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Abstract. Floods are some of the most widespread and expensive natural disasters globally, yet current flood research
suffers from a lack of detailed historical data on flood events and their impacts at fine spatial and temporal scales. We
created a spatially and temporally disaggregated global flood dataset over 2000-2024 by integrating flood disaster records
from EM-DAT with satellite-based flood detection and gridded population data. Starting with 4,073 inland flood events, we
disaggregate each event to the adminl-month scale (first-level administrative regions by calendar month), generate satellite-
derived flood maps using MODIS surface reflectance imagery, and combine these maps with population density data to
calculate direct flood-exposed population. The resulting dataset contains 23,334 adminl-month flood records across 2,375
unique administrative regions in 177 countries, with satellite-derived metrics including flooded area and flooded population.
Flooded population estimates based on the satellite flood maps are correlated with reported impact metrics, validating our

approach despite known limitations in the flooded pixel detection algorithm.

1 Introduction

Floods are some of the most common and damaging natural hazards (CRED, 2025). Flood impacts are far-reaching, and
include fatalities, damage to critical infrastructure, increasing disease transmission, disrupting livelihoods, displacing people,
and slowing or even reversing development progress (Allaire, 2018; Merz et al., 2021). Although floods can have large
impacts in countries of all development levels, they can be particularly devastating in regions with high socioeconomic
vulnerability and lower capacity to recover (Doocy et al., 2013; IPCC, 2023; UN Office for Disaster Risk Reduction, 2025;
Wing et al., 2022). Additionally, climate change, land use change, and population growth have compounding effects on
flood risk and have already altered patterns of flooding and flood impacts on a global scale (Bloschl et al., 2019; Merz et al.,
2021; Winsemius et al., 2016). Understanding the changing dynamics and regional disparities of flood impacts around the

globe is of urgent interest in order to support climate adaptation, flood risk management, and climate financing efforts.

Historical flood records serve as an important tool for global flood impact studies, which enable researchers, policy-makers,

and non-governmental agencies to quantify and plan for differences and changes in flood dynamics between and within



30

35

40

45

50

55

60

Earth System
Science

Data

https://doi.org/10.5194/essd-2026-577
Preprint. Discussion started: 29 September 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access
suoIssnasIqg

countries. Although some countries maintain detailed flood records, global-scale studies are dependent on coarse global
flood records that limit fine-scale analysis. The Emergency Events Database (EM-DAT; Delforge et al., 2025) is often used
for global hazard analyses due to its long record and global coverage. However, while EM-DAT fills an important role in
providing global-scale data, one of its limitations is incomplete or inconsistent spatial and temporal information across
events (Delforge et al., 2025). For example, some EM-DAT events have start and end dates reported, whereas others only
have month or year information available. Similarly, some EM-DAT events have location detail at the county-level (or
equivalent), whereas other events are only reported at the country- or state-level (or equivalent). For all events, data on
human or economic impacts are only provided at the country-level. As a result, many previous global studies using EM-DAT
are limited to analysing country-level patterns (e.g. Donatti et al., 2024). Analyses that require more detailed flood data, such
as econometric methods to disentangle causal effects of hazard, exposure, and vulnerability on flood impacts, have typically
been restricted to individual countries or regions with more complete datasets (e.g. Davenport et al., 2021, Parida et al,
2022). Overall, data quality limitations have been identified as a barrier to studying socioeconomic impacts of floods and
other natural hazards (Mahecha et al., 2020), and improved global flood records at a sub-national scale and consistent

temporal resolution would fill an important gap for flood impact analysis.

Some prior efforts have been made to improve the level of spatial detail associated with EM-DAT events. At a global scale,
the Geocoded Disasters (GDIS) dataset maps EM-DAT events from 1960-2018 to polygon boundaries from the Database of
Global Administrative Areas (GADM) based on the ‘Location’ variable in EM-DAT (Rosvold & Buhaug, 2021). The Geo-
Disasters dataset (Teber et al., 2025) performs a similar analysis, mapping EM-DAT hazard events from 1990-2023 to
polygon boundaries from the Global Administrative Unit Layers (GAUL) dataset. In both cases, mapping hazard events to
geocoded regions makes it possible to analyse EM-DAT events in combination with other spatially explicit meteorological
or socio-economic datasets. At the same time, most floods only affect part of an administrative region, so political

boundaries inevitably provide imprecise representations of the true flood event boundary.

