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Abstract: Floods are often associated with hurricanes making landfall. When tropical cyclones/hurricanes

make landfall, they are usually accompanied by heavy rainfall and storm surges that inundate coastal

areas. The worst natural disaster in the United States, in terms of loss of life and property damage, was

caused by hurricane storm surges and their associated coastal flooding. To monitor coastal flooding in

the areas affected by hurricanes, we used data from sensors aboard the operational Polar-orbiting and

Geostationary Operational Environmental Satellites. This study aims to apply a downscaling model

to recent severe coastal flooding events caused by hurricanes. To demonstrate how high-resolution

3D flood mapping can be made from moderate-resolution operational satellite observations, the

downscaling model was applied to the catastrophic coastal flooding in Florida due to Hurricane Ian

and in New Orleans due to Hurricanes Ida and Laura. The floodwater fraction data derived from

the SNPP/NOAA-20 VIIRS (Visible Infrared Imaging Radiometer Suite) observations at the original

375 m resolution were input into the downscaling model to obtain 3D flooding information at 30 m

resolution, including flooding extent, water surface level and water depth. Compared to a 2D flood

extent map at the VIIRS’ original 375 m resolution, the downscaled 30 m floodwater depth maps,

even when shown as 2D images, can provide more details about floodwater distribution, while 3D

visualizations can demonstrate floodwater depth more clearly in relative to the terrain and provide a

more direct perception of the inundation situations caused by hurricanes. The use of 3D visualization

can help users clearly see floodwaters occurring over various types of terrain conditions, thus

identifying a hazardous flood from non-hazardous flood types. Furthermore, 3D maps displaying

floodwater depth may provide additional information for rescue efforts and damage assessments.

The downscaling model can help enhance the capabilities of moderate-to-coarse resolution sensors,

such as those used in operational weather satellites, flood detection and monitoring.

Keywords: coastal flooding; hurricane; VIIRS; 3D flood mapping

1. Introduction

Tropical cyclones/hurricanes are the most destructive natural disaster affecting the
highly populated East Coast and Gulf Coast of the United States. One of the major threats
associated with hurricanes is flooding due to heavy rainfall and storm surges. Storm surges
can inundate low-lying coastal areas, damage property and utilities, block evacuation roads
and drown people. As hurricane activity has shown an increasing trend in recent decades,
with more and more people moving to low-lying coastal areas, flood risks are increasingly
being associated with loss of life, property, infrastructure and utilities, as demonstrated by
Hurricanes Katrina and Rita in 2005 and Hurricane Harvey in 2017.

Flooding itself is the most frequent and devastating natural hazards all around the
world [1–10]. Satellite-based flood maps are proven to be very helpful in the accurate
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analysis and evaluation of flooding events [6–15]. Near real-time flood products, as rep-
resented by the floodwater fraction, have been derived from the VIIRS (Visible Infrared
Imaging Radiometer Suite) imagery [8–15]. The VIIRS imagery [16] has a wide swath
coverage of 3000 km and a relatively constant moderate spatial resolution of 375 m across
the scan. These advantages make VIIRS imagery very attractive for daily flood mapping
over large areas.

