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Abstract: Landslides, as natural hazards, have far-reaching impacts beyond their immediate effects

on human lives and infrastructure; landslides disrupt both carbon storage and ecosystem stability,

and their role in the global carbon cycle cannot be underestimated. This study delves into the

complex relationship between landslides and carbon stocks such as, in particular, soil organic carbon

(SOC) and above-ground biomass (AGB), and outlines the spatial relationship between different

types of landslides, soil organic carbon (SOC), and the carbon cycle, underscoring the importance of

understanding these interconnections for environmental sustainability and climate change mitigation

efforts. By employing machine learning algorithms on the Google Earth Engine platform, landslide

susceptibility maps were created for different landslide types across Italy, and their spatial patterns

with SOC accumulation were analyzed using the Python environment. The findings reveal a nuanced

relationship between landslide hazard levels and SOC dynamics, with varying trends observed for

different landslide types. In addition, this study investigates the potential impact of large-scale

landslide events on carbon sequestration in the short term via a case study of the May 2023 landslide

event in the Emilia Romagna region of Italy. The analysis reveals a substantial reduction in above-

ground biomass by 35%, which approximately accounts for the loss of 0.133 MtC, and a decrease

in SOC accumulation in 72% of the affected areas, indicating that landslides can transform carbon

sinks into carbon sources, at least in the short term, and suggested that carbon released from extreme

landslide events at a larger scale needs to be accounted for in regional or national carbon emissions.

This research underscores the importance of considering landslides in carbon cycle assessments and

emphasizes the need for sustainable land management strategies to protect and enhance carbon sinks,

such as forests and healthy soils, in the face of increasing natural hazards and climate change impacts.

Keywords: landslide susceptibility map; machine learning; soil organic carbon; above-ground

biomass; risk assessment; carbon stocks

1. Introduction

Landslides are natural hazards that can pose significant threats not only to human
lives but also to ecosystems and can potentially become sources of carbon dioxide (CO2)
emissions. These mass movements of rock, debris, or earth down a slope can cause extensive
damage to vegetation and disrupt soil cover, leading to various physical, chemical, and
biological changes. Landslides can release soil organic carbon (SOC) stored in the soil and
vegetation, contributing to increased atmospheric CO2 levels [1,2]. SOC plays a crucial role
in the global carbon cycle, acting as both a source and sink of atmospheric CO2 through
processes like photosynthesis, decomposition, and respiration [3–7]. However, both natural
factors, like landslides and floods, and human activities like deforestation, agriculture, and
urbanization often deplete this essential carbon pool [8]. Sustainable land management
practices that promote SOC conservation and enhance carbon sequestration in soils, are
critical for mitigating climate change and reducing anthropogenic CO2 emissions [9].
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Previous research suggests that landslides can act as both carbon sources and sinks,
but their overall impact on the carbon cycle remains poorly understood. Some studies
indicate that landslides can bury and sequester carbon by exposing carbon-rich subsoils and
creating new spaces for vegetation growth [10–14]. However, other findings suggest that
large-scale landslide events can release substantial amounts of stored carbon from soils and
vegetation, potentially turning carbon sinks into sources [15]. Landslide deposits exhibit
significant variability in soil properties, particularly in soil organic carbon (SOC), a critical
component of global carbon cycling [16]. Soils in landslide scars are particularly vulnerable,
with accelerated decomposition rates similar to those seen in surficial soil erosion [17,18].
This disruption extends to chemical and biochemical properties, emphasizing SOC’s critical
role in soil recovery and ecosystem restoration [19]. Forests are central to global carbon
storage, holding 62–78% of terrestrial carbon, with 70% of this stored in soil [20]. Soil
organic matter, a primary contributor to forest carbon stocks, ranks second only to above-
ground biomass [21]. Yet, disturbances like deforestation and landslides lead to substantial
carbon emissions and hinder reclamation, which is often slow due to long-term effects on
SOC and nutrient availability [22,23]. The restoration of landslide-affected areas remains
a challenge. Artificial restoration has been shown to yield immediate benefits for SOC
recovery, but its long-term effects align with those of natural regeneration [24,25]. Effective
forest management strategies, as discussed by Pang et al. (2024) [26], could enhance forest
health and biodiversity, aiding carbon sequestration. Furthermore, Di et al. (2023) [27]
emphasize the significance of landslide scale, particularly width, in determining SOC
dynamics and the potential for post-disaster recovery.

Pandey Hari et al. (2022) [28] studied the recovery of vegetation after the landslides
triggered by the 2015 Gorkha earthquake and found that by 2022, about 51% of the lost
vegetation had been restored. Of this, only 9.5% was due to human-led restoration efforts,
with the majority of regrowth occurring naturally. Their analysis suggests that it will take at
least sixteen years for the vegetation to fully return to pre-landslide levels, highlighting the
resilience of the ecosystem but also the long-term nature of recovery after such disasters.

In recent studies like the Fiordland region, multiple regional landslide events influ-
enced carbon storage significantly. According to the study [29], such events should be
included in national greenhouse gas inventories, and another study reveals that each large
earthquake can erode millions of tonnes of carbon [30], highlighting the long-term impact
of such disturbances on carbon export from mountain forests. Landslides significantly
impact both carbon storage and ecosystem stability, making their role in the global carbon
cycle critically important.

Most of the studies in the literature have focused on individual landslides, small re-
gions [16], or earthquake-induced landslides over large areas [28,29]; this paper investigates
the impact of rainfall-triggered landslides over a large region, which is a novelty in the
literature, and contributes to advancing our understanding of the broader implications for
the carbon cycle.

The purpose of this paper is to explore the interaction between landslides and carbon
stocks, specifically soil organic carbon (SOC) and above-ground biomass (AGB). While
it is well established that vegetation can reduce landslide susceptibility by improving
soil stability and slope reinforcement through root systems [31,32], there is a lack of com-
prehensive studies analyzing the relationships between SOC and landslide hazard levels
across different landslide types. This study aims to explore the spatial patterns between
SOC accumulation and landslide susceptibility classes, providing insights into how SOC
dynamics may influence or be influenced by different types of landslide events. To the
authors’ knowledge, this is a novelty in the literature. Understanding these relationships is
important for sustainability as it highlights the interconnections between carbon stocks,
natural hazards, and their potential impacts on climate change mitigation efforts.

