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Abstract. Until now, a full numerical description of the spatio-temporal dynamics of a landslide could be achieved only

via physically-based models. The part of the geoscientific community developing data-driven model has instead focused on

predicting where landslides may occur via susceptibility models. Moreover, they have estimated when landslides may occur via

models that belong to the early-warning-system or to the rainfall-threshold themes. In this context, few published researches

have explored a joint spatio-temporal model structure. Furthermore, the third element completing the hazard definition, i.e., the5

landslide size (i.e., areas or volumes), has hardly ever been modeled over space and time. However, technological advancements

in data-driven models have reached a level of maturity that allows to model all three components (Where, When and Size).

This work takes this direction and proposes for the first time a solution to the assessment of landslide hazard in a given area

by jointly modeling landslide occurrences and their associated areal density per mapping unit, in space and time. To achieve

this, we used a spatio-temporal landslide database generated for the Nepalese region affected by the Gorkha earthquake. The10

model relies on a deep-learning architecture trained using an Ensemble Neural Network, where the landslide occurrences and

densities are aggregated over a squared mapping unit of 1× 1 km and classified/regressed against a nested 30 m lattice. At the

nested level, we have expressed predisposing and triggering factors. As for the temporal units, we have used an approximately

6-month resolution. The results are promising as our model performs satisfactorily both in the susceptibility (AUC = 0.93) and

density prediction (Pearson r = 0.93) tasks over the entire spatio-temporal domain. This model takes a significant distance from15

the common susceptibility literature, proposing an integrated framework for hazard modelling in a data-driven context.

To promote reproducibility and repeatability of the analyses in this work, we share data and codes in a github repository

accessible from this link.

1 Introduction

The literature on physically-based models for landslides shows various solutions of how to estimate where landslides can20

occur, when they occur, and how they may evolve (e.g., Formetta et al., 2016; Bout et al., 2018). This framework allows one
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to describe the dynamics of a landslide from its initiation, propagation, and entrainment to the runout and deposition (e.g.,

Burton and Bathurst, 1998; Zhang et al., 2013). As a result, metrics such as the velocity, runout height, overall landslide

area, and volume constitute standard outputs of such a modeling approach (see, van den Bout et al., 2021b, a). However,

these models are often constrained to single slopes or catchments because of the spatial data requirements on geotechnical25

parameters. This limitation has stimulated the geoscientific community to develop data-driven models instead (Van Westen

et al., 2006). These are much more versed to be extended over large regions because, rather than requiring specific geotechnical

properties, they can rely on terrain attributes and remotely sensed data acting as geotechnical proxies (Van Westen et al.,

2008; Frattini et al., 2010). However, in doing so, the geoscientific community has almost exclusively focused on assessing

where landslides may occur, as temporal landslide data was hardly available. This notion is commonly referred to as landslide30

susceptibility (Reichenbach et al., 2018; Titti et al., 2021). As for the lesser number of publications focused on estimating when

or how frequently landslides may occur at a given location, the community has produced a number of near-real-time predictive

landslide models for rainfall (Intrieri et al., 2012; Kirschbaum and Stanley, 2018; Ju et al., 2020) and seismic (Tanyaş et al.,

2018; Nowicki Jessee et al., 2018) triggers. With regard to characteristics such as velocity, kinetic energy and runout, albeit

fundamental to describe a potential landslide threat (Fell et al., 2008; Corominas et al., 2014), these are currently impossible35

to be data-driven-modeled because no observed dataset of landslide dynamics exists to support the modelling and predicting

paradigm of an Artificial Intelligence (AI). Guzzetti et al. (1999) proposed to alternatively model landslide areas, which can

be easily extracted from a polygonal inventory. Nevertheless, the first spatially-explicit models able to estimate landslide areas

have been recently proposed by Lombardo et al. (2021); Zapata et al. (2023). In their work, the authors exclusively estimated

the potential landslide size at a given location without informing whether the given location would have been susceptible in the40

first place. This limitation has been further addressed by Bryce et al. (2022) and Aguilera et al. (2022), implementing models

that couple susceptibility and landslide area prediction together. Nevertheless, even in these cases, the absence of the temporal

dimension in their work implies that no current data-driven model is capable of solving the landslide hazard definition (Guzzetti

et al., 1999), jointly estimating where, when (or how frequently) and how large landslides may be in a given spatio-temporal

domain. Apart from spatial modelling, temporal aspects of landslides are also addressed in works of Samia et al. (2020); Ozturk45

et al. (2021).

