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Urban flooding is one of the most damaging and costly natural hazards affecting American cities, causing property damage,
infrastructure failure, road closures, and loss of life. Existing flood maps are typically based on rare, large flood events and
may not capture the recurring, street-level flooding that affects residents during moderate storms. This study developed a
multi-source system to identify recurring urban flood hotspots by integrating Sentinel-1 synthetic aperture radar (SAR) satellite
imagery with NOAA Storm Events Database records and USGS stream gauge data. The algorithm, implemented in Google
Earth Engine, detects surface flooding by comparing pre- and post-storm SAR backscatter, applies hybrid dual-polarization
thresholds, and filters detections using urban land cover and permanent water masks. Flood detections from multiple events
are aggregated into frequency-based hotspot maps that highlight locations where flooding consistently recurs. The system was
applied to Houston, Texas and Raleigh, North Carolina using NOAA-documented flood events from 2015 to 2025, building
recurring-flood maps from events with Sentinel-1 coverage and validating against independent flood locations from events held
out of the maps. Buffered detection recall against these independent locations reached 89% (Raleigh) and 61% (Houston)
within 500 meters, and 100% and 89% within 1,000 meters, exceeding a random-location baseline at most distances. Flood
hotspots in Houston concentrated near Buffalo Bayou, while Raleigh hotspots clustered along Crabtree Creek, consistent with
known flood history. These results demonstrate that open-access satellite radar can help identify recurring urban flood locations,
providing a practical, low-cost tool for municipal planning, stormwater infrastructure prioritization, and emergency management.
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Introduction

Urban flooding is one of the most dangerous and costly nat-
ural hazards affecting American cities1. Heavy precipitation
events overwhelm drainage infrastructure, inundate streets and
buildings, cause road closures, and claim lives. Across most
of the United States, the amount of precipitation falling in
the heaviest 1% of daily events has increased since the mid-
twentieth century, by as much as 55% in the Northeast2, while
urban areas keep expanding impervious surfaces that reduce
infiltration and speed runoff. These trends are expected to
worsen urban flood risk.

Despite this risk, the tools most commonly used to iden-
tify flood-prone areas have significant limitations. Federal
Emergency Management Agency (FEMA) flood insurance
rate maps are based on statistical return periods and hydro-
logic models calibrated primarily to large, rare flood events.
They are updated infrequently and do not necessarily capture
the recurring, street-level flooding that affects residents during
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moderate storms3. Hydrologic models require detailed input
data that is often unavailable or outdated. As a result, plan-
ners and emergency managers often lack a clear, data-driven
picture of where flooding keeps happening.

Satellite synthetic aperture radar (SAR) offers an accessi-
ble alternative. SAR measures microwave backscatter and
is highly sensitive to open water: when a surface floods,
backscatter drops sharply because smooth water reflects radar
energy away from the sensor4,5. This is detected by compar-
ing SAR images before and after a storm. Critically, SAR
sees through cloud cover, making it well suited to monitor-
ing floods during and just after heavy rainfall, when optical
imagery is unavailable6,7.

The European Space Agency’s (ESA) Sentinel-1 satel-
lite constellation8 has made high-resolution SAR data freely
available at 10-meter resolution since 2014, with a revisit in-
terval of 6 to 12 days.

This archive now spans over a decade, making it possible to
study how flooding recurs across many storms in a single city.
Google Earth Engine (GEE)9, a cloud-based geospatial com-
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puting platform, enables large-scale processing of this archive
without requiring specialized local infrastructure.

Prior research has shown that Sentinel-1 SAR can detect in-
dividual large-scale flood events in urban areas4–7,10. Tellman
et al.11 found that satellite observations reveal far more people
exposed to flooding than models predict. However, most SAR
studies map single events rather than where flooding recurs.
Recurring hotspots matter more for long-term planning, since
they pose the greatest ongoing risk.

This study fills that gap with a system combining Sentinel-
1 SAR imagery, NOAA Storm Events records, and USGS
stream gauge data to map recurring urban flood hotspots, ap-
plied to Houston, Texas and Raleigh, North Carolina — two
cities with very different climates and flood histories.

Methods

The premise is that a location flooding repeatedly across in-
dependent storms is far more likely a persistent problem than
one seen in a single observation. Flood extent was mapped for
each event using Sentinel-1 change detection, then aggregated
across events to reveal recurring inundation. NOAA records
were used to select documented flood events, and USGS gauge
data are reported as contextual metadata for each event.

All processing was implemented in Google Earth Engine
(GEE)9, and Figure 1 provides an overview of the complete
processing pipeline.

