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Abstract: Hurricane Harvey made landfall as a Category-4 storm in the United States on 25 August
2017 in Texas, causing catastrophic flooding in the Houston metropolitan area and resulting in a
total economic loss estimated to be about $125 billion. To monitor flooding in the areas affected by
Harvey, we used data from sensors aboard the Suomi National Polar-Orbiting Partnership Satellite
(SNPP) and the new Geostationary Operational Environmental Satellite (GOES)-16. The GOES-16
Advanced Baseline Imager (ABI) observations are available every 5 min at 1-km spatial resolution
across the entire United States, allowing for the possibility of frequent cloud free views of the flooded
areas; while the higher resolution 375-m imagery available twice per day from the Visible Infrared
Imaging Radiometer Suite (VIIRS) aboard the SNPP satellite can observe more details of the flooded
regions. Combining the high spatial resolution from VIIRS with the frequent observations from
ABI offers an improved capability for flood monitoring. The flood maps derived from the SNPP
VIIRS and GOES-16 ABI observations were provided to the Federal Emergency Management Agency
(FEMA) continuously during Hurricane Harvey. According to FEMA’s estimate on 3 September 2017,
approximately 155,000 properties might have been affected by the floodwaters of Hurricane Harvey.
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1. Introduction

Hurricane Harvey was the first major storm to make landfall in the United States as a Category-4
hurricane (with wind speeds measured at 130 mph or 215 km/h) since Hurricane Charley hit Florida in
2004. Harvey made landfall on 25 August near the town of Rockport, Texas, and remained stationary
over southeast Texas, providing extreme rainfall in the greater Houston and southeast Texas area,
resulting in record-breaking rainfall totals in those areas. With a peak accumulation of 51.88 in
(1318 mm), Harvey is the wettest tropical cyclone on record in the contiguous United States, causing
catastrophic flooding. The resulting floods inundated hundreds of thousands of homes, displaced
more than 30,000 people, and prompted more than 17,000 rescues. As of this writing, Harvey caused
at least 107 confirmed deaths, and the total economic loss is estimated at $125 billion (2017 USD).

The accurate assessment of the spatial extent of such a large-scale flooding event is highly
important for relief and rescue efforts [1]. Because of the large spatial coverage and frequent revisit,
no data cost, and low risk to gain access to the observed area, satellite remote sensing is especially
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helpful for this task [2–4]. Under clear conditions during the daytime, flood maps can be derived
from optical sensors, such as a very high resolution radiometer (VHHR) and advanced very high
resolution radiometer (AVHRR) [3–7] on board the operational polar orbiting satellite, the National
Oceanic and Atmospheric Administration (NOAA) series, and the Moderate Resolution Imaging
Spectroradiometer (MODIS) [8–11] sensor, which was launched by the National Aeronautics and
Space Administration (NASA) in 1999 on board the Terra (EOS AM) satellite, and in 2002 on board
the Aqua (EOS PM) satellite, and Landsat series [12–17]. Operational satellites like the NOAA series
usually have a moderate spatial resolution. Compared with high spatial resolution sensors, such as
optical sensors like the Landsat and radar sensors, which usually offer a 6–16 day repeat cycle,
operational satellites usually have relatively high temporal resolution, of twice per day for polar
orbiting satellites and 5–30 min for operational geostationary satellites. As a flood is usually a short
term event, operational satellites with large area coverage and frequent revisit, either used alone or
in combination with other high spatial resolution sensors, or complemented by numerical model
simulations, have played significant roles in the detection and monitoring of large floods [18–21].
For example, Schumann et al. [18] demonstrated an application for the May–June 2015 Texas flood
disaster using only satellite observations. In that case, MODIS flood maps at a 250 m resolution
were composited with many images from other high resolution sensors like the Landsat 7/8 at 30 m
resolution and Sentinel-1 at various resolution, and so on.