Landslide susceptibility mapping (LSM) is a spatial tool employed to assess the proba-
bility of landslide occurrence and identify areas most vulnerable to such events within a
given study region [33]. This mapping technique typically incorporates various causative
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factors that influence landslide occurrence, encompassing geological, hydrological, ecologi-
cal, geomorphological, and anthropogenic variables. These factors may include, but are not
limited to, precipitation patterns, land cover characteristics, and topographical slope.

Random Forest, a machine learning algorithm, has emerged as a particularly effective
method for landslide susceptibility analysis. Its capacity to process large datasets and
manage numerous variables simultaneously, coupled with its robustness against mul-
ticollinearity issues, renders it an advantageous choice for landslide studies [34]. This
algorithm’s ability to handle complex, multidimensional data makes it well suited for the
intricate nature of landslide susceptibility assessment, which often involves the integration
of diverse geospatial and environmental parameters.

Various types of landslides, such as rainfall-triggered (RT), slow (SL), complex (C),
rotational/translational (RT), shallow (SH), fall (F), rapid (R), diffused fall (DF), and Deep-
Seated Gravitational Slope Deformations (DSGSDs), were considered according to the dis-
tinction used in Table 1, which shows the Italian Landslide Inventory (IFFI). The definition
of each landslide type is any given machine learning algorithm for landslide susceptibility
mapping that uses 18 parameters derived from a digital elevation model (DEM) and satel-
lite data. IFFI and ITALICA [35,36] catalogs (https://doi.org/10.5281/zenodo.8009366) are
used for model training and testing. The landslide susceptibility map is used together with
the SOC map available on GEE by OpenLandMap to identify patterns between landslide
hazard levels and SOC. This is a novelty in the literature, and even if temporal changes in
LS and SOC are not included, and despite the limitations deriving from the use of satellite
data, it is meaningful to provide insights into the complex interplay between landslides,
SOC dynamics, and their potential impacts on the carbon cycle and climate change mitiga-
tion strategies. We hypothesized that the influence on SOC and carbon stocks if landslides
occur in the future, through patterns, could be instrumental in understanding the relative
impact of different types of landslides on carbon stocks, and the pilot case of the May 2023
landslides in Emilia Romagna, Italy, is used to support this hypothesis.

Table 1. Definition of landslide types.

Name Definition Figure

Rapid Flow (R)

This can be characterized by the fast
movement of debris, often resembling a

fluid-like motion. These landslides can occur
in various forms, including debris flows,

mudflows, and avalanches, depending on the
composition and fluidity of the material

involved [37,38].
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Table 1. Cont.

Name Definition Figure

Shallow (SH)

Shallow landslides occur within the upper
layers of the slope, typically involving only a

small depth of soil or rock material. These
landslides often result from the failure of
surface materials due to factors such as
saturation, erosion, or changes in slope

stability [38].
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Complex (C)

These landslides involve more than one
failure mechanism occurring simultaneously
or sequentially, making them multifaceted in

nature. This type often includes a
combination of sliding, flowing, and falling

components [40].
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Table 1. Cont.

Name Definition Figure

Deep-Seated Landslides (DSGSDs)

These are characterized by their deep slip
surfaces, often occurring within large

volumes of soil or rock. They are typically
slow-moving and involve significant depths

below the surface, affecting large
land areas [48].
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Landslides (TR)

These involve the downslope movement of
material along a relatively planar surface.
Translational landslides can include both
translational sliding, where the material

moves parallel to the slope, and rotational
sliding, where the movement occurs along a
curved surface, causing the sliding mass to

rotate [38].
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A case study of a big disaster event of landslides in Emilia Romagna (Italy) [50], which
occurred in May 2023, is analyzed to evaluate the impact on vegetation and carbon storage.
More than 60 thousand landslides of different typologies occurred and were mapped
with polygons, over which the changes in NDVI and above-ground biomass is analyzed.
This quantitative study proves that landslides reduce carbon sequestration and increase
potential carbon release into the atmosphere, contributing to increased CO2 levels, at least
in the short term. This highlights the importance of considering landslides in carbon cycle
assessments, especially as climate change induces more extreme weather events, potentially
turning carbon-absorbing areas into carbon sources. Understanding these dynamics is
essential for addressing climate change effectively.

This study presents a preliminary analysis of the relationship between SOC and
landslide hazard levels across different landslide types in Italy. The overall goal is to
provide insights into the complex interplay between landslides, carbon stocks, and the
carbon cycle, which is crucial for sustainable land management, hazard mitigation, and
climate change adaptation strategies.

2. Materials and Methods

In order to investigate the relation between hazard level and SOC, a landslide sus-
ceptibility map is prepared and then it is correlated with the SOC map (Figure 1). The
methodology used to build the LSM is explained in Section 2.1. Section 2.2 illustrates the
approach used to elaborate the SOC map and obtain the SOC for different hazard classes.
Section 2.3 illustrates the methodology used to calculate the changes in AGB and SOC after
a landslide event.
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Figure 1. Schematic diagram of LSM framework and specific processing steps for each part

(Sections 2.1–2.3).
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2.1. Landslide Susceptibility Map

There are different methodologies that can be used to assess landslide susceptibility. In
recent years, the use of traditional machine learning methods and deep learning methods
has significantly increased and they have been shown to be robust and accurate [51].
The quality of an LS map produced by a model relies heavily on the accuracy, scale,
and number of landslide-related factors considered as well as the completeness of the
landslide inventory [52]. With the emergence of Google Earth Engine (GEE), there are
abundant data resources and functions, which enable investigations at the regional and
global scales [53,54].

This study employs the Random Forest (RF) machine learning method to assess
landslide susceptibility on a large scale using the Google Earth Engine (GEE) platform
at the pixel level [53]. The RF algorithm, renowned for its efficiency in managing high-
dimensional datasets, is widely utilized in satellite-based applications due to its com-
putational power and versatility [55]. This model is celebrated for its reliability, ease of
interpretation, and robust predictive performance. By constructing multiple decision trees
during training, the RF model determines classifications based on the majority vote across
these trees. Its resistance to overfitting and multicollinearity makes it an excellent choice for
landslide susceptibility assessment, a domain characterized by the interaction of numerous
interrelated variables. Furthermore, the RF model provides valuable insights into feature
importance, which enhances its interpretability and supports informed decision-making.