Figure. 1 Overview of the flood hotspot mapping algorithm
pipeline, illustrating the six sequential processing steps from event
selection through hotspot mapping and validation.

Study Sites and Study Period

The study was conducted in two cities: Houston, Texas (Harris
County) and Raleigh, North Carolina (Wake County). Hous-
ton, on the Gulf Coastal Plain, has low relief, low-permeability
clay soils, and high flood vulnerability; the Buffalo Bayou cor-
ridor has a well-documented history of severe flooding, driven
largely by Gulf moisture and tropical systems. Raleigh, in
the Piedmont, floods recurrently along Crabtree Creek and its
tributaries during intense storms, including Piedmont thunder-
storms and remnants of Atlantic hurricanes. The study pe-
riod spanned January 2015 through December 2025, consis-
tent with the start of routine Sentinel-1 acquisitions.

Data Sources

Sentinel-1 SAR imagery (10-meter resolution, VV and VH
polarizations) provided the primary flood-detection data.
Sentinel-2 optical imagery12 and Landsat 8 imagery13 were
accessed for visual comparison where cloud-free imagery was
available, but were not used in the primary detection algorithm
due to limited availability during storm events.

The NOAA Storm Events Database14 provided historical
records of flood events at the county level, including event
dates, narrative descriptions, and documented impacts for
Wake County (Raleigh) and Harris County (Houston) from
2015 to 2025. USGS stream gauge stage from Crabtree Creek
at Interstate 40 (Raleigh) and Buffalo Bayou at Piney Point
(Houston) is reported as contextual metadata for each event
and was not used as an inclusion criterion.

Three land cover and surface water datasets were used for
spatial filtering: the ESA WorldCover 2021 dataset, which
classifies global land cover at 10-meter resolution; the USGS
National Land Cover Database (NLCD) 2021, which provides
impervious surface fraction estimates; and the JRC Global
Surface Water dataset15, which provides water occurrence
statistics derived from over 30 years of Landsat imagery.

Event Selection and Validation

Flood events were extracted from the NOAA Storm Events
Database for Wake County (Raleigh) and Harris County
(Houston) over the 2015–2025 study period, consistent with
Sentinel-1 availability. Events were retained if they had docu-
mented geographic coordinates within the city (49 for Raleigh,
55 for Houston; Table S1). USGS stream gauge height (Crab-
tree Creek for Raleigh, Buffalo Bayou for Houston) was
recorded for each event as metadata but was not used as an
inclusion criterion.

To assess detection performance independently of map con-
struction, the NOAA flood locations for each city were divided
into two groups. Locations from events with usable Sentinel-1
image pairs were used to build the recurring-flood map, while
locations from events that lacked Sentinel-1 coverage were
held out as an independent validation set that never contributed
to the map.

The full set of NOAA locations is denoted N, the mapped
subset M, and the held-out validation set N −M (Table S1).
Raleigh and Houston were processed separately, so detection
thresholds tuned for one city were never used to validate the
other.

Events sharing the same satellite pass were merged into
single composites, producing 5 mapped flood composites for
Raleigh and 10 for Houston, plus one Houston non-flood con-
trol date (Section 3.1).
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Satellite Image Matching

For each event, Sentinel-1 images were searched within a pre-
event window of up to 30 days before onset and a post-event
window of up to 2 days after the event ended. To keep viewing
geometry consistent, images were matched by pass direction
and relative orbit, pairing the earliest post-event image with
the closest matching pre-event image.

Preprocessing and Speckle Filtering

SAR imagery contains speckle, a grainy noise that can cause
false detections. To reduce it, focal-mean smoothing with a
90-meter window was applied to both pre- and post-event im-
ages before change detection.

Flood Detection Thresholds

Change detection was performed by computing the differ-
ence between the post-event and pre-event backscatter im-
ages. Negative values indicate decreased backscatter, consis-
tent with surface flooding. A hybrid dual-polarization thresh-
old approach was applied: when both VV and VH polarization
bands were available, a location was classified as flooded only
if both channels independently showed a backscatter decrease
exceeding 1.8 dB. When only VV polarization was available,
a stricter threshold of −2.0 dB was applied. These thresholds
were fixed on a training subset of mapped events in each city
(the threshold-training composites are flagged in Table S1)
and locked before map construction and validation; adaptive
per-scene thresholds were disabled, and the cities were tuned
separately.

Spatial Filtering and Masking

An urban mask was created by combining two datasets: built-
up areas identified in the ESA WorldCover 2021 dataset16 and
areas with impervious surface fraction exceeding 20% in the
USGS NLCD 2021 dataset. Only detections within this urban
mask were retained, focusing the analysis on urban rather than
natural floodplain flooding.