Currently, the VIIRS flood mapping system is based on a two-dimensional (2D) vi-
sualization to show the extent of flooding [17]; however, 2D flood maps cannot provide
water level information. Adding a third dimension, such as floodwater surface level and
depth, may represent the real world better, enabling users to realize the severity of flood-
ing by comparing the floodwater depth with the heights of familiar objects. Floodwater
depth can be measured by satellite altimetry data [18–20]. However, due to limitations
in the orbit/swath coverages of satellite altimeters, it is hard to measure the floodwater
levels of entirely inundated areas, especially when related to large-scale hurricane flooding.
Several approaches have been proposed to generate three-dimensional (3D) inundation
maps from remote sensing imagery, such as the pioneering work of Miller et al. in 1958 [21],
and the recent research and applications by Meesuk et al. in 2012 [22], Meesuk et al. in
2015 [23], Hashemi-Beni et al. in 2018 [24] and Gebrehiwot and Hashemi-Beni in 2020 [25]
and 2021 [26]. In these works, a Structure from Motion (SfM) approach was investigated
and used to construct 3D structures from a series of overlapping 2D images, and a Digital
Elevation Model (DEM) was utilized for 3D flood mapping. As indicated by Watts et al. in
2012 [27] and Remondino et al. in 2014 [28], the success of the SfM method is controlled
by: the resolution quality of the 2D images; the degree of the image overlap; the relative
motion of the camera regarding the scene; and the existence of sharp edges. Gebrehiwot
and Hashemi-Beni [25,26] summarized the challenges of using the SfM method for 3D flood
mapping as follows: (1) it may be affected by poor weather conditions, especially the strong
winds during flooding events; (2) the ground control points (GCPS) may not be available;
and (3) the tie-points for image calibration may not be sufficient due to the homogenous
water surface. Moreover, it needs to reclassify the noisy point clouds derived from the SfM
to determine the flooding extent; thus, it may be difficult to identify the flooded areas from
the SfM-based 3D map. With the rapid development of Geographic Information Systems
(GIS), some researchers have proposed to estimate the depth of floodwaters using remote-
sensing-based flood extent maps [29–35]. Schumann et al. [29] and Matgen et al. [30] used
a regression method to estimate floodwater depths from the flood extent and DEM data.
Huang et al. [31] combined satellite optical images with the DEM data to estimate flood-
water depth, based on the assumption that the flood surface was flat. The water surface
level was estimated by applying a kriging interpolation method. Cian et al. [32] proposed a
similar method to estimate floodwater depth by combining the flood extent, derived from
the Synthetic-Aperture Radar (SAR) imagery, with the DEM. Firstly, they made floodwater
classification maps in the same region at two different times or dates before and after the
flooding event; then, they obtained a flood map by comparing the two water classification
maps and then estimated floodwater height from the DEM by using a statistical analysis
of the terrain of the flooded areas. Recently, Manfreda et al. [33] proposed a geomorphic
flood index (GFI) based on the DEM to predict floodwater depth. The GFI is defined as
the logarithm of the ratio between the river depth, hr, and the difference in elevation, H,
between the location under examination and the elements of the river network closest to it:
GFI = ln(hr/H); then, water depth (WD) can be estimated as WD = hr − H. The GFI method
can provide indications about flood hazard exposure; moreover, it can offer a potential way
to estimate the maximum inundation depth. It is especially helpful for river flooding, in
large-scale analyses, and in regions where data are sparse. However, this method takes the
flow accumulation values for the entire river basin or sub-basin as the input for floodwater
depth prediction; therefore, the water depth results are only reliable for large areas in a
river basin or sub-basin, and makes this method inapplicable for small-scale river flooding
or floods over a land area not adjacent to a river.
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The accuracy of the floodwater depth estimation highly relies on the flood extent
map [34–36]. The flood extent map derived from the VIIRS imagery showed a high accu-
racy [8–15]. This study presents an application of a downscaling model for high-resolution
3D mapping of coastal flooding due to hurricanes and to derive 3D floodwater surface
levels and depths from 2D flooding water fraction maps derived from the VIIRS imagery.
Under certain topographic conditions, floodwater fractions can be used to estimate water
surface levels and floodwater depths. Floodwater depths at high resolution can be esti-
mated using moderate-resolution operational satellite JPSS series and GOES-R series using
a downscaling model.

2. Data and Methods

2.1. Data Used

The following datasets were used for 3D flood mapping:
Flood extent maps as represented by floodwater fractions derived from the VIIRS

imagery and GOES-R Advanced Baseline Imager (ABI) observations [17].
A series of ancillary datasets are collected and reprocessed, including:

• The DEM from the Shuttle Radar Topography Mission Version 3 (SRTM-3) and
the SRTM Water Body Dataset (SWBD) at 30-m resolution over continental U. S.
(CONUS) [37];

• The IGBP land cover data at 30 m resolution over the CONUS;
• The tree cover dataset at 30 m resolution [38];
• The National Hydrography Dataset (NHD) Plus V2.0 water sheds and river lines over

the CONUS [39];
• River gauge height data are used to validate the water surface levels and can be

obtained from the United States Geological Survey (USGS) (https://waterdata.usgs.
gov/nwis/uv?referred_module=sw) (accessed on 28 October 2022).

