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Abstract: Since flood inundation hampers human life and the economy, flood inundation retrieval
with high temporal resolution and accuracy is essential for the projection of the environmental impact.
In this study, a novel cyclone global navigation satellite system (CYGNSS)-based index, named the
annual threshold flood inundation index (ATFII) for flood inundation retrieval, is proposed, and the
grades of flood inundation are quantified. First, the CYGNSS surface reflectivity with land surface
properties (i.e., vegetation and surface roughness) calibration is derived based on the zeroth-order
radiative transfer model. Then, an index named ATFII is proposed to achieve inundation retrieval,
and the inundation grades are classified. The results are validated with the Visible Infrared Imaging
Radiometer Suite (VIIRS) flood product and GPM precipitation data. The validation results between
ATFII and GPM precipitation indicate that the ATFII enables flood inundation retrieval at rapid
timescales and quantifies the inundation variation grades. Likewise, for monthly results, the R value
between the VIIRS flood product and ATFII varies from 0.51 to 0.64, with an acceptable significance
level (p < 0.05). The study makes contributions in two aspects: (1) it provides an index-based
method for mapping daily flood inundation on a large scale, with the advantages of fast speed and
convenience, and (2) it provides a new way to derive inundation grade variations, which can help in
studying the behavior of inundation in response to environmental impacts directly.

Keywords: CYGNSS; flood inundation; ATFII; VIIRS; index

1. Introduction

Floods are one of the most destructive and unpreventable natural disasters in
the world. They are characterized by a high frequency, width, and suddenness. The
occurrence of floods has a severe impact on human life and the economy. Flood impact
assessment is a multidisciplinary subject of high importance, related to meteorological,
hydrological, hydraulic, and environmental sciences and related technologies. In recent
years, the ecosystem has undergone large changes due to the frequent occurrence of flood
inundation [1–3]. Additionally, a nonmonotonic relationship exists between climate
change and flood extremes, and externally forced climate change has been proven to
be a causal driver of river flow [4,5]. Thus, the timely and accurate retrieval of flood
inundation and quantification of its extent over time can provide a scientific basis for
the projection of the climate impact.

Remote sensing, especially spaceborne remote sensing, can provide timely and cost-
effective data compared to field observation. Remote sensing collects flood events in a long
time series, and also indicates the flood inundation area and informs flood event spatial
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variability over a large scale. In addition, remote sensing data can provide a supportive
reference for reproducing extreme flood events [6–9]. Common remote sensing approaches
to map flood inundation states mainly rely on optical and microwave sensors [10–13]. Op-
tical remote sensing data (e.g., Moderate Resolution Imaging Spectroradiometer (MODIS)
and Landsat) have a high spatial resolution (tens or hundreds of meters). Still, they are
impacted greatly by clouds and mists, preventing their use in observing flooding events in
a timely manner. On the contrary, active microwave sensors, such as synthetic-aperture
radar (SAR) missions, generate high spatial resolution (~100 m) but low temporal reso-
lution (~7–14 days), limited in their ability to monitor flooding events with the required
spatiotemporal resolution. Passive microwave sensors provide all-sky capability, but gaps
exist in daily products and with coarse spatial distributions (tens of kilometers). This also
prevents observing flooding event process information in detail [14].

Global navigation satellite system reflectometry (GNSS-R) is a technique that receives
the reflected signals from the surface of the Earth. The GNSS-R acts as a bistatic radar
and operates at L band microwave signals [15,16]. The cyclone global navigation satellite
system (CYGNSS) mission, which is the first spaceborne GNSS-R mission with a constel-
lation of low Earth orbit receivers, was launched into space in December 2016 by NASA.
The CYGNSS contains eight microsatellites with a Global Positioning System (GPS)-R
payload, which can offer high spatial resolution with low revisit times in measuring global
ocean/land geophysical parameters [17]. Compared with passive microwave satellites
(i.e., Soil Moisture Active Passive (SMAP) and Soil Moisture and Ocean Salinity (SMOS)),
the CYGNSS can provide more frequent sampling with revisiting times of approximately
2.8–7 h per day. The spatial resolution of the CYGNSS can be defined by the first Fresnel
zone along the orbit, which was ~6 × 0.5 km until July 2019 and ~3 × 0.5 km after July 2019,
depending on whether the signal integration time was 1 s or 0.5 s, respectively [15,18].