Permanent water bodies were excluded using the JRC
Global Surface Water dataset (water occurrence above 50%),
preventing false detections over standing water.

Connected-component analysis removed isolated noise:
clusters of fewer than 5 contiguous flood cells were discarded,
keeping only spatially coherent detections.

Hotspot Mapping and Visualization

Detections from each event were aggregated into a flood-
frequency map for each city, where each location’s value is
the number of events in which flooding was detected there.

Frequency values were classified into three hotspot categories:
low (detected in 1 event, shown in yellow), moderate (detected
in 2–3 events, shown in orange), and high (detected in 4 or
more events, shown in red). Hotspot maps were visualized
as a semi-transparent overlay on a base map in Google Earth
Engine.

Validation

Detection performance was measured as buffered detection re-
call: the fraction of independent NOAA flood locations (the
held-out N − M set) with at least one detected flood pixel
within a given buffer distance. Recall was computed at 100,
250, 500, and 1,000 meters, on 36 independent locations
for Raleigh and 28 for Houston. Recall was scored against
a pre-urban ever-flooded union (the same detection thresh-
olds and speckle filtering, but without restricting to the urban
mask), so the urban mask did not hide valid flood pixels near
NOAA report locations. We do not report precision or IoU
because NOAA gives point locations, not full flood outlines.
A SAR detection away from a NOAA report is not necessar-
ily wrong—many floods are never reported. A proper false-
positive test would need independent flood maps (e.g., aerial
imagery or road closures), which we did not have for these
cities. For context, the same metric was applied to 500 random
locations per city (uniform within each study area, seed 42),
and independent locations were also compared with FEMA
National Flood Hazard Layer Special Flood Hazard Areas.

Results

Event Selection

From NOAA-documented flood events with geographic coor-
dinates in 2015–2025 (49 for Raleigh, 55 for Houston; Ta-
ble S1), those with usable Sentinel-1 image pairs were used
to build the recurring-flood maps (5 SAR composites for
Raleigh, 10 for Houston). Flood locations from events without
Sentinel-1 coverage formed the independent validation sets
(36 for Raleigh, 28 for Houston). One Houston Sentinel-1
pair on a non-flood date (composite control 2024-10-15; pre-
event image 2024-10-03, post-event image 2024-10-15; Buf-
falo Bayou gauge 27.87 ft, below the 40 ft informational stage;
no NOAA flood report; Table S1) was processed as a control
and excluded from the maps. It was used for qualitative in-
spection only; a single control date does not support a quanti-
tative false-positive rate, which is noted as a limitation.

Figure 2 illustrates the satellite image matching and flood
detection pipeline for a representative event in Houston (Au-
gust 2017). The pre-event image (August 5, 2017) shows
dry-surface backscatter conditions, while the post-event im-
age (August 29, 2017) shows sharply reduced backscatter in
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flooded areas. The resulting flood mask captures the spatial
extent of surface inundation detected by the algorithm.

Figure. 2 Sentinel-1 SAR processing pipeline for a representative
flood event in Houston (August 2017). (a) Pre-event image (August
5, 2017); (b) post-event image (August 29, 2017) showing decreased
backscatter in flooded areas; (c) backscatter change map; (d)
detected flood mask. Source: Google Earth Engine.

Flood Hotspot Maps

In Raleigh, the flood hotspot map revealed a spatially concen-
trated pattern of recurring flooding along Crabtree Creek and
its tributaries, which flow through the northern and western
parts of the city. High-frequency hotspots (detected in 4 or
more events) were concentrated along Crabtree Creek’s flood-
plain, while moderate-frequency hotspots extended into ad-
jacent low-lying neighborhoods and road underpasses. The
detected hotspots fall along the Crabtree Creek corridor and
its tributaries, known flood-prone waterways in the city (Fig-
ure 3).

In Houston, the hotspot map showed a broader and more
complex pattern, reflecting the city’s larger spatial extent and
more diffuse flood vulnerability. High-frequency hotspots
were concentrated near Buffalo Bayou and in low-lying ar-
eas of the urban core, with additional clusters of moderate-
frequency flooding distributed across the city’s impervious
surface network (Figure 4). The map captured flooding as-
sociated with major storm events including the remnants of
tropical systems that affected Harris County during the study
period.

