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A High-Resolution Flood Inundation Archive
(2016–the Present) from Sentinel-1
SAR Imagery over CONUS
Qing Yang, Xinyi Shen, Emmanouil N. Anagnostou,
Chongxun Mo, Jack R. Eggleston, and Albert J. Kettner

ABSTRACT: Most existing inundation inventories are based on surveys, news, or passive remote
sensing imagery. Affected by spatiotemporal resolution or weather conditions, these inventories
are limited in spatial details or coverage. Satellite synthetic aperture radar (SAR) data have recently
enabled flood mapping at unprecedented spatiotemporal resolution. However, the bottleneck in
producing SAR-based flood maps is the requirement of expert manual processing to maintain
acceptable accuracy by most SAR-driven mapping techniques. To fill the vacancy, we generate
a high-resolution (10 m) flood inundation dataset over the contiguous United States (CONUS)
from nearly the entire Sentinel-1 SAR archive (from January 2016 to the present), using a
recently developed automated Radar Produced Inundation Diary (RAPID) system. RAPID uses
U.S. Geological Survey (USGS) water watch system and accumulated precipitation to identify SAR
images that potentially overlap a flood event. The dataset include inundation events with the
temporal scale from several days to months. Concluded from all 559 overlapping images in the
period from 2016 to the first half of 2019, the comparison of the proposed dataset against the USGS
Dynamic Surface Water Extent (DSWE) product yields an overall, user, producer agreements, and
critical success index of 99.06%, 87.63%, 91.76%, and 81.23%, respectively, demonstrating the
high accuracy of the proposed dataset and the robustness of the automated system. We anticipate
this archive to facilitate many applications, including large-scale flood loss and risk assessment,
and inundation model calibration and validation.
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A

