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Abstract.Landslide dams and their subsequent outburst floods represent cascading geohazards with profound socio-

economic and morphological impacts. However, the widespread absence of dynamic breaching parameters in existing global

inventories severely constrains quantitative hydrodynamic modeling and downstream risk assessment. To bridge this critical

data void, this study presents a comprehensive global landslide dam dataset encompassing 902 rigorously vetted events10

spanning before 2020. Moving beyond traditional static cataloging, the assembled dataset integrates 11 fundamental

morphological and triggering parameters with 6 highly transient breaching metrics. Notably, it significantly improves the

data availability of historically scarce variables, including peak discharge, released water volume, and three-dimensional

breach geometries. Spatially, the database achieves global coverage, with the highest data densities clustered within the

Alpine-Himalayan and Circum-Pacific active belts. To objectively account for observational limitations and chronological15

biases across different technological eras, a point-by-point Data Quality Flag (DQF) system is incorporated into the dataset,

transparently classifying the spatial, geometric, and hydrodynamic uncertainties for every cataloged event. This multi-

dimensional and structurally transparent inventory provides a robust empirical foundation for future machine-learning-based

hazard susceptibility mapping and physically-based dam-breach simulations. The dataset is publicly available at Zenodo

https://doi.org/10.5281/zenodo.19198720 (Jiang et al. 2026).20
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1 Introduction

Landslide dams, alternatively termed barrier lakes or quake lakes, constitute a formidable geohazard arising when mass

movements such as landslides, rock avalanches, or debris flows obstruct river channels, thereby impounding substantial

upstream water volumes (Luo et al. 2025; Wu et al. 2025; Feng et al. 2025; Takayama et al. 2026; Z. Li et al. 2025; Silwal et

al. 2024). These ephemeral structures are notoriously unstable, frequently culminating in abrupt breaching events that25
unleash devastating outburst floods, endangering downstream populations, infrastructure, and ecological systems (Luo et al.

2025; Takayama et al. 2026; Huang et al. 2026). Under the influence of global climate change, warming-induced increases in

extreme rainfall, coupled with active seismicity and glacial degradation, have heightened the geomorphic instability of

mountainous terrains, leading to a marked upsurge in landslide dam formations in recent decades (Lützow et al. 2023; Wu et

al. 2025; Costa and Schuster 1988; Wu et al. 2022; Gao et al. 2025). Consequently, robust and comprehensive data are30
indispensable for driving probabilistic risk assessments, calibrating predictive models, and optimizing disaster mitigation

strategies (Cheng et al. 2025; Fan et al. 2020; Li et al. 2025; Peng et al. 2026).

Despite progressive scholarly endeavors, prevailing global landslide dam databases manifest substantial shortcomings that

impede rigorous statistical modeling. Seminal catalogs (Ermini and Casagli 2003; Costa and Schuster 1991)provided

foundational typologies and geomorphic indices but are constrained by historical limitations and a general dearth of35
quantitative metrics on breach geometries or outflows. Subsequent regional and global augmentations (Wu et al. 2022; Shi et

al. 2022; Tacconi Stefanelli et al. 2015) have substantially broadened the sample breadth. However, a pervasive data gap

persists regarding the quantitative completeness of crucial hydrodynamic and breach morphology parameters (Lei et al. 2025;

Li et al. 2025; Dufresne et al. 2023). Specifically, detailed records of breach geometries (e.g., breach top width, breach

bottom width, breach depth) and extreme hydraulic outputs (e.g., peak discharge, released water volume) remain acutely40
scarce in mainstream inventories (Azmi and Thomson 2024; Lei et al. 2025). This lack of high-completeness

parameterization inherently limits the training of machine-learning-driven classifications and the validation of predictive

models (Wang et al. 2025; Li et al. 2025; Nasser et al. 2026; El Bilali and Taleb 2025).

The primary objective of this paper is to provide the scientific community with a detailed and transparent enhanced global

landslide dam dataset encompassing 902 meticulously vetted cases spanning from 1800 to 2020. This dataset systematically45
integrates multi-source historical records and modern observational data. While achieving extensive spatiotemporal coverage

and high-density parameter acquisition, it specifically fills critical data gaps in quantitative indicators such as breach

morphology and hydrological extremes(Lei et al. 2025; Dufresne et al. 2023). To ensure data reliability and scientific

applicability, this study implemented rigorous standardized quality control, conducted data validation by benchmarking

against mainstream inventories, and objectively evaluated the inherent uncertainties and observational limitations of the50
dataset. Consequently, it establishes a solid data foundation for future geohazard prediction, probabilistic risk assessment,

and the formulation of disaster mitigation strategies.
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2 Data sources and retrieval methods

