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A B S T R A C T

Global Navigation Satellite System-Reflectometry (GNSS-R) is a remote sensing technique that uses scattered
navigation signals opportunistically for science applications. The Cyclone Global Navigation Satellite System
(CYGNSS) is the first science-driven GNSS-R satellite mission. Although the CYGNSS mission is motivated and
designed to better observe weather processes, the data are also useful for other applications, including surface
hydrology. This paper aims to demonstrate that CYGNSS has a capability for frequent, high-resolution ob-
servations of the wetland dynamics across a wide range of timescales in the tropics. Using matched estimates of
water depth from the Everglades Depth Estimation Network (EDEN), we develop methods for mapping in-
undation over the South Florida Everglades wetland region using CYGNSS data. CYGNSS enables inundation
mapping at rapid timescales throughout the diverse Everglades ecosystem, and the data could be complementary
to those of well-established observational platforms. The strengths of GNSS-R could be leveraged with the
strengths of other techniques to enable studies of wetlands dynamically at short timescales.

1. Introduction

1.1. Motivation

Wetlands are characterized by inundated or saturated land, either
permanently or intermittently, and support vegetation types that are
adapted to saturated conditions. Water stored in wetlands is an im-
portant component of the terrestrial water cycle as it not only affects
local hydrology and ecosystems, but also drives dynamic floodplain
evolution and plays a significant role in the emission of global atmo-
spheric methane (CH4) (IPCC, 2013). Wetlands also act as natural flood
mitigators, temporarily storing excess precipitation and runoff. Pre-
vious research and community working groups have highlighted the
need for better observations and understanding of surface water dis-
tribution and ecosystems globally because the current observations are
limited (e.g. Marburger and Bolten, 2004).

As the water cycle accelerates and intensifies in a changing climate
(Syed et al., 2010; Durack et al., 2012), impacts on wetlands and thus
CH4 emissions are expected. Terrestrial surface water maps, particu-
larly those with sufficient frequency to represent dynamic character-
istics of inundated areas, are critical for studies of global hydrology,
biology, and biogeochemical processes. Quantitative assessments that
are complementary to modern day numerical land-surface and

hydrology model development require characterization of wetland dy-
namics across a range of time and spatial scales: from days to years, and
down to sub-km scales (Papa et al., 2010).

However, hydrologic processes are relatively less understood at the
short temporal (hourly to daily) and small spatial (< 10 km) scales. For
example, it is currently impossible—using existing methods or publicly
available data products—to globally observe the evolution of soil
moisture and surface water on scales< 25 km and shorter than 3 days,
(e.g., McColl et al., 2017). Resolving surface hydrology on short time
scales with fine spatial resolution is required for fully quantifying the
global latent heat flux, for accurately capturing flood events, and for
high-resolution land surface model development. Changes in wetland
CH4 emissions are determined by regional wetland hydrology that can
be significantly impacted by changes in regional scale processes.

Moreover, the urgent need to monitor wetlands globally is empha-
sized by the rapid rate of wetland loss, and the Ramsar Convention
(2015) calls for a wetlands inventory and impact assessment. Detailed
knowledge of the extent and the change in the extent of wetlands is also
important to the community of practice: stakeholders, city planners,
decision makers, government agencies.
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1.2. Existing techniques

Existing remote-sensing methods for wetland mapping include an
array of different instruments systematically grouped into five cate-
gories: optical coarse resolution, optical fine resolution, optical/hy-
perspectral, passive microwave (radiometers) and active microwave
(e.g. synthetic aperture radar, scatterometers). Since the late 1990s,
numerous sensors have been launched and operated, from which da-
tasets have been used to generate wetland maps and observe their
changes. A number of global wetland products are available; Matthews
and Fung (1987), Global Lakes and Wetlands Database (Lehner and
Döll, 2004; Prigent et al., 2001), and SWAMPS (Schroeder et al., 2014).
However, these products have limitations in high biomass wetlands and
are more relevant for analysis on longer time scales (i.e. seasonal
scales). All are insufficient to address the science targets identified here
(Papa et al., 2010; IPCC, 2013). For example, terrestrial water surface
monthly global maps are produced by aggregating multisensor data,
yielding 0.25 deg. resolution products (GIEMS) from which down-
scaling is performed. GIEMS is applicable for analysis at the time and
spatial scales representative of the observations.