high-spatial-resolution (5–10 m) database of inundation extent at the national scale is
vital for analyzing inundation patterns and risk yet is currently not available. Surveyand report-based inundation inventories are limited in spatial details and dynamics
(Gourley et al. 2013; NCEI 2016; Sahoo and Bhaskaran 2018). While optical imagery might
be able to characterize large-scale and long-term flood events (Pekel et al. 2016; Jones. 2015,
2019; Li et al. 2018; Almukhtar et al. 2019), they are likely to underrepresent flood peaks
or miscapture events shaded by the cloud, a common weather condition during flood events
(Aires et al. 2018). While penetrating cloudy conditions, microwave radiometer imagery also
offers inundation extents at relatively high temporal resolution (daily to weekly). However, the
coarse spatial resolution they provide (5 to 25 km) (Prigent et al. 2007; Schroeder et al. 2014;
Du et al. 2017) and the large uncertainties of the downscaled products (Chouinard et al. 2015;
Du et al. 2018) render them inadequate to capture local-scale flooding. The recently emergent
freely available Sentinel-1 synthetic aperture radar (SAR) imagery providing a reasonable
spatiotemporal resolution (10 m, ~6 days) and is not disturbed by cloud cover (Prigent et al.
2016; Aires et al. 2017). Consequently, SAR imagery has gain popularity in delineating flood
events. However, due to the algorithm complexity and the requirement of expert manual
editing, existing flood archives only respond to emergency [European Commission Joint
Research Centre (EC JRC); EC JRC 2015; JPL 2017] or a few major cases (Zeng et al. 2020;
Cerrai et al. 2020). No method has yet facilitated a national-scale inundation extent dataset.
This primarily because fully automated retrieval algorithms with acceptable accuracy have
only been recently developed (Shen et al. 2019a), which has limited the use of these data in
flood events.
In this study, we present an unprecedented 10-m-resolution flood inundation archive over
the contiguous United States (CONUS), generated from the entire Sentinel-1 SAR archive for
the period from January 2016 to the present, based on the Radar Produced Inundation Diary
(RAPID) algorithm (Shen et al. 2019b). By combining radar statistics and machine-learning
methods, with the integration of multisource remote sensing data and product, RAPID achieves
full automation and high-level accuracy with zero manual postprocessing or expert knowledge. The RAPID system is driven by Sentinel-1 SAR imagery provided by the European Space
Agency (ESA), which are the only freely available satellite SAR data with global coverage. By
applying an automatic processing chain, the method could be further applied to more sources
of SAR data, such as the soon to be launched Surface Water and Ocean Topography (SWOT)
and NASA–Indian Space Research Organisation (ISRO) SAR (NISAR), which is expected to
deliver the next generation of global high-quality surface water data (Frasson et al. 2019;
NASA 2019).
The production of the procedure is described in the second section. The deliverables and
final formation of the data are detailed in the third section. We assess the accuracy of the
dataset by visual and quantitatively comparison with the National Oceanic and Atmospheric
Administration (NOAA) event reports, the Federal Emergency Management Agency (FEMA)
derived floodplain maps, and the water extent from the U.S. Geological Survey (USGS)
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Dynamic Surface Water Extent (DSWE) product in the fourth section. More application and
limitation of the dataset are discussed in the fifth section.
Automated flood mapping system
We establish a fully automated flood mapping system that requires no human interference
from the initial flood events discovery to the final flood map production. The system consists
of a mapping trigger and a kernel algorithm.
Triggering the event mapping. Considering the scarcity of the floods in both spatial and
temporal domain and the big size of high-resolution SAR data, the system needs to know where
or when the flood happens and which SAR image might overpass the inundation. For this
purpose, we implement a triggering mechanism that relies on both in situ stream stage observations and satellite precipitation estimation to initially identify potential flooded zone (PFZ)
(the maximal extent that may contain flood inundation) within which we acquire and process
overpassing SAR images. The flood trigger detects two types of flooding, fluvial and pluvial,
as depicted by Fig. 1. For the fluvial flooding, it applies the National Weather Service (NWS)
flood stage threshold to USGS stream stage measurements to identify the daily flood status
(flooded or unflooded) at around 4,455 stations. By subtracting the drainage areas draining to
unflooded upstream stations from the flooded area pouring to a downstream station of flood
status, the fluvial trigger confines the PFZ to the subwatershed level. The drainage area for
a given outlet is delineated by running the watershed algorithm (Tarboton 1989, 1997) over
the flow direction map at 30-arc-s resolution contained in the Hydrological Data and Maps
based on Shuttle Elevation Derivatives at Multiple Scales (Lehner 2013). The trigger locates
pluvial PFZ by applying a threshold to the maximal daily accumulated precipitation within
a 3-day window, a possible delay between precipitation and runoff. We select 60 mm day–1
as the threshold according to the lower bound of moderate rainfall intensity (OFCM. 2019) to
the IMERG (Huffman et al. 2015), a precipitation field of 0.1° horizontal resolution. Finally,
the two types of PFZs are combined to form the daily PFZ.
We propose a clustering algorithm to delineate the maximum potential daily coverage of
a flood event, based on the spatial proximity and temporal continuity of the daily PFZs. This
algorithm traces daily PFZs to determine which PFZs can be merged into one flood event, is
similar to the method used to delineate extreme hydrological events (e.g., Andreadis et al. 2005;