2.1 Parameter completeness and variable composition

To transparently illustrate the data abundance of the constructed global landslide dam inventory, Figure 1 quantifies the data55
completeness (non-empty percentage) of the core parameters across the 902 vetted cases. The statistical distribution reveals a

clear hierarchy in data availability, with fundamental geometric parameters constituting the most robust and complete

component of the dataset. Specifically, the data completeness for dam height is exceptionally high, reaching approximately

97 %, followed closely by dam length (85 %), dam width (84 %), and dam volume (80 %). This high degree of completeness

demonstrates that the fundamental geometric parameters constitute the attribute subset with the highest data density and the60
most comprehensive coverage within the inventory.

Figure 1. The completeness of core parameters

Beyond the fundamental geometric features, several critical environmental and categorical attributes maintain a moderately

high level of completeness. Parameters such as storage capacity (74 %), dam type (70 %), trigger factors (66 %), catchment

area (62 %), and material composition (61 %) provide essential contextual data. This stable data acquisition rate ensures a65
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sufficiently large and representative sample size to support robust statistical distributions and categorical grouping within the

inventory.

Crucially, the dataset also incorporates highly transient hydrological and morphological parameters that are rarely

systematically collected in prevailing mainstream databases (Lei et al. 2025; Dufresne et al. 2023). Variables such as peak

discharge (27 %), existence time (24 %), lake surface area (20 %), and water depth (19 %) represent a secondary tier of70
availability. Furthermore, the dataset successfully archives extremely scarce metrics, including breach depth (10 %), mean

runoff of river (8 %), released water volume (5 %), breach duration (5 %), and breach top/bottom widths (3 %). Although the

data completeness for these specific breach parameters falls within the single-digit or low double-digit range, their inclusion

still yields a substantial absolute number of valid records given the total base of 902 events.

2.2 Standardized screening and quality control75

To ensure the reliability and analytical value of the dataset, we implemented a multi-stage standardization and quality control

protocol (Figure 2). We first compiled a raw pool of approximately 2,000 preliminary records by systematically aggregating

data from existing global and regional inventories, peer-reviewed literature, government technical reports, and remote

sensing interpretations.

The initial filtering phase focused on deduplication and spatial verification. Because historical landslide dams are frequently80
documented under varying local toponyms or translated names across different sources, robust spatial and temporal cross-

referencing was essential (Wu et al. 2022; Dufresne et al. 2023; Wu et al. 2020; Cheng et al. 2025). We utilized geospatial

coordinates, formation dates, and key geometrical parameters (such as dam height and width) as primary cross-referencing

keys. For records with conflicting coordinates for the same historical event, we pinpointed the precise blockage locations

using high-resolution satellite imagery (Google Earth). Duplicate entries were merged to retain the most comprehensive85
parameter measurements, while ambiguous records lacking verifiable spatial anchors were excluded.

Subsequently, to guarantee the database's utility for geomorphological and hydrological modeling, we enforced a strict

parameter completeness threshold. Cases were screened based on the completeness of core parameters (as outlined in Figure

1), and records containing fewer than three core parameters were removed. Furthermore, to ensure global interoperability, all

retained physical parameters were standardized to consistent units. This completeness threshold and standardization90
workflow ensure that the final inventory possesses the data depth and consistency required for robust statistical

benchmarking. Through this systematic process, the initial raw data pool was refined into a high-fidelity inventory of 902

validated landslide dam cases.
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Figure 2. Methodological flowchart for the compilation of the global landslide dam database, detailing the sequential processes of
multi-source data retrieval, standardized screening, and rigorous quality control.95

2.3 Global Geospatial Positioning

Figure 3 illustrates the global spatial distribution of all landslide dam cases within the database. This demonstrates the

extensive spatial coverage of our established inventory, with the geographical clustering of these events aligning rigorously

with the world's most prominent mountainous terrains and seismically active tectonic boundaries (Chen et al. 2024; Wu et al.

2022; Korup et al. 2010; Gao et al. 2025; Stefanelli et al. 2015; Shafieiganjeh et al. 2022; Silwal et al. 2024).100

https://doi.org/10.5194/essd-2026-107
Preprint. Discussion started: 2 April 2026
c© Author(s) 2026. CC BY 4.0 License.



6

Figure 3. Global spatial distribution of the georeferenced landslide dam records. Insets (a)–(e) provide magnified views of regions
with concentrated geospatial data points.

