exceeding P(F) > 0.8 compared to the next closest scenario. We 

demonstrate how using historical extreme rainfall records can effectively replicate post-seismic landslide hazard maps that 25 

use real-time data, offering a rapid approach for hazard forecasting in tectonically active and climate-sensitive regions. 

1 Introduction 

Ground shaking from strong earthquakes can trigger coseismic landslides, often concentrated on steep slopes and near 

hillcrests where shaking is amplified by topography (Meunier et al., 2008; Meunier et al., 2013; Marc et al., 2016). 

Coseismic landslides mark the beginning of a chain of cascading earthquake hazards (CEHs), including debris flows, 30 
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mudflows, and sedimentation in streams. Landscapes may remain susceptible to such secondary earthquake hazards for 

months and even years after the initial seismic event (Fan et al., 2019).  

 

A key element of CEH is the continued supply of sediment from hillslopes after the major shocks. Following earthquakes, 

hillsides become more susceptible to landslides due to a combination of factors such as topographic change, soil/rock 35 

fractures, damage to vegetation, and changes in soil hydrologic properties (Leshchinsky et al., 2021; Xi et al., 2024; Brain et 

al., 2017). Such “earthquake legacy” effects often lead to a reduction in rainfall thresholds for landslide initiation, resulting 

in higher landslide rates during the post-seismic period compared to the pre-seismic phase (Lin et al., 2004; Zhang and 

Zhang, 2017). These high landslide rates persist over varying time windows, ranging from months to years, depending on 

seismic, climatic, and topographic conditions, as well as the amount of loose coseismic landslide deposits exposed by a 40 

given earthquake. (Tanyas et al., 2021a). Elevated landslide rates and sediment exports are generally high in regions with 

high topographic relief, seasonally varying rainfall, and substantial coseismic deposits (Fan et al., 2019; Tanyaş et al., 

2021b). Conversely, extreme rainfall can shorten the period during which the landscape experiences elevated 

susceptibility by rapidly exporting large amounts of sediments from the earthquake-affected zone (Lenti & Martino, 2013; 

Brain et al., 2021; Brain et al., 2017).  45 

 

Many examples of CEHs have been reported in the literature. For example, monsoon rainfalls following the 2015 Gorkha 

earthquakes produced more landslides than similar rainfalls in the pre-seismic period (Jones et al., 2021; Kincey et al., 2023; 

Burrows et al., 2023). After the Chi-Chi earthquake in Taiwan, sediment yields peaked above five times the background 

rates, gradually returning to pre-earthquake levels in six years (Hovius et al., 2011). A decade after the 2008 Wenchuan 50 

earthquake, which had a long recovery period due to large amounts of coseismic deposits, about 88% of the deposits 

remained on hillsides (Francis et al., 2022; Tanyaş et al., 2021a).  

 

As part of CEH, we can also consider flooding, as coseismic deposits may exacerbate flood hazards. Two years after the 

2008 Wenchuan earthquake, heavy rainfall remobilized sediments accumulated from coseismic landslides in the foothills 55 

and mountain terraces. Aggradation of these sediments in river channels reduced the conveyance capacity of rivers, causing 

extensive flooding hazards (Hairong et al., 2017; Huang & Fan, 2013; Liu & Yang, 2015).  

 

Some extreme combinations of these factors converged in the aftermath of the Feb 6th 2023 Turkiye-Syria earthquake 

doublet (Mw 7.8 and Mw 7.5) along the East Anatolian Fault Zone (Fig. 1). This earthquake triggered more than 3,600 60 

coseismic landslides (Görüm et al., 2023). On March 14-15 2023, a rare atmospheric river event caused extreme rainfall in 

the central part of the earthquake-impacted region, bringing up to 183 mm rain over two days at some locations (Görüm et 

al., 2025). Extreme rainfall triggered more landslides and debris flows in the source areas, and flooding in downstream 
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communities, causing a major disruption in earthquake recovery efforts, damage to temporary shelters, and life loss (Görüm 

et al., 2025). 65 

 

 
Figure 1: USGS ShakeMap raster composition which consists of PGA resulting from the two major earthquakes of magnitude Mw 
7.8 and Mw 7.5 (exclusive of aftershocks) occurring along the East Anatolian fault zone. The coseismic landslide inventory, 
marked by red circles, is provided by Gorum et al. (2023), while the active faults, indicated by white lines, are mapped by Emre et 70 
al., (2013). 

 

 
Figure 2: USGS a) NASA’s Integrated Multi-satellitE Retrievals for GPM (IMERG) precipitation estimates for March 10-16 2023. 
This is the initial peak of the atmospheric river event that swept through the central part of the earthquake impacted area, 75 
delivering up to 146.4 mm of rainfall over a 7-day span. Photos captured within the town of Tut illustrate the landscape effects of 
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(b) coseismic driven crown cracking and landsliding and (c) post-seismic storm-driven sedimentation and debris flow (Görüm et 
al., 2025). Tut and Askerhan sites, where post-seismic landslides were reported, are selected for model validation.  

 

Many earthquake-prone mountainous regions are also increasingly vulnerable to extreme climatic drivers such as intense 80 

rainfall, monsoons, or AR. In Türkiye, the frequency and intensity of atmospheric rivers have increased in recent decades 

specifically during the cold season, particularly in late winter and early spring when snowmelt conditions prevail and soils 

are already saturated, heightening the risk of runoff-induced hazards (Bozkurt et al. 2021; Görüm et al., 2025). This pattern 

is not unique to Türkiye - globally, regions like the Pacific coast of the United States, which also face similar seismic 

hazards, are projected to experience higher AR intensity and frequency (Warner et al., 2015; Wang et al. 2023). Yet, 85 

forecasting secondary cascading hazards like post-earthquake landslides remains absent from most earthquake hazard 

protocols. Although models have begun to link seismic and hydrologic drivers of landslides, they remain limited to research 

applications in small-scale or case-specific settings (van den Bout et al., 2022; Chen et al., 2023). There is a need to develop 

regional scalable models that can be rapidly deployed to proactively map landslide hazards resulting from compound effects 

of seismic and weather extremes.  90 

 

In this research we formulate such a modeling approach for shallow landslides, and address two main questions First, how 

can we develop post-seismic landslide hazard maps at regional scales using global data products? Second, how can we 

model the potential severity of compound seismic and climatic drivers on landslide hazards?  

 95 

These questions are addressed in the northeastern portion of the earthquake-impacted areas in Turkiye (Fig 2), using the 

open-source Landlab earth surface modeling framework (Hobley et al., 2017).  Global satellite-derived products for rainfall 

and soil moisture, gridded soil and vegetation parameters are used to inform Landlab. The use of global datasets enables 

model deployment in data-scarce or rapid-response settings, where local ground measurements may be unavailable. 

Earthquake legacy effects in lowering rainfall thresholds for landsliding is incorporated with an empirical model, which was 100 

developed based on post-seismic rainfall-driven landslide observations from the literature (Xi et al., 2024). 

 

This study includes three groups of analyses based on model parameterizations from gridded soil, vegetation, seismic, 

lithologic data sets for the region reported in Fig. 2. First, we illustrate the modeled hydrologic response to the March 15 AR 

event and map post-seismic landslide probability with and without the incorporation of the earthquake legacy effects. These 105 

maps are corroborated with observational evidence. Second, we analyze how sequences of extreme seismic and rainfall 

events influence landslide susceptibility and hazard mapping, highlighting the amplified instability of combined drivers. 

Finally, we illustrate our method for mapping post-seismic secondary landslide hazards using major storm events (return 

periods of 5 years or above) from historical IMERG data along with earthquake legacy, which can be adapted in earthquake-

prone areas to enhance disaster preparedness. By relying on historical extremes rather than real-time rainfall observations, 110 
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this approach enables proactive identification of high-risk zones before storms occur, supporting early warning and 

mitigation efforts. 

2 Study site and event context 

The model is applied to a study area in the north-central and eastern parts of the earthquake-impacted area, covering the 

towns of Tut, Adiyaman and Sanliurfa that were impacted from the extreme rainfall event on March 14-16 exacerbated by an 115 

AR (Fig. 2). The mountains in the northern part of the study domain mark the highest elevations within the earthquake 

region, and deliver sediment to the tributaries of the Euphrates River and the Atatürk Dam Reservoir. These physiographic 

differences are accompanied by considerable climatic variability across the region. 