Fig. 1. The automated process of the RAPID system, from flood event discovery to production of
an inundation map.
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Sheffield et al. 2009; Zhan et al. 2016; He et al. 2020). To avoid to overly merge only marginally
overlapped events, we apply the following rules for merging PFZs on consecutive days:
1) Merge two spatially disconnected PFZs into one if a pair of points exists in the two PFZs
that their distance is equal to or less than 50 km.
2) For two PFZs on a day and the next, we associate them to the same event if the fraction of
the intersected area is no less than 70% of the PFZ on either day.
3) Update the maximal flood extent by uniting all PFZs within the latest 5 days.
4) Terminate the event if the flood zone is less than 10% of the previous 5-day maximal flood
extent.
Within a given PFZ, we acquire for retrieval processing the SAR images sensed on the day
of flooding and, as persistent water body, multiple images obtained from the same Sentinel-1
ground track with a certain overlapping, sensed on previous dry days. The RAPID kernel algorithm requires approximately five dry-time images for each SAR image acquired on the flood
day to reduce the error caused by noise-like speckle. Level-1 dual-polarized (VH + VV or
HV + HH) Sentinel-1 SAR images in Interferometric Wide (IW) swath and strip map (SM) modes
and Ground Range Detected (GRD) format are preprocessed via orbit correction, radiometric
correction, and terrain correction using the Sentinel Application Platform (SNAP) and then
normalized by the incidence angle using the cosine law (Mladenova et al. 2013).
The RAPID kernel algorithm. The preprocessed SAR image is regularized to 10 m × 10 m grid
resolution when inputting to the RAPID kernel algorithm for flood map delineation through
four steps: 1) classification of water and land pixels based on statistics from polarimetric
backscattering; 2) form water bodies by pixel connectivity, label them as connected or not
connected to a known water body, and then apply different criterion set to reject less credible
water bodies; 3) generation of a buffer region around the identified water bodies to reduce
omission error using water mask derived from step 1 with less restrictive thresholds; and
4) correction of the pixel classification error based on their water probability predicted through
a machine-learning approach. Besides the input SAR imagery, ancillary data include water
surface occurrence, land-cover classification, topography, hydrography, and river bathymetry,
as detailed in the RAPID kernel algorithm (Shen et al. 2019b).
The resulting inundation extent raster images are binary water masks, with pixels labeled
as water or nonwater. Persistent water bodies are delineated as the maximal extent of the
water masks on dry days. Therefore, a user can choose either to highlight the inundated area
or to use the total water area.
Deliverables
To enable wide dissemination of the dataset, we archive it to a publicly accessible portal (https://
rapid-nrt-flood-maps.s3.amazonaws.com/index.html) provided by the Amazon Web Service (AWS).
The final product contains two subdatasets. The first subdataset is a flood event collection
stored as multiple time series in an ESRI shapefile. Each series represents one event containing
several days of multipolygon features with each represent the PFZ of a day. Each multipolygon
feature contains a unique event ID, and the date as fields. The second subdataset contains binary flood extent raster files with each pixel labeled as 1 (flooded) or 0 (nonflooded). We also generate a separate list to associate the raster file name of each flood extent to the event ID to facilitate eventwise queries. We further link our archive to the Global Active Archive of Large Flood
Events database produced by the Dartmouth Flood Observatory (DFO) (Brakenridge et al. 2010;
Adhikari et al. 2010) to extend the flood death and displaced estimates caused by related
events. The proposed dataset can, therefore, facilitate various applications, including flood
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monitor ing, inundat ion
model calibration, and verification (Afshari et al. 2018;
Zeng et al. 2020), f lood
damage and risk assessment (Wing et al. 2017),
and mitigation management
(Wing et al. 2020).
Results and discussion
Overview of flood events
and maps. The triggering
system has detected 21,589
flood events from January
2016 to June 2019, with Fig. 2
showing the distribution of
the duration and maximal
Fig. 2. Density-colored histogram plot of duration as a function of maximal
extent. For these events, the
extent area for all 21,589 events between January 2016 and June 2019.
system uses 1,897 SAR images acquired on flood days
and 8,252 acquired on dry days out of 36,860 SAR images overpassing CONUS during the
same period. Figure 3a and 3b provide the spatial distribution of fluvial and pluvial PFZs and
Sentinel-1 acquisitions over CONUS. Significantly more frequent flooding occurred in Central
and eastern CONUS, with the highest occurrence in the lower Mississippi River region (Fig. 3c).
Although more Sentinel-1 images were acquired in the western than in the eastern CONUS, a
smaller portion in the west overlapped with flooding (Figs. 3d,e). A total of only 635 triggered
flood events were processed by the RAPID system for inundation map production, with a median
duration and maximal triggering extent of 4 days and 8,900 km2. The maximal PFZ of a flood
event affects its probability of being captured by Sentinel-1, as plotted in Fig. 4. The archive

Fig. 3. Accumulative count of grids (0.1° × 0.1°) during the periods from January 2016 to June 2019 for (a) fluvial trigger
based on the USGS stage gauging, (b) pluvial trigger based on the IMERG precipitation, (c) flood trigger by combining (a)
and (b), (d) total Sentinel-1 acquisitions, and (e) acquisitions in days of flooding.
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Fig. 4. The maximal potential flooded zone of an event vs its probability of being covered by Sentinel-1
images (blue line with marks); average Sentinel-1 acquisition intervals for each 0.1° × 0.1° pixel (green
columns); accumulative number of flooding SAR images in every 3 months (orange line with marks)
from January 2016 to June 2019 over CONUS. The abruptly increase of potential flooded images in
2019 is related to the Midwestern Great Flood.