Specifically, these cases are overwhelmingly concentrated along the Alpine-Himalayan orogenic belt and the Circum-Pacific

seismic belt. At a regional scale, the highest data densities are observed across East Asia—particularly along the steep

margins of the Qinghai-Tibet Plateau in southwestern China, the mountainous terrains of Taiwan, and the Japanese105
archipelago. Secondary dense clusters are clearly evident in the European Alps, the western cordilleras of North and South

America, and New Zealand (Korup 2005; Wu et al. 2020; Fan et al. 2020; Korup et al. 2010; Wu et al. 2024; Morgenstern et

al. 2024).

From a spatial data perspective, the density mapping highlights the profound heterogeneity of the inventory's global

coverage. The coordinate metadata reveal distinct high-density data clusters that contrast sharply with vast data gaps (zero-110
record areas) across continental interiors. By explicitly documenting the precise geographic extent of both data-rich and

data-poor regions, this database provides a transparent spatial reference, enabling users to accurately assess spatial data

availability prior to conducting large-scale geohazard modeling.

https://doi.org/10.5194/essd-2026-107
Preprint. Discussion started: 2 April 2026
c© Author(s) 2026. CC BY 4.0 License.



7

3 Database structure and attribute composition

3.1 Categorization of database parameter115

To facilitate efficient data retrieval, interdisciplinary integration, and standardized application, the comprehensive variables

archived within the inventory are systematically structured into a clear logical hierarchy. As illustrated in Figure 4, the

architecture of the dataset comprises five primary functional categories: Basic Info, Geometrical Parameters, Hydrological

Parameters, Time Parameters, and Breach Parameters.

The "Basic Info" module catalogs the fundamental descriptive and contextual metadata for each case, encompassing120
geographical coordinates, trigger factors, material composition, dam type, and associated reference sources. The

"Geometrical Parameters" and "Hydrological Parameters" modules quantify the physical dimensions of the dam body (e.g.,

dam height, length, and volume) and the boundary hydrodynamic conditions of the reservoir (e.g., storage capacity, inflow

rate, and catchment area), respectively. The "Time Parameters" module records the chronological lifecycle of the events,

tracking metrics from the formation year to the existence time.125
Importantly, the "Breach Parameters" module does not function as an isolated category within the underlying database;

rather, its constituent variables inherently fall under the fundamental geometrical, hydrological, and time modules. However,

recognizing that the detailed documentation of highly transient breach processes is a distinct advantage of this inventory over

prevailing mainstream datasets (Liu 2014; Dufresne et al. 2023), we have logically aggregated these critical indicators (i.e.,

breach depth, breach top width, breach bottom width, peak discharge, released water volume, and breach duration) into a130
specific thematic group within the framework of Figure 4. This targeted structural presentation not only visually highlights

the dataset's unique value in supporting research on dam failure mechanics but also establishes a clear parametric foundation

for the subsequent multidimensional benchmarking against other datasets.
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Figure 4. Logical classification and hierarchical structure of the database parameters.

3.2 Case-Level Data Richness135

To quantitatively evaluate the informational depth and reliability of the compiled database, we analyzed the case-level data

richness, defined as the total number of valid parameters recorded for each independent landslide dam event. As established
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during the initial screening phase, all 902 validated records strictly meet the minimum threshold of containing at least three

fundamental parameters.

Figure 5. Frequency distributions characterizing case-level data richness and parameter certainty within the compiled database.140
Panel (a) displays the distribution of the total number of valid parameters recorded for each landslide dam event. Panel (b)
illustrates the distribution of uncertain parameters per case.

Figure 5a illustrates the frequency distribution of total parameter availability across the inventory. The histogram exhibits a

distinct, approximately normal unimodal pattern, spanning from the baseline of 3 to a maximum of 18 parameters per case.

The distribution is decisively anchored by a peak at 7 and 8 parameters, which together form the informational core of the145
database. Furthermore, the vast majority of cases fall within the robust range of 6 to 11 parameters. From a data-quality

perspective, this concentration indicates a high level of completeness. It implies that most records provide sufficient

dimensional and contextual depth to support multivariate statistical analysis, rather than serving as mere spatial waypoints.

The rightward tail of the distribution (cases comprising 12 to 18 parameters) represents a highly valuable subset of ultra-rich

records. These exceptional cases also benefit from modern post-disaster field forensic surveys and advanced remote sensing150
(Singh et al. 2025; Liu et al. 2025; Rimal and Tiwary 2024; Fan et al. 2021, 2018; Xie et al. 2025; Dun et al. 2025; Song

2025).

Crucially, Figure 5b offers a complementary assessment of data certainty by tracking the distribution of uncertain parameters.