All these datasets play important roles in the downscaling process. More details about
the methodology can be found in Li et al. (2022) [40].

2.2. Methods

The development of the downscaling model will still be based on the inundation
mechanism expressed in Equation (1):

A =
∫ max_h

min_h

∫ N

1
wi(h) fi(h)didh (1)

where A is the satellite-retrieved water fraction or area in a pixel, including open water
areas, and the weighted contribution of the water area veiled by vegetation cover or urban
constructions; min_h is a pixel’s minimum surface elevation; max_h is a pixel’s maximum
inundated surface elevation; wi(h) is the weight of land type i at height h in a pixel at the
original resolution; and fi(h) is the total area of land type i at height h.

In Equation (1), min_h can be obtained from the SRTM-3/DEM, the weight matrix
of land types (wi(h)) can be empirically derived by combining the 30 m National Land
Cover Dataset (NLCD) and the National Tree Cover Dataset (NTCD) or the Global Landsat
Land Cover Dataset, and fi(h) can also be obtained from the DEM, land cover and tree
cover datasets. Therefore, max_h, which is the floodwater surface level of a pixel, can be
calculated using Equation (1). With the retrieved water surface levels, the floodwater depth
can be calculated simply by subtracting ground elevations from the water surface levels:

FWDi = max_h,− min_h, (2)

where max_h, is the height of the water surface level of pixel i; min_h is the earth’s surface
elevation before flooding and can be obtained from the pre-flood DEM; and FWD is the
floodwater depth. The elevation difference between the 3D water surface height (max_h)
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and its corresponding pixel i on the DEM (min_h) gives the floodwater depth for the pixel
i (FWDi).

Although the preliminary tests from this method have shown promising results [5,6,12],
there are still uncertainties that may cause significant errors, especially when there are few
flood pixels in a floodwater polygon. The original method only utilizes the information of
floodwater pixels, yet it ignores the non-flooded pixels. However, the non-flooded pixels
adjacent to the flooded pixels contain very important information which can be used to
improve the accuracy of the retrieved floodwater surface levels. In this study, based on the
conception of water flow, if a pixel adjacent to a floodwater pixel is not inundated, then
the retrieved water levels should be at a height that no water can flow from the current
pixel to adjacent non-flooded pixels through a buffer analysis. Based on this method, the
water surface level of each floodwater polygon can be corrected. Since this study focuses
on applications, more details about the methodology can be found in Li et al. (2022) [40].

3. Results

Figure 1 illustrates the downscaling process and the inputs and outputs for the down-
scaling model. Using VIIRS as an example, when the VIIRS floodwater fraction data at
the original 375 m resolution (Figure 1a) are combined with high-resolution DEM data
(Figure 1b) using the downscaling process, the floodwater surface level at VIIRS 375 m res-
olution (Figure 1c) and a high-resolution floodwater depth map (Figure 1d) can be derived.

Recently, Hurricane Ian made landfall in southwest Florida on 28 September, 2022 as a
strong, deadly and destructive Category 4 hurricane, causing widespread damage across
the southeast United States, especially in the states of Florida and South Carolina. Hurricane
Ian became the fifth-strongest hurricane on record to make landfall on continental United
States (CONUS). Ian resulted in catastrophic damages amounting to economic losses over
$50 billion, mostly from flooding caused by extremely heavy rainfall and storm surges
in parts of Southwest Florida, especially in the cities of Fort Myers Beach and Naples.
Hurricane Ian caused at least 147 deaths in total, including 136 in Florida [41].

The VIIRS flood map at the original 375 m resolution can provide a big picture of the
flooding situation in the whole Florida region (Figure 2). It shows that although Hurricane
Ian made landfall in southwest Florida, which did experience severe flooding, especially
around the Fort Myers area, flooding also occurred to a large extent in Southern Florida.
This is because the movement of the hurricane itself enhanced the wind speed and caused
the strongest winds and the highest storm surge along the right-hand side of the storm
track. Fortunately, although southern Florida, near the Everglades National Park, is a
marshland area and can easily become inundated in periods of rain, it is used as a park, so
the floodwaters there did not cause severe damages.