Validation

Table 1 presents buffered detection recall against the indepen-
dent validation locations at four buffer distances, with Wilson

Figure. 3 Flood hotspot map for Raleigh, North Carolina
(2015–2025). Yellow: detected in 1 event; orange: detected in 2–3
events; red: detected in 4 or more events. Hotspots are concentrated
along the Crabtree Creek corridor. Source: Google Earth Engine.

Figure. 4 Flood hotspot map for Houston, Texas (2015–2025).
Yellow: detected in 1 event; orange: detected in 2–3 events; red:
detected in 4 or more events. High-frequency hotspots are
concentrated near Buffalo Bayou and low-lying urban areas. Source:
Google Earth Engine.

95% confidence intervals.

Table 1 Buffered detection recall against independent NOAA flood
locations, with Wilson 95% confidence intervals.

Buffer Raleigh recall (95% CI) Houston recall (95% CI)

100 m 36% (13/36; 22–52%) 11% (3/28; 4–27%)
250 m 61% (22/36; 45–75%) 36% (10/28; 21–54%)
500 m 89% (32/36; 75–96%) 61% (17/28; 42–76%)
1,000 m 100% (36/36; 90–100%) 89% (25/28; 73–96%)

Recall increased with buffer distance, reaching 89% at
500 m and 100% at 1,000 m for Raleigh, and 61% and 89% for
Houston (Table 1, with Wilson 95% confidence intervals). Re-
call was lower at fine buffers, particularly for Houston (11%
at 100 m), consistent with positional uncertainty in NOAA re-
port coordinates, which are often assigned at the county level,
and with Houston’s larger and more dispersed study area. A
random-location baseline gave much lower hit rates at most
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Table 2 Buffered detection recall versus a random-location baseline.
Detected recall is over 36 independent locations for Raleigh and 28
for Houston; the random baseline uses 500 points per city (seed 42).

Buffer Raleigh detected Raleigh random Houston detected Houston random

100 m 36% 6% 11% 13%
250 m 61% 16% 36% 22%
500 m 89% 33% 61% 41%
1,000 m 100% 63% 89% 70%

Table 3 Independent NOAA flood locations relative to FEMA
NFHL Special Flood Hazard Areas (supplementary context).

City Independent points Inside FEMA SFHA Outside SFHA

Raleigh 37 4 (10.8%) 33 (89.2%)
Houston 29 10 (34.5%) 19 (65.5%)

distances (Table 2): at 500 m, Raleigh recall was 89% versus
33% for random points, and Houston 61% versus 41%. At
the finest 100 m buffer, however, Houston recall (11%) was
comparable to the random baseline (13%); the SAR hotspots
exceed the random baseline only at 250 m and coarser. Most
independent flood locations fell outside FEMA Special Flood
Hazard Areas (Table 3), indicating that recurring urban flood
reports are not fully captured by regulatory floodplain maps.
Table 3 includes all 37 Raleigh and 29 Houston validation
points with coordinates. Tables 1 and 2 use 36 and 28 points—
the subset that fall inside each city’s GEE study area.

Figure 5 provides an illustrative comparison of aerial im-
agery and the SAR-derived flood hotspot for Hurricane Har-
vey (2017)17 in Houston, one of the major events included
in the analysis. The left panel shows a city-scale aerial view
with the flooded area circled, while the center panel provides
a zoomed aerial view of the flooded neighborhood. The right
panel shows the corresponding SAR-detected flood hotspot in
the same area, demonstrating visual agreement between the
algorithm’s detection and the observed pattern of inundation.

Figure. 5 Illustrative comparison of aerial imagery and
SAR-detected flood hotspots for Hurricane Harvey (2017) in
Houston. Left: city-scale aerial view with the flooded area circled.
Center: zoomed aerial view of the flooded neighborhood. Right:
corresponding SAR-detected flood hotspot in the same area.
Sources: storms.ngs.noaa.gov; Google Earth Engine.

Discussion

The strong detection performance across two cities with very
different flood patterns shows that combining observations
from multiple storm events is central to what makes this sys-
tem work. Rather than relying on any single satellite image
pair, the method builds up a picture of flood-prone areas over
time, filtering out locations that only flooded once and high-
lighting those that flood consistently, something a single-event
analysis cannot do.

The detected hotspots concentrate along the major water-
way corridors in both cities (Buffalo Bayou in Houston and
Crabtree Creek in Raleigh), which are well-known flood-
prone areas rather than locations with only minor or one-off
flooding. This pattern gives confidence that the algorithm is
identifying real, recurring flood risk rather than picking up on
noise or sensor errors.