While preserving historical uncertainty (e.g., historical estimations recorded as ranges rather than discrete values) is essential

for data transparency, the graph reveals that this ambiguity is highly constrained (Cheng et al. 2025; Dufresne et al. 2023).155
Among the specific subset of cases containing uncertain metadata, the absolute majority are strictly limited to exactly 3

uncertain parameters. When juxtaposed with the high overall parameter counts (as seen in Panel a), this restricted presence

of uncertainty strongly underscores the overall determinism and completeness of the database. It statistically demonstrates
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that the informational fuzziness inherent to historical archives has been minimized, ensuring that the final inventory provides

a robust, highly reliable empirical foundation for subsequent geohazard susceptibility modeling.160

3.3 Distribution of qualitative attribute

In addition to quantitative metrics, qualitative categorical attributes provide crucial contextual information for

geomorphological classification and structural assessment. Figure 6 summarizes the internal proportional distribution of

fundamental qualitative indicators across the 902 cataloged events, encompassing dam types (Figure 6a), material

compositions (Figure 6b), and triggering factors (Figure 6c).165

Figure 6. Statistical proportions of qualitative categorical attributes across the compiled database. Panel (a) illustrates the
distribution of primary dam types, where "Unknown" denotes cases lacking explicit morphodynamic classification. Panel (b)
displays the material compositions, where "Unknown" indicates historical records with unidentified internal geological structures.
Panel (c) presents the primary triggering factors responsible for landslide dam formation.

Regarding the primary formation mechanisms (Figure 6a), slide-formed dams constitute the absolute majority, accounting170
for exactly 56 % of the total inventory. Flow-formed and collapse-formed dams represent smaller fractions at 10.5 % and

3 % (Fan et al. 2020; Wu et al. 2022; Cheng et al. 2025; Song et al. 2026; Wu et al. 2025), respectively. Notably, 30.5 % of

the records lack explicit geomorphodynamic classification (categorized as "Unknown"), highlighting the inherent ambiguity

prevalent in early historical literature (Dufresne et al. 2023; Costa and Schuster 1988).

Similarly, the material composition of the dams (Figure 6b) exhibits a diversified distribution. Among the cases with explicit175
records, soil-dominated structures form the largest known category (25.7 %), closely followed by boulder-dominant dams

(21.5 %). Mixed-material structures, classified as "boulders mixed with soil" and "soil contains boulders," account for 7.9 %

and 6.1 %, respectively. Consistent with the practical limitations of historical data retrieval, a substantial proportion (38.8 %)

is categorized as "Unknown." This reflects the objective challenges encountered in determining the internal geological

structures of early historical events or dams in inaccessible regions (Dai et al. 2023; Fan et al. 2021b; Liu 2014; F. Wang et180
al. 2018).
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In terms of triggering factors (Figure 6c), the dataset demonstrates a clear dual-dominance. Rainfall and earthquakes act as

the primary catalysts, responsible for 45.3 % and 43.8 % of the landslide dam events, respectively (Cheng et al. 2025; Wu et

al. 2022). Minor triggers account for the remaining fraction, including volcanic eruptions (3.5 %), mountain instability

(2.8 %), human activities (2.7 %), and other underlying factors (2 %). By explicitly quantifying these triggers alongside the185
structural characteristics, the database offers a transparent, macroscopic physical profile of global landslide dams, providing

a viable foundation for researchers to conduct stratified statistical analyses and hazard susceptibility modeling.

4 Spatiotemporal coverage

4.1 Temporal coverage and decadal records

The assembled database encompasses a vast temporal range of landslide dam formation years, spanning from antiquity to190
2020. Figure 7 illustrates the temporal distribution of these events, where each bar (post-1600) represents the aggregate

number of records within a ten-year interval (e.g., from 1621 through 1630). All documented events occurring prior to 1600

are consolidated into a single initial bin to establish a long-term chronological baseline.

The statistical distribution reveals a distinct, multi-stage increase in the volume of recorded events over time. From 1600

through the late 19th century, the records are relatively sparse and intermittent, primarily capturing catastrophic events that195
left significant geological traces or were preserved in historical archives. A notable transition occurs after 1880, marked by a

steady rise in decadal records. The most substantial surge is observed from the mid-20th century onwards, with the decadal

count peaking in the interval from 2001 through 2010 (exceeding 130 cases).