 

Climate varies over the earthquake-impacted region, from cold and arid in the north to temperate in the south (Fig. 1). 120 

Coastal mountains in the south can get annual precipitation as high as 1,200 mm where elevations rapidly rise to 1,700 m. 

The dry season is from June through September, during which the region overall receives <10 mm per month of rainfall. 

Consistent with this precipitation gradient, vegetation cover changes from evergreen-mixed forests in the south to seasonal 

grassland and desert shrubs (i.e., rangeland) to the north of the earthquake impacted area. In our modeling domain, annual 

precipitation is ~700 mm around Kahramanmaras and Adiyaman, and less than 400 mm in Malatya.  125 

 

This region presents a rare instance of a powerful seismic event followed by an AR. The earthquakes (Mw 7.8 and Mw 7.5, 

9-hours apart) occurred on nearly vertical strike-slip faults, impacting an area of >90,000 km2 at peak ground acceleration 

(PGA) up to 1.06 g. On different fault segments surface rupture of the earthquake caused vertical offsets in the 0.5m – 1.7m 

range, and horizontal ground offsets in the 3.4 m to 6.7 m range (Meng et al., 2024).   130 

 

Roughly 15% of the region has local slopes greater than 20o. Combined with steep topography and relatively wet conditions, 

the earthquake sequence triggered more than 3,600 coseismic landslides (Fig. 1) mapped and described by Gorum et al. 

(2023). Based on their observations, most coseismic landslides consisted of hillside colluvium and rock, including rotational 

slumps, whereas pure rock falls were observed on steep slopes and near hill crests. More than 70% of landslides occurred 135 

within a 10 km (20 km)-wide zone around the faults. Except for some slow-moving slides, landslides were found in 20o-45o 

slopes and the PGA range of 0.2-0.7. With respect to aspect, landslides were more frequent on southeast- and southwest-

facing slopes compared to northern aspects, while the aspect distribution of the landscape is only slightly skewed toward the 

south. Many landslides were also triggered by surface rupture that crossed through the mountainous terrain, mostly in the 

north (mountains of Kahramanmaras, Adiyaman) within our modeling domain (Fig. 2) and formed many pervasive tension 140 

cracks along the rupture zones. These cracks make the landscape susceptible to future post-seismic landslides, mostly along 

limestone units (Gorum et al., 2023). 
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We selected subcatchments in Tut and Askerhan for model validation due to documented landslides during both coseismic 

and postseismic periods (Görüm et al., 2025; Fig. 2). The Tut subcatchment was selected because it received the highest 145 

rainfall from the March 14-15 AR event, which was steered toward the earthquake-affected region by prevailing atmospheric 

circulation patterns (Görüm et al., 2025). Hillslopes in this region were already substantially more prone to failure due to 

ground disturbance from the earthquake sequence. The Askerhan subcatchment, located between the Çat Dam and the 

Atatürk Reservoir, experienced strong ground motion from a ruptured fault line running through its center (Fig. 2), which 

would amplify the legacy effects of the earthquake. Together, these two subcatchments contain nearly 46% of the observed 150 

coseismic landslide inventory within the study domain (a total of 1,087 mapped landslides). The Tut and Askerhan 

subcatchments are not closed watersheds, with both channel networks expanding to the northeast of their respective locations 

(Fig. 2). 

3 Methods 

In this research, we used the Landlab earth surface modeling toolkit to model landslide risk with climatic and seismic 155 

drivers. Landlab is an open-source, Python-based framework that provides flexible model customization and coupling 

(Barnhart et al., 2020; Hobley et al., 2017) for earth surface and near surface processes. Landlab offers grid class objects 

(called ModelGrid) and a suite of pre-built process modeling components. Landlab utilities are used to handle data creation, 

management, and interoperability among process components. Spatial data from external sources and modeled state 

variables can be attached to the elements of a grid (e.g., node, edge) as Landlab data fields. Components are coupled by 160 

writing a Landlab “model driver” Python script. The model driver developed for this study couples soil moisture and 

landslide probability components of Landlab with some limited adaptation described in this section. The model driver and 

data for a sample model run is available in the data section. 

 

In this study we used the RasterModelGrid object of Landlab to store and use the Digital Elevation Model (DEM), and 165 

hydrologic and geotechnical parameters related to soil and vegetation, obtained from the global gridded data sources 

described in section 4. A soil water balance model is developed by combining Landlab’s Radiation, 

PotentialEvapotranspiration, and SoilMoisture components. This model is used to calculate daily water balance and obtain 

recharge for a 7-day period, composed of 5 days before and 2 days after the peak daily rainfall within a storm event. Local 

recharge (r) calculated at each mode element is routed downstream to estimate an upslope-average recharge rate, R, which is 170 

used in the LandslideProbability component as described below. Note that all model components of Landlab use compound 

words with capitalized first letters of each word.  
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3.1 Landslide hazard model 

In this study, we delineate landslide hazard with shallow landslide probability for a given rainfall event or seismic activity. 

For this purpose, we describe the various uses of the probabilistic application of the infinite slope stability model in Landlab 175 

in the following order: 1) Landlab LandslideProbability component and its implementation for rainfall-driven, post-seismic 

landslides under the influence of earthquake legacy; 2) probabilistic modeling of coseismic landslides given wetter soil 

conditions, representing the case which an extreme rainfall event precedes a powerful earthquake. Models are run at a 90 m 

grid resolution to make a regional application computationally feasible. However, to incorporate local slope variability 

within grid cells, we resample a 30 m slope grid to the model resolution using the min, median, and max values within each 180 

90 m cell to parameterize the triangular distribution. This method is preferred to retain distributed information on slopes, 

which is critical for landslide initiation in this regional application. 

3.1.1 LandslideProbability component 

For the probabilistic modeling of rainfall-driven post-seismic landslides we used the Landlab’s landslide probability 

component. This component is based on a Monte Carlo solution of the infinite slope stability equation derived from the 185 

Mohr-Coulomb failure law. The infinite slope stability equation predicts the factor-of-safety (FS) of an infinite plane from 

the ratio of the stabilizing forces of cohesion and friction to the destabilizing forces of gravity and pore water pressure 

(Hammond et al., 1992; Wu and Sidle, 1995). This model allows the calculation of factor-of-safety as follows (Pack et al., 

1998): 

FS = 	 !
∗
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where Ct is combined cohesion for root, Cr, and hillslope materials (soil and rock) Cs (Pa) such that Ct = Cr + Cs; hs is the 

perpendicular depth of soil over the bedrock or the failure plane (m); rs and rw are saturated soil bulk density and water 

density (kg m-1), g is the acceleration due to gravity (m s-2), a is the slope angle of the ground, and f is the internal friction 195 

angle. C*  is the dimensionless cohesion representing the relative contribution of geologic cohesive forces to slope stability 

(Pack et al., 1998). Rw represents the local relative wetness, defined as the ratio of subsurface flow depth, flowing parallel to 

the surface, to soil thickness. Rw follows the simple kinematic-wave representation of steady-state subsurface flow following 

TOPMODEL (Beven and Kirby, 1979). R is upslope averaged recharge at each model element calculated as R = (D lc a-1), 

where the product of local recharge (D, m d-1) and cell length (lc, m) are summed for the cells upslope of specific catchment 200 

area (a, m). Surface water is routed using an 8-direction flow director, allowing excess surface water to move downslope to 
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adjacent cells (Baum et al., 2002). Tsina is the subsurface flow capacity of the soil layer. In this equation, T represents soil 

transmissivity (i.e., depth integrated hydraulic conductivity, m2 d-1) and is derived as the product of the soil saturated 

hydraulic conductivity (Ks) and hs for each cell (Strauch et al., 2018). When uncertainty is introduced in the soil and 

hydrologic parameters of this equation, probability of slope failures is: 205 

P(FS ≤ 1) = ∫ 𝑓(𝐹𝑆)𝑑𝐹𝑆;<=0
>                        (2) 

Landlab uses a Monte Carlo approach to calculate landslide probability at each model element by sampling stochastic model 

parameters, Ct, f, hs, and T from their respective triangular distributions, and R from the log-normal distribution, 

parameterized for each model grid cell. Gridded soil, lithology, and vegetation data products are utilized to infer the mode 

parameters of the triangular distribution for Ct, Cs, hs, and T. The triangular distributions of hs, Ks, and T are assumed to be 210 

left-skewed distributions commonly observed for these soil features, with ranges derived from previous literature (e.g., 

Hammond et al., 1992). In contrast, minimum and maximum f were calculated to generate right-skewed triangular 

distributions (e.g., Table 5.5 in Hammond et al., 1992, and Table 5.2 in Selby, 1993).  