For this analysis, the RF model was trained and tested using data from two major
landslide inventories: the Italian Landslide Inventory (IFFI) (https://www.progettoiffi.
isprambiente.it/en/italian-landslide-inventory-iffi/) and ITALICA (https://doi.org/10.5
281/zenodo.8009366) last accessed on 30 July 2024.

The IFFI database is a collaborative initiative led by national, regional, and provincial
geological surveys to systematically document landslides across Italy [56]. This extensive
inventory includes data on 622,439 landslides, covering a total area of approximately
22,500 km2, which constitutes about 7.5% of Italy’s total land area. The average density
of landslides recorded is two per square kilometer. The data within IFFI are derived
from diverse sources, including aerial photograph interpretation, analysis of historical
records, field surveys, and pre-existing geological maps [56]. The inventory classifies
landslides into several types, such as fall and/or topple (26,519 cases), slow (earth) flow
(81,513 cases), rapid flow (81,213 cases), complex movement (59,472 cases), rotational/
translational slides (222,653 cases), lateral spread (79 cases), sinkholes (409 cases), and
undefined slope movements (36,379 cases).

ITALICA is a specialized inventory cataloging 6312 rainfall-triggered landslides that
occurred in Italy between January 1996 and December 2021. Unlike the IFFI, ITALICA
focuses exclusively on landslides caused by rainfall and provides precise temporal and
spatial data. These landslides are evenly distributed across Italy’s mountainous and hilly
regions. ITALICA is distinctive in its emphasis on temporal accuracy and its exclusive
focus on rainfall-induced landslides, setting it apart from IFFI, which covers landslides
triggered by various causes but lacks detailed temporal data.

For this study, the two inventories were combined to create a comprehensive dataset
for training and validating the RF model. By merging the strengths of both datasets—the
IFFI’s extensive spatial coverage and ITALICA’s precise temporal focus—this approach
ensures a robust and well-rounded dataset for landslide susceptibility analysis.

The combined dataset includes nine distinct landslide types (Table 1): slow (SL),
complex (C), rotational/translational (RT), shallow (SH), fall (F), rapid (R), diffused fall
(DF), Deep-Seated Gravitational Slope Deformations (DSGSDs) from the IFFI and rainfall-
triggered (RT) landslides from ITALICA.

This integration offers a holistic view of landslide susceptibility by accounting for
a wide variety of factors and types, providing a rich dataset for comprehensive analysis
(Tables 2 and 3). In landslide studies, researchers emphasize the variability of factors
influencing landslide occurrences across different areas. Identifying relevant causal factors

https://www.progettoiffi.isprambiente.it/en/italian-landslide-inventory-iffi/
https://www.progettoiffi.isprambiente.it/en/italian-landslide-inventory-iffi/
https://doi.org/10.5281/zenodo.8009366
https://doi.org/10.5281/zenodo.8009366
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is challenging, and there is no well-established rule regarding the necessary number of
factors for landslide susceptibility analysis. The choice of predisposing factors relies
on the unique characteristics of the study area, expert opinions, and the availability of
data to generate suitable spatial and thematic patterns [33,57]. In this study, the selected
variables for this analysis are listed in Table 2. Aspect, eastness, elevation, Gaussian
curvature, HAND (Height Above Nearest Drainage), hillshade, horizontal curvature,
maximal curvature, mean curvature, minimal curvature, northness, shape index, slope,
TPI (Topographic Position Index), and vertical curvature are derived from a 30 m spatial
resolution digital elevation model (DEM) using Google Earth Engine. The Normalized
Difference Vegetation Index (NDVI) is derived at a 30 m spatial resolution from Landsat
8 imagery, accessed through the Google Earth Engine (GEE) data catalog. Soil density
information, at a 250 m resolution, is sourced from OpenLandMap and accessed through
GEE. Additionally, precipitation data from the Global Precipitation Measurement (GPM)
Integrated Multi-satellitE Retrievals for GPM (IMERG) product, which provide global
rainfall estimates at an 11,132 m resolution, are incorporated. This dataset, provided by
NASA GES DISC, is also accessible via GEE. Table 3 summarizes the list of applied datasets
and the source.

Table 2. Variables’ definitions and rationale used in the model.

Variable Importance and Rationale Variable Importance and Rationale

Aspect

The compass direction that a
slope faces. It impacts how much
sun exposure the slope receives

and the direction of water runoff,
influencing the likelihood of

landslides. Aspects facing the
direction of frequent heavy rains

might be more susceptible
to landslides.

Mean Curvature

The average of the maximum and
minimum curvature of the terrain.
It provides an overall indication
of the “bendiness” of the terrain,
which can impact slope stability
and susceptibility to landslides.

Eastness

A sine transformation of the
aspect used to handle the circular
nature of aspect data. It quantifies

the degree to which the slope
faces east. Eastern slopes might

have different vegetation or water
drainage patterns than western
slopes, affecting the stability of

the slopes.

Minimal Curvature

The minimum amount of
curvature in any direction of the
terrain. Areas with high minimal
curvature might be more prone to

landslides due to potentially
weaker structural integrity.

Northness

A cosine transformation of the
aspect used to handle the circular
nature of aspect data. It quantifies

the degree to which the slope
faces north. Northern slopes

might have different vegetation or
water drainage patterns than
southern slopes, impacting

landslide susceptibility.

Vertical Curvature

Measurement of the curvature of
the terrain in the vertical plane.
This can influence how water

flows down a slope, which could
impact the saturation of the slope

and, consequently, its stability.
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Table 2. Cont.

Variable Importance and Rationale Variable Importance and Rationale

Elevation

The height of an area above sea
level. Higher areas tend to be

more prone to landslides due to
gravitational forces. Additionally,

elevation might impact factors
such as temperature and rainfall,
which can affect slope stability.

HAND
(Height Above Nearest

Drainage)

The vertical distance of a location
above the nearest water body.

Locations closer to water bodies
are more susceptible to landslides
due to the possible saturation of
soil. The greater the HAND, the
less likely it is that the area will

become saturated and prone
to landslides.

Gaussian Curvature

A measure of the total curvature
of the terrain. This is calculated as
the product of the maximal and
minimal curvature of the terrain.

Extreme positive or negative
Gaussian curvature can suggest

that the terrain is convex or
concave, respectively, which can

influence water runoff and
slope stability.

Hillshade

A measure that indicates the
amount of sunlight a region

receives. Regions receiving more
sunlight might have lower soil
moisture levels and different
vegetation types compared to
those receiving less sunlight.

These factors can impact slope
stability and susceptibility

to landslides.