Satellite-derived flood maps can provide more granular geospatial information about flood area and extent that human-built
flood records like EM-DAT lack. MODIS spectral radiance imagery has been previously used to detect the presence of flood
water (Sakamoto et al., 2007, Islam et al., 2010, Brakenridge and Anderson, 2006). Tellman et al. (2021) use MODIS
imagery to determine the extend of flooding for 913 flood events included in the Dartmouth Flood Observatory, finding that
the flood-exposed population has grown by more than 20% over two decades. This type of analysis illustrates how access to
satellite-derived flood extent and flood metrics can enable researchers to perform finer scale analyses of floods and flood
impacts. Additionally, because of the short revisit time of MODIS imagery (with two overpasses per day), satellite-derived

flood maps can help provide more detailed information about the timing and duration of flooding.
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To address current limitations in flood records, we compile a dataset of inland flood events from 2000-2024 by integrating
EM-DAT hazard records with MODIS-derived flooded pixel detection. We first perform extensive preprocessing of the EM-
DAT flood records: non—geo-encoded locations are manually geocoded; missing start and end dates are infilled to the first
and last day of the month to define detection windows; and multi-region events are disaggregated into sub-events by first
administrative (“adminl”) unit. For floods spanning multiple months, we also split events into by calendar months to allow
for more temporal granularity. Finally, each of the disaggregated adminl-month events is matched to its corresponding
administrative boundary to provide spatial bounds for the flooded pixel algorithm. We adapt the flooded pixel algorithm
presented in Tellman et al. (2021) to generate a flooded pixel map for each adminl-month event. We then calculate the
population exposed to floodwater by overlaying gridded population data and inundated pixel maps. The resulting data
products include (i) a repository of satellite-derived flood maps for each successfully mapped adminl—month event and (ii) a
tabular adminl—-month flood dataset with event-level flood metrics, including flooded population, flooded area, and flooded
area normalized by total adminl area. The dataset includes the original EM-DAT event identifier, allowing re-linkage to
EM-DAT records for downstream impact analysis, as well as geo-encoded location information to enable matching to the

admin] boundary shapefiles for additional geospatial analyses.

2 Data and Methods
2.1 Datasets
2.1.1 EM-DAT inland flood events

We analyse events included in the EM-DAT disaster database. EM-DAT is an international hazard dataset that provides
information on historical natural disaster events (Delforge et al., 2025). Events within the EM-DAT database meet at least
one of these criteria: at least 10 deaths, at least 100 people affected, or an emergency declaration or call for international
assistance. Event-specific variables within the EM-DAT database include event start and end dates, location information, the
number of people affected, economic damages, as well as other details or descriptions of the event. We analyze all inland
floods from 2000-2024, overlapping with the availability of MODIS imagery which starts in 2000. The subset that we
analyze consists of 4073 events in total. Of these, 17.3% are classified as flash floods, 49.3% are classified as riverine floods,

and 33.4% are classified as general floods.

We use the total people affected from EM-DAT as a comparison with our satellite-derived estimates. From the EM-DAT
documentation, the number affected is equal to the total of people injured, made homeless, or impacted by the event in some
other way. Fatalities are not included in the total number affected and are instead reported in a separate field. However, the
number of fatalities is typically much lower than the total number affected. The total population affected is reported for

roughly 90% of inland flood events but is missing for the remaining ~10%.
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2.1.2 Global Administrative Unit Layers dataset

We obtain boundaries for sub-national administrative regions from the 2015 Global Administrative Unit Layers (GAUL)
dataset (Food and Agriculture Organization of the United Nations, 2015). We analyze the level 1 region (typically referred to
as states or provinces) and level 2 regions (typically referred to as counties, districts, or municipalities). We use GAUL as
opposed to other administrative boundary datasets such as GADM because many events in EM-DAT include location codes
corresponding to GAUL regions. In our analysis, the GAUL region boundaries are used to define the extent of each first-

level administrative region when generating satellite flood maps and to calculate the total area of each administrative region.