contains flood events ranging from shorter than a week (e.g., the Massachusetts flood event in
March 2018) to as long as several months (such as the so-called 2019 Midwestern Great Flood).
Events of shorter duration and smaller extent are more likely to be included in the more recent
part of the archive because Sentinel-1 increased the average acquisition intervals from 9.6 days
(2016–18) to 5.4 days (January–June 2019), as shown in Fig. 4. Additionally, in the presence
of major flood events (e.g., Hurricane Harvey in 2017), the maximal revisiting frequency (1–2
days) might be implemented from the joint use of the Sentinel-1 constellation (S1A and S1B) if
activated by ESA.
Mapping the dynamics of the event. One distinguishing feature of the proposed flood mapping system is the capability of capturing flood extent dynamics. Figure 5 presents four flood
maps associated with a flood event near Sacramento, California occurred in February 2017. In
Fig. 5, the spatial distribution of both the PFZs and inundation shows a clearly temporal trend
of flood rising and recessing. Compared to the existing flood event dataset (Figs. 5a–d), the
PFZs generated from the triggering system provide more situational awareness information
about where the flood generally impacted and when comes the peak of the event. The high
spatial resolution, temporal continuity, and automatic detection/generation of the inundation maps (Figs. 5e–h) form the unique advantages of the proposed flood mapping chain in
near-real-time applications.
To further demonstrate the event formation and detection of inundation on major events,
we choose four events—the 2019 Midwestern flood, Hurricane Florence (2018), Hurricane
Harvey (2017), and Hurricane Matthew (2016)—as examples (Fig. 6). These events, each
caused over a billion dollars of disaster loss, according to NCEI (2020). The maximal PFZ
(the solid bold boundaries in Fig. 6) and the event duration for each are consistent with the
NOAA or USGS event reports (Stewart 2017; Stewart and Berg 2019; Blake and Zelinsky 2018;
NOAA 2019). It should be noted that, after a storm dissipates, inundation may remain for a
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Fig. 5. (a)–(d) Dynamics of the potential flood zone and (e)–(h) the detail inundating area associated to a flood event
happened between 18 Feb and 2 Mar 2017 at California. The solid green boundary is the event affected area according to
Global Active Archive of Large Flood Events database [DFO event ID: 4344, data source: Brakenridge et al. (2010)].

while, making the duration of the flood event longer than that of the triggering storm. For
visualization, the maximal inundated area is aggregated into 0.01° × 0.01° grids (Fig. 6). The
inundation fraction of a grid, an indicator of inundation severity, is defined as the inundated
area (excluding persistent water bodies) over the total grid area. Moreover, the majority of
high fraction locations are distributed along the river (Fig. 6a) and the coast (Figs. 6b–d),
which agrees with the high stream level (NOAA 2019) and records of storm surge during the
events (Stewart 2017; Stewart and Berg 2019; Blake and Zelinsky 2018), respectively. Such
detailed information with respect to the inundation severity, extent, and duration of major
flood events are not reported by existing databases.
Visual comparison with optical maps and hydraulic simulations. The visual comparison of
the RAPID open water extent with the DSWE product (water with high and moderate confidence) shows strong overall agreement, with some differences in the regions where vegetation
is concentrated (Fig. 7). For the area covered by woody plants (i.e., forest), the inundation on
the ground surface can greatly increase the double-bounce backscattering (Lang et al. 2008;
Shen et al. 2019a), featured as strong signals in a SAR image. In this environment, a pixel
would be detected as obstructed by RAPID (Shen et al. 2019b), while DSWE may still classify the pixel as water or wetland depending on the open water fraction (Feyisa et al. 2014;
Jones 2015), as shown in Fig. 7a. However, for a small river or stream across a forest, DSWE
AMERICAN METEOROLOGICAL SOCIETY

M AY| 2Downloaded
0 2 1 E1070
Unauthenticated
01/09/23 07:08 AM UTC

Fig. 6. Four events from the inundation archive at regional scale with locations and duration of the formed events:
the flood inundation fraction and the available SAR acquisition during the events of (a) Midwestern flood and
Hurricanes (b) Matthew, (c) Florence, and (d) Harvey. Hurricane best track and surge inundation estimation from
NOAA reports were added in (b)–(d) for comparison. Characters inside black circles represent 0000 UTC intensity of
hurricanes (D: tropical depression; S: tropical storm; 1–5: hurricane classification based on the Saffir–Simpson scale).