This progressive increase in record density reflects not only the enhanced preservation of scientific data and the maturation

of global remote sensing technologies in the modern era (Tavus et al. 2024; Vassileva et al. 2023; Malheiro et al. 2023), but200
also aligns with the widely documented physical escalation of mountainous geohazards driven by global climate change and

increasingly frequent extreme hydrometeorological events (Lützow et al. 2023). Consequently, this extensive temporal

coverage provides a high-fidelity chronological dataset that captures both the evolution of measurement techniques and the

long-term physical macro-trends of landslide dams.
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Figure 7. Decadal distribution of the formation years of cataloged landslide dams (up to 2020). Each bar represents a 10-year205
interval, with all cases prior to 1600 aggregated in the first column. The inset provides a magnified view of the records from 1600
through 1879.

4.2 Regional data density

Figure 8 illustrates the quantitative distribution of the compiled landslide dam events at the national level. The integration of

the pie chart and the bar histogram provides a dual perspective on both the absolute frequencies and the relative categorical210
proportions of the inventory. A pronounced feature of this distribution is its extreme concentration. The dataset is

overwhelmingly dominated by three specific nations: Italy (IT), Japan (JP), and China (CN). Quantitatively, Italy contributes

the largest individual subset with 29.7 % of the total records, closely followed by Japan and China, which account for 24.7 %

and 24.6 %, respectively. Cumulatively, this primary tier constitutes nearly 80 % (79.0 %) of the entire database, establishing

a heavily weighted spatial footprint.215
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Figure 8. Global spatial distribution of landslide dam events across different nations. The bar and pie charts display the absolute
case counts and their relative proportions, respectively. Data are predominantly concentrated in Italy (IT), Japan (JP), and China
(CN), with additional records from the United States (USA), India (IN), Nepal (NPL), New Zealand (NZL), Pakistan (PK), Papua
New Guinea (PNG), and Peru (PE).

Beyond this primary cluster, the United States (USA) forms a distinct secondary tier, representing 7.1 % of the documented220
cases. The remaining data points exhibit a typical long-tail distribution, spreading across several other countries with

significantly lower frequencies. As visualized in the chart, nations such as India (IN), Nepal (NPL), New Zealand (NZL),

Papua New Guinea (PNG), Pakistan (PK), and Peru (PE) each account for marginal proportions ranging from a minimum of

0.9 % to a maximum of 1.9 %. Furthermore, a minor fraction of 6.3 % is aggregated into the "Others" category, capturing all

remaining countries with extremely sparse historical or modern records.225
Explicitly quantifying this national-level disparity is essential for presenting an objective profile of the inventory's spatial

architecture (Dufresne et al. 2023; Wu et al. 2022). Rather than implying underlying physical or geomorphological

mechanisms, this highly skewed distribution serves as a direct indicator of regional data availability within the current

compilation. For database users, this detailed national breakdown acts as critical metadata. It explicitly highlights the uneven

geographic coverage, ensuring that researchers are fully informed of these inherent data imbalances. Consequently, users can230
make mathematically sound decisions when evaluating global completeness, extracting specific regional subsets, or

designing spatially stratified sampling strategies to mitigate representation bias in large-scale geohazard modeling.
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5 Statistical Distribution of Quantitative Parameters

5.1 Statistical Distribution of Geometrical Parameters

Geometrical parameters define the spatial scale of a landslide dam and serve as the most fundamental quantitative inputs for235
hazard assessment and breach modeling. Figures 9 and 10 present the statistical distributions of linear geometric parameters

(dam body and breach dimensions) and the total dam volume across the cataloged inventory, respectively.

Figure 9. The variability and range of geometric parameters in the
landslide dam dataset.

Figure 10. The volume of landslide dams and their
orresponding proportion.

As illustrated in the logarithmic box plots (Figure 9), the linear dimensions exhibit a vast natural variance, spanning three to

four orders of magnitude. For the overall dam body geometry, dam length and width exhibit the broadest ranges and highest

median values, frequently extending from 10 to over 10³ meters. Dam height generally scales lower than the planar240
dimensions but retains a substantial spread, with median values concentrated in the tens of meters and extreme outliers

exceeding 10³ meters. The extracted breach parameters (top width, bottom width, and depth) scale correspondingly smaller,

primarily distributed between 1 and 10² meters. The preservation of these highly variable geometrical bounds accurately

reflects the complex topographical constraints and diverse material volumes inherent in global landslide damming events

(Dong et al. 2011; Jian et al. 2023; Li et al. 2020; Zhou et al. 2025).245
Regarding the three-dimensional scale, the dam volume exhibits a highly right-skewed distribution (Figure 10). The

cumulative percentage curve indicates that approximately 80 % of the cataloged events are concentrated in the lower-volume

range. The inset frequency histogram further details the data structure within the 0 to 10 × 10⁶ m³ interval, showing that

nearly 40 % of the cataloged dams have a volume of less than 1 × 10⁶ m³. In addition to these smaller-volume cases, the

dataset also includes large-scale events with volumes reaching up to 3000 × 10⁶ m³. This continuous coverage from small- to250
large-scale events objectively demonstrates the broad volumetric bounds of the assembled database.
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5.2 Statistical Distribution of Hydrological Parameters