MODIS is succeeded by the Visible Infrared Imaging Radiometer Suite (VIIRS) instrument on
board the Suomi National Polar-Orbiting Partnership (NPP) satellite and the future Joint Polar Satellite
System (JPSS) satellites. The Suomi NPP (SNPP) is a weather satellite operated by the NOAA. Launched
in 2011, SNPP serves as a bridge between the Polar Operational Environmental Satellites (POES)
satellites and the Joint Polar Satellite System (JPSS). The VIIRS imagery [22] has a moderate spatial
resolution of 375 m in the short-wave IR bands, a wide swath coverage of 3000 km, and a relatively
constant resolution across the scan. These new features make the VIIRS imagery very attractive for near
real-time flood detection. Under the support of the NOAA JPSS program office, near real-time flood
maps have been derived from the VIIRS [23–26]. The SNPP is thus able to provide a flood detection
capability to support the National Weather Services (NWS), the U.S. Army Corps of Engineering
(USACE), the Federal Emergency Management Agency (FEMA), the U.S. Geological Survey (USGS),
and local agencies. Similarly, the GOES-16, previously known as GOES-R before its launch, is an
American Geostationary Operational Environmental Satellite (GOES) system operated by NOAA. It is
the first of the next generation of geosynchronous environmental satellites, launched on 19 November
2016. The GOES-16 is also the nation’s most advanced geostationary weather satellite. The Advanced
Baseline Imager (ABI) on board the GOES-R series provides a significantly improved resolution over
the previous GOES 5-channel imager, having a 0.5 km spatial resolution in the visible bands and a
1–2 km spatial resolution in the infrared spectral bands and 5 min temporal resolution [27].

As the VIIRS is an optical sensor, it thus cannot penetrate thick clouds to detect the floodwaters.
While microwave sensors can observe the Earth’s surface through non-rainy clouds, but usually with a
coarse spatial resolution, for example, for passive microwave sensors, the spatial resolution is in the
range from 12 km to 50 km in channels suitable for flood mapping, which is too coarse to observe
the small-scale features [25,28]. Radar sensors, such as the Radarsat, synthetic aperture radar (SAR),
TerraSAR-X, Sentinel, and so on, can provide observations under cloudy conditions at a high spatial
resolution, and therefore play a very important role in flood mapping and disaster relief [29–36].
While these sensors usually have a narrow swath width and long revisit time, they are thus are most
likely with a limited area and time coverage, and may not provide continuous observations for floods.

As a flood is usually a short term event, the high temporal resolutions (5–30 min) make the
operational geostationary satellite very attractive in dynamic flood monitoring. However, the previous
GOES series lacked the near-infrared channel (e.g., 0.86 µm) needed for flood detection; GOES have
never been used for flood monitoring. The new near-infrared channel three of the ABI onboard the
GOES-16 makes it suitable for monitoring floods. Although GOES-16/ABI is also an optical sensor,



Remote Sens. 2018, 10, 1256 3 of 11

its high temporal resolution, available every 5 min, enables it capture some clear sky observations.
In this study, for the first time, the nation’s operational geostationary weather satellite, GOES, will be
used for the detection and monitoring of floods, and it is also the first time we will explore how to
utilize and combine the advantages of operational polar orbiting satellite and geostationary satellite to
overcome cloud contamination and improve flood monitoring.

2. Data and Methods

2.1. Data Used

2.1.1. SNPP/VIIRS Data

The SNPP/VIIRS near real-time data are obtained from the SNPP direct-broadcast network and
NOAA’s Comprehensive Large Array-Data Stewardship System (CLASS). The following datasets were
used for VIIRS flood mapping:

• SNPP/VIIRS sensor data record (SDR) data at Imager bands 1 (600–680 nm), 2 (850–880 nm),
3 (1610 nm), and 5 (1050–1240 nm) with a 375-m spatial resolution.

• Geolocation data, including longitude, latitude, solar zenith angles, solar azimuth angles, sensor
zenith angles, and sensor azimuth angles (GITCO).

• SNPP/VIIRS 750-m resolution cloud mask Intermediate Product (IICMO)
• M-band terrain-corrected geolocation data (GMTCO) are used to help determine cloud cover.
• Static ancillary datasets include the IGBP global land cover, global land/sea mask, digital elevation

model (DEM) from the Shuttle Radar Topography Mission, version 2 (SRTM-2), and Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER), MODIS 250-m global water
mask (MOD44 W) [37,38], as well as a water layer in the National Land Cover Database 2006 [39].