In the near future, observation-based studies of Earth's hydrosphere
will benefit from highly anticipated Earth science missions, but the
observations from these planned platforms have some limitations. One
example is the upcoming Surface Water and Ocean Topography (SWOT)
mission. Carrying a Ka-band radar, SWOT will be able to map rivers and
other terrestrial open water bodies at very high spatial resolution
(< 100m), but the repeat frequency of 22 days at low latitudes will not
be sufficient for observing the rapid change in tropical surface water
dynamics. Additionally, since SWOT can only sense inundated wet-
lands, SWOT will be unsuitable for monitoring wetlands that are
characterized by saturated soil, rather than inundation. SWOT will only
be able to detect a small fraction of total wetlands: inundated and open
inland water bodies. Wetlands with geophysically complex character-
istics are important to monitor, but current platforms are limited in
their ability to sample rapidly, and sense non-inundated wetlands,
through all vegetation types.

1.3. GNSS-R

Global Navigation Satellite Systems Reflectometry (GNSS-R) is a
remote sensing technique that can be viewed as a multistatic radar
where the transmitters are the existing navigation satellites, and the
receiving systems are application dependent (Zavorotny et al., 2014). A
typical receiving system, comprising a GNSS receiver and one or more
down-looking antennas, collects GNSS transmitted, Earth-surface scat-
tered signals in the (primarily) forward scattering direction from an
area around the specular reflection points. A reflection measurement is
created by cross correlating the transmitted signal along the propaga-
tion path with a reference signal (known as pseudorandom noise, or
PRN, GNSS code). This bistatic radar concept takes advantage of the
ever-increasing number of GNSS transmitting satellites, and given a
constellation of receivers, yields many non-repeat track, pseudo-ran-
domly distributed measurements with global coverage and rapid revisit
time.

A key strength of the GNSS-R technique is that the reflected bistatic
signal scatters primarily in the forward direction. Over inundated, non-
vegetated land, forward-scattered signals are stronger than the back-
scattered signal of monostatic radars researchers may be more familiar
with (e.g. synthetic aperture radars or scatterometers).

In the last few years, GNSS-R data have been analyzed over a
number of wetlands. The first set of GNSS-R observations from the
TechDemoSat-1 (TDS-1) satellite (Jales and Unwin, 2015) showed po-
tential for high sensitivity to surface water. Earlier studies have docu-
mented the ability of GNSS-R to reveal wetlands present in the Amazon
basin; large increases in the peak value of received power indicate areas
of vegetated wetlands or inland water bodies (Shah and Hajj, 2015;

Zuffada et al., 2016; Chew et al., 2016; Jensen et al., 2018). An analysis
of a variety of scenes—from the Ebro delta rice fields to the Mississippi
wetlands—is presented and complemented by modeling in Nghiem
et al. (2017). Remarkably, after TDS-1 data is corrected for known
parameters, Nghiem et al. (2017) show that the difference in peak re-
flected power between inundated and dry flat terrains is ~ 10 dB—even
when the wetlands are obstructed by thick vegetation. As TDS-1 is a
technology demonstration, for a long time the reflectometry data were
only available for 2 out of 8 days; the limited amount of data restricted
thorough statistical studies, but provided a stepping-stone for future
GNSS-R research.

1.4. Introduction to CYGNSS

The launch in December 2016 of Cyclone Global Navigation
Satellite System (CYGNSS), a NASA Earth science Venture-class mis-
sion, has recently made available many more spaceborne data for un-
derstanding the GNSS-R technique (Ruf et al., 2016, 2018). CYGNSS
consists of a constellation of eight small satellites distributed on a single
orbit plane in low Earth orbit (LEO). The objective of the CYGNSS
mission is to estimate near-surface wind speed in all precipitating
conditions. In particular, CYGNSS is optimized to capture short-term
weather processes, like the lifecycle of tropical cyclones. The mission's
orbit inclination is 35°, resulting in a latitudinal coverage of about±
39°, and enables the mission to target the region where most tropical
cyclones develop. Due to the nature of the opportunistic signals, an
exact revisit time is challenging to calculate (Bussy-Virat et al., 2019),
but the CYGNSS constellation is designed to frequently sample a storm's
wind field on hourly time scales.