 

All probability distributions used in the Monte Carlo model are parameterized locally at each grid cell. For recharge, we use 215 

the log-normal distribution, where the local mean and standard deviation are taken as R and 30% of R, respectively. To 

parameterize Ct, we first identified the min, max, and mode values for Cr, as well as the mode value of Cs, from previous 

literature (Strauch et al., 2018; Xi et al., 2024). Triangular distribution parameters for Ct are obtained using ±30% of the 

mode Cs values: 70% of the mode Cs was added to the min Cr and 130% of the mode Cs was added to the max Cr. Triangular 

distribution parameters for local slope are obtained from 30 m grid cells contained within a 90 m resampled grid.  220 

 

In the Monte Carlo solution of landslide probability we used 2500 iterations (N), which is more than the sufficient range of 

700 (Malkawi et al., 2000) to > 1200 (Abbaszadeh et al., 2011) found in previous literature. This method generates unique 

model parameters chosen from a triangular distribution of the random variables at each node of the model cell and calculates 

relative wetness (Eq. 1c) and FS (Eq. 1a) for each iteration. P(FS £ 1) is then calculated as the ratio of number of times FS is 225 

less than or equal to 1, n(FS £ 1), to the total number of iterations, N.  

3.2 Earthquake legacy effects and Newmark analysis 

Earthquakes influence landslides through two mechanisms: seismic shaking that immediately triggers failure and post-

seismic "legacy effects" which introduce weakening of hillslopes that persists over time, increasing susceptibility to future 

failures. Earthquake legacy on landslide hazard in the post-seismic phase is introduced based on a linear model proposed by 230 

Xi and Tanyas (2024) where reduction of shear strength (RSS) at landslide locations was linearly related to PGA as: RSS = 

0.52 + 0.2 PGA. This equation was developed using coseismic landslides observed at the 2008 Wenchuan, China earthquake, 
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but later corroborated with observations from coseismic landslides in 2015 Gorkha and 2018 Palu earthquakes (Xi et al., 

2024). In our simplistic model, RSS is only absorbed by the combined cohesion and introduced as a multiplier to C* in Eq. 

(1b): 235 

C∗ = ?&(01(>.ABC>.BDEF)
G'H'I

            (3) 

We characterize the seismic slope activity according to the Newmark analysis (Newmark, 1965). The Newmark analysis 

relates coseismic sliding mass to a rigid block on an inclined plane, where permanent downslope displacement is initiated at 

the block’s critical acceleration. In this case, critical acceleration, ac (m s-2), is defined as the seismic acceleration required to 

overcome basal shear resistance between the block and the plane, and can be approximated with Eq. (4): 240 

𝑎& = (𝐹𝑆 − 1)𝑔𝑠𝑖𝑛𝛼                         (4) 

where FS is the factor-of-safety, g is the gravitational constant 9.81 m s-2, and a is the slope angle (Newmark, 1965). With 

spatial coverage of the peak ground acceleration (PGA) measured during the coseismic period (i.e., USGS ShakeMap, USGS 

2023a; USGS 2023b) and expressed as a fraction of g, our initial equation is rearranged, by replacing ac divided by g with 

observed PGA and solving for FS, to approximate a minimum FS value required for a stable hillslope during an earthquake. 245 

𝜏JKL =
JKL
(:-)

+ 1                          (5) 

Thus, if the FS of a hillslope right before the earthquake is greater than tPGA, then the slope is expected to remain stable. 

PGA:sina can be viewed as the additional proportion of resisting forces to driving forces required for slopes to remain stable 

during an earthquake (Zang et al., 2020). Extreme rainfall that precedes an earthquake could exacerbate the extent and 

magnitude of coseismic landslides. To calculate the probability of coseismic landslides with R > 0, we now solve the 250 

probabilistic Eq. (2) with an upper limit of tPGA as  

P ?FS ≤ 𝜏JKL =
JKL
(:-)

+ 1@ = ∫ 𝑓(𝐹𝑆)𝑑𝐹𝑆;<=M()*
>                                                                                                             (6) 

note that R does not necessarily indicate that an earthquake happens during a rainfall event, but sometime during or after 

rainfall while recharge to subsurface flow continues.  

3.3 Delineating Rainfall-Driven Landslides 255 

The performance of a landslide hazard model is based on its ability to delineate existing mapped landslides. While a 

coseismic landslide inventory of mapped initiation points and landslide polygons exists in the literature for the February 

2023 earthquake doublet (Görüm et al., 2023), it does not capture rainfall-driven landslides that occurred in the following 

weeks. To address this, we develop a landslide inventory that includes both observed coseismic and inferred rainfall-driven 

failures, focusing on two sites (Fig. 2) where extensive landslides were reported. Specifically, we use surface reflectance 260 
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change methods to identify additional landslides triggered during the March 14–15, 2023 AR event. The existing inventory 

is used to corroborate the potential landslides identified with the method presented here.  

 

To create a rapid observed landslide inventory that includes rainfall-driven debris flow for model validation, we use an 

improved version of bare soil index (BSI) that effectively links the spectral response of the ground before and after the 265 

events, and is scaled to improve interpretation (Ariza et al., 2021). Traditional BSI, a numerical index that combines blue, 

red, near infrared and short-wave infrared spectral bands to discriminate bare soil (Diek et al., 2017; Chen et al., 2004), can 

be insufficient in the study region due to naturally sparse vegetation and exposed soils, which may be misclassified as 

landslides. To address this limitation, we used BSI difference (dBSI) to map landslides by subtracting the post-event values 

of BSI from the initial values (Equation 7; Ariza et al., 2021). Results are scaled by a factor of 1000 to facilitate clearer 270 

interpretation and range detection (Ariza et al., 2021). Areas with values that reflect the presence of landsliding will appear 

with negative values. 

dBSI = 1000(𝐵𝑆𝐼NOP − 𝐵𝑆𝐼N'(+)                                                                                                               (7) 

Sentinel-2 imagery (10 m) for June 2022 and June 2023 are used to visualize surface conditions before and after the March 

2023 event, respectively. Sentinel-2 was selected over higher-resolution alternatives due to its open-access availability and 275 

consistent temporal coverage. June was selected to minimize cloud and snow cover biases common in mountainous regions 

during spring, while ensuring sufficient vegetation coverage to reduce misclassification of naturally exposed soils or dead 

vegetation as landslides. 

 

Due to the variability in surface cover, soil, vegetation, and aspect across our large study area (> 24,000 km²), reflectance-280 

based landslide classification presents limitations. To improve reliability, we limited model evaluation to smaller 

subcatchments (Tut and Askerhan; Fig. 2) where higher P(F) values and observed landslides were concentrated during the 

AR event (Görüm et al., 2025). To minimize the misclassification of local phenomena, such as bright surfaces (e.g., sunlit 

rock or soil) and year-to-year NDVI/BSI change, as landslides, we use the second percentile values of dBSI as a 

conservative threshold. A slope threshold of 15o and steeper is used to filter out landslide classification on gentle slopes. All 285 

pixels remaining after thresholding and slope filtering are included in the inventory. We did not explicitly filter out mapped 

coseismic landslides, as many slopes that failed during shaking were likely already near failure and may have also been 

susceptible to intense rainfall. While the legacy model is not designed to capture shaking-induced failures directly, it 

incorporates seismic forcing through reduced shear strength, representing the weakened state of the landscape following the 

earthquake. 290 

 

ROC curves are constructed from true and false positive rates from comparisons between inferred landslide locations and 

modeled landslide hazard for slopes >15°, based on varying P(F) thresholds (Strauch et al., 2018; Fawcett, 2006). For 
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comparison of P(F) with observed landslide inventory cells, we randomly sampled an equal number of non-landslide grid 

cells outside mapped debris avalanches that were constrained to the same slope thresholds (15°) as our inferred landslides. 295 

This method alleviates bias introduced by class imbalance, which could inflate model accuracy by over-representing non-

landslide areas. More effective models will exhibit a curve toward the upper left of the plot, while a 1:1 line represents a 

trivial model that assigns stable and unstable classifications randomly. The area under the ROC curve (AUC) is generally 

used to signify the model performance for identifying landslide and non-landslide points, representing the probability of 

correctly ranking a randomly selected landslide and non-landslide pair. 300 

3.4 Recharge 

Daily recharge, D, is modeled with Landlab’s SoilMosture component (Nudurupati et al., 2023), which tracks soil moisture 

using a single-layer, depth-averaged root zone water balance model, driven by daily rainfall pulses and potential 

evapotranspiration (PET). Recharge in this context refers to the root zone leakage rate to the subsurface water table from 

rainfall after evapotranspiration losses and changes in soil storage within the root zone (Laio et al., 2001; Equation 8). The 305 

continuity of soil water in the root-zone is modeled by: 

n𝑍O
Q(
Q+
= 𝑃P − 𝐸𝑇,(𝑠) − 𝐷(𝑠)                                                                                                                                           (8) 

where n is soil porosity, Zr is effective root depth, s is relative saturation (volumetric soil moisture content, θ, normalized by 

n), Pe is effective rainfall that directly increase soil moisture, ETa is the actual rate of evapotranspiration, and D is leakage. 