2.1.2. GOES-R/ABI Data

The GOES-16/ABI near the real-time data are obtained from the GOES-R Program Office, and the
NOAA/CLASS.

Furthermore, the GOES-16/ABI near the real-time data, the following ancillary datasets, were also
used for GOES-16/ABI flood mapping:

• ABI sensor zenith and sensor azimuth angles in full disk and CONUS (continental United Sates)
provided from GOES-R Program Office

• ABI 1-km water reference map resampled from 250-m MODIS global water mask (MOD44 W)
and 30-m National Land Cover Dataset (NLCD 2006)

• ABI 1-km land cover dataset from IGBP
• ABI 1-km land/sea mask
• ABI 1-km DEM dataset
• ABI sun glint look-up table
• ABI surface temperature climatic dataset composited from 10-year MODIS LST and SST datasets
• ABI albedo climatic dataset in visible channel from MODIS albedo datasets

2.2. Methods

2.2.1. VIIRS Flood Mapping

Flood mapping using SNPP/VIIRS imagery is mainly based on the spectral features in the
VIIRS visible, near infrared, and short-wave infrared channels. The developed VIIRS flood mapping
software is applied to process the VIIRS data and produce the VIIRS flood maps. A comprehensive
introduction to this software package can be found in the reference published in 2017 [26].
The key algorithms supporting the software package include a water detection algorithm based on
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decision-tree techniques to extract water surface from vegetation, bare land and snow/ice surface [8,9],
a geometry-based cloud-shadow removal algorithm to remove cloud shadows from VIIRS flood
maps [23], an object-based terrain-shadow removal algorithm to remove terrain shadows from VIIRS
flood maps [24], and a dynamic nearest neighboring searching method to retrieve water fractions [10].
The retrieved water fractions are then compared with a water reference map produced from a MODIS
global 250-m water mask (MOD44 W) and water layer in the 30-m National Land Cover Dataset in the
USA to determine flooding water. In the VIIRS flood maps, the floodwater extent is represented in the
floodwater fractions from 1% to 100%.

2.2.2. ABI Flood Mapping

Flood mapping using GOES-16/ABI imagery is actually very similar to VIIRS flood mapping,
which is also based on the spectral characteristics in ABI’s visible (ABI band2: 0.64 µm), near infrared
(ABI band3: 0.86 µm), and short-wave infrared (ABI band5: 1.6 µm) channels. The algorithms for
VIIRS flood mapping are adjusted to match with the calibration performance and spatial resolution of
ABI imagery. Then all of the adjusted algorithms are integrated into the ABI flood mapping software
to generate ABI flood maps at 1-km spatial resolution every 5 min in the CONUS of USA.

2.2.3. Merge the VIIRS and ABI Flood Mapping

The VIIRS flood maps have a 375-m spatial resolution and show more details than the ABI flood
maps. However, the polar-orbit VIIRS imagery can only be available once a day during daytime,
and thus may be easily affected by clouds and cloud shadows. The geostationary-orbit ABI flood maps
have a 1-km spatial resolution, but are available every 5 min in the CONUS of USA. The frequent
observations decrease the impact of the clouds and cloud shadows to a minimum and can derive the
maximal clear-sky coverage for flood mapping. Considering the advantages of VIIRS flood maps and
ABI flood maps, respectively, merging the two results produces new flood maps that can overcome the
shortcomings, while making use of the advantages from the two flood maps.

The merge process is done through a multiple data composition and the nearest neighboring
interpolation between the two maps at different spatial resolution. The composition process is applied
to derive the maximal flood extent and clear-sky coverage among all of the 5-min ABI flood maps.
For the floodwater pixels, the one with the maximal floodwater fractions is selected as the floodwater
fraction in the composited flood map. For non-floodwater pixels, the surface type (dry land, snow/ice
cover, and open normal water) under clear sky with the most frequency is selected as the type in the
composited flood map. For the pixels observed as cloud and shadow in all of the ABI flood maps,
they are assigned as cloud and shadow in the composited flood map. In this way, the composition
process filters out clouds and shadows to the minimum, and produce an ABI flood map with the
maximal clear-sky coverage.