The downscaled or enhanced 30 m flood water depth map shown in Figure 3 (lower)
further confirms this flooding distribution in greater detail. The 3D floodwater depth
map in Figure 4 (upper) emphasizes southern Florida’s flooding situation, in particular.
Since the flooding in southern Florida did not cause severe damage, and the most severe
damage occurred near the Fort Myers area, we also generated a 3D flood map for southwest
Florida near the Fort Myers region, where severe flooding caused catastrophic damage.
From Figure 4, it is very interesting to compare the differences between the floodwaters in
southern Florida, near the Everglades National Park, and in southwest Florida, near Fort
Myers. We can see how the flooding in southern Florida occurred over the flat wetlands
and was a “non-hazard” type of flood, while the flooding in Southwest Florida occurred
in cities and over complex coastal terrains, especially in Fort Myers, Cape Coral, North
Port and near Port Charlotte. This is the type of real “hazard” flooding, which can cause
significant damage.

One year ago, Hurricane Ida made landfall near Port Fourchon in Louisiana on
29 August 2021, as a deadly and destructive Category 4 hurricane. Ida became the second-
most damaging hurricane in the Atlantic basin on record, only behind Hurricane Katrina,
and is tied for the strongest landfall hurricane in the state by maximum winds with
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Hurricane Laura a year prior. Hurricane Ida brought severe storm surges and caused
catastrophic flooding along the Gulf Coast and East Coast of the United States.

 

Figure 1. An example of VIIRS 3D flood products along the Ohio River Basin on 9 May, 2017: (a) VIIRS

375 m floodwater fraction map; (b) high-resolution DEM map; (c) VIIRS 375 m floodwater surface

level map; and (d) VIIRS 30 m floodwater depth map.

As shown in Figure 4, most areas seen by VIIRS at the original 375 m resolution on
31 August 2021 showed more moist marshland (top right) than floodwater. Severe flooding
can be found south and east of New Orleans and in the southeast of Louisiana.
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Figure 2. VIIRS flood map at the original 375 m resolution (upper) and the downscaled 30 m

floodwater depths (lower) in Florida due to Hurricane Ian on 30 September 2022.
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Figure 3. The 3D visualization of the VIIRS downscaled 30 m floodwater depths in southern Florida

(Upper) and southwest Florida (Lower) on 30 September 2022 by using the ArcGlobe.

From the VIIRS floodwater fraction and the high-resolution DEM data, with the
downscaling model, we can derive 3D floodwater information at high resolution. Figure 5
(upper) demonstrates the downscaled 30 m floodwater depth derived from the VIIRS
floodwater fraction data in the New Orleans region due to Hurricane Ida on 31 August
2021. In the downscaled VIIRS 30 m floodwater depth maps, the pixels in blue indicate
normal water bodies, and the floodwater depth is in meters and displayed in yellow, brown
and red, as represented in the scale bar. Detailed analysis with the enhanced 30 m flood
map showed that there appears to be continued flooding, potentially impacting some
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urban areas along the northern edge of Lake Pontchartrain (Figure 5). With the recent
advancement of ArcGIS, floodwater depth in a 3D view can be illustrated with ArcGlobe,
as shown in Figure 5 (lower). In this 3D map, to demonstrate the floodwater depth more
clearly, the clouds and shadows in Figure 5 (upper) are removed and the floodwater depths
are represented by a yellow–red color scale. As compared to the 2D flood map shown in
Figure 4, we can see that the high-resolution 3D map demonstrates floodwater depth more
clearly in the east and south of New Orleans. Hurricane Ida caused catastrophic flooding
with more than 10 m floodwater depths in some parts of southeast Louisiana.

 

Figure 4. VIIRS map of flooding caused by Hurricane Ida in the Louisiana region on 31 August 2021.