2.1.3 MODIS satellite imagery

We analyze daily imagery from the Moderate Resolution Imaging Spectroradiometer (MODIS) sensor. There are two
MODIS sensors, one aboard NASA’s Terra satellite and one aboard the Aqua satellite. Terra and Aqua were launched in
1999 and 2002, respectively. Multiple previous flood or inundation mapping studies have used MODIS imagery (e.g.
Sakamoto et al., 2007, Islam et al., 2010, Fayne et al., 2017, Tellman et al., 2021). MODIS has a spatial resolution of 250m
and has produced daily imagery with global coverage starting in February 2000, and twice-daily global imagery starting in
2002. The MODIS sensor measures 36 spectral bands; as described below, we analyze the short-wave-infrared, near-
infrared, and red bands to perform flooded pixel detection. We access and process the MODIS imagery using the Google

Earth Engine API.

2.1.4 Global population density data

We use population density estimates from the NASA Gridded Population of the World (GPW) dataset (CIESIN, 2018). The
GPW dataset contains global, gridded population density estimates every 5 years at 1km spatial resolution. We use bilinear
regridding to regrid the GPW population data to the higher-resolution 250m grid of the MODIS flood maps. Grid cell areas
for each of the flood-map grid cells are calculated using the “xemsf” Python package (Zhuang et al., 2025). We calculate
population in each grid cell by multiplying population density by cell area.

2.2 Creation of disaggregated flood event catalog and flood maps
2.2.1 Infilling of flood location and date information

As a result of being a human-compiled database and the challenges inherent in quantifying flood impact data, many of the
EM-DAT event entries include missing fields, especially for event dates, locations, and number of people affected.
Generating satellite-derived flood maps for an event requires knowing the dates and general location of the event. When
these fields are incomplete, we infill the data using the follow steps. For flood events missing a start day, we assign the start
day as the first day of the reported starting month. (This step is applied for 278 floods, or 6.8% of the total.) For events
missing an end day, we assign the end day as the last of day of the reported ending month. (This step is applied for 268

4
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floods, or 6.6% of the total.) We drop floods without a reported start year or month or end year or month from the analysis,

as these are considered too subjective for infilling.

We also infill missing location information when possible. EM-DAT location information is provided in four separate fields:
"Country," "River Basin," "Location", and "Admin Units". The “Location” field is a narrative description of affected
locations, such as regions, cities or towns. The “Admin Units” field includes administrative codes that map directly to
GAUL level 1 or level 2 administrative boundaries. Not all events have level 2 admin unit information, so we limit our
analysis to admin 1 regions (i.e. state or province), which is the smallest administrative level reported for a majority of
events. Events with level 2 administrative units listed are matched to the corresponding adminl administrative units using.
Most events have affected adminl codes reported, but the “Admin Units” field is missing for 290 events (7.1% of total). In
particular, the “Admin Units” field was missing for many events in 2022-2023 and all events in 2024. When the “Admin
Units” field was empty, we identified level 1 units manually based on information contained in the "Location" string (275
events). When the “Location” field was also missing, we identified location information from news reports (15 events in
total). Some administrative regions were renamed or rezoned after 2015. However, the sub-national boundaries in the GAUL
dataset use the 2015 region definitions. For flood events after 2015 that occurred in regions that were renamed or rezoned,
we remap the event to the pre-2015 boundaries, so that our final event catalog uses a consistent set of admin 1 definitions
across all years. After infilling, the final flood event catalog contains 4,073 inland flood events, which span 2,375 unique

admin] regions across 177 countries.

2.2.2 Defining disaggregated flood events

Next, we disaggregate flood events into separate admin 1 regions and months. The motivation for this disaggregation is to
create a dataset with a consistent spatial and temporal resolution, and to provide more spatiotemporal granularity.
Disaggregated “adminl-month events” each correspond to one calendar month and one admin 1 region. If an event spans
more than one month, the dates of each disaggregated event reflect only the event duration within each calendar month. For
example, an inland flood that occurs in one admin 1 region starting on March 23 and ending on April 3 is divided into two
adminl-month events: the first event would span March 23-31 and the other would span April 1-3. Likewise, floods
occurring across more than one admin 1 region are divided into separate adminl-month events. We assign a unique ID to

each of the adminl-month events a unique ID that includes the calendar month, adminl code, and original EM-DAT ID (Fig.