The CYGNSS was designed to measure ocean winds in the tropics. Oceanography-
related CYGNSS studies mainly concentrate on characterizing wind speed, sea ice, ocean
altimetry, and sea surface salinity [19–23]. At present, signals from the CYGNSS are also
proved sensitive to land surface properties, such as soil moisture, soil freeze/thaw, flood
inundation, wetland extent, and waterbody [2,15,24–30]. Research on flood inundation
mapping from CYGNSS data has recently been a popular topic. Chew et al. (2018) made
the first attempt to map flood inundation during the 2017 Atlantic hurricane season using
CYGNSS data [2]. In 2020, they proposed a forward model describing how the CYGNSS sur-
face reflectivity (SR) changes due to flooding for different land surface types [27]. Wan et al.
(2019) proposed a threshold method to monitor flood inundation during typhoons and
extreme precipitation events using CYGNSS data [26]. Zhang et al. (2021) used the different
sensitivities of the CYGNSS SR on different ground features to obtain the range of flooding
in Henan Province, China, during one extreme precipitation event [29]. These results can
investigate the feasibility of using CYGNSS signals to obtain flood inundation information,
but they are difficult to apply to the realized systematic quantification of inundation and in
analyzing its variation characteristics.

This study aims to realize daily flood inundation dynamic retrieval with CYGNSS
measurements at rapid timescales. Unlike the aforementioned studies in the context of
the CYGNSS, this study proposes an index named the annual threshold flood inundation
index (ATFII) to detect the flood inundation state and quantify inundation variations from
multiple inundated grades. The index model is constructed according to the relationship
between the CYGNSS SR and annual inundation states at the spatial and temporal scales,
and the index is applied to characterize the inundation grades. The results are compared
with Visible Infrared Imaging Radiometer Suite (VIIRS) flood data and Global Precipitation
Measurement (GPM) precipitation data. The influence of land types, the feasibility of
using the CYGNSS to detect sub-daily flood inundation processes, and the advantages and
limitations of this index are also discussed.
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2. Data
2.1. CYGNSS

The application area of the CYGNSS is quasi-global, i.e., from 38◦N to 38◦S. The
CYGNSS mission is a constellation of eight LEO observatories and receives the direct GPS
L1-C/A signal and the Earth’s surface scattering signals using the Delay Doppler Mapping
(DDM) instrument. The Earth’s surface scattering signals are then filtered through a time
delay and Doppler shift to form a DDM. In other words, the DDM is a diffuse surface
scattering map near the specular point (SP). The CYGNSS Level 0 data product is then
generated using a coherent integration interval of 1 ms and an incoherent average of
1000 ms [16,31]. Level 1 calibration then converts the raw DDMs of Level 0 into DDMs of
received power in watts. This work focuses on the CYGNSS Level 1 version 3.0 product,
which can be downloaded via https://podaac.jpl.nasa.gov/, accessed on 1 September 2022.

Two years (January 2020–December 2021) of CYGNSS data are used in this study. The
data in 2020 and 2021 were used for estimation and validation, respectively. The CYGNSS
data were filtered with an antenna gain greater than 0 dB and quality flags. The quality
flags included multi variables, such as “S band transmitter powered up”, “spacecraft
attitude error”, “blackbody DDM”, and “low confidence in the GPS EIRP”. These steps
are frequently used criteria in current CYGNSS research to filter out low quality data in
land-related studies [15,32]. The CYGNSS data were then gridded to a 9 km Equal-Area
Scalable Earth (EASE) Grid 2.0 cell.

2.2. VIIRS

The Visible Infrared Imaging Radiometer Suite (VIIRS) sensor is onboard the Suomi
National Polar-orbiting Partnership (S-NPP) satellite, and it succeeds the MODIS for flood
mapping. Compared to the MODIS, the VIIRS has a better spatial resolution (500 m vs.
375 m). The VIIRS operates in shortwave IR bands. The swath width of VIIRS imagery is
300 km, which can provide more spatially complete and daily continuous flood mapping
data. The VIIRS daily composited floodwater product with a spatial resolution of 375 m is
a near real-time product derived from daytime VIIRS imagery. The floodwater fractions in
the VIIRS flood maps indicate the open water areas in each pixel. Moreover, the flood maps
generated by the VIIRS flood mapping system are widely used, i.e., FEMA in the USA [33].
In this study, VIIRS floodwater fraction data was used as the reference, to compare with
the retrieval inundation results.