Horizontal Curvature

Measurement of the curvature of
the terrain in the horizontal plane,
potentially affecting the direction
and speed of water flow. A high
horizontal curvature might lead

to faster water flow, possibly
accelerating soil erosion and

increasing landslide susceptibility.

Shape Index

Quantification of the shape of the
terrain, giving an idea of

landscape relief. This can help
identify areas of potential water

pooling or steep gradients, both of
which can impact landslide

occurrence. High shape index
values typically correspond to

ridges and peaks, while low
values represent valleys

and depressions.

Maximal Curvature

Reflection of the maximum
amount of curvature in any

direction of the terrain. Regions
with high maximal curvature

might be more prone to landslides
due to potentially weaker

structural integrity.

Rain (Mean Precipitation)

Mean monthly precipitation from
IMERG GPM. The data were

resampled to 30 m for landslide
susceptibility model training.

TPI
(Topographic Position

Index)

A measure that indicates the
position of an area in relation to

its surroundings (e.g., valley,
ridge, flat area). It helps

understand the influence of
landscape position on the

direction and speed of water flow,
which can affect soil saturation

levels and landslide susceptibility.

Slope

The angle of the terrain, or
steepness. Steeper slopes are
generally more susceptible to
landslides as the unstabilizing
component of the gravitational

force acting on the slope material
is greater.

NDVI

NDVI is an indicator of
Vegetation Health Assessment,
Stability Indicator, and Rainfall

and Erosion Control. High NDVI
values indicate healthy vegetation,
while low values suggest sparse

or stressed vegetation.

Soil Density

Soil density may influence shear
strength, water retention

properties, and
erosion susceptibility.
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Table 3. Data sources utilized in the study.

Data Resolution Source URL

NDVI (Normalized Difference
Vegetation Index)

30 m Google Earth Engine
https://developers.google.com/earth-

engine/datasets/catalog/landsat-8,
last accessed on 30 July 2024

NASA SRTM Digital
Elevation 30 m

30 m Google Earth Engine

https://developers.google.com/earth-
engine/datasets/catalog/USGS_
SRTMGL1_003#description, last

accessed on 30 July 2024

Spatio-Temporal Catalog of
Rainfall-Induced Landslides

in Italy
ITALICA

https:
//doi.org/10.5281/zenodo.8009366,

last accessed on 30 July 2024

Soil Density 250 m Google Earth Engine

https://developers.google.com/earth-
engine/datasets/catalog/

OpenLandMap_SOL_SOL_
BULKDENS-FINEEARTH_USDA-4A1
H_M_v02#description, last accessed on

30 July 2024

Landslide Inventory in Italy IFFI catalog

https:
//www.progettoiffi.isprambiente.it/
en/italian-landslide-inventory-iffi/,

last accessed on 30 July 2024

Rainfall (Precipitation) 11,132 m Google Earth Engine
https://disc.gsfc.nasa.gov/datasets/
GPM_3IMERGM_07/summary, last

accessed on 30 July 2024

SOC 250 m Google Earth Engine

https://developers.google.com/earth-
engine/datasets/catalog/

OpenLandMap_SOL_SOL_ORGANIC-
CARBON_USDA-6A1C_M_v02, last

accessed on 15 October 2024

The landslide inventory is split into two sets: 70% for training and 30% for testing.
The Random Forest model was trained on the 70% subset, optimized for minimum out-
of-bag error, and the final model was selected based on this optimization. The final
model, optimized through training on the 70% dataset, was employed to predict landslide
susceptibility for the remaining 30% testing data subset. These predictions were then
compared with actual values, and the accuracy of the model was assessed using the
AUC-ROC (Area Under the Receiver Operating Characteristic) method. Subsequently, the
chosen model was applied to the entire geographic extent of Italy. The outcome was a
probability-based landslide susceptibility map, ranging from 0 to 100. This map was further
classified into 6 classes indicating landslide susceptibility scores based on their likelihood
of experiencing landslides: very low (0–15%), low (15–30%), low to moderate (30–45%),
moderate to high (45–60%), high (60–80%), and very high susceptibility (80% and above).
Different maps are prepared for each type of landslide (Figure 2a,b).

https://developers.google.com/earth-engine/datasets/catalog/landsat-8
https://developers.google.com/earth-engine/datasets/catalog/landsat-8
https://developers.google.com/earth-engine/datasets/catalog/USGS_SRTMGL1_003#description
https://developers.google.com/earth-engine/datasets/catalog/USGS_SRTMGL1_003#description
https://developers.google.com/earth-engine/datasets/catalog/USGS_SRTMGL1_003#description
https://doi.org/10.5281/zenodo.8009366
https://doi.org/10.5281/zenodo.8009366
https://developers.google.com/earth-engine/datasets/catalog/OpenLandMap_SOL_SOL_BULKDENS-FINEEARTH_USDA-4A1H_M_v02#description
https://developers.google.com/earth-engine/datasets/catalog/OpenLandMap_SOL_SOL_BULKDENS-FINEEARTH_USDA-4A1H_M_v02#description
https://developers.google.com/earth-engine/datasets/catalog/OpenLandMap_SOL_SOL_BULKDENS-FINEEARTH_USDA-4A1H_M_v02#description
https://developers.google.com/earth-engine/datasets/catalog/OpenLandMap_SOL_SOL_BULKDENS-FINEEARTH_USDA-4A1H_M_v02#description
https://developers.google.com/earth-engine/datasets/catalog/OpenLandMap_SOL_SOL_BULKDENS-FINEEARTH_USDA-4A1H_M_v02#description
https://www.progettoiffi.isprambiente.it/en/italian-landslide-inventory-iffi/
https://www.progettoiffi.isprambiente.it/en/italian-landslide-inventory-iffi/
https://www.progettoiffi.isprambiente.it/en/italian-landslide-inventory-iffi/
https://disc.gsfc.nasa.gov/datasets/GPM_3IMERGM_07/summary
https://disc.gsfc.nasa.gov/datasets/GPM_3IMERGM_07/summary
https://developers.google.com/earth-engine/datasets/catalog/OpenLandMap_SOL_SOL_ORGANIC-CARBON_USDA-6A1C_M_v02
https://developers.google.com/earth-engine/datasets/catalog/OpenLandMap_SOL_SOL_ORGANIC-CARBON_USDA-6A1C_M_v02
https://developers.google.com/earth-engine/datasets/catalog/OpenLandMap_SOL_SOL_ORGANIC-CARBON_USDA-6A1C_M_v02
https://developers.google.com/earth-engine/datasets/catalog/OpenLandMap_SOL_SOL_ORGANIC-CARBON_USDA-6A1C_M_v02
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Figure 2. (a) Landslide susceptibility map for all, R, F, SH, and C landslide types. (b) Landslide

susceptibility map for RT, DF, SL, DSGSD, and TR landslide type.
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2.2. SOC and Hazard Categories

The map of SOC is taken from OpenLandMap available on GEE, and it represents soil
organic carbon content in ×5 g/kg at 6 standard depths (0, 10, 30, 60, 100, and 200 cm) at a
250 m resolution. The algorithm processes different landslide hazard maps and SOC raster
files in a Python environment to compute and visualize SOC values for different hazard
categories. It aligns the SOC raster to the hazard raster profile using the rasterio library
and calculates total and average SOC values for predefined hazard categories.