1.
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Flood information

ID: 2016-0183-USA

Start Date: 5/27/2016

End Date: 6/2/2016
Locations affected:

- Arkansas (adminl: 3217)
- Kansas (adminl: 3230)

- Nebraska (adminl: 3241)
- Oklahoma (admin1: 3250)
- Texas (adminl: 3257)

Disaggregated
adminl-month events

\ 4

05-2016-0183-USA-3217
06-2016-0183-USA-3217
05-2016-0183-USA-3230
06-2016-0183-USA-3230
05-2016-0183-USA-3241
06-2016-0183-USA-3241
05-2016-0183-USA-3257
06-2016-0183-USA-3257

05-2016-0183-USA-3217

Start Date: 5/27/2016
End Date: 5/31/2016
Mon-year: 05/2016
Adminl: 3217

06-2016-0183-USA-3217
Start Date: 6/1/2016

End Date: 6/2/2016
Mon-year: 06/2016
Adminl: 3217

05-2016-0183-USA-3250
06-2016-0183-USA-3250

Figure 1: Illustration of the process to disaggregate a flood that spans multiple months and administrative regions.
2.2.3 Satellite-derived flood maps

Satellite imagery allows us to augment human-reported event records with additional fine-scale flood extent information. We
use imagery from the MODIS sensors to produce a 250m-resolution map of flooded pixels during each adminl-month flood
event. We adapt the flooded pixel detection algorithm described in Tellman et al. (2021) and made available through open-
source code (CloudToStreet, 2021). We summarize the algorithm and our modifications below. The reader is referred to

Tellman et al., (2021) for a more detailed description.

First, we use Google Earth Engine’s (GEE) Python API to obtain surface reflectance imagery from the MODIS sensors.
Imagery from the Terra sensor is available for the full study period, while imagery from the Aqua sensor is available starting
in July 2002. Using the short-wave-infrared, near-infrared, and red bands, the water detection algorithm classifies each pixel
as water (assigned a value of 1) or non-water (assigned a value of 0) using fixed, empirically-derived thresholds. We apply
the water detection to all MODIS pixels overlapping the adminl region associated with the event. For the flooded pixel
detection, we analyze all imagery within the dates of the event, plus a one-day buffer before and a one-day buffer after the
event. In other words, the number of days included for flood detection ranges from 3 days for an adminl-month event that
lasts only one day, or up to 33 days for a 31-day event. (The number of included days is capped at 33 days because adminl-
month events last one month or less by definition.) For comparison, the original algorithm from Tellman et al. (2021) uses
two buffer days before and two buffer days after the start of each event; we reduce this to only one buffer day to minimize

temporal overlap in the detection for adminl-month events that span two adjacent months.

For each day within the admin1-month event, we classify flooded pixels using all imagery from a 3-day window centered on
that day. Because there are up to two overpasses per day from Terra and Aqua combined, each daily classification includes
up to six observations for each pixel. To classify a pixel as having water, if three or more out of the six observations indicate

water presence. We lower this threshold from 3 to 2 (i.e., a pixel must be flagged as water in at least 2 of the observations

6
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rather than 3) for events occurring before the Aqua data is available. The final steps in the algorithm are to apply a terrain
slope mask to reduce false positives caused by terrain shadows and to apply a permanent water mask to separate floodwater

from pre-existing water bodies.

We combine the daily flood maps for each adminl-event into a single flood map. In the final flood map, flooded pixels
correspond to those that were flooded on any day within the event. Additional bands within the flood map report the number
of flooded days for each pixel, as well as the number of cloud-free images available for each pixel within the event duration
(Table 1).

Table 1. Description of bands stored in each event-specific flood map

Band Description

Band 1 (flooded) Binary flood mask (1=flooded, O=not flooded)

Band 2 (duration) Number of days pixel was flooded during the event

Band 3 (clear_views) Number of cloud-free observations during the event

Band 4 (clear_perc_scaled) | Percent of cloud-free observations during the event (0-100)

2.2.4 Calculating flood-exposed population

After generating flood maps, we calculate the total population within flooded pixels for each adminl-month flood event. To
do this, we mask the regridded population data with the corresponding flooded pixel map, and sum the total population
across all flooded pixels. Because the GPW population data is only available every 5 years, we use the population density

data from the most recently available preceding year—e.g., events in 2007 use population estimates from 2005.