2.3. SMAP

The SMAP mission provides global variables (e.g., soil moisture, brightness (TB),
temperature, and freeze/thaw) on 3, 9, and 36 km EASE grids. It incorporates a radar and
radiometer, both operating at the L band at the incidence angle of approximately 40◦. The
revisit time of SMAP is 2–3 days [3,15,23]. To calibrate the effects of land surface properties
(i.e., vegetation and surface roughness), we used the 2020–2021 Level 3 SMAP TB 9 km
gridded data from the radiometer as auxiliary data. In addition, SMAP SM data were used
to verify the final results.

2.4. GPM

In addition, to evaluate the temporal dynamics of CYGNSS-derived inundation, daily
precipitation data obtained from NASA’s GPM IMERG were used. Specifically, precipitation
data from the late version (version 6) were used. This dataset was derived from the
half-hourly GPM_3IMERGHH, and the derived result represents a late estimate of the
daily accumulated precipitation. The GPM precipitation data had a spatial resolution of
0.1◦ × 0.1◦ [34]. Simple averaging was used to resample GPM precipitation observations
to a 9 km grid to match up with the CYGNSS data.

https://podaac.jpl.nasa.gov/
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3. Methods

The technical processing diagram of this study is shown in Figure 1. The method
mainly consists of two parts. The first step is to obtain CYGNSS SR with land surface phys-
ical property (i.e., vegetation and surface roughness) calibration, hereafter named SRcali,
based on the approach described by [25]. The next step is to build the ATFII index retrieval
model based on the relationship between the time series of the CYGNSS SRcali and annual
reference inundation states. Moreover, the inundation grades are classified according to
the combined results of the ATFII and VIIRS flood data. The retrieval inundation results
are analyzed in temporal dynamics and spatial distributions.
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3.1. SR Estimation with Vegetation and Surface Roughness Effect Calibrations

CYGNSS measurement is highly sensitive to water due to its high electric permittivity.
However, the footprint of the CYGNSS is always a mixture of multiple elements, such
as water, soil, and vegetation. The land surface properties (i.e., vegetation and surface
roughness) would reduce the sensitivity of the L band to surface water. Figure 2 shows
the absolute error simulations with varying vegetation optical depths (VODs) and surface
roughness represented by h parameters. The maximum value of VOD is set to 1, considering
the effectiveness of the L band in sensing vegetation, and the maximum value of the h
parameter (surface roughness) is set to 1.6. The absolute value of the error varies from
0 to 21.60 dB. It keeps increasing with increases in the VOD and h parameter. Therefore,
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it is vital to eliminate the effects of vegetation and surface roughness during the flood
inundation process.
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We previously proposed a physics-based algorithm using SMAP TB to calibrate the
attenuation of vegetation and surface roughness on the CYGNSS-derived SR [35]. The
algorithm is based on the radiative transfer model to derive a combined parameter of the
VOD (τ) and the surface roughness parameter (h), as (−2τsecθ − hcosθ2). The steps of the
algorithm are summarized here.

Based on the bistatic radar equation, the SR considering the vegetation and surface
roughness effects, hereafter named SRcali, can be expressed as follows:

SRcali =
(4π)2(Rts + Rsr)

2Pr

λ2PtGtGr(exp(−2τsecθ − hcos2θ))
(1)

where Pr is the peak value of the analog delay waveform minus the DDM noise floor, Rts is
the distance from the transmitter to the SP, Rsr is the distance from the receiver to the SP, Pt
is the peak power of the transmitted GPS signals, θ is the incident angle, Gt and Gr are the
gains of the transmitter antenna and receiver antenna, respectively, τ is the VOD, and h is
the surface roughness parameter [15].

Based on the radiative transfer model, the combined parameters of τ and h can be
derived as follows:

exp
(
−2τsecθ − hcos2θ

)
=

TBV − TBH
TBV RH_sm − TBH RV_sm

(2)
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where TBV and TBH are the H and V polarization SMAP TB, respectively, RH_sm and RV_sm
are the effective reflectivity on the smooth dielectric boundary at H and V polarization,
respectively, which are only related to the soil dielectric properties and the incidence angle,
and can be estimated using Fresnel equations [36,37]. The incidence angle of the CYGNSS
differs from the SMAP (i.e., 5–35◦ vs. 40◦), thus leading to errors when substituting
Equation (2) in Equation (1). The first-order Taylor expansion is then used to reduce the
uncertainty from the incidence angle. For the details of the algorithm, please refer to [35].