Although the CYGNSS mission is motivated by the study of weather
phenomena over the ocean, observations over land are also routinely
collected and provided for scientific analysis. The L1A data product
(Gleason et al., 2018) can be used over land to infer properties of the
surface, including the presence of water. This paper aims to demon-
strate that CYGNSS has a capability for frequent, high-resolution ob-
servations of the wetland dynamics across a wide range of timescales in
the tropics. To demonstrate this capability we use ancillary data, de-
scribed in Section 2, to explore the relationship between ground-based
truth and CYGNSS data. As CYGNSS is just one GNSS-R mission, one
that was not designed or intended for remote sensing of the land sur-
face, the constellation cannot sample the surface fast enough to produce
spatially complete, high-resolution maps of the land surface every day.
However, the potential of GNSS-R data is illustrated in Section 3,
alongside the methodology description, with examples of CYGNSS data
aggregated over long timescales. Even so, results, described in Section
4, demonstrate that CYGNSS has the capability to capture changes in
inundation, using sparsely-sampled data over shorter time periods.
Considering all analysis documented here, Sections 5–6 summarize
comparisons made between CYGNSS and ancillary datasets, and offer
insights on the role GNSS-R could play in future missions.

2. Datasets

2.1. Ancillary data

Our study focuses on the Everglades—a natural region of tropical
wetlands in the southern portion of the U.S.A. state of Florida
(FL)—since there are a number of ancillary datasets available for
comparison. The complex hydrology in the region is controlled by a
number of factors: precipitation patterns, topography, surface geology,
proximity to the coast, and the surrounding development of South
Florida. Depending on the external and hydrologic forces at work, di-
verse sets of flora are sustained in the Everglades (Davis and Ogden,
1994). An example of the types of vegetation and land cover are illu-
strated in Fig. 1, using the basic classification system employed for the
GAP/LANDFIRE National Terrestrial Ecosystems 2011 dataset (Homer
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et al., 2015). Flora of the Everglades consists primarily of shrub and
herbaceous vegetation along with woodland and forest. Sitting on top
of a porous bed of limestone, highly variable seasonal precipitation and
the development of water control structures in conservation areas de-
termine inundation extent. A detailed description of the developed
structures that control the flow of water in the study area can be found
in Telis et al. (2015). Where the landscape consists of ridges and
sloughs, water will channel between ridges.

Although a complex landscape, the availability of ground truth
makes analysis within the Everglades more tractable than in other
wetland complexes. For example, the Everglades Depth Estimation
Network (EDEN) provides a daily map of water depth estimates (Telis
et al., 2015; Patino et al., 2018). Daily estimates of water depth are
crucial for determining the usefulness of CYGNSS data for resolving
inundation events at rapid timescales.

The spatial extent of EDEN is denoted by a black boundary polygon
in Fig. 1 and an orange boundary polygon in Fig. 2, and includes all or
parts of five water conservation areas, in addition to the Big Cypress
National Preserve, the Pennsuco Wetlands, and the Everglades National
Park. Water levels across the EDEN domain are computed by using the
EDEN surface-water model (Patino et al., 2018). The surface-water
model uses the daily median water level from 223 instrument stations
with a digital elevation model of the land surface to estimate water
depth. The EDEN water depth product provides estimates for each 400-
m by 400-m grid cell across the domain.

Another dataset used for comparison here is the Pekel surface water
product (Pekel et al., 2016). Derived from Landsat images (Wulder
et al., 2016), Pekel et al. document changes in surface water since 1984,
globally, with 30-m resolution. The Pekel products serve this study by
providing a probabilistic map of surface water coverage for comparison
with EDEN and CYGNSS-based analyses. An example of one Pekel
product is shown in Fig. 2: a map of surface water occurrence (%). The
surface water occurrence shown in Fig. 2 illuminates the hydrologic
diversity within S. FL, with both permanent water bodies and dynamic
wetland scenes within the Everglades complex.