The present work expands on the data-driven literature summarized above by proposing a space-time deep-learning model

based on an Ensemble Neural Network (ENN) architecture. Neural Networks (NN) are not new to the landslide literature,

although they have found the spotlight so far mostly for automated landslide detection (Catani, 2021; Meena et al., 2022),

monitoring (Neaupane and Achet, 2004; Wang et al., 2005) and for landslide susceptibility assessment (Lee et al., 2004; Catani50

et al., 2005; Gomez and Kavzoglu, 2005; Grelle et al., 2014; Montrasio et al., 2014; Catani et al., 2016; Nocentini et al., 2023).

Here, the main difference is that our ENN is built as an ensemble made of two elements, i.e., a landslide susceptibility classifier

and a landslide density area regression model, both simultaneously defined over the same spatio-temporal domain. Thanks to

the open data repository of Kincey et al. (2021), we tested our space-time ENN complying for the first time with the landslide

hazard definition (as per Guzzetti et al., 1999).55
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The manuscript is organized as follows: Section 2 describes the data we used; Section 4 summarizes how we partitioned the

study area; Section 5 lists the predictors we chose; Section 6 details our space-time ENN architecture; Section 7 reports our

results, which are then discussed in Section 8, and Section 9 concludes our contribution with an overall summary and future

plans.

2 Study area and landslide inventory60

The 2015 Gorkha (Nepal) Earthquake is one of the strongest recent earthquakes in South Asia, and speci�cally along the

Himalayan sector (e.g., Kargel et al., 2016). The Mw 7.8 mainshock occurred on 25th April 2015, and together with a sequence

of aftershocks, it was responsible for triggering more than 25,000 landslides (Roback et al., 2018). The ground motion did not

only affect the Nepalese terrain right after the earthquake through co-seismic landslides, but its disturbance increased the

landslide susceptibility in the following years, a phenomenon commonly referred to as earthquake legacy (Jones et al., 2021;65

Tanyaş et al., 2021a). The legacy of the Gorkha earthquake has been recently demonstrated by mapping a multi-temporal

inventory, which has been publicly shared by Kincey et al. (2021). The authors mapped landslides across the area shown in

Figure 1 from 2014 to 2018, including the co-seismic phase, as well as all pre-monsoons and post-monsoons seasons, with an

approximate temporal coverage of six months. They used a time series of freely available medium-resolution satellite imagery

(Landsat-8 and Sentinel-2) and aggregated the resulting landslide areas at the level of a 1 km squared lattice. Overall, they70

mapped three pre-seismic and seven post-seismic landslide inventories in addition to the co-seismic one. In this work, we

excluded three pre-seismic inventories and selected the inventories from April 2015 onward because the effect of the ground

motion and its legacy effect is present only after the event. As a result, from the gridded database by Kincey et al. (2021), we

extracted a total of eight landslide inventories.

3



Figure 1. Study area de�ned within the cyan polygon, where Kincey et al. (2021) mapped the multitemporal landslide inventories upon

which we based the analysis in this work. The Beach Ball shows the moment tensor of the energy release from 2015 Gorkha Earthquake.

Since the landslide information was aggregated at a 1 km resolution, it is not possible to disentangle single landslides, one75

from the others. Thus, each 1 km grid reports the whole landslide area mapped by the authors each time without excluding

the footprint of previous failures. For this reason, we had to include a pre-processing step where each temporal replicate was

re-calculated and re-assigned with the difference in landslide area density between two original subsequent inventories. In the

attempt to focus on newly activated landslides, we have then considered only grid cells with an increase in landslide area. The

interpretation here is that an increase with time implies either newly formed landslides or re-activated ones. Conversely, the80

grids where the landslide area diminished with respect to their previous counterpart were assigned with a zero value under the

assumption that no landslide took place, but rather vegetation recovery was responsible for the estimated change. The resulting

temporal inventory at different time periods over the 1 km grid is shown in Figure 2.
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