3.2. Retrieval Algorithm

Carreno-Luengo et al., (2021) proposed a seasonal-threshold algorithm (STA) to detect
the freeze/thaw state from CYGNSS data [14]. Here, an algorithm similar to the STA is
proposed. The proposed flood inundation retrieval algorithm is based on the prevalence
that the CYGNSS reflectivity is positively correlated with the wetting intensity of the land
and a wetter surface will produce a stronger reflectivity [29]. It follows that different
inundation levels can be distinguished using the SRcali. The relationship between the
inundation state and SRcali can be represented by an index, where the high and low edges
of inundation value represent the upper and bottom boundaries of the SRcali, respectively.
Based on analyzing the variation in the time series of the CYGNSS SRcali and the relationship
between the CYGNSS SRcali and annual inundation states, we propose a new inundation
detection index, namely the annual threshold flood inundation index (ATFII). For the SRcali
derived at time t, the annual scale ATFII is defined as follows:

ATFII =
SRcali_t − SRcali_min

SRcali_max − SRcali_min
(3)

where SRcali_t is the SRcali derived at time t, and SRcali_min and SRcali_max are the maximum
and minimum values of the SRcali in one year, respectively. The ATFII index formula
follows the structure and scaling of the normalized SRcali.

For each CYGNSS point during the observation period, for each grid cell (9 × 9 km),
grids with less than thirty observations are not used for calibration. The 5% largest numbers
of one entire year are selected and the average value is calculated as the SRmax value, and
vice versa for the SRmin value. The ATFII for each CYGNSS point is calculated from the
number of points in the calibration period. This index can make full use of variations in
the CYGNSS SRcali and has the advantages of fast speed and convenience, which make it
suitable for rapid inundation mapping.

Figure 3(a1,a2) are the average values of the maximum and minimum CYGNSS SRcali
during the seven-day average in 2021 in the southeast of China. Significant changes can
be seen between the values of the maximum SRcali (Figure 3(a1)) and minimum SRcali
(Figure 3(a2)). This variability is notably due to several extreme precipitations in 2021.
Conversely, both reference values’ standard deviation (SD) remains relatively stable, with
the value over 60% of the areas below ~2 dB. The stable SD values contribute to the
stability of the algorithm. After the ATFII retrieval, the next step is to discriminate the
inundation state. Here, the floodwater fraction in the VIIRS is used as the benchmark, and
the inundation data are derived from there. The VIIRS floodwater fraction is the percentage
of open water in the VIIRS pixel, which represents the ratio of flooded land in the pixel.
Here, the CYGNSS point is matched up with the VIIRS floodwater fraction data. As a
result, the matched CYGNSS point has two values, i.e., the ATFII and floodwater fraction.
The core concept of the classification is using the VIIRS floodwater fraction to identify
the final threshold of the ATFII of different inundation grades. Considering the weight of
the floodwater fraction, we divided the inundation grade into five categories. The grades
are classified as “non-inundation”, “mild-inundation”, “moderate-inundation”, “severe-
inundation”, and “inundated grid”, for the floodwater fractions of 0, 0–20%, 20–50%,
50–80%, and >80%, respectively.
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4. Results
4.1. Comparisons between the CYGNSS SR, SMAP SM, and GPM Precipitations

An evaluation of the sensitivity of the CYGNSS SRcali spatial pattern comparisons
of the CYGNSS SRcali, SMAP SM, and GPM precipitation on two different days, i.e.,
17 July 2021 and 21 July 2021, in southeast China, is shown in Figure 4. The two days were
chosen because extreme precipitation happened from 19 July 2021 to 22 July 2021. To show
the continuous SRcali maps over southeast China, the CYGNSS SRcali and SMAP SM in
Figure 4 are gridded to 36 km, which is not the optimal spatial resolution of this study.

Generally, the CYGNSS SRcali indicates good agreement with the SMAP SM. On
17 July 2021, the northern region of southeast China shows a lower SRcali value. However,
on 21 July 2021, the value of the SRcali in the northern region tends to be significantly higher.
In addition, the SRcali in the central area shows slight variation. This is consistent with the
variations in the SMAP SM and GPM precipitation. The differences in the CYGNSS SR
(Figure 4(c3)) are positive over the northeast, while negative over the middle of the region.
The CYGNSS SRcali delta performs approximately the same as the differences in the GPM
precipitation and SMAP SM shown in Figure 4(a3,b3), respectively.