tends to misclassify it as partial surface water or even cloud shadow (see Fig. 7a). This might
be related to the light absorption effect by the forest canopy layer and the limitation of Landsat’s resolution (Huang et al. 2014; Jin et al. 2017; Jones 2019). In the area dominated by
herbaceous vegetation (as shown in Fig. 7b), on the other hand, our map reports a larger area
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Fig. 7. Inundation comparison between (left) proposed archive (RAPID) and (center) Dynamic Surface Water Extent
(DSWE), during the event of (a) Midwestern Great Flood on 18 Mar 2019 and (b) Hurricane Harvey caused flood on
31 Aug 2017, at the presence of (right) different type of vegetation [National Wetland Inventory (NWI), data source:
U.S. Fish and Wildlife Service (2020)]. In each panel, the extent of comparison was marked as the zoom in location in Fig. 6.

of open water since the surface backscattering property in those areas has higher chance to
be confused with water bodies due to the low surface roughness.
Besides DSWE, the 100-yr floodplain delineated by FEMA using high-quality local
hydraulic/hydrodynamic models (FEMA 2016), is selected to verify the proposed dataset
in the frequency domain. As shown in Figs. 8a–c, most detected flooding areas are within
the FEMA 100-yr floodplain because no floods were reported greater than 100 years
(Stewart 2017; Stewart and Berg 2019; NOAA 2019). However, in Fig. 8d, a significant
amount of floodwater is found outside of the 100-yr floodplain near the Huston region during
Hurricane Harvey, which agrees with the experienced flow that exceeds 100 years return
period (Blake and Zelinsky 2018).
Quantitatively assessment. To quantitatively evaluate the overall accuracy of the inundation archive, we compare the overlapping areas pixel by pixel using DSWE as the reference. Here, the “overlapping area” refers to the common pixels covered by both DSWE and
the proposed dataset on the same day. We exclude any pixels identified as cloud, cloud
shadow, shaded relief, missing pixels by the scanline corrector, and other types of error
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Fig. 8. Inundation map (blue and red layer) overlap with FEMA-derived flood zone (yellow layer)
at the local scale: (a) the Midwestern Great Flood on 14 Mar 2019, (b) Hurricane Matthew–caused
flood on 11 Oct 2016, (c) Hurricane Florence–caused flood on 14 Sep 2018, (d) Hurricane Harvey–
caused flood on 29 Aug 2017. In each panel, the extent of comparison or overlap was marked as
the zoom in location in Fig. 6.

recorded by the DSWE mask band in the “overlapping area.” We resample the DSWE pixel
to the resolution of Sentinel-1: 10 m × 10 m. Additionally, we also exclude pixels labeled
in DSWE as potential wetland or water (wetland) with low confidence (Zanter 2019) for
the comparison. Four error metrics are used in the assessment: overall agreement (OA),
user agreement (UA), producer agreement (PA), and critical success index (CSI):
OA =