2.2. CYGNSS data

Unlike the spatially consistent nature of the two ancillary products
described above, CYGNSS observes a region in series of pseudo-random
tracks, as shown in Fig. 2. Fig. 2 displays CYGNSS coverage over a
three-day timespan; each ellipse represents a single CYGNSS observa-
tion, approximated to have a 1×7 km elliptical footprint based upon
the area of the first Fresnel zone (Nghiem et al., 2017) and 1-second

averaging along-track. Signals reflected from wetlands are coherent,
and thus the active scattering area is defined by the Fresnel zones and
the spatial resolution is higher than the nominal 25-km ocean surface

Fig. 1. Land classification in South Florida, as reported in the GAP/LANDFIRE National Terrestrial Ecosystems dataset published in 2011 (Homer et al., 2015). The
black polygonal boundary denotes the Everglades Depth Estimation Network (EDEN) coverage area, the region of focus for this study.

Fig. 2. A comparison of spatial coverage for the ancillary datasets used in this
study, with a sample of CYGNSS coverage over 3 days. The map shows Pekel
surface water dataset (blue hues), for S. Florida, USA, with tracks of CYGNSS
data (collected from 04 to 06 June 2017) projected on top, and the area covered
by the Everglades Depth Estimation Network (EDEN) outlined in orange. The
CYGNSS footprint is approximated with a 1× 7 km elliptical area on the sur-
face, corresponding to incoherently summed measurements over 1 s. The
background color map illustrates the percent water occurrence provided from
the Pekel et al. (2016) surface water dataset. (For interpretation of the refer-
ences to color in this figure legend, the reader is referred to the web version of
this article.)
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wind speed product that the mission was designed to routinely provide.
The calculated revisit time of an area from CYGNSS depends on a trade-
off between spatial and temporal coverage (Bussy-Virat et al., 2019).
For a complete image of the surface, CYGNSS data must be composited
in time and space. While the measurement has a set resolution, for
analysis, CYGNSS data are typically assigned to a specific spatial area or
grid, to ensure a consistent spatial reference to compare to over time.
Analysis over short time scales is possible, at the cost of one of two
things: 1) a decrease in spatial resolution of the analysis reference grid,
or 2) if the highest resolution reference grid is required for the appli-
cation, a lack of complete spatial coverage. However, the CYGNSS
constellation's high temporal sampling of a region, although incomplete
spatially, can be leveraged for analysis of fast-paced events like
flooding.

For this study, we use CYGNSS data from April 2017 through June
2018 to ensure adequate seasonal variety, and enough data for separate
training and validation tasks. In addition to the corrections described
later in Eq. (5), CYGNSS data are subject to additional quality control.
Data using GPS block IIF are excluded from this study; there are large
uncertainties in calibration of these data (Wang et al., 2019). Ad-
ditionally, we exclude data flagged as having ‘large spacecraft attitude’
errors and/or black-body calibration data. (CYGNSS, 2018; Ruf et al.,
2016)

3. Methodology

3.1. CYGNSS data processing

With the support from the two sets of ancillary data described in
Section 2.1, this study explores the sensitivity of CYGNSS to surface
water. We then create CYGNSS-based inundation maps of the Ever-
glades.

Mapping surface water coverage with CYGNSS assumes that the
reflected signal is primarily coherent, as observed in early analysis of
waveform shape and high peak power values of delay-Doppler maps
(DDM) for reflections over wetlands (Nghiem et al., 2017); this is a
working assumption in the GNSS reflectometry community. Peak value
of coherent scattered power is defined as:

=

+− −

P P G
4π(R R )

G λ
4π

Γcoh
tx tx

tx sp sp rx
2

rx 2

(1)

where Ptx is the transmitted power, Gtx is the gain of the transmitting
antenna, Grx is the gain of the receiving antenna, λ is the wavelength of
the signal, Rtx−sp is the distance between the transmitter and the
specular reflection point, Rsp−rx is the distance between the receiver
and the specular reflection point, and Γ is the reflectivity of the surface.
In order to solve for Γ, we assume that Ptx and Gtx are relatively con-
stant over a short period, and remove the constant terms, obtaining:

∝

+− −

P G Γ
(R R )

coh
rx

tx sp sp rx
2 (2)