Figure 11 presents the statistical distribution of eight core hydrological parameters across the compiled landslide dam events,

visualized through a combination of box-whisker plots and jittered data points. A defining characteristic of the hydrological

profile is the exceptional range of the values, which span up to 12 orders of magnitude (from 10-4 to 108). This vast255
dispersion necessitates the use of a logarithmic scale to capture the intrinsic variability of landslide-dammed lake systems,

ranging from small-scale mountain ponding to catastrophic inundation events.

Figure 11. Statistical distribution of key hydrological parameters. The vertical axis represents the data ranges on a logarithmic
scale. The plot displays lake dimensions, storage capacities, and flow-related metrics across the compiled database using
superimposed boxplots and jittered data points.260

Key morphological and capacity metrics, such as lake surface area and storage capacity (106 m3), exhibit highly skewed

distributions with median values typically concentrated within the 10-1 to 101 range. Notably, the "Peak discharge" and

"Released water volume" parameters display a high density of data points across several orders of magnitude, reflecting the

diverse dynamic processes of dam breach and outburst floods recorded in the database (Rafiq et al. 2019; Risley et al. 2006;

Cheng et al. 2025). Furthermore, parameters representing basin-scale characteristics, such as "Catchment area" (km 2) and265
"Mean annual runoff of river" (m 3 s -1), provide essential boundary conditions for assessing the longevity and hazard
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potential of the dams (Struble et al. 2021; Kumar et al. 2021; Li et al. 2011; Niazi et al. 2020). The overlapping yet distinct

ranges of these metrics illustrate the multidimensional nature of the hydrological data, ensuring that the database can

accommodate various modeling requirements, from steady-state seepage analysis to transient flood hydrograph simulation.

5.3 Statistical Distribution of Temporal Parameters270

Figure 12 presents the statistical distribution of two critical temporal metrics: existence time and breach duration. The

existence time, defining the total duration from initial river impoundment to the onset of dam failure, exhibits a highly right-

skewed distribution(Figure 12a). As detailed in the inset focusing on the 0–10 day interval, the absolute highest frequency of

failure events occurs within the first 24 hours (Shi et al. 2023). The main histogram expands this temporal profile up to 800

days, demonstrating a rapid decay in case frequency over time. Notably, the final consolidated bin on the horizontal axis275
represents a "long-tail" subset of landslide dams that remained stable for extended periods exceeding 800 days, explicitly

capturing the extreme upper bounds of the inventory.

Figure 12. Statistical distribution of temporal parameters. (a) Frequency distribution of the existence time of cataloged landslide
dams. The main plot spans an 800-day window, with the terminal bin representing all stable cases exceeding 800 days. The inset
provides a detailed view of the high-frequency 0–10 day interval. (b) Frequency distribution of breach duration for the subset of280
cases with explicit temporal records.

The Figure 12b displays the frequency distribution of breach duration, which characterizes the time elapsed during the actual

physical failure process. It is important to note that the sample size for this metric is substantially smaller (as indicated by the

vertical axis scale), directly reflecting the observational difficulty of capturing continuous, high-resolution temporal data

during sudden outburst events (Lei et al. 2025; Chen et al. 2026; Yi et al. 2025; Jónatas et al. 2025). For the documented285
cases, recorded breach durations range from 0.5 to approximately 35 hours, with the highest clustering of data points

observed within the 1- to 7-hour window. By providing these two distinct temporal dimensions, the database transparently
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presents both the pre-failure stability period and the subsequent breaching duration, complete with their respective empirical

ranges and sample densities.

6 Uncertainty Analysis and Benchmarking290

6.1 Data Uncertainty and Observational Limitations

Although rigorous standardized screening protocols were implemented during the database construction, quantifying the

inherent uncertainties within historical landslide dam records remains critical for the objective application of this dataset.

Given the extensive temporal span of the inventory (1800–2020), many historical and pre-instrumental records intrinsically

lack exact numerical error margins (e.g., precise ± values). To avoid introducing artificial precision to these early events295
while strictly fulfilling the requirement for point-by-point error estimation, we incorporated Data Quality Flags (DQFs) into

the database. These flags categorize the inherent observational and technological uncertainties of each cataloged event across

three distinct dimensions

1．Uncertainty spatial: This dimension evaluates the precision of geographical coordinates based on data sources and

geocoding resolution. "Low" uncertainty (high precision, estimated error < 1 km) is assigned to exact coordinates validated300
by modern GPS or high-resolution remote sensing. "Medium" uncertainty (1 to 10 km) is applied to approximate coordinates

inferred from historical topographic maps or specific landmarks. "High" uncertainty (> 10 km) is reserved for vague spatial

positioning reliant solely on qualitative historical texts or regional descriptions.