TP + TN
,(1)
TP + FP + FN + TN

UA =
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where TP, TN, FP, and FN
stand for the true-positive,
true-negative, false-positive,
and false-negative results
from the confusion matrix
(Wing et al. 2017; Shen et
al. 2019b; Grimaldi et al.
2020), respectively, and positive (negative) represent
the wet (dry) pixels. Analyzing over 73 billion pixels,
the two datasets agree well
across all 559 overlapping
images, with the cumulative OA, UA, PA, and CSI, at
99.06%, 87.63%, 91.76%,
Fig. 9. Boxplot of overall, user, producer, and critical success index of 559
and 81.23%, respectively
images overlapping with Dynamic Surface Water Extent observed from
(Fig. 9). The high value of PA
January 2016 to June 2019.
indicates that over 90% of
the DSWE open water area is
captured by our archive. Meanwhile, represented by UA, only less than 15% of water pixels
are “false alarms.” An overall tendency toward more detection against DSWE is reported by
the higher PA compared to the UA, while the OA and CSI still confirm the consistency. Note
that the flood peaks are often coupled with cloudy weather, which are likely to be excluded
in this evaluation. However, since the purpose is to validate the quality of RAPID instead
of comparing the flood mapping capability of RAPID and DSWE, the result still sufficiently
serves the purpose.
To further explore the performance of our flood maps over various types of land covers, we
overlay the comparison pixels to the global land-cover classification dataset (Gong et al. 2019).
As shown in Table 1, the pixels of error, i.e., FP and FN, are mainly in vegetated areas (cropland, grassland, and forest). More than three quarters of FP pixels are located in the croplands
and grasslands while most FN pixels are reported in the forest area. Since RAPID only detects
nonobstructed (submerged) inundation while DSWE can detect partial water surfaces, the
forest area tends to have more FN. Since the roughness of grassland and cropland (before
sprout or after harvest) can be low enough to be confused with water surfaces, the FP tend to
occur there. Figure 10 provides the spatial distribution of the temporally averaged OA, UA,
Table 1. Percentage distribution of pixel classification results in regions with different types
of land cover vs DSWE.
Land-cover type

TP

Cropland

1.78%

Forest
Grassland

FP

FN

TN

51.44%

15.62%

22.07%

0.89%

6.69%

43.90%

43.42%

1.12%

26.83%

13.69%

31.58%

Shrubland

0.06%

0.28%

0.45%

0.40%

Wetland

1.19%

2.08%

6.71%

0.09%

Water

94.57%

8.17%

14.48%

0.03%

Impervious surface

0.32%

3.15%

4.85%

2.22%

Bare land

0.06%

1.36%

0.30%

0.19%

Snow/ice

0.00%

0.01%

0.00%

0.00%
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Fig. 10. Spatial distribution of measures of fit against Dynamic Surface Water Extent.

PA, and CSI (upscaled to 0.1° × 0.1° grids for visualization). Moreover, relative low agreements
could be found in the upper Missouri, lower Mississippi, southeast coastal, and New England
(Figs. 10b,d) regions with high wetland density (Cohen et al. 2016).
Flood inundation pattern in the CONUS. Figures 11a and 11b show the maximal inundation fraction and occurrence (the number of inundated days) computed from the proposed
archive at the national scale. For visualization, we upscaled the 10 m × 10 m binary result to
0.1° × 0.1°. The final inundation occurrence and fraction delineated from SAR images show
consistent spatial patterns to the PFZs, which is not limited by SAR overpasses (Fig. 3d), indicating that the dataset well captured the overall CONUS inundation pattern. Regions with
high fraction are concentrated in the midwestern and the riverine area of the lower Mississippi.
This finding agrees with a conclusion drawn from the long-term Landsat-based water occurrence dataset (Chouinard et al. 2015; Aires et al. 2018)—that is, transitory water areas are
dominated by high water occurrence, resulting in higher flood vulnerability. Additionally, our
archive shows that the areas along the Gulf Coast and the Atlantic Coast have higher inundation occurrences, most likely caused by the landfall of hurricanes. By comparing Fig. 11c to
Figs. 11a and 11b, we observe that areas with more severe inundation caused by hurricanes
generally report more flood insurance claims than regions flooded by the transitory water
bodies, which indicates that fewer householders tend to build properties in vulnerable flood
zones created by large inland rivers than in vulnerable flood zones along the coast. This finding
also agrees with Kousky and Michel-Kerjan (2017). Weak correlation between the inundation
severity and claim are found in coastal regions in North Carolina, Pennsylvania, and Southern
California, where light to moderate inundation fraction can sometimes overlap with high claim
AMERICAN METEOROLOGICAL SOCIETY