Unfortunately, the peak power of the DDM is also affected by other
variables like system noise levels and receiver instrument gain. We
attempt to mitigate these factors by introducing an additional correc-
tion to calculate the signal-to-noise ratio (SNR). SNR is the peak power
of the DDM normalized to a noise floor, which is defined as the mean
cross-correlation value N before the leading edge of the reflection in the
DDM:

= −SNR P N10log 10logdB
coh

10 10 (3)

and arrive at a function that describes the relationship between the
signal to noise ratio (in dB) and the reflectivity:

∝SNR 10 log 10Γ,dB (4)

As previously described by Chew et al. (2016, 2017a, 2017b), a

corrected SNR (in dB) is constructed from the CYGNSS level-1 SNR data
(SNRdB) as:

= − + +− −SNRc SNR G 20 log 10(R R )dB dB
rx

tx sp sp rx (5)

where GdB
rx is the gain of the receiving antenna (in dB). After inspection

of the data, we determined it is reasonable to assume incidence angle
effects are negligible for this application. Our observable, SNRc, is di-
rectly related to the surface reflectivity but it absorbs all the approx-
imations made above, and the fact that we do not know the pro-
portionality factor in Eq. (4). For this analysis, the proportionality
factor could include information related to surface properties that are
unrelated to surface water: e.g. roughness, vegetation type, and vege-
tation water content. With increasing surface roughness and vegetation
cover, we expect SNRc to decrease. With increasing vegetation water
content, we expect SNRc to increase. The quantification of these sources
of uncertainty remains the subject of future work. Fig. 3 shows the
CYGNSS data plotted in Fig. 2, but now with color according to the
processing described by Eq. (5). The magnitude of SNRc calculated
from Eq. (5) is referenced to a value set by the CYGNSS project, but the
absolute value is not important, only the relative changes matter. With
an increase in SNRc (represented by bluer hues in Fig. 3), we expect
wetter ground conditions. The highest values of SNRc plotted in Fig. 3
correspond to sites of highest surface water content. While the general
location of the Everglades complex starts to take shape with just a few
days of CYGNSS data, a composite of data over time gives a better sense
of where wet and dry regions are generally located.

Fig. 4 visualizes a composite of CYGNSS data collected between
April 2017 through March 2018. While the data were previously vi-
sualized as 1×7 km ellipses in Figs. 2–3, the data are assigned a grid
box in Fig. 4 according to where the specular point falls. Areas with
higher SNRc tend to have more instances of standing water over this

Fig. 3. Map of CYGNSS data (collected from 04 through 06 June 2017) pro-
jected as ellipses. The CYGNSS footprint is approximated with a 1× 7 km el-
liptical area on the surface, corresponding to incoherently summed measure-
ments over 1 s. Color represents the corrected SNR (SNRc; Eq. (5)) of the
CYGNSS observation.
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time frame. However, there are seasonal changes in the Everglades
water extent. For example, Fig. 5 highlights the difference in SNRc
between a wet and dry period; we have gridded the data for this shorter
time period at lower resolution, compared to Fig. 4, as there are fewer
data available. The transition between the dry and wet seasons is re-
sponsible for the large increase in SNRc from April/May to June/July.
The wet to dry season transition is evident in monthly precipitation
data recorded for select Florida cities; Table 1 presents precipitation
totals and departures from normal from April through July 2017.
(Florida Climate Center, 2017)

Total rainfall increased in each city during each month from April
through July, with notable positive departures recorded in Miami (lo-
cation labeled in Fig. 5) in June and July. The Everglades region is
dynamic, and the main objective of this study is to determine how to
capture the dynamics of inundation with CYGNSS data collected over
short time scales.