Effective rainfall (Pe) is the portion of total rainfall (P) that remains after accounting for losses from initial abstraction (Ia) 310 

and runoff (Q), and is introduced in the soil column as a pulse, Pe = P - Ia - Q. Surface runoff is computed via the conceptual 

Curve-Number model (e.g., Steenhuis et al., 1995):  

Q = (J1R+),

(J1R+C<-+.)
																																																																																																																																																																																							(9)	

where Smax is the maximum retention parameter prior to a storm, which is taken as the available pore space within the root 

zone, Smax=(n - θ) Zr. We assumed Ia = 0.05 Smax, consistent with dry landscape conditions (Lim et al., 2006). This 315 

formulation has been extensively tested and used for rangeland surface hydrology. 

 

The resulting storm infiltration depth serves as the infiltration input to the soil moisture model. Potential Evapotranspiration 

(PET) is estimated using the Priestley-Taylor method, with net radiation calculated using the Landlab Radiation component 

which follows guidelines established by ASCE-EWRI (2005). Daily PET calculations incorporate latitude, albedo, day-of-320 

year, and daily minimum and maximum temperatures (Tmin, Tmax, respectively. The rate of ETa is a linear function of 

evapotranspiration efficiency β [0-1] that scales ETa between PET of vegetated and bare soil fractions as a function of θ, 

until θ reaches the wilting point, θwp (e.g., Laio et al., 2001). D(s) remains as a function of the rate of soil moisture drawdown 
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following the precipitation event, which is modeled analytically following Laio et al. (2001), assuming unit hydraulic head 

gradient and exponential decay of hydraulic conductivity between saturation (D = Ksat) and field capacity (D = 0). While 325 

IMERG precipitation (10 km) drives the input, the SoilMoisture component refines the spatial resolution of saturated soils to 

the native resolution (90 m) of vegetation and soil parameters used to run the model, offering a more granular representation 

of recharge and runoff rates. 

 

For each peak rainfall event, the soil moisture model is run for 7 days, starting 5 days leading up to observed peak rainfall 330 

(inclusive) and two days after the event. For each event, soil moisture was initialized at ~35% of plant-available moisture on 

day 1, calculated as: θi = (0.35 (θfc − θwp) + θwp) divided by n, where θfc is field capacity, θwp is wilting point, and n is soil 

porosity. After calculating the upslope average recharge (R) we perform a temporal reduction by looping through daily R 

fields over the 7-day window and returning the maximum R (mm d-1) at each cell. For our historical analysis, we further 

extend this approach by applying a spatial reduction across multiple past events, identifying the highest recharge rate 335 

observed at each cell over all events. This approach helps delineate the areas most susceptible to saturation under the worst-

case precipitation scenarios that have been observed, providing a valuable indicator of slope instability. 

4 Data sources and model experiments 

 
We use a variety of ground- and  satellite-based remote sensing products to effectively model secondary landslide hazards. 340 

Below, these data sources are discussed in two groups: land surface and soils; and model forcing (climate and seismic). A 

grid resolution of 90 m is used over a model domain of nearly 25,000 km2  (Fig. 2). The Raster Model Grid (RMG) class 

generates a structured grid that spans the model domain. Spatial model parameters and forcing data, prepared during 

preprocessing outside of Landlab as ascii files, are loaded onto the grid. These data are stored at the grid nodes (center points 

of the cells) as Landlab data fields. Data reprojection and boundary filtering to match the resolution and extent of the study 345 

domain were performed using the raster and vector geospatial translator library GDAL (GDAL/OGR 2024). Fig. 3 shows 

examples of these products and their sources, demonstrating how the gridded data are integrated into Landlab as fields that 

can be used for computation. These parameters were used directly, without any calibration, except for the anisotropy 

multiplier used to estimate lateral saturated hydraulic conductivity. Model input parameters are summarized in Table 1. 

 350 
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Figure 3. Illustration of model-data integration of remote sensing products into Landlab as fields: a) Copernicus GLO-30 DEM, b) 
USGS ShakeMap PGA, c) ESRI Sentinel-2 land use/land cover map, d) root cohesion derived from LULC in panel (c) using 
literature derived values (Strauch et al., 2018), e) MTA geologic map, and f) HiHydro Ksat 

 355 

4.1 Land surface and soils data 

We employed the Copernicus GLO-30 DEM for elevation, with values ranging from > 3,000 m in the northern mountain 

ranges to < 500 m in the southern plains, over a distance of roughly 60 km. At high elevations (Z ≥ 1,200 m), 46% of slopes 

exceed 15o, which is approximately the threshold slope for landsliding of saturated sand. We use Sentinel-2 Land Use Land 

Cover (LULC) to assign vegetation types and their associated root cohesion values as reported in Strauch et al. (2018; Fig. 360 

3), as well as plant functional type (tree, shrub, grass). Rangeland LULC, dominated by grass and shrub species, is prevalent 

in the upland region where landslides are observed. In contrast, herbaceous cover, such as grass and cultivated crops, 

dominates the lowland region. We use 1:500,000 geological vector maps of Türkiye (MTA, 2002) to characterize local 

lithology (Fig. 3). We assigned cohesion and soil internal friction angle couples to each lithologic unit based on values 

reported in the literature for similar lithologies (Xi et al., 2024). Root cohesion is primarily associated with rangeland and 365 

herbaceous cover, which generally exhibit a modal cohesive strength of 2-4 kPa, with small pockets of tree cover providing 

additional resistance. Sedimentary and metamorphic cover dominates the geologic framework of the study area. Following 

lithologic unit cohesion tables provided by Xi et al. (2024) for the Himalayan belt, we assign cohesion values of 14.4 kPa for 

https://doi.org/10.5194/egusphere-2025-3011
Preprint. Discussion started: 1 July 2025
c© Author(s) 2025. CC BY 4.0 License.



14 
 

sedimentary units (e.g., basin fill) and 38 kPa for metamorphic units (e.g., gneiss). As a result, total cohesion in the model is 

primarily influenced by contributions from rock strength. 370 

 

Soil thickness was defined using SoilGrids data for absolute depth to bedrock. We enhanced our soil thickness dataset for 

high-elevation areas by applying an elevation-dependent linear relationship in high-slope regions (>15%), capturing the 

tendency for thinner soils at higher altitudes due to reduced accumulation and increased erosion. Applying these additional 

criteria provide soil thickness values in the 0.3-2.0 m range from low to high elevations.  Leaf area index (LAI) used by the 375 

soil moisture model is obtained from  NASA's MODIS (Moderate Resolution Imaging Spectroradiometer). Soil saturated 

hydraulic conductivity (Ksat), wilting point, field capacity, saturated water content (or porosity) and texture classifications 

were defined using the FutureWater HiHydro dataset. Following the observations of Assouline and Or (2006), gridded Ksat 

values were multiplied by 10 to account for anisotropy in lateral flow, with a minimum value set to 0.5 m d-1 to ensure 

realistic hydraulic conductivity estimates. The soil textural distribution is characterized by two dominant types: medium soil 380 

texture in the uplands and fine soil texture in the lowlands, which correspond with the metamorphic and sedimentary 

lithologic types, respectively (Görüm et al., 2023). Upland versus lowland differentials in LULC and soil texture lead to 

differences in soil water parameters such as the saturated hydraulic conductivity (Fig. 3).  