4.2. VIIRS-ATFII Correlation in the Spatial and Temporal Distribution

Figure 5 shows the density plots of the CYGNSS ATFII with VIIRS floodwater frac-
tion, and all correlation results are statistically significant with a significance level of 0.05
(p-value < 0.05). The color represents the point density. The data from one month of each
season in 2021 were chosen to display the results. For each VIIRS pixel during the entire
observation period, the CYGNSS observations located less than 187.5 from this pixel center
were selected. To test the linearity of the CYGNSS-derived ATFII and VIIRS floodwa-
ter fraction correlation, the correlation coefficient (R) was used. However, it should be
noted that a significant mismatch of the spatial scale exists between the VIIRS grid and
the CYGNSS points (375 m vs. 3 × 0.5 km). Since data with different spatial resolutions
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represent different feature characteristics, the differences in spatial resolution may result in
biased data, leading to a dispersion between the VIIRS and the CYGNSS points.
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To make a comprehensive assessment of the ATFII index and determine the values of
different inundation grades, one-year CYGNSS ATFII data collected in 2020 were matched
up with the ongoing VIIRS flood 375 m pixels. After matching them up with the VIIRS
data, only high quality points were retained after filtering out low quality points with a
95% standard deviation. The ranges of the ATFII values for different inundation grades are
shown in Table 1.

Table 1. Ranges of ATFII values for different inundation grades.

Non-
Inundation

Mild-
Inundation

Moderate-
Inundation

Severe-
Inundation

Inundated
Area

ATFII value 0–0.33 0.33–0.47 0.47–0.68 0.68–0.86 >0.86

Figure 6 shows the R values in southeast China for each month from January to
December 2021. The average numbers of different inundation grades are also summarized.
The mean percentages of the non-inundation grid statistics by the ATFII and VIIRS are
95.32% and 98.85%, respectively. To display the inundation grades in the range that
intuitively makes sense, we do not show the numbers of non-inundation in Figure 6. The R
value between the VIIRS flood product and ATFII varies from 0.51 to 0.64. It is particularly
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noteworthy that, the R value shows a descending trend in the dry seasons, e.g., from
January to May, similar to the result in Figure 5. As illustrated in Figure 6, the sample
numbers vary from month to month and the proportion of the mild inundation grade is
relatively low, with a ratio varying from 2.06% to 6.21%.
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Figure 6. R values of the VIIRS floodwater fraction and CYGNSS-derived ATFII in 2021 in southeast
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Figure 7 shows the monthly probability density functions (PDFs) of the CYGNSS-
derived ATFII and VIIRS from January to December 2021. Here, the grades of the VIIRS
floodwater fractions are also divided into four categories: mild (water fraction is 0–20%),
moderate (water fraction is 20–50%), severe (water fraction is 50–80%), and inundated area
(water fractions >80%).
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Figure 7. The PDFs of the inundation grades regarding the comparison between the VIIRS floodwater
fraction and CYGNSS-derived ATFII monthly in 2021.

Generally, the inundation grades derived from ATFII well reflect the inundation
dynamics during the observed period and indicate good agreement with the VIIRS. The
CYGNSS-derived inundation grades vary significantly spatially. The PDFs from June to
August outperform other months; in other words, the CYGNSS-derived inundation data
have the best similarity distribution to the ATFII flood distribution data in this period.
Meanwhile, the CYGNSS-derived inundation data have the lowest similarity to the ATFII
flood distribution in January, November, and December. Note that the spatial differences
between the two data can contribute to statistical error.

4.3. Variation Characteristics in CYGNSS-Derived Inundation Data during Extreme Precipitations

For an in-depth analysis of the performance of the CYGNSS-derived inundation
grades, two extreme precipitation events happened in southeast China in 2021, i.e., from 17
to 23 July and from 19 to 25 August, with cumulative rainfalls exceeding 500 mm in some
areas, selected as examples. Figure 8 shows the CYGNSS-derived inundation grades in
southeast China before and after the two extreme precipitations. Obviously, the CYGNSS-
derived inundation grades capture the high-intensity precipitation trends over the central
and the eastern regions (shown by the red circles), respectively.

To demonstrate the CYGNSS-derived inundation grade characteristics, area ratio
structure maps are shown in Figure 8(c1,c2), respectively. The severe and inundated areas
in Figure 8(c1) improve from 14% to 22%, before and after the extreme precipitation, which
occurred from 17 to 23 July 2021. Figure 8(c2) has a similar pattern to Figure 8(c1), with
severe and inundated areas improving from 15% to 20%.

4.4. Validation of the CYGNSS Result with the SMAP SM and GPM Data

Figure 9 shows the results of the ATFII, SMAP SM, and precipitation variations during
the observation period of two points in southeast China (lat: 34.24◦, lon: 113.92◦; lat: 39.12◦,
lon: 116.16◦), respectively. The two points were chosen because of their high cumulative
annual precipitation, both greater than 1000 mm. Three data types of time series were
plotted: ATFII, SMAP SM (m3m−3), and precipitation (mm).