3.2. Threshold-based prediction of surface water

A number of studies have explored the relationship between
CYGNSS SNRc to surface water (e.g. Zuffada et al., 2017; Chew et al.,
2018; Lavalle et al., 2018). Initial attempts outlined in Zuffada et al.
(2017) and Lavalle et al. (2018) explored the correlation between
CYGNSS SNRc and the fraction of water in a CYGNSS footprint. More
recently, Chew et al. (2018) developed a technique that relates a
threshold change in SNRc to flood inundation extent. Here, similar to
Chew et al. (2018), we relate CYGNSS SNRc to a binary prediction of

surface water inundation.
In order to determine a suitable threshold, CYGNSS SNRc is com-

pared to water depth from EDEN from January 2018 through June
2018. For this analysis, we assumed water exists where the water depth
is reported to be greater than zero, and does not exist otherwise. The
EDEN water depth data are averaged to match the resolution of the
assumed CYGNSS footprint. Comparing the SNRc data in categories of
zero and above zero depth, we found that SNRc was generally lower for
cases where depth was reportedly zero, as expected. Fig. 6 shows the
cumulative distribution function (CDF) for data with water (depth
above zero) and data without water (depth equal to zero). While there
are overlaps between these two populations of data, half of the ‘dry’
SNRc data exists below 148 dB, while the large majority of ‘wet’ SNRc
values are> 148 dB. Based on this comparison, our threshold is defined
as 148 dB for this case study. If the reported CYGNSS SNRc value

Fig. 4. Median SNRc (dB) (Eq. (5)) composited from April 2017 through March
2018, on a 0.03× 0.03° grid over S. FL, USA. Fig. 5. Change in median CYGNSS SNRc from (April/May) to (June/July), over

S. FL, USA, on a 0.1×0.1° grid.

Table 1
Precipitation totals and departures from normal (inches) for selected cities in
Florida, from April through July 2017 (Florida Climate Center, 2017).

Station Total rainfall (inches) Departure from normal

April May June July April May June July

Orlando Trace 3.36 5.44 10.6 −2.68 −0.09 −2.14 3.33
Tampa 0.59 1.48 7.9 8.99 −1.44 −0.62 1.22 1.92
Miami 2.16 2.69 15.97 12.45 −0.98 −2.65 6.3 5.95
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is < 148 dB, we assume no-water is in the CYGNSS footprint. If CYGNSS
SNRc is above 148 dB, we assume some amount of surface water exists
in the CYGNSS footprint. Since the populations overlap, the threshold
method will perform poorly for instances where the reported SNRc is
above 148, but the EDEN dataset says that the footprint is dry. This
threshold methodology is a first step, to which additional complexity
can be added in future work.

The overlap between CYGNSS and EDEN datasets limits the general
applicability and robustness of the defined threshold method. Since
EDEN covers a region that is often inundated, we have more data with
an EDEN depth above zero, than not. Any thresholds defined here are
specific to our case study, and enable an experiment from which future
algorithm development can build on.

4. Results

To examine the usefulness of a threshold water mask, we look at
data excluded from the dataset used for training and visualization in
Fig. 6. First, we explore observations of an intense flooding event in S.
Florida in early June 2017. Prior to this event, the region was char-
acterized by dry conditions (see Table 1), and the Everglades water
depths were low. A rain event, primarily spanning 05–07 June 2017,
ended the dry season, and injected a large amount of water into the
Everglades and surrounding area.

Figs. 7–8 compare data on the day before and after the heavy rain
event. Fig. 7a shows the EDEN water depth map in color, with zero
depth masked in grey, and a boundary placed around the main areas of
above zero water depth. Fig. 7b shows CYGNSS SNRc tracks, for the
same day, and with the corresponding above-zero-water-depth-
boundary for reference across all subplots. Finally, Fig. 7c shows the
Pekel water occurrence map for further context. Fig. 8 shows similar
information, except for the day after the event. Prior to the event, water
depth values (Fig. 7a) are lower, and the corresponding CYGNSS SNRc
data alludes to drier conditions as well. After the event, water depth
values (Fig. 8a) increase substantially, as do the CYGNSS SNRc

observations.
We apply the threshold methods presented in Section 3.2 to obtain

the CYGNSS-based water masks shown in Figs. 9b–10b. Figs. 9a–10a
show the same EDEN water depth information as their parallels in
Figs. 7a–8a. Figs. 9b–10b show the mapping from a CYGNSS SNRc to a
prediction of surface water existence. While the water masks provided
by the Pekel water occurrence dataset (Figs. 7c–8c) contain probabil-
istic information, we create a water mask interpolated to the EDEN
grid, based upon occurrence> 1% for comparison, and this mask is
visualized in Fig. 9c–10c. We interpolate the Landsat data to the EDEN
grid by averaging the finer-scale Landsat water occurrence data at the
spatial reporting interval of the EDEN grid. The Pekel-derived water
mask does not contain temporal information available in the EDEN and
CYGNSS datasets, but provides complete coverage of the entire area.