The primary function in the Python environment serves multiple purposes in ana-
lyzing the relationship between hazard levels and soil organic carbon (SOC). It begins by
reading the input hazard raster and SOC raster files, which contain spatial data on hazard
levels and soil organic carbon content, respectively. The function then applies masks to cat-
egorize the data based on predefined hazard levels. This categorization enables a detailed
examination of how SOC is distributed across areas with varying hazard intensities.

Then, the function aggregates SOC values within each hazard category to calculate
total soil organic carbon (total SOC) and mean soil organic carbon. Total SOC represents
the cumulative sum of SOC across all soil areas within the specified hazard category while
mean SOC is the average SOC value for the areas within each hazard category, providing a
normalized measure of SOC distribution.

Finally, the function visualizes the results by plotting the total and mean SOC values,
offering clear insights into the relationship between hazard levels and SOC distribution.
This analysis highlights how soil organic carbon varies across different hazard intensities,
aiding in understanding the interplay between environmental hazards and soil health.

Total SOC is typically expressed in mass units such as megagrams (Mg) or tons. Mean
soil organic carbon is the average organic carbon content per unit area in the soil. It
represents the concentration of soil organic carbon averaged across a specified area. It is
typically expressed in mass per area units such as megagrams per hectare (Mg/ha) or tons
per hectare (tons/ha) for each category and saves the plots for further analysis.

2.3. Above-Ground Biomass Density (AGBD) Calculation and Change in SOC

This section considers the case of the intense rainfall events that occurred in May 2023
in Emilia Romagna (Italy) causing more than 60 thousand landslides of different types
(See Section 3.3). All landslide polygons are mapped including the source and deposition
area (https://geoportale.regione.emilia-romagna.it/approfondimenti/emergenza-maggio-
23/emergenza-rer-maggio-2023-servizi, accessed on 15 December 2024).

Two distinct methodological approaches are employed to quantify the impact of
landslides on carbon stocks in the Emilia Romagna landslide-affected region:

1. The first method utilizes remote sensing data to find the change in SOC based on the
Normalized Difference Vegetation Index (NDVI).

2. The second method leverages data from NASA’s Global Ecosystem Dynamics In-
vestigation (GEDI) mission to calculate AGB density. GEDI’s lidar measurements,
combined with Sentinel-2 satellite data and elevation models, are used to train a
regression model for predicting AGB density.

Methodology (1) first defines pre- and post-landslide time periods and filters the
Landsat collection to include only images with less than 20% cloud cover over the Emilia
Romagna, then calculates NDVI for both periods, masks invalid NDVI values, and converts
the NDVI to SOC and carbon stock estimates. The change in carbon sequestration is
calculated by finding the difference between pre- and post-landslide carbon stocks.

Method (2) tries to quantify the loss in AGB. To evaluate and quantify the density
and total stock of above-ground biomass, we selected only the landslide polygons out of
the whole of Emilia Romagna with the aim of finding the difference between 2022 and
2023. We used GEDI mission data utilizing the MIT open-source data and adapted them
according to our requirements. NASA’s GEDI mission collects LIDAR measurements at a
30 m spatial resolution, capturing the vertical distribution of vegetation to estimate above-
ground biomass density (AGBD) [58]. These point estimates serve as ground-truth data for

https://geoportale.regione.emilia-romagna.it/approfondimenti/emergenza-maggio-23/emergenza-rer-maggio-2023-servizi
https://geoportale.regione.emilia-romagna.it/approfondimenti/emergenza-maggio-23/emergenza-rer-maggio-2023-servizi
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regression models. The present study utilizes Sentinel-2 satellite data, including spectral
bands and indices, which are cloud-masked using Google’s Cloud Score dataset to create an
annual cloud-free composite. Elevation and slope data from the Copernicus GLO-30 DEM
are incorporated both for pre-processing GEDI data and as independent variables. Data
preparation involves filtering, scaling, and creating mosaics for each dataset. GEDI data
are filtered to remove unreliable measurements based on quality flags, relative error, and
slope constraints, while Sentinel-2 images are processed to a median composite. Thereafter,
all datasets are exported as assets to manage computational limitations.

In building the regression model, Sentinel-2 data, along with elevation and slope, are
used as predictors, while GEDI AGBD values serve as the target variable. Resampling and
stratified sampling techniques ensure alignment and adequate coverage of valid data points.
The trained regression model predicts AGBD values, which are then used to estimate total
AGB [59]. To refine this estimation, non-vegetated pixels are masked using the ESA World
Cover dataset, and the total AGB is calculated by multiplying the AGBD values by each
pixel’s area and summing them across the region for both years (2022 and 2023), and the
whole process is carried out on the GEE platform.

This model is then applied to the study area and the total AGB is quantified by
integrating the AGBD values over the landslide-affected regions (polygons). By comparing
the AGB estimates before and after the landslide event, the impact on above-ground carbon
stocks can be assessed. The total AGB is calculated for the landslide area (polygons)
by multiplying the AGBD values by each pixel’s area under the landslide polygons and
summing them across the landslide polygon regions for 2022 and 2023.

3. Results

This section illustrates and comments on the results first in terms of landslide suscep-
tibility maps and then as SOC for each landslide hazard class.

3.1. Landslide Susceptibility Map

The landslide susceptibility maps obtained from the RF model introduced in the
previous section are shown in Figure 2a,b, and the area falling in each susceptibility class
for each type of landslide is summarized in Table 4 and graphically represented in Figure 3.
The category “All” considers all types of landslides together without any specific distinction.
A better-quality map can be downloaded.