Two years ago, on August 27, 2020, Hurricane Laura made landfall at Cameron,
Louisiana as a deadly and destructive hurricane, causing nearly 10-foot-high storm surges
and severe flooding in the Cameron region. Figure 4 shows the 2D flood extent map as
presented by the floodwater fraction at 375 m resolution derived from the joint VIIRS and
ABI data recorded during the flooding event caused by Hurricane Laura in the West Gulf
region on 27 August, 2020.

Figure 6 shows the VIIRS flood extent map as represented by floodwater fraction at
the original 375 m resolution, while Figure 7 demonstrates the downscaled 30 m floodwater
depth derived from the downscalimg model in the West Gulf region due to Hurricane
Laura on 27 August, 2020. As compared to the flood map at the original 375 m resolution
(Figure 6), the enhanced resolution (30 m) map (Figure 7) provides more detailed flood
information. Floodwater depths in the 3D view are illustrated with ArcGlobe, as shown in
Figure 8. In comparison to the 2D visualization of the same area, it was found that the 3D
map can demonstrate floodwater depths in greater clarity relative to the underlying terrain
conditions. It is important to observe the direct perception of the potentially different
effects caused by the inundation due to Hurricane Laura in the West Gulf region. The 3D
map relating to floodwater depth may provide additional information for rescue efforts
and damage assessment.
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Figure 5. VIIRS downscaled 30 m floodwater depths in the New Orleans region due to Hurricane Ida

on 31 August 2021 (upper); the corresponding 3D view of the VIIRS downscaled 30 m floodwater

depth using the ArcGlobe (lower).
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Figure 6. Blended VIIRS and ABI mapping of the flooding caused by Hurricane Laura in the West

Gulf region on 27 August 2020.

Figure 7. VIIRS downscaled 30 m floodwater depths in the West Gulf region due to Hurricane Laura

on 27 August 2020.
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Figure 8. The 3D view of VIIRS downscaled 30 m floodwater depths in the West Gulf region du
Figure 8. The 3D view of VIIRS downscaled 30 m floodwater depths in the West Gulf region due to

Hurricane Laura on 29 August 2020.

4. Discussion

Operational satellites, such as the NOAA next-generation Joint Polar Satellite System
(JPSS) series and the GOES-R series geostationary satellites, have the advantages of frequent
revisits and wide spatial coverage which can provide a bigger picture of a flooding event
in a large area. However, operational satellites usually have a moderate-to-coarse spatial
resolution, which may not provide details of flood information in a local area. Moreover,
most current satellite-based flood products are based on the 2D flood extent, which cannot
provide water level information. Three-dimensional flood mapping, including floodwater
surface levels and depths, may represent the real world more accurately than 2D flood
extent maps, so users can directly perceive the severity of the flood by comparing floodwater
depths with objects familiar to them. The downscaling model demonstrated in this study
can be applied to enhance the spatial resolution of flood maps derived from the moderate-
to-course resolution sensors; in addition, it can be utilized to obtain detailed 3D flood maps,
which may provide additional information for rescue efforts and damage assessments.