As shown in Figure 9a, more than seven significant precipitation events (>40 mm)
occurred, e.g., on day of year (DOY) 195, 200–202, 234, 244, and 267 during the observation
period. Similar to Figure 9a, four significant precipitation events occurred, i.e., on DOY 183,
192, 210, 262, and 277–280, as illustrated in Figure 9b. Overall, the ATFII result demonstrates
good agreement with precipitation and SMAP SM. Compared with Table 1, when the value
of ATFII is greater than 0.47, the grid is regarded as moderately or severely inundated.
The ATFII shows a high value during the significant precipitation events (box in Figure 9),
which indicates that the area was flooded at this time. However, the ATFII is not always
proportional to the precipitation (e.g., DOY 197–199 in Figure 9a, DOY 216–219 in Figure 9b).
The poor quality of the CYGNSS data at this location may have led to this phenomenon.
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Figure 8. The CYGNSS-derived inundation grades in southeast China before and after two extreme
precipitation events. (a1,a2) Inundation grade distributions before and after the extreme precipitations
which occurred from 17 to 23 July 2021, respectively. (b1,b2) Inundation grade distributions before
and after the precipitation which occurred from 19 to 25 August 2021, respectively. (c1,c2) The area
ratios of (a1,a2,b1,b2), respectively.

It should be pointed out that, after DOY 310, the SMAP SM still has a slight increase.
However, the ATFII and the precipitation do not change substantially. This indicates
that the sensitivity of the ATFII to precipitation is higher than that of the SM. Moreover,
the fluctuations in the ATFII are not as strong as the SM when precipitation is extremely
high, e.g., when precipitation is greater than 100 mm. This may be because, in the ATFII
retrieval algorithm, the maximum SRcali is the mean value of 5% of the largest numbers,
which may have had a slight smoothing effect on the extreme ATFII values, leading to a
slight underestimation.
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Figure 9. Variations in the ATFII, SMAP SM, and precipitation during the observation period of two
points in the two study areas: (a) lat: 34.24◦, lon: 113.92◦, and (b) lat: 39.12◦, lon: 116.16◦.

4.5. A Case Study in Henan Province, China

The MODIS IGBP land cover map of the Henan Province is shown in Figure 10.
Henan Province is located in central China (31.23◦–36.22◦N, 110.21◦–116.39◦E), and its
topography is high in the west and low in the east. It consists mainly of plains and
basins. The average annual rainfall in the region is 500–900 mm. We selected this area
as a case because, in July 2021, a heavy precipitation disaster occurred in Henan due
to the atmospheric circulation situation and the effect of the “Firework” typhoon in the
western Pacific Ocean. On 19 July 2021, the cumulative surface average precipitation in
Henan Province was 88 mm, of which the highest reached 361 mm. On 20–21 July 2021,
heavy precipitation was mainly concentrated in Henan’s western, northern, and central
parts, with a cumulative precipitation of 627.4 mm. The maximum hourly precipitation
on 20 July 2021 was 201.9 mm, which exceeded the historic extreme value for cumulative
hourly precipitation in mainland China [29,30].

To provide consistency with the time series analysis, Figure 11 shows the CYGNSS-
derived inundation grades in Henan Province from 19 July 2021 to 24 July 2021. Here, GPM
precipitation data are also provided as a reference, to show the consistency in the CYGNSS-
derived inundation grades and GPM precipitation. There are significant variations in
CYGNSS-derived inundation grades from 20 July to 23 July due to the extreme precipitation
event. By comparing the inundation results from Figure 11(a1–a6), the flood inundation
is heavier in the northern and central areas, with mainly severe and full inundation grids.
The area ratios of the severe and inundated grids are 0%, 19%, 52%, 56%, 25%, and 9%,
respectively. In contrast, the inundation area is lighter in the southern regions, mainly the
mild, moderate, or non-inundation soil, with similar spatial distribution characteristics
from GPM precipitation. Note that in Figure 11(a4,a5), severe inundation events happened
in the southern area; however, the GPM precipitation in Figure 11(b4,b5) is relatively small.
The relatively severe inundation shown in Figure 11(a4,a5) may have been caused by the
trapping of surface water due to persistent precipitation.
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Table 2 and Figure 12 show the fraction numbers and area ratios of inundation grades
from Figure 11(a1,a6), respectively. From the perspective of continuous days, the area
ratios of the grids with inundation are 54%, 53%, 98%, 98%, 84%, and 52%, respectively.
Inundation was significantly higher on 21 July 2021 and 22 July 2021. In addition, the area
ratios of precipitation greater than 100 mm from 20 July 2021 to 22 July 2021 were approx-
imate 21%, 37%, and 11%, respectively. The inundation grade dynamics are associated
with precipitation changes. Thus, CYGNSS-derived inundation grades perform well in
estimating heavy precipitation.
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and (b1–b6) GPM precipitation distributions.