Figs. 9 and 10 show the usefulness of the simple CYGNSS-based
water mask. In places where water depth is low, as they are before the
flooding event, the CYGNSS data predicts ‘no water’. After the rain
event, inundation—as reported by EDEN—increases in depth and ex-
tent, as does the CYGNSS water mask.

While we do not have ground truth outside of the EDEN coverage
area, using data collected from April 2017 through December 2017, we
can characterize overall performance statistics of the CYGNSS-based
inundation mapping presented here. For additional context, we com-
pare performance of the Landsat-based water mask (Figs. 9c–10c) to the
CYGNSS-based mask. Although each dataset has strengths and weak-
nesses, for this analysis we assume that EDEN is ground truth. Con-
sidering CYGNSS data over the EDEN coverage area, and the static
Landsat water mask, we calculated the contingency statistics outlined in
Table 2. Our objective is to predict inundation from both methods, and
then compare these predictions to the matched EDEN water depth data,
in order to determine regimes where one method outperforms another.

5. Discussion

The maps shown in Figs. 7–10 show an extreme case for which
additional temporal sampling information from CYGNSS could add
value in the analysis of surface water extent. However, CYGNSS data
coverage is less complete and consistent spatially as compared with
Pekel surface water maps. Looking at a larger set of data, we can
identify strengths and weaknesses of each method (Table 2).

We use the following statistics to describe each method's perfor-
mance. Probability of detection (POD) is defined as:

=

+

POD hits
hits misses (5)

Probability of false detection (POFD) is defined as:

=

+

POFD
false alarms

false alarms correct negatives (6)

False alarm ratio (FAR) is defined as:

=

+

FAR
false alarms

hits false alarms (7)

Bias score is defined as:

=
+

+

Bias Score
hits false alarms

hits misses (8)

Critical success index is defined as:

=

+ +

Critical Sucess Index hits
hits misses false alarms (9)

A more detailed discussion of these statistics is presented by Wilks
(2011).

The differences in performance between both methods are found to
be significant at the 99% level. A comparison of probability of detection
(POD) in Table 2 shows that CYGNSS detected water better, compared

Fig. 6. CDFs of corrected CYGNSS SNRc over the Everglades Depth Estimation
Network coverage area from January through June 2018. The blue line shows
the data population collocated with EDEN depth estimates above zero (surface
water assumed present). The red line shows the data population collocated with
EDEN depth estimates equal to zero (surface water assumed absent). Crossed
dashed lines show choice in CYGNSS threshold for determining a binary water/
no-water choice. For this region, corrected CYGNSS SNRc<148 dB is assumed
to be dry. (For interpretation of the references to color in this figure legend, the
reader is referred to the web version of this article.)
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with the simple> 1% water occurrence map we experimented with
here. Both have a similar false alarm ratio. The Landsat-based method
may have performed less well in terms of POD because it does not vary
in time for this experiment. Landsat-based mapping of surface water
could also be limited in scenes with dense vegetation, a known lim-
itation of working at optical wavelengths. CYGNSS has strengths in
penetrating vegetation because it uses the relatively longer 19 cm wa-
velength GPS signals. However, the limitations of GNSS-R in increas-
ingly dense vegetated scenes remain the subject of future work.

Additionally, CYGNSS has strengths in temporal sampling, which is
useful for predicting inundation in cases that may not match up with
the climatology represented in the Landsat-based map. The CYGNSS
mission's constellation of spacecraft enables studies on shorter time-
scales, as compared with existing spaceborne platforms like Landsat.