4.2 Model forcing data 

As for the hydrometeorological variables we use IMERG version 7, which estimates precipitation over a majority of the 385 

Earth’s surface. Daily aggregated minimum (Tmin) and maximum (Tmax) temperatures across the domain were derived from 

ERA-5 temperature fields. PGA was retrieved from the USGS ShakeMap (USGS 2023a, 2023b). PGA values are combined 

using the maximum values from the two major earthquakes to create a composite map of the strongest ground motion (Fig. 

3). Cells at high elevations (Z ≥ 1200m) experienced an average PGA of 0.4 g, and up to 0.9 g adjacent to the fault system. 

The soil and water density terms in Eq. (1a) were assigned a constant value of 2,000 and 1,000 kg m-3, respectively (Pack et 390 

al., 2005). The factor of safety has been found to be largely unaffected to soil density (Hammond et al., 1992; Lepore et al., 

2013). 

4.3 Model experiments 

We use a series of targeted experiments to explore how the landscape responds to compound seismic and climatic drivers. In 

Section 5.1, we illustrate the modeled hydrologic response to the March 14–15 AR event. Section 5.2 validates modeled 395 

landslide probabilities using an inventory of observed coseismic and inferred rainfall-driven landslides (Section 3.3). Section 

5.3 compares probabilistic landslide hazard maps generated with and without earthquake legacy effects. Section 5.4 explores 

how sequences of extreme seismic and rainfall events influence landslide susceptibility and hazard mapping. Finally, in 

Section 5.5, we demonstrate an approach for identifying post-seismic landslide hazards using historical IMERG data, 

combined with legacy effects. This provides a practical method for rapid disaster preparedness in earthquake-prone regions. 400 
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Table 1. Remote sensing and other hybrid data (e.g. field gauges, models) used to characterize land surface, soils, and model 
forcing parameters (e.g. precipitation, PGA). 405 

Type Variable Source Resolution 

I Elevation Copernicus GLO-30 DEM 30 m 
 

Land use/land cover ESRI Sentinel-2 LULC 10 m 
 

Lithology Türkiye General Directorate of Mineral Research and Exploration 
(MTA) geologic map series 

Vector 

 
Surface reflectance Harmonized Sentinel-2 Surface Reflectance 10 m 

 
Leaf area index NASA MODIS 500 m 

II Soil thickness (depth to bedrock) ISRIC SoilGrids 250 m 

 
Saturated hydraulic conductivity 
(0-30 cm) 

FutureWater HiHydro 250 m 

 
Wilting point (0-30 cm) FutureWater HiHydro 250 m 

 
Field capacity (0-30 cm) FutureWater HiHydro 250 m 

 
Saturated water content (0-30 
cm) 

FutureWater HiHydro 250 m 

 
Soil texture (0-30 cm) FutureWater HiHydro 250 m 

 
Top layer soil moisture  (0-5 cm) NASA SMAP-L4 11000 m 

III Precipitation NASA IMERG v7 11132 m 
 

Air temperature (2 m) ECMWF ERA5 Atmospheric Reanalysis 27830 m 
 

Peak ground acceleration USGS ShakeMap Vector 

Types: I - Land surface, II - Soils, III - Model forcing 
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5. Results 

5.1 Hydrologic response to March 14-15, 2023 Atmospheric River (AR) 

Modeled land surface hydrology for the study region, including spatial averages of model forcing and hydrologic fluxes 410 

during the March 14-15 AR event, is summarized in Figs. 4a and 4b. The spatial mean rainfall steadily increased from 

March 13 and peaked at just over 35 mm d-1 on March 14 (Fig. 4a). In the days leading up to the AR, both the maximum air 

temperature and the difference between maximum and minimum temperatures decreased (Fig. 4a), reflecting the natural 

storm conditions (e.g., Dai et al., 1999). The convergence of these temperatures suggests increased cloud cover and cooler 

conditions, before the onset of rainfall on March 12. Due to the southeast to northwest trajectory of the AR event and 415 

orographic lift (Görüm et al., 2025), the northeastern part of the domain experienced significantly higher cumulative rainfall 

than the average rainfall, with some IMERG cells reporting cumulative 7-day precipitation as high as 145 mm (Fig. 4c). 

Within the study domain, max peak daily rainfall observed by IMERG during the AR event was 104.6 mm d-1, which 

corresponds to an approximate return period of 1 in 5 years (Fig. 8b). While IMERG slightly underestimates peak daily 

rainfall compared to rain gauge stations and ERA5 reanalysis at some locations, its spatial distribution aligns well with the 420 

observed AR core and areas with documented rainfall-induced impacts, such as Tut and Askerhan (Görüm et al., 2025). 

 

 
Figure 4.  Landlab land surface model response to the March 14-15 AR event: (a) Spatial averages of meteorological forcing of 
March 10-16 including IMERG precipitation and ERA5 temperature time series. (b) Modeled local recharge, soil moisture, and 425 
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evapotranspiration as well as SMAP L4 soil moisture observations. (c) Cumulative IMERG precipitation of the 7-day period, (d) 
and (e) modeled spatial maximum daily upslope average recharge (R) and local runoff (Q). Time series are spatial averages of the 
domain filtered for slopes  >15o to report conditions in the  mountainous regions. Max daily R and Q  fields are Landlab outputs 
that are produced from combining the maximum values from the 7 daily response maps to create a composite map of the wettest 
conditions. 430 

 

We used soil moisture data from SMAP L-4 satellite derived-product to compare with the modeled soil moisture for the top 

30 cm soil depth averaged over slopes >15o (Fig 4b). SMAP surface soil moisture estimates represent the vertical average of 

the top 5 cm of the soil layer. Both modeled and SMAP soil moisture show consistent values with each other especially 

during the storm, as they rise in tandem with rainfall to similar levels with a roughly 1-day lag. This lag in soil saturation 435 

may be due to factors like interception, infiltration and redistribution. Similar to soil moisture, a rise in recharge begins on 

March 14 at a small spatially averaged value (< 2 mm d-1) that grows to greater than 6 mm d-1 on March 15. This nonlinear 

growth suggests that the majority of the landscape that sustained heavy rainfall started to experience soil moisture levels 

above the field capacity that resulted in leakage from the conceptual root-zone of the model. Evapotranspiration (ET) losses 

trended around 2 mm d-1, which is indicative of the cloudy spring-time conditions. Although this value is small, modeling ET 440 

is necessary to avoid overestimation of recharge, and allows more realistic closure to the root-zone water balance.  

 

Composite maps of maximum daily rates, spanning the 7-day analysis period, report spatial average values of 13.3 and 5.7 

mm d-1 for local runoff and recharge, respectively. Over the 7-day analysis period, the average cumulative precipitation, 

runoff, and recharge were 82.0 mm, 21.3 mm, and 8.5 mm, respectively. This indicates that approximately 63% of the total 445 

precipitation input was used to increase soil saturation and sustain ET. Notably, the average recharge over the entire domain 

is smaller than the recharge observed in the mountainous region (Fig. 4b), as lower elevations did not receive as much 

rainfall, and soils had lower Ksat and porosity. R rates reached up to 27.3 mm d-1 on March 14, 2023 and were generally 

concentrated in soils within the Tut and Askerhan-Çelikhan regions and northeastern mountains. Q rates were modeled to 

reach 69.1 mm d-1 on March 14, occurring near and upstream of the saturated Tut, Askerhan-Çelikhan region, and city of 450 

Adiyaman, which was observed to experience excess runoff and flash-flooding. Additionally, these conditions triggered 

landslides and debris flows through the reactivation of coseismic landslides. The R field (Fig. 4d) is used to represent the 

local mean values of a log-normal distribution assumed at each grid cell. Section 5.2. through 5.4 use this map as forcing in 

the Monte Carlo solutions (Equations 2 and 6). 