2.2.5 Summary of final dataset

The final dataset includes 23,432 disaggregated adminl-month inland flood events across 2,375 unique administrative
regions over 2000-2024. These sub-events originate from 4,073 flood events in the EM-DAT dataset. MODIS-derived flood
maps were successfully generated for 17,476 adminl-month events (a discussion of missing flood maps is provided in
Section 3.1). A description of the variables included for each adminl-month are listed in Table 2. Each adminl-month event
is associated with an EM-DAT event identifier so that information in this database can be rejoined with additional data fields
from EM-DAT. We also provide a set of quality flags for each admin1-month event to keep track of steps or errors generated
during the data processing pipeline. These flags are described in Table 3 and are used to keep track of whether spatial or
temporal infilling was performed for the event and whether errors were encountered when generating satellite flood maps

and flooded population estimates.
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Table 2. Description of variables provided for each disaggregated flood event

Column Name

Description

mon-yr-adm1-id

Adminl-month event ID in the format {MM}-{YYYY}-{EM-DAT ID}-{ISO}-{ADMINI
CODE}

id ID of original EM-DAT event ("DisNo." column in original EM-DAT records)

mon-yr Month and year of event in MMM-Y'Y format

start date Start date of event in M/D/YY format (set to first day of month for events with missing start
day)

end date End date of event in M/D/YY format (set to last day of month for events with missing end day)

ISO 3-letter (alpha-3) code representing a specific country, e.g., “BEL” for Belgium

adml code Global Administrative Unit Layers (GAUL) administrative 1 region code corresponding to
adminl-month event location

flooded population Total population in the flooded area (missing data set to NaN)

flooded area

Total flooded area in km? (missing data set to NaN)

flooded area norm

Flooded area normalized by total adminl area (missing data set to NaN)

flooded_population_norm

Flooded population normalized by total adminl population (missing data set to NaN)

flags

Semi-colon separated list of quality flags generated during data processing pipeline

Table 3. Description of quality flags generated during data processing pipeline

Flag Description

1 Start day originally NaN and was filled with first day of the month

End day originally NaN and was filled with last day of the month

Flooded pixel map was not generated because Terra Surface Reflectance data not available before 2000-02-25

Unspecified Earth Engine internal processing error

Missing GPW population data

Coordinate mismatch error between floodmap and GPW population data

Admin units manually infilled from Location string

Admin units manually infilled from literature

O 0 Q| | | K| W| N

Missing start/end month and/or year

—_
(=]

Missing location information; could not be infilled
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11 Unable to be disaggregated for unspecified reasons
12 No flooded pixels detected by MODIS water detection algorithm
3 Results

3.1 Validation of the satellite-derived flooded pixel estimates

In Fig. 2, the flooded population estimates based on satellite flood maps are compared to the total number of people affected
reported in EM-DAT. This comparison provides some validation of whether the satellite-based flooded population estimates
reflect human-reported flood impacts. Socioeconomic impacts in EM-DAT are only reported at the original country-level
event scale, so to make this comparison, we combine the monthly satellite-derived flood maps corresponding to each EM-
DAT event into a single flood map of the total flood extent during the event (for events spanning one month or less, this is
equivalent to the monthly flood map). We then overlap this flood map with the gridded population data to calculate the total
population exposed to flooding during the event. We find that the affected population estimates based on satellite flood maps
and the EM-DAT reported number of people affected are positively correlated (Fig. 2). While this relationship is statistically
significant, the correlation is somewhat low and the flooded population estimates based on satellite flood maps are typically
lower than those reported in EM-DAT. This low correlation and the difference between the EM-DAT and satellite-derived
values likely stem from multiple causes. First, while EM-DAT provides the most globally comprehensive data on flood
impacts, the reported values are only rough estimates, and as such, can easily over- or under-estimate the true number
affected. Second, flood impacts inevitably extend beyond the detected flooded area. For example, people outside of directly
flooded areas are still impacted by damage to bridges, roads, utilities or other infrastructure, or may experience impeded
access to necessities such as food, water, or medical treatment. Our calculation, which only accounts for people residing in

the flooded zone, would therefore be an underestimate of the true population affected.
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EM-DAT people affected vs. MODIS-derived flooded population