Table 4. Areas (km2) susceptible to different classifications of landslide types obtained from landslide

susceptibility maps.

Landslide Type Very Low Low Low to Moderate Moderate to High High Very High

All 108,946.32 21,889.13 37,932.82 50,740.72 59,646.97 21,234.00
C 114,908.24 29,582.67 49,590.01 42,575.07 38,765.48 24,968.48
R 142,295.21 38,029.22 32,718.32 30,164.43 32,311.75 24,871.02

SH 97,312.387 23,854.49 49,941.89 62,858.51 46,691.48 19,731.20
F 139,696.10 45,507.46 34,386.96 28,975.88 28,991.85 22,831.71

TR 115,278.79 37,629.80 35,121.60 38,506.51 47,503.96 26,349.30
RT 81,825.44 53,948.82 56,061.36 49,942.25 39,319.29 19,292.79

DSGSD 141,084.88 51,165.93 34,987.85 24,515.30 24,594.20 24,041.80
SL 143,512.69 42,859.43 32,029.03 25,190.49 27,897.97 28,900.35
DF 212,932.59 25,752.76 13,077.50 9198.00 12,480.37 26,948.74
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Figure 3. Areas (km2) susceptible to different classifications of landslide types obtained from landslide

susceptibility maps.

The model performances were evaluated using the Area Under the Receiver Operating
Characteristic Curve (AUC-ROC), a metric that measures a model’s ability to correctly
distinguish between landslide and non-landslide areas (Figure 4). Specifically, the ROC
curve plots the true positive rate (sensitivity) against the false positive rate (1 − specificity)
at various classification thresholds. The area under this curve represents the model’s ability
to distinguish between positive (e.g., landslide) and negative (non-landslide) instances. An
AUC-ROC score of 1 represents a perfect model, while a score of 0.5 implies performance
no better than random chance. Generally, the higher the AUC-ROC value, the better the
model’s performance in separating the two classes. The models in this study achieved AUC
scores ranging from 0.84 to 0.96, as shown in Figure 4, indicating strong overall accuracy
and reliable predictions. Overall, higher AUC values reflect stronger model performance,
with curves farther from the diagonal line indicating more accurate classification. Although
not flawless, these scores suggest that the models are robust enough for assessing landslide
susceptibility, effectively differentiating between areas at risk and those that are not.

Among the different landslide types, the model for diffused fall (DF) performed
best with an AUC of 0.96, demonstrating excellent predictive power. The slow landslide
classifier followed closely with an AUC of 0.91, reflecting strong accuracy, while the
complex landslide model scored 0.87, indicating good but slightly lower performance.
Other landslide types, such as rainfall-triggered (RT) and shallow landslides (SH), had
AUC values of 0.85 and 0.84, respectively, indicating decent accuracy. The models for Deep-
Seated Gravitational Slope Deformations (DSGSDs) and rapid landslides also performed
well, both achieving AUC values between 0.91 and 0.92. The TR landslide model had an
AUC of 0.86, indicating reasonable but improvable performance.

By this methodology, it is also possible to investigate variable importance (Figure 5);
among the variables, rain and NDVI have the highest importance, followed by elevation
in the case of all landslide types. HAND, slope, hillshade, soil density, and curvature
metrics are moderately important. These are essential but not as critical as rain and NDVI.
Variables like minimal curvature, shape index, and aspect have the least importance but still
contribute to the model, while in the case of rainfall-triggered landslides (RT), elevation,
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NDVI, and rain are the most important. It seems that when rain is explicitly modeled,
elevation becomes significantly more critical, surpassing rain itself. This is because intense
rainfall is the triggering factor of these mass movements, but the variable rainfall in the
model represents a major causative factor and it is understood as a predisposing factor.
Soil density, HAND, and slope follow, with hillshade and northness being slightly less
important. Variables related to curvature and orientation (like curvature and aspect) have a
lower influence.
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Figure 4. AUC-ROC for all, R, F, SH, C, RT, DF, SL, DSGSD, and TR landslide types.
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Figure 5. Feature importance for all, R, F, SH, C, RT, DF, SL, DSGSD, and TR landslide types.

In the case of the landslide type fall (F), rain dominates in importance, as comparable
to other models. This suggests that rain is the most influential factor, which may be due
to the weathering effect of rock slopes. Elevation and hillshade follow as the next most
important. Soil density, HAND, and slope are important but significantly less than rain
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and elevation. Features like maximal curvature, northness, and eastness have relatively
low importance. In the case of DSGSDs, HAND and rain are the most critical variables;
TPI and elevation follow in importance but are significantly less impactful than HAND
and rain. NDVI, soil density, and vertical curvature are moderately important but not as
critical as the top features. Variables like northness, aspect, and shape index also have a
significant impact.

We can draw an inference that each model gives a unique perspective on how envi-
ronmental factors like terrain and climate variables influence outcomes. Rain is the most
critical driver of landslide risk in most models, emphasizing that precipitation is not only
a primary trigger for landslide events but also an important predisposing factor. High
elevations and steep slopes consistently rank as important factors due to their impact on
slope stability. Vegetation (NDVI) helps reduce landslide risk by stabilizing the soil, making
this an essential factor in most models. Proximity to drainage networks is vital in landslide
susceptibility (HAND), likely due to water’s role in destabilizing slopes. Features like
curvature, aspect, and TPI are less critical than rainfall and elevation but still influence land-
slide patterns by affecting runoff and erosion dynamics. Soil density and hillshade reflect
soil properties and sunlight exposure, which indirectly impact landslide susceptibility. Each
model gives the importance of variables based on seasonal or dynamic factors, reflecting
how different environmental conditions influence landslide risk in various contexts.

3.2. SOC and Landslide Hazard Class

Figure 6 shows the total SOC and the mean SOC per unit of area in each landslide
susceptibility class. Each subplot corresponds to a specific landslide type, and the x-axis
represents the hazard level (ranging from 0 to 4), while the y-axis displays the total SOC
(blue bars) and mean SOC (red line). Overall, this figure highlights the varying spatial
relationships between SOC accumulation and landslide hazard levels across different
landslide types. Some types, such as complex, shallow, rotational, and slow landslides,
exhibit a decreasing trend in SOC with increasing hazard levels in classes 1 to 4; this may
suggest that there is a beneficial effect of SOC in landslide hazard, but also that landslides
that occurred in the past in highly susceptible areas had a negative effect of SOC. Other
types of landslides, such as F, R DSGSD, and DF landslides, show an increasing trend. The
elevated presence of SOC in highly susceptible areas may indicate that there are factors that
increase both SOC and landslide hazards. For example, areas with high SOC often coincide
with topographic features and climatic conditions that are inherently more susceptible to
landslides, such as steep slopes, convergent topography where organic matter accumulates,
or wet areas.