5.2 Landslide hazard model confirmation for the March 15 AR 455 

Before we present the regional model, a brief model confirmation is developed for the March-15 AR event, using the 

receiver operating characteristic (ROC) curves (Fawcett, 2006) at the Askerhan and Tut validation sites (Fig. 2). In the 

Askerhan catchment (Fig. 5), dBSI-identified landslides aligned well with strong ground motion, with 74% occurring in 

areas of >0.6 g PGA, closely matching the 78% of coseismic inventory points within the same PGA criteria. The dBSI points 
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in this catchment had a lower median slope (23°) than the observed coseismic inventory (29°), suggesting potential inclusion 460 

of rainfall-induced post-seismic failures. In the Tut validation area, landslide points captured by dBSI expressed median 

slope of 31o compared to the field study coseismic landslide inventory median slopes of 30o. These results demonstrate 

consistency in the slope distributions between the field-mapped and dBSI-classified landslides, which were considered 

sufficient for use as a model test data set.  

 465 

 
Figure 5. Illustration of model performance in the Askerhan subcatchment (see Fig. 2 for location). Modeled P(F): (a) with 
introduced earthquake legacy, (b) without legacy effects. (c) Inferred landslide inventory derived from dBSI algorithm presented 
in Ariza et al. (2021). (d) ROC curve based on the confusion matrix of the comparison between our observed landslide inventory 
and modeled Landlab predictions at varying thresholds. Legacy and non-legacy scenario AUC values are observed to be 0.70 and 470 
0.63, respectively. Contours are at 100 m. 

 

Mapped landslides and the modeled probability of the failure P(F) driven by the March 14-15 AR event are shown for the 

Askerhan subcatchment (Fig 5). Mapped landslides are largely concentrated on the northern flank of the watershed, 

separated by a channel. While the non-legacy model achieves modest ROC performance (True Positive Rate (TPR) = 0.39, 475 

False Positive Rate (FPR) = 0.14 in Askerhan; TPR = 0.64, FPR = 0.15 in Tut), its best thresholds are unrealistically low 

(P(F) = 0.001). A best threshold of P(F) = 0.001 suggests that to optimize model performance, we must highlight cells where 

failure is predicted in only 0.1% of simulations, which is a very low bar that reflects systematic underprediction by the 

model. The legacy model performs best at more physically meaningful thresholds (P(F) = 0.20), with higher detection rates 

at those thresholds (TPR = 0.55, FPR = 0.23 in Askerhan; TPR = 0.73, FPR = 0.24 in Tut), supporting the relevance of 480 

antecedent weakening.  
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With legacy effects incorporated, AUC values for Landlab ranged between 0.70 (Askerhan) and 0.80 (Tut), consistently 

outperforming the non-legacy scenario (0.63 and 0.76 for these subcatchments, respectively). Considering that the optimal 

P(F) thresholds for the best legacy model were significantly higher than that of the non-legacy model, our results indicate 485 

that earthquake legacy effects enhance the model’s ability to predict landslide hazard with more realistic hazard estimates. In 

addition, modeled unstable areas often exceed observed landslides when calibrated with limited data (Sidle and Ochiai, 

2006; Baum et al., 2010), but this should not be seen as overrepresentation, since the absence of mapped landslides doesn’t 

rule out future landslides (Borga et al., 2002), despite appearing stable at the time of the inventory. These areas can highlight 

sites for further investigation of missed landslides or impending failures, including terrain that may be potentially unstable 490 

when exposed to storms of similar magnitude to the March 2023 AR event. 

5.3 Regional landslide hazards of the March 14-15 Atmospheric River 

In modeling secondary earthquake landslide hazards, introducing the earthquake legacy effects to model parameters is 

critical. In our model, a simple first-order approach is implemented based on observational evidence from the literature. The 

legacy effect approximation we used (Eq. 3), gives a range of total cohesion loss between 67% (PGA = 0.75) and 52.2% 495 

(PGA = 0.15) from the original pre-seismic parameters of the triangular distribution for total cohesion. Earthquake legacy 

leads to marked differences in the extent and magnitude of landslide probability for the March 14-15 AR event at the 

regional scale. Without the legacy effect, only a small portion of the landscape in steep slope areas (median S > 40o) exhibit 

an increased landslide probability (e.g., P(F) > 0.2) during this AR event (Fig. 6b, c). A limited landslide response that is 

particularly concentrated in steep areas with thin topsoil layers that experience chronic instability, is expected from a storm 500 

with a greater than 5-year return period. However, when earthquake legacy is introduced, roughly 12% of the landscape (at 

slopes > 15o) exhibits P(F) > 0.2 (Fig. 6a, c). When incorporating legacy effects into the model, landslide hazard becomes 

particularly concentrated along the ruptured fault line from Tut to Askerhan and the badlands in the northeastern corner of 

the study area. 

 505 
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Figure 6. Landslide probability of failure P(F) maps for the central earthquake-impacted area overlain with mapped channel 
network: (a) with PGA-dependent legacy effect (Eq. 2) and (b) without legacy effects. (c, d) comparison of (a) and (b) using violin 
plots of local slopes and daily R, respectively, for different bins of landslide probabilities, excluding areas of P(F) = 0. 

 510 

We illustrate the effects of earthquake legacy on slope stability for the March 15 AR event by comparing the slope 

distribution of potentially unstable cells within landslide probability bins (Fig. 6c). Overall, incorporating the legacy effects 

increases the number of cells with P(F) > 0 by 329%. In the non-legacy model run, ~92% of the potentially unstable cells are 

within the low P(F) values (P(F) ≤ 0.2). As the P(F) bin range increases, the influence of legacy effects on critical slope 

becomes more pronounced, with the largest difference (17.8°) observed at 0.8 < P(F) ≤ 1.0. On average, the difference in 515 

median slope is 13.3°, highlighting a consistent trend of a reduced critical slope angle for the legacy condition. The 

proportion of legacy cells also increases in higher P(F) bins, reflecting a shift in the likelihood of landsliding with respect to 

P(F), further supporting the role of legacy effects in shaping slope stability. The observed ~13° reduction in median critical 

slope for landslide initiation can have significant implications for hazard assessment and risk mitigation strategies. 

 520 

Across bins where P(F) > 0.2, the median R required for potential failure in the legacy condition is an average of 1.2 mm d-1 

lower than in the non-legacy scenario. This indicates that while earthquake legacy does slightly reduce the recharge 

threshold for landsliding, the effect is not as pronounced as the ~13° reduction in critical slope. This subtle difference can be 

due to a more uniform distribution of recharge rates across the landscape within the swath of the AR event. The contribution 

of recharge would have been more pronounced on the critical recharge rate solved for a given slope. 525 
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5.4 Landslide hazards under compound drivers 

Existing landslide hazard assessment tools designed for global applications typically focus on seismic and rainfall drivers 

separately. In this section, we examine how landslide hazards change when these drivers are analyzed separately and in 

combination. Additionally, we compare the results to potential landslide hazards predicted for the March 14-15 AR event 

with post-seismic legacy conditions (Fig 6a). 530 

 

We develop two additional coseismic landslide model runs with seismic drivers acting on (a) dry soils, which provide some 

baseline landslide response of the landscape to seismic activity when the soils are dry (Fig. 7a); and (b) wet soils, which uses 

recharge conditions for the March 14-15 AR event (Fig. 7b). These runs use P(F) from equation (6). Slope distributions for 

each scenario for different P(F) bins are shown in Fig. (7c). 535 

 

Although there may be some control of soil saturation on landslide initiation during the Feb. 6, 2023 seismic activity, here 

we evaluate model performance under dry soil conditions to establish a baseline for coseismic hazard prediction across the 

whole study domain. Using the mapped landslide inventory from Görüm et al. (2023), we compare modeled probability of 

failure to ~12,000 grid cells representing 2,385 observed landslides. We limited our performance assessment to observed 540 

points with slope ≥ 15o in an attempt to filter out transition and deposition zones. To avoid bias from class imbalance, we 

sample an equal number of non-landslide cells (~12,000) for the ROC analysis. The dry soil model yields an AUC of 0.71, 

with an optimal P(F) threshold of 0.10 that produces a TPR of 0.53 and FPR of 0.15. This version of the model captures a 

substantial portion of the coseismic landslide signal with low false positive rates, supporting its use as a baseline for 

evaluating the compounding influence of legacy and hydrologic effects. However, its accuracy could likely be improved by 545 

incorporating realistic late-winter soil saturation levels typical of the region.  