20.0

—— y=0.35x + 6.54 R2 = 0.19, Slope = 0.35, P < 0.001
17.5 1 : o 0% eqe

15.0
12.5 1

10.0 1

EM-DAT people affected (log scale)

-2.5 0.0 215 5.'0 7:5 10.0 12'.5 15I.o 17.5
MODIS-derived flooded population (log scale)

Figure 2: Relationship between the event-level reported number of people affected in EM-DAT and satellite-derived population
affected. For each EM-DAT event, the flooded pixel maps for all corresponding adminl-month events were combined. The
satellite-derived flooded population was then calculated from this overall flooded pixel map. The regression is based on 2955 flood
events with reported population affected in EM-DAT and for which satellite flood maps were successfully generated.

Lastly, the water detection algorithm is known to underestimate the full extent of flooding, especially for shorter floods.
Tellman et al. (2021) found multiple reasons that flooded pixels could be undetected, such as cloud cover during the event,
inaccurate event dates that don’t included the true flood period, issues detecting flash floods that may occur in between
MODIS revist times, or urban floods where flooded streets are smaller than the 250m resolution of MODIS imagery. In our
analysis, zero flooded pixels were detected for 24% of the adminl-month events. These events are often shorter in duration
compared, and have a median duration of only 5 days compared to events with detected floodwater, which have a median
duration of 13 days(Fig. 3). For these reasons combined, we expect that the true flood extent is larger than the satellite-

derived flooded area.

Event Duration Distribution Comparison

» o w
& o & °

Event Duration (days)
o

Zero Flooded Area Non-Zero Flooded Area

Figure 3: Distribution of adminl-month flood event duration across floods with and without satellite-detected floodwater.
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In this section, we summarize the characteristics of floods at the disaggregated adminl-month scale. Across adminl regions,

the number of total months with reported floods over 2020-2024 ranges from 1 to 105 (Fig. 4). Most adminl regions

experienced 10 or fewer floods over this period (mean = 9.8, median = 6). A much smaller number of regions are affected by

more than 25 events over the study period (Fig. 5). The 20 adminl regions with the most frequent floods are located in China

250 (8 regions), Colombia (9 regions), India (2 regions) and Pakistan (1 region). The maximum of 105 months with reported

flooding occurred in Sichuan Province, China.

Total Flood Events by Admin1 Region (2000-2024)

Number of Events

Figure 4: Map of total number of adminl-month flood events (2000-2024) by admin 1 region

a) b)

Sichuan Sheng, China
300 - Assam, India
Guizhou Sheng, China

Antioquia, Colombia
| Hube1 Sheng, China
250 Hunan Sheng, China
Choco, Colombia
Cundinamarca, Colombia
200 1 Jiangxi Sheng, China
Tolima, Colombia
North-West Frontier, Pakistan

150 7 Chongqingl Shi, China
Guangdong Sheng, China

Bolivar, Colombia

100 1 Yunnan Sheng, China

Number of Admin1 Regions

Caldas, Colombia
Cauca, Colombia
50 Bihar, India

Magdalena, Colombia
Valle Del Cauca, Colombia

0- . r :
0 25 50 75 100
Number of Admini-Month Events

Il China
BN India

Colombia
IE Pakistan

T

20 40 60 80
Number of Admini-Month Events

100

255 Figure 5: a) Distribution of the number of months with reported flooding per admin1 region. b) Top 20 admin1 regions with the

highest number of months with reported flooding.
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Many adminl regions with the largest average flood extent are located in Australia, Canada, central and east Asia, and the
Amazon (Fig. 6a). However, flood extent is somewhat a function of the size of the adminl region itself, and, by definition,
large adminl regions can have larger floods in terms of total area than small adminl regions. When we normalize flood area
by the total adminl area, we find locations where floods affect a larger percentage of the state (Fig 6b). Multiple areas of the
globe have adminl regions that experience floods that are high in absolute area and normalized flood extent, including the
U.S. Midwest, smaller states in South America and Sub-Saharan Africa, Southeast Asia, and some larger states in Siberia.
The normalized flooded area is greater than 1.0 for 10.7% of adminl-month events (2,466 of 23,112). This result can be
traced to the raster clipping process: when selecting MODIS pixels within a particular adminl boundary, any pixels that
intersect the boundary are included in their entirety. As a result, the total area of the included pixels can exceed the area of
the original adminl polygon, which can cause the flooded area to slightly exceed the polygon area if many of the pixels are
flooded. This effect is greatest in very small adminl regions where boundary pixels constitute a large fraction of the total