Raleigh’s higher recall compared to Houston likely reflects
several factors. Raleigh’s flood events are more spatially fo-
cused, concentrated along a well-defined creek corridor that
generates consistent, detectable SAR signatures across multi-
ple events. Houston’s more diffuse flood pattern, driven by
its flat topography, extensive impervious network, and varied
storm types including tropical systems, presents greater chal-
lenges. Urban backscatter in dense commercial and residen-
tial areas can be affected by double-bounce scattering from
buildings, which partially masks the flood-related backscatter
decrease and may cause some flooded areas to go undetected.

Several Sentinel-1 studies have mapped urban flooding us-
ing more complex methods: Chini et al.4 combined SAR in-
tensity and InSAR coherence to detect floodwater in Houston
during Hurricane Harvey, while Li et al.10 and Lin et al.5 used
Bayesian fusion of SAR intensity and coherence (the latter
a Hurricane Matthew case study). This study uses a simpler
threshold-based approach combined with multi-event aggre-
gation, while being faster to run and fully reproducible with
freely available tools.

One of the system’s main strengths is that it uses only freely
available data and runs entirely in Google Earth Engine, re-
quiring no specialized software or local infrastructure. Unlike
traditional flood models that need detailed local survey data,
this approach can be applied to many cities with Sentinel-1
coverage. Once flood events are selected, the rest of the pro-
cess is automated and can be run consistently across different
cities.

Sentinel-1 C-band backscatter change detection is less re-
liable in dense urban settings than over open water or ru-
ral floodplains, because building geometry produces layover,
shadow, and double-bounce effects that can complicate inter-
pretation of backscatter decreases as inundation. This method
does not use interferometric coherence or polarimetric decom-
position, which can improve discrimination in complex scenes
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but require different data products and processing. The maps
show general flood-prone areas, not exact street- or building-
level inundation.

Hotspot frequency reflects the number of Sentinel-1-
observed flood events at each location, not the total num-
ber of NOAA-reported floods, and mapped events are irregu-
larly spaced in time because they depend on Sentinel-1 avail-
ability (for example, the Raleigh composites fall in 2018,
2022, and 2024, while the Houston composites cluster around
the 2017 and 2019 events). Frequency counts only storms
where Sentinel-1 had usable images, not every NOAA flood
on record; independent validation uses the full set of held-out
NOAA locations, separate from the frequency product.

There are several limitations to note. The detection thresh-
olds were selected on a training subset of mapped events in
each city and locked before map construction and validation;
how well a single fixed threshold transfers to cities with very
different urban layouts nonetheless remains untested. The 90-
meter smoothing window applied during preprocessing may
cause narrow flood channels or small flooded areas to go unde-
tected. Dense high-rise urban areas also present challenges be-
cause the radar signal bounces off buildings in complex ways
that can interfere with flood detection. Finally, the method
detects only the presence of surface water, not flood depth
or velocity. Two locations with the same detection frequency
may therefore carry very different hazard levels, which limits
the method’s usefulness for severity-based emergency man-
agement decisions. In addition, although the independent val-
idation set is drawn from events not used to build the map,
NOAA reports still define both the event universe and the ref-
erence coordinates; incorporating fully independent ground
truth such as aerial flood imagery or road-closure records is
left for future work. Because the pre- and post-event acquisi-
tion windows and the Sentinel-1 revisit are fixed, very rapid
flash floods that recede before the post-event image may be
missed; per-event acquisition dates and lags are listed in Table
S1.

The potential applications of this work go beyond the two
cities studied here. City planners and emergency managers
typically rely on FEMA flood maps, which are built around
rare, large flood events and may not reflect the more frequent,
moderate flooding that most affects residents day to day. The
hotspot maps produced by this system offer a practical com-
plement, based on what has actually happened rather than
model predictions. They could help prioritize stormwater in-
frastructure upgrades, improve evacuation planning, and give
residents a clearer picture of their local flood risk.

This study shows that recurring urban flood hotspots can
be identified using freely available satellite radar data, with-
out needing complex hydrologic models or expensive inputs.
Tested across two cities with different flood patterns, the sys-
tem identified the large majority of independently documented

flood locations within 1,000 meters, while recall at finer dis-
tances was more limited. The key insight is simple: places
that flood repeatedly across multiple storms leave a consistent
pattern in satellite imagery, and stacking those observations
over time reveals where flooding is a persistent problem, not
just a one-time event. There is meaningful room to improve.
Future work using road closure records, insurance claims, or
community-reported flood data would allow for more rigorous
validation against independent reference data. Longer-term,
applying the system to more cities, adding flood depth esti-
mates, and adjusting for shifting flood patterns under climate
change are all natural next steps.
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