 

Interestingly, in all model simulations the low susceptibility region (defined by P(F) ≤ 0.2 for this study) shows nearly 

identical distribution of local slopes, and similar median slope values (Fig. 7c). These stable areas are primarily located 

between the Mw 7.5 and 7.8 fault ruptures, where landslide initiation is limited regardless of the model conditions, likely 550 

reflecting comparatively moderate ground shaking and the presence of stronger rock types such as metamorphic, plutonic, 

and volcanic units. At high landslide susceptibility (P(F) > 0.6), a spatial comparison reveals that the number of cells 

increases in the following order: dry coseismic < legacy < wet coseismic (AR-before-EQ). This highlights that under 

saturated conditions, strong ground shaking from the earthquakes remains a dominant trigger for landsliding, even more so 

than post-seismic legacy effects. 555 

 

At P(F) > 0.2, both dry coseismic and wet coseismic scenarios show bimodal slope distributions. The low slope peak is 

especially pronounced in the wet coseismic scenario, partially reflecting the influence of soil saturation resulting from the 
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recharge of the AR event. However, the presence of this low slope peak even in the dry coseismic case, where no recharge is 

introduced, highlights the contribution of PGA to landslide initiation on gentle terrain. Meanwhile, the second peak in both 560 

models shifts towards steeper slopes at higher P(F) bins, indicating greater landslide susceptibility at steeper slopes.  

 

In contrast, the legacy scenario displays a single dominant peak in the slope distribution with its median value increasing at 

higher P(F) bins. This unimodal behavior implies slope is a more direct control on P(F), potentially due to widespread 

cohesion weakening that reduces the failure threshold on already steep terrain, without generating a strong landslide 565 

susceptibility response in low-slope areas.   

 

When comparing the dry coseismic and legacy models, while the dry coseismic model consistently predicts lower median 

critical slopes, it also has fewer cells at the highest probability range (P(F) > 0.8) and a greater number of cells in the 

moderate hazard range (0.2 < P(F) ≤ 0.6). This suggests that the dry soil coseismic model identifies more widespread areas 570 

with moderate landslide potential, whereas the legacy model predicts more concentrated locations with higher landslide 

hazard.  

 

 
Figure 7. Landslide probability of failure P(F) maps for the central earthquake impacted area overlain with mapped channel 575 
network: for (a) coseismic-dry (no recharge) and (b) coseismic-wet, with recharge conditions of the March 15 AR event. (c) 
Histogram comparison of (a), (b), and the legacy model (Fig. 6a) using local slopes for different bins of P(F), excluding areas of 
P(F) = 0. Both Fig. 6a and Fig. 7b use R from the March 14-15, 2023 AR event.  
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5.5 Postseismic landslide hazard mapped from satellite records of extreme events 580 

In this section, we evaluate how effectively combining historical climatology with earthquake legacy effects captures 

rainfall-driven landslide hazards for rapid analysis. Using the previous results as a baseline, we discuss how this approach 

can simulate soil saturation and landslide response without the need for real-time climate data. Weibull exceedance 

probability is used over the IMERG catalog, which provided daily rainfall from June 1, 2000 to March 31, 2024, to 

determine the return period of annual maximum rainfall over the study domain (Makkonen et al., 2006; Fig. 8a). Extreme 585 

events in this region are often more spatially localized due to AR processes (Gorum et al., 2025). To detect the annual 

maximum rainfall in the historical data, we used a time series of spatial maxima of daily IMERG rainfall across the domain, 

as opposed to using spatially averaged daily rainfall. 

 

 590 
Figure 8. (a) Weibull exceedance probability plot for estimating return periods of extreme rainfall typical to the central 
earthquake impacted area domain. Standard Weibull plotting formula 𝑷	 = 	 𝒎

𝑵#𝟏
 is used to determine plotting position where m 

and N correspond to rank order and number of samples, respectively. (b) The  IMERG version 7 rainfall time series used to plot 
exceedance probability in (a) shows the average, maximum, and standard deviation of observed precipitation within the study 
domain.  595 

 

We apply a threshold of 100 mm of daily rainfall as an indicator of an extreme event based on the 5-year return period level 

of rainfall (Fig. 8b). Four historical extreme precipitation events, excluding the March 14-15, 2023 event, are identified and 

the soil moisture model is run for each event for the 7-day window described in Section 3.  Examples of the varying spatial 

distribution of cumulative 7-day rainfall and the compound max upslope average recharge rate fields are shown in Fig. 9. 600 
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Figure 9. Cumulative rainfall and compound local maximum upslope average recharge for: (a, b) December 2018 and (c, d) 
December 2001 rainfall events; and (e) the composite recharge rate field of the combined pre-March 2023 extreme events 
identified in the IMERG catalog. Max daily recharge rate fields are derived from reduction processes outlined in Section 3.2. and 605 
are representative of the maximum daily recharge observed over the 7-day period for each cell. 

 

To create a historical maximum upslope averaged recharge (R) field, we combine the max R fields from four extreme 

precipitation events by selecting the maximum daily recharge rate for each cell across all events. This composite map 

highlights areas with higher recharge and saturation levels during extreme rainfall. Both the event-specific (Fig. 4e) and 610 

historical rainfall (Fig. 9e) driven recharge rate fields report values concentrated in the Tut and Askerhan-Çelikhan region, 

the Burmapinar watershed and adjacent area north of the Ataturk Dam Reservoir, as well as the northeastern badlands. 

Notably, the historically driven recharge model reports higher spatial average (6.7 mm d-1 compared to 5.7 mm d-1) and 

spatial maxima (32.8 mm d-1 compared to 26.7 mm d-1) than the March 14-15 AR event. 

 615 
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Figure 10. (a) P(F) map for the central earthquake-impacted area overlain with mapped channel network for simulations with 
PGA-dependent legacy effect (Eq. 6) and historical IMERG data driving the local recharge. (b) Kernel density estimation of 
March 2023 and historical model P(F), which visualizes the one-to-one cell comparison between the two models P(F) predictions. 
This comparison excludes generally stable cells (P(F) < 0.2 in both models) to highlight point cloud density at areas where we may 620 
realistically see landsliding. These omitted cells are represented by the gray box. Cells with legacy P(F) < 0.005 were excluded to 
evaluate how well the historic model reproduces areas of elevated hazard in the legacy scenario. (c) comparison of March 2023 and 
historical rainfall-driven model using violin plots of local slopes for different bins of P(F). 

 

The historical P(F) obtained using the compound recharge map aligns well with the P(F) of March 14-15, 2023 AR event 625 

(Fig. 10a). Both models highlight risk in areas prone to landsliding (Fig. 6a, 10a), such as high drainage zones and steep 

barren slopes, particularly in the Burmapinar watershed and the town of Tut which saw catastrophic damage (Görüm et al., 

2023). To compare the consistency of the historical and single-AR scenarios at the cellular level, we compare the prediction 

point cloud density using a kernel density estimation (Fig. 10b). Since landsliding is a rare occurrence that is spatially 

limited in a large region, we apply a 15° slope filter and a low probability threshold (P(F) ≤ 0.2) to exclude areas where 630 

landsliding risk is low. This comparison reveals a strong one-to-one correlation between the two models at the grid-cell level 

(Pearson Coefficient = 0.73), further confirming the two methods' consistency in identifying high-risk areas not only at the 

same spatial proportions, but at similar points in space. This agreement is reinforced by the slope distributions within each 

P(F) bin (Fig. 10c): violin plots show nearly identical distributions between the historical and single-AR scenarios, with 

median critical slopes varying by no more than 0.4°, suggesting the models converge on similar thresholds for failure across 635 

the landscape. The consistency of the legacy and historical models demonstrates that hazard maps based on historical rainfall 

extremes can serve as reliable proxies for real-time forecasts, offering a practical and proactive tool for anticipating post-

seismic landslide risk in advance of future storm events. 

https://doi.org/10.5194/egusphere-2025-3011
Preprint. Discussion started: 1 July 2025
c© Author(s) 2025. CC BY 4.0 License.



26 
 

6. Discussion and conclusions 

We have developed a regional model of probabilistic shallow landsliding based on the infinite-slope stability equation, 640 

driven by peak ground acceleration and rainfall. Earthquake legacy is parameterized empirically to reduce a combined 

cohesion parameter for post-seismic rainfall applications. Model uncertainty is accounted for through the use of stochastic 

model parameters in a Monte Carlo simulation.  