area.
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Figure 6: a) map of average adminl-month flood area (2000-2024) by admin 1 region. b) same as a, but with flood area normalized
by total adminl area
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Average flooded population per adminl-month event shows patterns that are distinct from those for average flooded area.
The regions with the highest people affected per flood occur mostly in South and Southeast Asia, including across the Indian
subcontinent, Bangladesh, and Indonesia. In some of these locations, the average adminl-month event affects more than
80,000 people on average. These patterns indicate both high flood occurrence and high population density in these regions.
Central and eastern China, central Africa, and isolated areas of South America also include adminl regions with high values
of average population affected per event.
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Figure 7: a) Map of average satellite-derived flooded population per adminl-month flood event by admin 1 region. b) Map of
average satellite-derived flood population, normalized by the total adminl population.
4 Discussion and Conclusions

Our study combines over two decades (25 years) of EM-DAT flood disaster data with global population density data and
satellite-derived flood maps. This dataset provides more spatially detailed flood map information that enhances recent efforts

to add geo-encoded information to EM-DAT events (e.g. Rosvold & Buhaug, 2021; Teber et al., 2025) and covers a larger
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number of flood events compared to other satellite-based flood mapping studies (e.g. Tellman et al., 2021). Our flood maps
also include flood duration information and have been separated by month for multi-month floods to provide more temporal
granularity. In addition to event-specific flood maps, we provide summary flood statistics for each event, include flooded
area and population exposed to flooding. The flooded population estimates based on satellite flood maps are significantly
correlated with the reported affected population from EM-DAT, indicating that satellite-based flood impact metrics can

provide useful supplementary information when reported impact metrics are missing.

While this dataset fills an important gap in historical global flood records by providing higher spatial resolution flood maps
associated with major flood events, it is not without limitations. Our dataset is built on flood events reported in EM-DAT,
and like many disaster datasets, EM-DAT is subject to reporting biases (Delforge et al., 2025; Gall et al., 2009). It is
essential that subsequent flood impact studies take appropriate steps to handle missing data and account for temporal,
geographic, or threshold biases present in the underlying data (Jones et al., 2023). In the future, one way to minimize missing
event data could be to combine EM-DAT flood records with the global Dartmouth Flood Observatory and region-specific
disaster reports. More generally, satellite-based flood detection could be used to identify the occurrence of floods that are
missing from all major datasets. These efforts could be valuable directions for future work that would ultimately enable more

comprehensive flood research.

Appendices

n/a

Code and data availability

All the code and output data products for this paper are openly available. The code is archived on both Zenodo
(https://doi.org/10.5281/zenodo.17905101) and GitHub (https://github.com/nicolejkeeney/emdat-modis-flood-dataset) under
the MIT open-source license. The satellite-based flooded pixel maps for each adminl-month event are available as GeoTiffs
in a Dryad data repository at https://doi.org/ 10.5061/dryad.mpg4fdrdr (Keeney and Davenport, 2026). Note: DOI will be
activated after publication, current dataset link for peer review:

http://datadryad.org/share/LINK NOT FOR PUBLICATION/1swIIXfUuKjveZJkShMkoxhwQO7zy3kEvwaHOR38-74).

In the Dryad repository, we also include the EM-DAT derived disaggregated flood record table with satellite-derived metrics

at the admin1-month scale in csv format, as well as a reference table explaining data quality and processing flags.

The following datasets were used to generate the output data products. They are not made available in the code or data

repositories but are openly available for download. The EM-DAT hazard dataset was made available by the Centre for
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Research on the Epidemiology of Disasters in open access for non-commercial use. The dataset is actively maintained; the
version used in this paper was downloaded in February 2025. MODIS satellite imagery and the permanent water mask used
in the flooded pixel detection algorithm were derived from Google Earth Engine. Administrative level 1 and 2 geospatial
boundaries and names are freely available as shapefiles via the GAUL dataset implemented by FAO within the
CountrySTAT and Agricultural Market Information System. (AMIS) projects. The GPW dataset used for the flooded

population estimates is sourced from NASA.
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