Considering all types of landslides together, low hazard levels (0 and 1) show limited
mean and total SOC because these are typically urbanized and agricultural areas. Decreas-
ing levels of mean and total SOC are observed for higher hazard levels (2 to 4), probably
indicating that this factor may contribute positively to landslide hazard. At the same time,
it is possible to observe that there is a significant amount of carbon stored in high or very
high susceptibility classes which may become a carbon source if a landslide occurs.

These patterns suggest that the influence of landslides on SOC dynamics may vary
depending on the specific landslide type and the environmental conditions associated with
each type. Indeed, SOC is influenced by different factors, such as soil type, slope angle,
rainfall patterns, and underlying geology, some of which are also relevant for landslide
susceptibility, but in different measures depending on the landslide type. This can be
useful for future studies related to soil health, carbon sequestration, and ecological balance.
The interpretation provided and discussed in the present study should be regarded as
a preliminary observation. While it offers initial insights, it requires further validation
to ensure its accuracy and reliability. This can be achieved through additional field data
collection, controlled experiments, or further supplementary studies. Such validation steps
are essential to confirm the findings and strengthen the conclusions drawn from this study.
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Figure 6. SOC accumulation trends and landslide type hazard level for all, R, F, SH, C, RT, DF, SL,

DSGSD, and TR landslide types.

3.3. Short-Term Impact of Landslides on Carbon Stocks

The purpose of this section is to evaluate the impact of landslide events on carbon
stocks, specifically soil organic carbon and above-ground biomass (AGB) in the study
area (Figure 7). AGB, including leaves, stems, and branches, contributes to soil organic
carbon through the addition of organic matter from litterfall, plant decomposition, and
root exudates. Larger above-ground biomass often indicates a more extensive root system,
which directly adds organic matter to the soil and supports microbial communities that
decompose plant material into stable SOC forms. This biomass is crucial for carbon
sequestration, as healthy vegetation captures atmospheric CO2 and stores it in plant tissues,
thus enhancing carbon storage in both the plant and soil. Changes in AGB can significantly
impact SOC, influencing soil health, structure, fertility, and overall ecosystem productivity.
Positive feedback loops can enhance biomass and SOC, improving soil conditions and
promoting further growth, while negative feedback loops can degrade soil and reduce
plant growth. Understanding the effects of landslides on these crucial carbon reservoirs is
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essential for assessing the overall influence on the carbon cycle and potential implications
for climate change.
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Figure 7. Landslide-affected region.

The analysis of SOC changes based on NDVI revealed that a larger area (approximately
21 million square meters) (Figure 8) experienced a decrease in SOC accumulation. However,
a smaller area (around 8 million square meters) exhibited an increase in SOC, potentially
due to environmental recovery or ecosystem shifts following the landslide event. In
Figure 8, the red areas show negative carbon stock change, and the blue areas show positive
carbon stock change. Negative sequestration change indicates a reduction in the area’s
ability to capture and store carbon. Positive sequestration change means that in this part of
the landslide-affected area, there has been an increase in the ability to sequester carbon.
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Figure 8. Impact of landslides on vegetation and carbon sequestration by comparing the NDVI

(Normalized Difference Vegetation Index) and biomass levels before and after the landslides in

the region.
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To evaluate and quantify the density and total stock of above-ground biomass, we
selected only the landslide polygons out of the whole of Emilia Romagna with the aim of
finding the difference between 2022 and 2023. By comparing the AGB estimates before
and after the landslide event, the impact on above-ground carbon stocks can be assessed.
Figure 9 shows the AGBD difference before and after the event of the entire affected area.
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Figure 9. Above-ground biomass density difference between 2022 and 2023.

The comparison of AGB estimates before and after the landslide event showed a signifi-
cant decrease in above-ground biomass, from 750,266.23 Mg in 2022 to 484,902.34 Mg in 2023.
This reduction in AGB suggests that less carbon is being stored in the above-ground vegetation,
potentially leading to the release of previously sequestered carbon into the atmosphere.

The loss of 265,364 Mg (megagrams) of AGB may lead to the release of 487,000 metric
tons of CO2 (see Appendix A), which could contribute to atmospheric greenhouse gases,
exacerbating climate change. This is a significant loss of carbon sequestration potential from
landslide-affected areas, contributing to the local and regional environmental imbalance.

4. Discussion

This section discusses the findings of this study in the context of the existing literature,
highlights its limitations, and explores its implications for understanding the interplay
between landslides, soil organic carbon (SOC), and the carbon cycle.

The analysis presented in Section 3.2 investigated, for the first time in the literature,
patterns between landslide hazard levels and SOC accumulation. The results reveal that the
trends depend on the landslide types. The overall trend indicates a decrease in SOC stocks
with increasing landslide susceptibility, suggesting a correlation between environmental
conditions and SOC accumulation, with higher susceptibility areas potentially experiencing
lower SOC levels. This suggests that, on one hand, SOC may be beneficial for landslide
hazard reduction, and on the other hand, there is a significant amount of SOC stored in
highly susceptible areas, which may potentially become a source of CO2 emission if a
landslide occurs.

The results presented in Section 3.3 align with previous research by Cox et al. (2024) [29]
and Frith et al. (2018) [30], which examined carbon losses associated with earthquake-
induced landslides. Cox et al. [29] reported total carbon losses of 2.05 Mt and
0.217 Mt from major events in New Zealand, indicating significant short-term carbon
disruptions relative to the region’s annual carbon sequestration (6.3 Mt in 2020). Similarly,
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Frith’s simulations estimated a potential erosion of 14 ± 5 MtC from a single large earth-
quake. In contrast, the current study focused on rainfall-triggered landslides in Emilia
Romagna and observed a loss of 265,364 Mg of above-ground biomass (AGB), equivalent to
0.133 MtC. While these losses are smaller in magnitude, it should be noted that our study
is focused on the landslide polygons and not on the scale of the region as was examined in
previous studies. This underscores the localized but significant impact of rainfall-triggered
landslides on carbon dynamics.