 

Infinite slope stability models are best suited for shallow landslide failures (Gong et al., 2023), and are generally not 645 

appropriate for deep-seated bedrock landslides, particularly where pre-existing discontinuities (e.g., faults, joints, bedding 

planes) control failure (Barton and Choubey, 1977; Hoek and Brown, 2019). However, at regional scales, it is impractical to 

characterize landslide type, failure surface geometry, or material type in detail. As a result, Mohr-Coulomb strength 

parameters and infinite slope stability analyses remain widely applied in regional, physically based models (e.g., Gallen et 

al., 2017; Jibson et al., 2000). To parameterize our model, we assigned cohesion and friction angle values based on lithologic 650 

units using values reported for the Himalayan region (Xi et al., 2024). We found that using only root cohesion values 

systematically overestimated P(F). Incorporating rock-derived cohesion reduced this bias and better reflected the mixed soil–

rock conditions of the study area. 

 

Landslide hazard models are generally developed for rainfall (Baum et al., 2010; Strauch et al., 2018; Alvarado-Franco et al., 655 

2017) and seismic (Jibson, 1993; Zang et al., 2020) drivers separately. This approach was arguably justified by model 

developers, as the underlying drivers and mechanisms are different and independent, and the likelihood of extreme seismic 

and storm events coinciding with each other is relatively low. In addition, hydrologic and seismic data has been limited, 

especially prior to the satellite era, which hampered the development of compound hazard models. Hydrologic observations 

of the critical zones shows that soil water, especially the subsurface flow, usually has a long residence time, and unless 660 

earthquakes happen during the dry season, seismic shaking will inevitably coincide with some form of soil water 

(Montgomery et al., 1997; Anderson et al., 1997). This has been recognized in geotechnical research in the development of 

liquefaction models for ground failure during earthquakes. Such models make assumptions of the role of soil water and the 

location of the water table to map liquefaction hazards (Holzer et al., 2008; Baise et al., 2006). Coseismic landslide hazard 

models, which generally use some form of Newmark analysis that incorporate PGA to the infinite slope stability equation, 665 

often neglect soil water or make spatially uniform assumptions, such as positioning a fixed depth of water table in the soil 

column, to develop alternative scenarios (Shao et al., 2022; Djukem et al., 2024).  

 

In addition, earthquakes leave legacy on the hydrologic and geotechnical properties of hillslopes, which collectively increase 

the susceptibility of hillslopes to rainfall-driven landslide hazards. This effect is similar to the effects of wildfires in 670 

watersheds, where root decay and heat affected changes in soil hydraulic properties elevate landslide risk until vegetation 
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growth and soil recovery restore slope stability (Wells, 1987; Wondzell and King, 2003; Rengers et al., 2020). However, 

unlike post-wildfire behavior, our understanding of seismic legacy effects impact on slopes and the associated recovery 

remains limited. This phenomenon has received relatively little attention in the literature, particularly with respect to 

characterization through landslide observations and slope stability analysis (Xi et al., 2024; He et al., 2023; Brain et al., 675 

2021; Leshchinsky et al., 2021). Recent observations of the compound landslide hazards following the February 6, 2023 

Türkiye–Syria earthquake demonstrate how multiple triggering factors (e.g., strong ground shaking, elevated soil moisture, 

and subsequent extreme rainfall) can co-occur and be directly observed through a combination remote-sensing and gauge 

data (Görüm et al., 2025). Antecedent warming that lead to increased snowmelt elevated soil moisture to nearly the 95th 

percentile of February conditions, and the March 14–15 AR then pushed soil moisture above the 95th percentile for March 680 

(Görüm et al., 2025). In addition, empirical relationships suggest that slope shear strength may have been reduced by as 

much as 52–77% in certain areas following the February 6 earthquakes, due to the intensity of ground shaking (Xi et al., 

2024; Görüm et al., 2025). When intense rainfall fell on these seismically compromised slopes, it was observed to have 

reactivated coseismic deposits and triggered widespread debris flows (Görüm et al., 2025). 

 685 

Due to the limited amount of major earthquakes and coseismic landslide observations, and an influx of high-resolution 

global datasets from satellites, many susceptibility studies rely on machine-learning frameworks that focus on correlations, 

or predictive power, of input variables rather than physical explanation (Maurer et al., 2023). For example, some of these 

models use fault-distance metrics as a proxy for earthquake legacy effects, while others rely on hydrologic data at the 

landscape-level (e.g. rainfall, soil moisture, or streamflow) as the driving hydrologic input instead of simulating infiltration 690 

(Shahabi et al., 2015; Youssef et al., 2023; Fan et al., 2020). Due to the scarcity of detailed global hydrologic data that is 

publicly accessible, some post-earthquake methodologies omit hydrologic inputs entirely (Chen et al., 2020). Moreover, AI-

driven geohazard models frequently demand large training datasets, risk overfitting, and lack transparency (Maurer et al., 

2023). By linking geologic and hydrologic within a single mechanistic framework, and using a reduction in shear strength 

(RSS) parameterization to represent earthquake legacy, our model overcomes key gaps in existing susceptibility approaches 695 

and, together with recent work by Xi et al. (2024), offers a pathway for rainfall-driven landslide models to account for 

seismic effects. In validation, inclusion of earthquake legacy improved landslide detection rates and increased AUC at both 

study sites, while observing a reduction in the median critical slope for failure by approximately 13°, indicating that slopes 

deemed stable pre-earthquake may become highly susceptible afterward. This pronounced effect suggests that pre-seismic 

hazard maps likely underestimate post-earthquake risk, highlighting the need to update susceptibility analysis following 700 

major seismic events. 

 

Validation of our model predictions in two subcatchments that exhibited high post-seismic landslide activity demonstrated 

considerable accuracy at identifying landslide hazard, although further investigation with calibration of model parameters to 
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finer resolutions is recommended for higher precision of hazard predictions in these localized areas. This approach 705 

demonstrates the following points: 
- Incorporating earthquake legacy effects improves landslide prediction accuracy at our validation sites for post-

seismic rainfall-driven landslides. The legacy model achieves higher detection rates and improves AUC at both 

sites. Our approach suggests that existing rainfall-driven landslide hazard models can be updated for post-seismic 

periods with parsimonious parameterizations of earthquake legacy.  710 

 

- Across the full study domain, the dry coseismic model yields AUC = 0.71 (TPR = 0.53, FPR = 0.15 at P(F) = 0.10). 

The model’s conservative performance reflects dry antecedent conditions and provides a baseline for evaluating 

added effects of legacy and hydrologic forcing. Accuracy could likely be improved by calibrating soil saturation to 

February conditions typical to the area. 715 

 

- Incorporating earthquake legacy effects leads to a ~13° reduction in median critical slope for landslide initiation 

compared to the non-legacy model, indicating that slopes considered stable before an earthquake may become 

highly susceptible afterward. This suggests that pre-earthquake hazard maps may significantly underestimate post-

earthquake risk, reinforcing the need to update susceptibility assessments following major seismic events. 720 

 

- The scenario where the AR event precedes the earthquakes shows the greatest landslide hazard, with median critical 

slopes up to 7° lower than other models in high-probability bins (P(F) > 0.6) and nearly double the number of grid 

cells exceeding P(F) > 0.8 compared to the next closest model. This result points to a potentially important hazard 

scenario not seen in the historical record and highlights the need for more research on how the timing of storms and 725 

earthquakes influences landslide risk. 

 

- Historical recharge patterns effectively predict landslide hazard with nearly identical spatial predictions and slope 

thresholds compared to models using data from the March 14–15, 2023 AR event. This demonstrates the potential 

for developing seasonal landslide outlooks in earthquake-impacted regions, allowing for early identification of 730 

high-risk areas before the onset of extreme rainfall. 

 

It should be noted that validating hazard maps remains uncertain, particularly in remote mountainous regions where 

landslide inventories are often incomplete. An additional and more comprehensive evaluation of model performance would 

benefit from further field investigations to identify landslides or signs of instability that may have been missed in our 735 

satellite and mapping derived inventory. 
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Code and data availability  

Components of Landlab, an open-source Python toolkit for two-dimensional numerical modeling of earth surface dynamics, 

used in this study are available at GitHub: http://github.com/landlab/landlab (Barnhart et al., 2020; Hobley et al., 2017). 

Documentation, installation instructions, and dependencies for Landlab can be found at http://landlab.github.io/. Full, 740 

annotated code detailing the application of Landlab in this project can be found at https://github.com/HunterJimenez by the 

time of publication. 
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