The VIIRS flood mapping products at the original 375 m resolution are now produced
by the NOAA operational system. They include four products: a VIIRS global near real-
time gridded flood product in granules from Suomi-NPP and NOA-20 between 80◦S
and 80◦N; a VIIRS near-real-time gridded flood product in the U.S. National Weather
Service (NWS) domains from Suomi-NPP and NOA-20; a VIIRS global daily composited
flood product; and a VIIRS global five-day composited flood product covering global
land regions between 60◦S and 75◦N. Compared to previous studies, the downscaling
model demonstrated in this study can be used to automatically generate operational
products, which include a 375 m floodwater surface level product, a 30 m floodwater
extent product and a 30 m floodwater depth product. The VIIRS Downscaling software
has been tested with VIIRS data covering most of the major flood events in the CONUS
since 2016. The outputs have been compared with other high-resolution Landsat-8 and
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Sentinel-2 images, and ground river gauge observations; the results are reasonable and
promising. The experimental near-real-time downscaled VIIRS 30 m floodwater depth
product in the CONUS has been generating data since December 2020. The latest 10-day
products are available at https://floods.ssec.wisc.edu/?products=VIIRS-3Dflood (accessed
on 28 October 2022). In this automatic system, the downscaled VIIRS 30 m floodwater
depth is still displayed as 2D images. The 3D visualization, as demonstrated in this study,
is generated manually with ArcGlobe and thus cannot be produced automatically by our
operational system. The experiences recorded in many recent flooding events showed that
the enhanced VIIRS floodwater depth maps at 30 m resolution are extremely useful and
accurate in assisting flood monitoring and damage assessment. To apply the downscaling
model, floodwater fraction data are required as the input. In this study, the input to the
downscaling model is the floodwater fraction data derived from the VIIRS observations.
Since the VIIRS is an optical sensor, cloud contamination is still an issue. Geostationary
satellites, such as the GOES-R series, can provide observations at a 15-minute temporal
resolution, which means the GOES-R can capture frequent cloud-free views of floodwaters
and provides the possibility to aggregate clear sky observations. As shown in our previous
study [8], the frequent GOES-R/ABI observations can help solve some cloud contamination
problems in the VIIRS flood maps. Moreover, as shown in Li et al. (2022), concerning the
methodology [40], there are some limitations in the SRTM/DEM data over forest areas
where the SRTM/DEM may measure the elevation of treetops rather than the elevation
of ground under the trees. Future works will aim to use other DEM data to correct the
SRTM/DEM data over forest regions, and extend the 3D flood products to global coverage.

5. Conclusions

In this study, a downscaling model was applied to derive 3D flood maps for the severe
hurricane flooding in Florida due to Hurricane Ian and around the Louisiana area due
to Hurricanes Ida and Laura. When compared to the previously published methods and
algorithms for 3D flood mapping, the downscaling model demonstrated in this study can
be applied to generate floodwater depths for land floods as well as river flooding and for
small-scale as well as large-scale flooding. Moreover, the downscaling model can be run in
operational systems to automatically generate 3D flood products at high resolution (30 m
in this study), depending on the resolution of the DEM data used. As the input to the
downscaling model, the 2D floodwater fraction data are derived from the SNPP/NOAA-20
VIIRS observations. Operational weather satellites such as the SNPP/JPSS and GOES-
16 have the strengths of large area coverage and high temporal resolution but usually
have moderate-to-coarse spatial resolution. The downscaling model can improve the
spatial resolution of these operational satellites to a higher resolution and, furthermore, can
obtain 3D flood maps and provide additional information, thus enhancing the capability
of operational satellites in flood detection and monitoring. Here, we have taken a recent
catastrophic flooding case in Florida, due to Hurricane Ian, as an example, and we present
the VIIRS flood map at the original 375 m resolution, which shows a large flood extent in
southern Florida. The 2D image of the enhanced 30 m floodwater depth can provide greater
detail, but it shows much more flooding in southern Florida than in southwest Florida.
The 3D visualization maps can help clearly show the difference between the flooding
that occurred in southern Florida and southwest Florida. The large area of floodwaters
in southern Florida occurred on flat wetlands and did not cause damage, as the area is
used as a national park with a low population and few properties, making this a “non-
hazardous” type of flood. Conversely, the flood in southwest Florida occurred over a
complex coastal terrain and caused catastrophic damages to nearby cities, including Fort
Myers, and this is a real “hazardous” type of flood. Three-dimensional visualizations
of floodwater depths can help users see the terrain conditions the floodwaters occurred
over more clearly and thus help to identify hazardous floods from non-hazardous floods.
Although the 3D visualizations demonstrated in this study are generated manually with
ArcGlobe, the floodwater depths at high resolution, even when shown as 2D images, such
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as those displayed in our operational system, can still provide additional vertical water
information, so people can compare water depths to familiar objects and become aware
of the threats of deep floodwaters. The downscaled VIIRS 3D flood water depth maps at
30 m resolution were provided to FEMA continuously during flooding events for relief and
rescue efforts. The experimental near-real-time, downscaled VIIRS 30 m floodwater depth
product in the CONUS has been generated since December 2020 and is currently being
extended to global coverage.
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