2．Uncertainty geometric temporal: This dimension assesses the confidence level of static parameters (e.g., dam height, lake

surface area), utilizing the technological era of the event as a primary proxy for measurement accuracy. Post-2000 events305
receive a "Low" uncertainty flag due to the availability of high-resolution digital elevation models (DEMs), LiDAR, or

uncrewed aerial vehicle (UAV) photogrammetry. Events between 1950 and 1999 are marked as "Medium", reflecting the use

of early aerial photography and standard cartographic surveys. Pre-1950 and paleo-events are flagged as "High" uncertainty,

as their dimensions rely heavily on historical archival descriptions or paleo-geomorphological reconstructions, carrying

broader systematic estimation risks.310

3．Uncertainty hydrodynamic: This dimension evaluates the reliability of highly transient and difficult-to-capture variables,

such as peak discharge, released water volume, and breach duration. A "Low" flag is extremely rare and strictly assigned to

cases with in-situ instrumental river gauge measurements. "Medium" uncertainty represents values rigorously back-

calculated using established empirical hydrodynamic equations based on precise post-event breach geometries or flood mark

leveling. "High" uncertainty is assigned to values broadly estimated from qualitative historical damage descriptions or paleo-315
flood deposits lacking physical calibration.

By providing this granular, multi-dimensional uncertainty metadata, the database strictly adheres to the principles of open

science. It ensures that users are fully informed of the observational limitations, allowing them to rigorously filter the
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inventory based on their specific modeling tolerances when conducting probabilistic risk assessments or training spatial

algorithms.320

6.2 Benchmarking Against Existing Inventories

To objectively evaluate the contribution and position of the newly compiled dataset within the broader scientific community,

a systematic benchmarking analysis was conducted against four globally recognized landslide dam inventories: Costa and

Schuster (1991), Tacconi Stefanelli et al. (2015), Wu et al. (2022), and Shi et al. (2022). The comparative analysis focuses

on temporal coverage, parameter dimensionality, and data completeness.325
Figure 13 compares the decadal distribution of the cataloged events between this study and the four reference databases.

While macro-scale inventories like Shi et al. (2022) prioritize sheer volume (2783 cases) by encompassing a vast array of

historical events spanning centuries, this study (902 cases) adopts a highly stringent vetting protocol strictly focused on

parameter extractability. Consequently, while the absolute number of pre-20th-century cases in this study is lower, its

temporal distribution perfectly captures the overarching exponential growth trend observed across all mainstream databases.330
Notably, the current dataset maintains a highly competitive and robust data density from the mid-20th century onwards,

providing a solid statistical foundation for contemporary geohazard analysis without compromising data quality.
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Figure 13. Comparison of the temporal distribution of landslide dam records between this study and four representative global
inventories. The bar charts illustrate the decadal data density and the overarching growth trend of historical documentation
across different datasets.335

The most significant advancement of this database lies in its multidimensional parameter richness and structural

completeness, as systematically detailed in Table 1 and Figure 14. Previous compilations have predominantly restricted their

focus to static geometric features or qualitative classifications of the dam body. For instance, Tacconi Stefanelli et al. (2015)

and Shi et al. (2022) catalog 10 and 8 types of dam parameters respectively, yet they entirely omit quantitative metrics

related to the breaching process. Wu et al. (2022) introduces valuable dynamic flow metrics, but lacks the corresponding340
structural breach geometries. Although Costa and Schuster (1991) pioneered the inclusion of breach dimensions, their

overall parameter count and sample size remain highly constrained.
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Table 1. Comparison between the dataset developed in this study and existing landslide dam datasets.