Unlike earthquake-induced events, which are less frequent, rainfall-triggered land-
slides are expected to increase in frequency due to climate change. This cumulative effect
represents a substantial risk to regional carbon storage, emphasizing the importance of
rainfall-triggered events in long-term carbon assessments. The observed decrease in AGB,
a proxy for carbon sequestration, further supports the conclusion that landslides disrupt
above-ground carbon stocks and alter the balance between carbon storage and emissions.

The study also highlights the importance of considering recovery timelines, as vegeta-
tion regrowth and carbon stock restoration can span decades, influencing long-term carbon
dynamics. Prior studies on post-landslide ecosystem recovery corroborate this finding,
indicating that ecosystem resilience plays a critical role in mitigating the carbon impacts
of landslides.

While this research provides valuable insights into the spatial relationship between
landslides, soil organic carbon (SOC), and the carbon cycle, it is important to acknowledge
the following limitations. The findings presented are based on remote sensing data and
modeling techniques, which, while powerful, have inherent limitations. The results are
preliminary and require further validation through field data collection and experimental
studies to confirm the observed patterns and trends. This study focused on specific vari-
ables, such as SOC, above-ground biomass (AGB), and landslide susceptibility. However,
additional environmental factors, including vegetation diversity, soil moisture, and land-
use changes, were not incorporated, which might influence the observed relationships. The
study has temporal constraints because the analysis centers on the May 2023 landslide
event, providing a snapshot rather than a long-term perspective, which could reveal more
about the resilience of ecosystems and carbon dynamics over time. Additionally, the spatial
resolution may not fully capture small-scale heterogeneities in SOC dynamics. The estima-
tion of carbon losses, especially CO2 emissions, is based on established conversion factors
and assumptions. These estimates could benefit from direct measurement and validation
in affected areas to refine accuracy. The study’s findings are based on landslides in Italy,
particularly Emilia Romagna, which may limit the generalizability of the conclusions to
other regions with different climatic, geological, and ecological conditions.

Future studies should address these limitations by incorporating field data, expanding
variable selection, and examining long-term impacts to provide a more comprehensive
understanding of landslide–carbon interactions.

5. Conclusions

This study contributes to advancing the current understanding of the relationship
between different types of landslides, soil organic carbon (SOC), and the carbon cycle.
This relationship has important implications for environmental sustainability and climate
change mitigation efforts.

The analysis reveals a pattern between landslide hazard levels and SOC accumulation,
with varying trends observed for different landslide types. The overall trend indicates a
decrease in SOC stocks with increasing landslide susceptibility, suggesting a correlation
between environmental conditions and SOC accumulation. This suggests that SOC may
be beneficial for landslide hazard reduction, but there is also a significant amount of SOC
in highly susceptible areas, which may potentially become a source of CO2 emissions if
landslides occur.

The case study of the May 2023 landslide event in the Emilia Romagna region of
Italy highlights the potential impact of large-scale landslides on carbon sequestration. The
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observed decrease in SOC accumulation and AGB in the affected regions indicates that
landslides can transform carbon sinks into carbon sources, at least in the short term. The
result is a significant loss of carbon sequestration potential in Emilia Romagna and suggests
that the effects of landslide events need to be accounted for in regional or national carbon
emissions. This phenomenon is particularly concerning as climate change is expected to
increase the frequency and intensity of extreme weather events, potentially triggering more
landslides and exacerbating the release of stored carbon.

This study underscores the importance of considering landslides in carbon cycle
assessments, especially as climate change is expected to induce more extreme weather
events, potentially turning carbon-absorbing areas into carbon sources as these extreme
events largely contribute to worsening the impacts of climate change. This creates a
feedback loop where landslides amplify the climate changes that cause them and lead to
environmental imbalance, severe disruptions to biodiversity, soil health, and local climate
regulation, with wide-reaching consequences.

This study represents a preliminary step in quantifying the impact of landslides
on carbon stocks, utilizing remote sensing data and modeling techniques. While the
study provides valuable insights, the authors acknowledge that the interpretations pre-
sented are preliminary and require further validation through field data collection, exper-
imental studies, and the incorporation of additional environmental parameters. Further
research is necessary to fully understand the interactions between landslides, SOC dy-
namics, and the carbon cycle. This knowledge is crucial for improving hazard manage-
ment, developing effective climate change mitigation strategies, and implementing soil
conservation measures.
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Appendix A

This appendix illustrates how the amount of carbon dioxide (CO2) released from the
loss of AGB can be estimated. AGB, which refers to plant materials like trees and vegetation,
contains around 50% carbon by dry weight [60]. In the considered area, the total AGB loss
is 265,364 metric tons; to find the carbon content, we multiply the biomass amount by 0.5
(50%), which gives us 132,682 metric tons of carbon. Since burning biomass releases CO2,
we need to convert the carbon amount to CO2. This is achieved by multiplying the carbon
amount by the ratio of the molecular weights of CO2 and carbon (44/12 or 3.67). The result
is 486,941 metric tons of CO2 released.
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25. Nicia, P.; Bejger, R.; Sterzyńska, M.; Zadrożny, P.; Parzych, P.; Bieda, A.; Kwartnik-Pruc, A. Recovery in soil cover and vegetation

structure after ancient landslide in mountain fens under Caltho-Alnetum community and response of soil microarthropods

(Hexapoda: Collembola) to natural restoration process. J. Soils Sediments 2019, 20, 714–722. [CrossRef]

26. Pang, D.; Xu, H. Carbon Sequestration and Stability and Soil Erosion in Forest Ecosystems. Forests 2024, 15, 1961. [CrossRef]

27. Kang, D.; Li, Y.; Ma, L.; Zou, S. Landslide scales affect soil organic carbon accumulation by influencing microbial decomposition

of plant-derived carbon after earthquakes. Ecol. Indic. 2023, 155, 110949. [CrossRef]

28. Pandey, H.P.; Gnyawali, K.; Dahal, K.; Pokhrel, N.P.; Maraseni, T.N. Vegetation loss and recovery analysis from the 2015 Gorkha

earthquake (7.8 Mw) triggered landslides. Land Use Policy 2022, 119, 106185. [CrossRef]

29. Cox, C. Carbon Loss from Earthquake Induced Landslides in Fiordland. Pūhau Tailwinds 2024, 2, 2. [CrossRef]
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