Remote Sens. 2023, 15, x FOR PEER REVIEW 15 of 19 
 

 

Table 2. The fractions of CYGNSS-derived inundation grades from 19 July 2021 to 24 July 2021. 

Date Non Mild Moderate Severe Full 
19 July 2021 46% 39% 15% 0% 0% 
20 July 2021 47% 8% 16% 18% 11% 
21 July 2021 2% 9% 37% 33% 19% 
22 July 2021 2% 6% 36% 35% 21% 
23 July 2021 16% 29% 29% 19% 6% 
24 July 2021 48% 31% 12% 5% 4% 

 
Figure 12. The area ratios of CYGNSS-derived inundation grades from 19 July 2021 to 24 July 2021. 
(a1–a6) represent the date from 19 July 2021 to 24 July 2021. 

5. Discussion 
5.1. Influences of the Land Type 

To evaluate land cover-related impacts on inundation retrieval, the R values between 
the VIIRS floodwater fraction and CYGNSS-derived ATFII were classified into twelve dif-
ferent land types derived from The International Geosphere-Biosphere Programme 
(IGBP), listed in Table 3. The R values perform well in evergreen needleleaf forest, mixed 
forest, woody savannas, grasslands, croplands, barren or sparsely vegetated, and 
cropland/natural vegetation mosaics, with R values greater than 0.55. Most of these areas 
represent relatively low vegetation cover, with the exception of the forest category. It can 
be concluded that vegetation cover can influence index calculation. Incoherent scattering 
caused by vegetation may contribute to this phenomenon. In contrast, the ATFII-VIIRS 
correspondence in urban and built-up areas performs worst, with R values smaller or 
equal to 0.5. The greater L band retrieval uncertainty in urban areas may lead to this phe-
nomenon [3]. Note that some of the land types have only a few sample numbers for the 
statistics, e.g., evergreen needleleaf forest and barren or sparsely vegetated (number of 
points = 84 and 56, respectively), which may lead to a relatively large potential error. 
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Table 2. The fractions of CYGNSS-derived inundation grades from 19 July 2021 to 24 July 2021.

Date Non Mild Moderate Severe Full

19 July 2021 46% 39% 15% 0% 0%

20 July 2021 47% 8% 16% 18% 11%

21 July 2021 2% 9% 37% 33% 19%

22 July 2021 2% 6% 36% 35% 21%

23 July 2021 16% 29% 29% 19% 6%

24 July 2021 48% 31% 12% 5% 4%
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5. Discussion
5.1. Influences of the Land Type

To evaluate land cover-related impacts on inundation retrieval, the R values between
the VIIRS floodwater fraction and CYGNSS-derived ATFII were classified into twelve
different land types derived from The International Geosphere-Biosphere Programme
(IGBP), listed in Table 3. The R values perform well in evergreen needleleaf forest, mixed
forest, woody savannas, grasslands, croplands, barren or sparsely vegetated, and crop-
land/natural vegetation mosaics, with R values greater than 0.55. Most of these areas
represent relatively low vegetation cover, with the exception of the forest category. It can
be concluded that vegetation cover can influence index calculation. Incoherent scattering
caused by vegetation may contribute to this phenomenon. In contrast, the ATFII-VIIRS
correspondence in urban and built-up areas performs worst, with R values smaller or
equal to 0.5. The greater L band retrieval uncertainty in urban areas may lead to this
phenomenon [3]. Note that some of the land types have only a few sample numbers for
the statistics, e.g., evergreen needleleaf forest and barren or sparsely vegetated (number of
points = 84 and 56, respectively), which may lead to a relatively large potential error.

Table 3. R values for twelve land types.