Dataset
Numb-er of

cases

Types of

landslide dam

parameters

Landslide dam parameters

Types of

breach

parameters

Breach parameters

This study 902 11

Dam volume, Dam length, Dam width, Dam

height, Material composition, Dam type,

Trigger factors, Particle size distribution,

Formation year, Existence time， Failure year

6

Peak dischrge,

Released water

volume, Breach

duration, Breach

top width, Breach

bottom width,

Breach depth

Tacconi Stefanelli

et al (2015)
300 10

Dam height, Dam length, Dam width， Dam

volume Level, Dam area, Dam evolution,

Dam condition, Date of damming， Date of

failure， Lake life time

0 -

Wu et al (2022) 779 9

LDam status, Duration from formation to

flood, LDam-type, Dam materials, Interpreted

cause, Reported cause, Dam height, Dam

length, Dam width

3

Mean flow

velocity, Peak

flow velocity,

Overflow/flood

Time

Shi et al (2022) 2783 8

Dam height, Dam length, Dam width,Dam

volume, Triggers, Dam,material, Stability,

Date of damming

0 -

Costa and Schuster

(1991)
463 7

Dam length, Dam width, Dam height, Dam

type, Dam materials, Date， Time to failure
1

Breach

dimensions

All parameter names are derived from the author's editing naming convention.

In stark contrast, this study establishes a comprehensive multi-dimensional framework encompassing 11 types of345
fundamental dam parameters and, crucially, 6 types of detailed breach parameters (including peak discharge, released water

volume, breach duration, breach depth, and top/bottom widths). Figure 14 quantitatively visualizes this advancement: while

the subplots for the reference databases (Figure 14b–e) exhibit massive data voids regarding dynamic and breaching

characteristics, subplot (a) demonstrates unprecedentedly dense and continuous records for these highly transient variables.

The systematic integration of both static morphologies and dynamic failure metrics effectively bridges a critical gap in the350
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existing literature. By providing these essential boundary conditions, the presented dataset facilitates a crucial transition from

static hazard cataloging to dynamic hydrodynamic routing and quantitative downstream risk modeling.

Figure 14. Quantitative comparison of parameter dimensionality and data completeness between this study (a) and four reference
databases (b–e). The bar charts highlight the extensive coverage of dynamic breach metrics in the newly compiled dataset, in stark
contrast to the data voids present in earlier inventories.355
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7 Data availability

The global landslide dam database developed in this study has been archived and is freely accessible on Zenodo at

https://doi.org/10.5281/zenodo.19198720 (Jiang et al. 2026). To ensure full cross-platform interoperability and comply with

open data standards, the dataset is provided in non-proprietary comma-separated values formats. The repository consists of

three primary components: (1) the core inventory, which stores all the multidimensional parameters and data quality flags for360
the 902 cataloged events; (2) a spatial metadata dictionary detailing the full names of countries and regions corresponding to

the abbreviations used in the "Location" column; and (3) the detailed uncertainty classification standards, which explicitly

define the evaluation criteria for the spatial, geometric-temporal, and hydrodynamic uncertainty flags (the DQF system).

This dataset derives from an ongoing project and is subject to future refinements and continuous additions.

8 Conclusions365

This study presents an enhanced and meticulously curated global landslide dam dataset, encompassing 902 verified cases

spanning from 1800 to 2020. By systematically integrating multi-source historical archives and modern observational

records, the inventory successfully addresses the pervasive data gaps regarding quantitative geomorphic and hydrodynamic

parameters in existing catalogs. Specifically, the dataset compiles 11 fundamental morphological and triggering attributes

alongside 6 highly transient breaching metrics. The inclusion of detailed three-dimensional breach geometries and extreme370
hydraulic outputs (e.g., peak discharge, released water volume) provides a highly complete parameterization that is

historically scarce but critical for rigorous statistical modeling.

Statistical assessment of the database reveals a robust level of parameter completeness, with the vast majority of cases

providing sufficient dimensional depth to support multivariate analysis rather than serving as mere spatial waypoints. The

inventory comprehensively captures diverse geomorphodynamic contexts, documenting the dual-dominance of rainfall and375
earthquake triggers and a wide spectrum of material compositions. Furthermore, it quantifies the extreme temporal

variability of landslide dams, presenting a bifurcated perspective that ranges from highly unstable structures failing within

hours to long-term stable impoundments, thereby offering a multifaceted hydrological profile across multiple orders of

magnitude.

To objectively manage the observational limitations and temporal survivorship biases inherent in historical records, this380
study implemented a point-by-point Data Quality Flag (DQF) system. This multi-dimensional framework systematically

categorizes spatial location accuracy, geometric precision, and hydrodynamic reliability based on the technological era and

measurement constraints of each event. By explicitly establishing these confidence intervals, the dataset provides a

transparent and structured metric for data reliability, enabling researchers to apply physically meaningful boundary

conditions.385
Provided as an open-access resource, this structurally transparent inventory establishes a solid empirical foundation for the

scientific community. It is specifically designed to facilitate advanced geohazard research, including the training of machine-
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learning-driven susceptibility models, the calibration of physically-based dam-breach simulations, and the optimization of

regional probabilistic risk assessments under changing environmental conditions.
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