In contrast, Landsat-based methods made proportionally more cor-
rect negative predictions. Therefore, as compared with CYGNSS,
Landsat has a lower probability of false detection (POFD). CYGNSS
performs less well at correctly predicting dry cases—likely a

Fig. 7. An example of the scene before the record-setting rain event in S. FL—primarily taking place from 5 to 7 June 2017. (a) Water depth from EDEN on 04 June
2017, with a bold black boundary surrounding water depth data above zero. (b) CYGNSS SNRc (dB), with the same black boundary in (a) for comparison. (c) Pekel
surface water occurrence, with the same black boundary for comparison.

Fig. 8. An example of the scene after the record-setting rain event in S. FL—primarily taking place from 5 to 7 June 2017. (a) Water depth from EDEN on 08 June
2017, with a bold black boundary surrounding water depth data above zero. (b) CYGNSS SNRc (dB), with the same black boundary in (a) for comparison. (c) Pekel
surface water occurrence, with the same black boundary for comparison.
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Fig. 9. An example of the scene before the record-setting rain event in S. FL—primarily taking place from 5 to 7 June 2017. (a) Water depth from EDEN on 04 June
2017, with a bold black boundary surrounding water depth data above zero. (b) CYGNSS-derived water mask, with the same black boundary in (a) for comparison.
(c) Pekel surface water occurrence mask, assuming water exists where occurrence> 1%, with the same black boundary for comparison.

Fig. 10. An example of the scene after the record-setting rain event in S. FL—primarily taking place from 5 to 7 June 2017. (a) Water depth from EDEN on 08 June
2017, with a bold black boundary surrounding water depth data above zero. (b) CYGNSS-derived water mask, with the same black boundary in (a) for comparison.
(c) Pekel surface water occurrence mask, assuming water exists where occurrence> 1%, with the same black boundary for comparison.

Table 2
Number of hits, misses, correct negatives, false alarms, probability of detection (POD), probability of false detection (POFD), false alarm ratio (FAR), bias score, and
critical success index calculated for CYGNSS- and Landsat-based inundation prediction methods against EDEN from April through December 2017.

Hits (#×106) Misses (#×106) Correct negatives (#×106) False alarms (#×106) POD POFD FAR Bias score Critical success index

CYGNSS 2.2 0.2 0.8 0.4 0.91 0.83 0.15 1.06 0.78
Landsat 5.8 5.0 1.1 1.0 0.54 0.48 0.14 0.63 0.49
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consequence of a number of potential factors. For starters, our methods
may not be robust enough to perform well in all situations. Assumptions
made about the spatial extent for which CYGNSS is sensitive to surface
water may need further examination (Loria et al., 2018); water outside
the assumed CYGNSS footprint may be contaminating these results. The
methods developed here could also be unable to differentiate between
scenes containing saturated soil vs. inundation. With more analysis and
increased understanding of the CYGNSS data over land, we anticipate
improved performance in this category.

We emphasize that the purpose of this study is not to declare one
method superior, but to examine differences in performance. For ex-
ample, the bias score represents a ratio of (hits + false alarms) to (hits
+ misses). CYGNSS is more susceptible to false alarms, and Landsat is
more susceptible to misses. Another metric considered here is the cri-
tical success index, calculated as the ratio of hits to (hits + misses +
false alarms). Relative to the sum of hits, misses, and false alarms,
CYGNSS has relatively more hits for this experiment. Strengths and
weaknesses between techniques counter each other, and combining
information from CYGNSS and Landsat could be complementary.

6. Conclusions

This paper describes a preliminary CYGNSS-based method for
mapping inundation, which is tested on a relatively well-understood
and instrumented wetlands complex—the Everglades. We found that
CYGNSS data are useful for predicting inundation. Additionally, we
showed that CYGNSS, comprised of a constellation of spacecraft, is able
to capture dynamics of wetlands on rapid timescales. Although CYGNSS
is compared here to a Landsat-based surface water map (Pekel et al.,
2016), our intent is not to claim CYGNSS is more useful than Landsat
for this application. Rather, we note that the increased temporal sam-
pling from CYGNSS could complement well-established techniques that
are unable to capture dynamic wetland scenes. The GNSS-based tech-
niques are also less sensitive to vegetation and more sensitive to satu-
rated soils, and therefore are useful where other techniques are more
limited. The data from CYGNSS are complementary to existing ob-
servational platforms, and future work will explore methods for sy-
nergizing different data to balance strengths and weaknesses.
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