Land Type Sample Numbers R Value

Evergreen Needleleaf Forest 84 0.67

Evergreen Broadleaf Forest 956 0.58

Deciduous Broadleaf Forest 316 0.56

Mixed Forest 1040 0.59

Woody Savannas 3756 0.67

Savannas 11,839 0.52

Grasslands 3022 0.58

Permanent Wetlands 2390 0.50

Croplands 23,811 0.58

Urban and Built-up 3314 0.46

Cropland/Natural Vegetation Mosaic 3418 0.56

Barren or Sparsely Vegetated 56 0.57

5.2. Feasibility of Using CYGNSS to Detect Sub-Daily Flood Inundation Processes

This section evaluates the feasibility of the retrieved CYGNSS for sub-daily flood
inundation retrieval. Since the CYGNSS has eight small satellites in orbit, it allows CYGNSS
capability to perform sub-daily observations with a short revisit time. Figure 13 shows
the CYGNSS-derived inundation grades in Henan Province, China, from 12 to 18 h and 18
to 24 h on 21 July 2020, respectively. Overall, Figure 13a captures the inundation spatial
inundation pattern and provides the relatively detailed spatial variabilities in inundation.
By contrast, the data in Figure 13b are sparsely distributed and cannot present as much
detailed inundation information as in Figure 13a. Thus, it can be concluded that the
CYGNSS can detect the sub-daily flood inundation processes in fine temporal resolution,
but the performance of spatial distribution varies from hour to hour. Thus, one full day
of the CYGNSS observation is used to evaluate flood inundation and provide the spatial
distribution details.

5.3. Advantages and Limitations

In this study, we propose an index from CYGNSS data to retrieve flood inundation data
and its grade on continuous observing days. The results show that the ATFII can retrieve
flood inundation data with accuracy comparable to remote sensing flood products such as
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the VIIRS. It can be concluded that our advantages exist in: (1) proposing an index model
using CYGNSS data, which has superior abilities to retrieve flood inundation information in
more detail and at rapid timescales, and with the advantages of fast speed and convenience;
(2) classifying inundation states into different grades based on the ATFII values, which
provides a new way of deriving inundation grade variations, where the CYGNSS-derived
inundation grades show stable and robust abilities for identifying inundation states in
different months; and (3) the higher temporal sampling of the CYGNSS compared to more
traditional remote sensing techniques, e.g., passive remote sensing, which can open new
insights into monitoring highly dynamic inundation processes.
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However, there are still some limitations in this study. First, the inundation grade
threshold accuracy depends on the VIIRS flood data. As mentioned above, a spatial scale
mismatch exists between the VIIRS grid and the CYGNSS points. Although the point-to-
pixel matching method is used to reduce this well-known issue, different spatial scales
between the CYGNSS and VIIRS may lead to significant errors. Another limitation is that
no-data grids still exist in the daily flood inundation results. Since the CYGNSS data are
distributed discretely, a simple interpolation may lead to significant discontinuities in the
results and low accuracy. In the future, the algorithm for filling the daily no-data grids will
be a critical issue. The ATFII combined with other flood inundation datasets, e.g., MODIS
and Landsat, is worth consideration.

6. Conclusions

Mapping the distribution of flood inundation is of great importance to understanding
its environmental impacts. In contrast to the state-of-the-art methods focusing on investigat-
ing the feasibility of using CYGNSS signals to obtain flood inundation, this study proposes
an index named ATFII to monitor flood inundation from CYGNSS measurements, and the
grades of flood inundation were quantified. The resulting ATFII shows consistent spatial
patterns with the VIIRS flood product and GPM precipitation data. The main conclusions
include, but are not limited to, the following aspects:

(1) For monthly results, the R value between the VIIRS flood product and ATFII varies
from 0.51 to 0.64, with an acceptable significance level (p < 0.05);

(2) The ATFII is qualitatively consistent with the VIIRS flood product, GPM-derived
precipitation, and SMAP SM. It provides a spatiotemporal distribution of flood inun-
dation with high accuracy;

(3) The CYNSS-derived ATFII can strengthen knowledge and be complementary to the
existing flood products. For example, the CYNSS-derived ATFII can provide helpful
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information on a large scale with vegetation calibration, when the current flood
products have challenges in identifying water under vegetation;

(4) The inundation grade variations classified by the ATFII can capture the spatial varia-
tion in inundation. The results could support the timely retrieval of flood inundation
data and changes in its extent.

Considering these findings, the good quality of the flood inundation results from the
CYGNSS could help in studying the behavior of inundation in response to the projection
of environmental impacts. In addition, since the currently launched spaceborne GNSS-R
missions are very similar in terms of detection mechanisms and data recording modes, the
index is expected to have broad applications for other current and upcoming spaceborne
GNSS-R missions.
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