The composited ABI flood map is then spatially matched with the VIIRS flood map through the
nearest neighboring interpolation process. All of the clear-sky pixels, including the floodwater pixels,
dryland pixels, open normal water pixels, and snow/ice pixels in the VIIRS flood map, are directly kept
in the merged flood map. For the cloud and shadow pixels in the VIIRS flood map, if the corresponding
pixels in the ABI composited flood map have any clear-sky types, then the clear-sky types in the ABI
food map are assigned in the merged flood map. In this way, the gaps caused by the clouds and
shadows are filled with the clear-sky info from the ABI detection results, and thus the merged flood
map derives the maximal clear-sky coverage from both VIIRS and ABI. Simultaneously, it also keeps
the VIIRS’s higher spatial resolution and more detailed clear-sky info.

3. Results

The developed software packages and the methods described above have been applied in the
2017 West Gulf flood caused by Hurricane Harvey, and the combination utilizing the VIIRS and ABI
flood maps has shown a substantial improvement on the capability of the optical sensors in flood
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mapping. Using the SNPP VIIRS and GOES-16 ABI, we find, with the afternoon pass at 19:20 UTC
on 29 August 2017, that VIIRS could only observe small portions of the Texas area (Figure 1A), and
lots of clouds obscured some of the floodwaters and the non-flooding information, while the high
temporal resolution of the GOES-16 ABI allowed for the aggregation of the clear sky observations,
thereby creating a composite flood map to detect more flooded areas in western Texas and Louisiana
(Figure 1B) than the VIIRS on the same day (Figure 1A). In all of these images, the clouds are shown
as light gray, the cloud shadow is shown as dark gray, the normal water is shown as blue, while the
flooding water fraction is shown in a continuing color bar from green to red in the range of 0–100%.
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Figure 1. Flood map from the Suomi National Polar-Orbiting Partnership Satellite (SNPP) Visible
Infrared Imaging Radiometer Suite (VIIRS) observations (A) and the new Geostationary Operational
Environmental Satellite (GOES)-16 Advanced Baseline Imager (ABI) maximum flood extent map
composited from 14:47 to 15:57 UTC (B) on 29 August 2017.

On 30 August 2017, the storm and the associated thick clouds finally moved away from the Texas
region and provided GOES-16 ABI with an unobstructed view of the severe flooding in the Houston



Remote Sens. 2018, 10, 1256 6 of 11

area (Figure 2A). Meanwhile, SNPP VIIRS also had a clear look with its afternoon pass at 19:00 UTC,
providing a higher spatial resolution view of the flooded regions (Figure 2B), compared to the GOES-16
ABI at 1 km resolution (Figure 2A).

The frequent updates of the GOES-16 ABI imagery make it easier to catch clear sky observations
during daylight hours. The SNPP VIIRS data have a better spatial resolution and may provide a more
accurate depiction of the flooding water fraction in the flood map, and thus a more useful guidance for
small-scale features within the flooded region. As shown in Figure 2, compared to the ABI flood map
at a 1-km spatial resolution, the VIIRS flood map at a 375-m resolution can show more details of the
flood extent.
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Therefore, the integration of the polar-orbiting and geostationary satellites is an ideal method for
improved flood monitoring. The composite GOES-16 ABI flood maps under all of the available clear
conditions can be used to fill the cloud gaps in the SNPP VIIRS observations, to produce a merged flood
map. These merged flood maps provide not only the most clear-sky coverage, but also maintain the
higher spatial resolution achieved through VIIRS. We apply this integrative process to obtain a flood
map every day from 30 August to 6 September 2017 during the Hurricane Harvey flood event in the
southeastern Texas area. The continuous observations on floodwaters from 31 August to 3 September
2017, shown in Figure 3, demonstrate a slow receding process of floodwaters in this region.
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Figure 3. Flood maps integrated from GOES-16 ABI and SNPP VIIRS observations on (A) 31 August,
(B) 1 September, (C) 2 September, and (D) 3 September 2017.