M AY| 2Downloaded
0 2 1 E1075
Unauthenticated
01/09/23 07:08 AM UTC

numbers. One possible explanation is
the relatively low SAR acquisition in
these areas, which only covers 45.72%
of the total 287,439 claims reported
from 2016 to 2019 (FEMA 2019). Direct
evaluation of property damage in the
building-level based on our archive is
not recommended, even for the event
with decent SAR coverage, since the
RAPID algorithm only works for nonobstructed inundation (Shen et al. 2019b).
Therefore, a user must utilize our dataset for inundation estimation in urban
areas with a certain degree of caution.
Summary
This article describes a newly generated
inundation archive of CONUS at 10 m
resolution from January 2016 to June
2019. This archive, based on the longterm SAR images, has more comprehensive temporal and spatial coverage
than currently available CONUS flood
inundation datasets. Another feature is
the association of the inundation extent
with the event information. The accuracy of the dataset has been thoroughly
validated against other products at the
national scale. The database will be
updated every 6 months to incorporate
the flood events and inundation maps
produced during the last half year.
Limitations and future developments.
Notwithstanding many advantages, the
archive is affected by limitations that
mostly due to the Sentinel-1 acquisition program and the backscattering
nature of SAR sensors, which are listed
as follows:
Fig. 11. (a) Area fraction of maximal inundation (exclude persistent water bodies) over 0.1° × 0.1° cells from January 2016 to June
2019; (b) total number of observed flooded days for each cell;
(c) number of flood insurance claims from National Flood Insurance Program (data source: FEMA 2019) during January 2016 to
June 2019. In (b), a day of a given cell is flooded if its inundation
fraction exceeds 1%.

1) The current revisiting frequency of
Sentinel-1 might not capture flood
events (such as flash floods) lasting
less than a few days.
2) Obstructed inundation, such as
wetlands and flooding surrounding tall buildings, is also excluded
from flood detection in the current version owing to remaining challenges in the retrieval
algorithm.
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3) Over desert areas, bare surfaces may be mistakenly classified as water using SAR images,
so we excluded those images from detection.
4) The accuracy of the archive has not been verified completely since the benchmark data
(DSWE) have their own error and uncertainty; this will be further addressed and validated
when other high-quality datasets become available to serve as the reference.
To capture small flood events and more flood dynamics, other sources of SAR satellites
than Sentinel-1 can be utilized, for instance, Advanced Land Observation Satellite (ALOS-2),
and NISAR (NASA 2019) upon their accessibility. All available data sources such as SWOT
and RADARSAT-2, even with lower revisiting frequency or spatial continuity than the satellites mentioned above, could still strengthen the depiction of extreme and long-duration
events (Frasson et al. 2019; Bolanos et al. 2016). We are also working on integrating highresolution (30 m) river centerline and width from other products such as the global river
width and discharge database (Frasson et al. 2019; Lin et al. 2020), and the Global ReachLevel A Priori Discharge Estimates for SWOT (Lin et al. 2019), to further increase the flood
detectability. Moreover, more efforts are needed in the change detection-based approaches,
to better distinguish the backscattering of vegetated area in dry and flooded conditions
(Tsyganskaya et al. 2018; Shen et al. 2019a; Grimaldi et al. 2020). To enable reliable urban
flood detection over CONUS, future studies might also integrate the big data of building
information (e.g., geometry, orientation, and even material of buildings) into building flood
signatures such as backscattering enhancement and the loss of coherence (Chini et al. 2019;
Li et al. 2019). A new algorithm to enable flood mapping over desert areas utilizing SAR
data is under development since flooding also happened there, though infrequently. For
example, the Somalian desert, flooded twice between 2018 and 2020 (UNITAR 2018,
2020), and New South Wales experienced a flood event after the 2019 wildfire. Finally,
we intend to extend the proposed archive to cover the globe, by incorporating the water
fraction products generated from passive microwave satellites data (Schroeder et al. 2014;
Du et al. 2018) or directly utilizing the real-time global flood events identified using the
social media data (Bruijn et al. 2019).
Applications and opportunities. We anticipate that the product will directly facilitate the calibration and validation of inundation modeling and monitoring and promote flood event characterization (Shen et al. 2017a), flood risk analysis (Shen et al. 2016, 2017b; Wing et al. 2017),
and damage assessment (Wing et al. 2020). We believe this dataset could further accelerate
the process of fusion research with optical sensor-based flood information to obtain a global
long-term high-resolution dataset of water extent, as suggested by Westerhoff et al. (2013) and
Aires et al. (2018). Furthermore, A potential application of the database can be the improvement of characterizing floodplain topography using the methods by Mason et al. (2016) or by
Shastry and Durand (2019). The database could also be a game changer for data-poor regions
without DEM of eligible resolution for flood inundation simulations.
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