The remotely sensed flood maps obtained from VIIRS and ABI were implemented for damage
assessment by FEMA. The distribution map of the likely inundated structures (Figure 4) generated
by FEMA shows an example of how GOES-16 ABI and SNPP VIIRS flood maps can potentially
help decision-makers to locate the damaged structures likely within the inundated areas during the
Hurricane Harvey period for disaster mitigation and relief efforts. According to FEMA’s estimate,
155,000 properties might have been affected by the floodwaters of Harvey, and 3500 structures might
have experienced minor damage.
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4. Discussion

The operational polar-orbiting and geostationary satellite systems have the advantage of a
frequent revisit and wide spatial coverage. The SNPP is the precursor mission of the new generation
of the NOAA operational polar orbiting satellites, known as the Joint Polar Satellite System (JPSS).
The first satellite of the JPSS series was launched in November 2017, and the series will provide key
observations for weather forecasting and environmental intelligence into the late 2030’s. Together,
JPSS and GOES-R provide the United States and the global community with advanced capabilities for
weather forecasting and real-time situational awareness. The frequent observations (every 5 min) of
GOES-16 allowed for more frequent views, thus capturing more clear sky observations and observing
more floods than the polar orbiting satellite SNPP/JPSS, while the higher spatial resolution of SNPP
VIIRS (each pixel measures about 375 m × 375 m), compared to GOES-16 ABI (each pixel measures
1000 m × 1000 m), captured more details of the flooded regions. Therefore, the integration of the
polar-orbiting and geostationary satellites is an ideal method for improved flood monitoring.

The VIIRS and ABI flood maps can be used for damage assessment. Moreover, the VIIRS and
ABI flood maps frequently available over large areas can provide a big picture and can be used as a
guidance for FEMA to conduct a high water mask survey and request SAR data, which usually has
limited spatial and temporal coverage, but with high spatial resolution and the capability to penetrate
clouds to watch floods.

This work can be particularly helpful for researchers and scientists working on flood modeling.
For example, the National Water Center (NWC) has been using our VIIRS flood maps to evaluate
the National Water Model (NWM). The methodology used in the merging process can be applied
to enhance the spatial resolution of the flood maps derived from the moderate-to-coarse resolution
sensors, and to obtain detailed case studies for the application and validation of flood propagation
models. For example, it may be useful for extraordinary flood analysis, such as dam-break/dam-breach
flooding or other disasters linked to the flood evolution (e.g., [40–42]). The USACE used our enhanced
30-m resolution VIIRS flood maps to monitor dam-breach flooding.

5. Conclusions

In this study, for the first time, the nation’s operational geostationary weather satellite was used
for flood monitoring. Compared to the previous GOES series, the new near-infrared channel three
(0.86 µm) of the GOES-16 ABI makes it suitable for monitoring floods. The high temporal resolution
(5 min) makes the GOES-R series very attractive in dynamic flood monitoring, as a flood is usually a
short-term event. It has been found that the high temporal resolution of GOES-16 ABI has enabled it
capture frequent cloud free views of the flooding water and the possibility for aggregation of clear
sky observations, while the higher spatial resolution of SNPP/VIIRS at 375-m can observe more
details of the flooded regions. How to utilize the high temporal resolution of geostationary satellite
to overcome cloud contamination was explored. It is also the first time that we made attempts to
integrate the two operational weather satellites to make up each other’s shortcomings, while keeping
the advantages of each sensor. The results demonstrated that the frequent GOES-16/ABI observations
can help solve some cloud contamination problems in the VIIRS flood maps, and thus can provide
continuous observations and dynamic monitoring to floodwaters. It is found the integrated VIIRS and
ABI flood maps can achieve an improved capability for flood monitoring.

The flood maps derived from the SNPP VIIRS and GOES-16 ABI observations were provided to
FEMA continuously during the catastrophic flooding around the Texas and Louisiana areas, due to
Hurricane Harvey. According to FEMA’s estimate, approximately 155,000 properties might have been
affected by the floodwaters of Hurricane Harvey and about 3500 structures might have experienced
minor damages. We tried to make use of the high temporal resolution of GOES-16 to partially solve
the cloud contamination problem, although optical remote sensing still has limits and may not be
able to remove the clouds completely. However, operational satellites like SNPP/JPSS and GOES-16
have the advantage of large area coverage and frequent revisit. As floods caused more loss of life
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and property than any other type of severe weather events in the United States, the two operational
weather satellites with wide spatial coverage and high temporal resolution will continue playing a
critical role in the detection and monitoring of floods.
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