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ABSTRACT

Numerous studies have demonstrated the effectiveness of
CYGNSS data for flood detection and mapping. However,
the vast majority of the studies only focuses on flood extent
detection, ignoring the importance of flood water levels in
post-disaster relief. Meanwhile, most of the existing studies
on inland water levels altimetry using CYGNSS data are
based on the CYGNSS raw IF data using either the time-delay
method or the phase method for altimetry. Although high
accuracy can be obtained, at present the CY GNSS raw IF data
is not a standard data, so it cannot be applied to the study of
emergency flooding events. Given the above research gaps,
this study proposes an effective method to combine CYGNSS
L1 standard data with DTM for rapid estimation of flood
water levels. The effectiveness of the proposed methodology
is validated using the case of the 2022 Pakistan mega-flood.
Comparison with ICESat-2 altimetry data gives encouraging
results.

Index Terms— GNSS-R, CYGNSS, flood, water level,
water extent

1. INTRODUCTION

NASA Cyclone Global Navigation Satellite System
(CYGNSS) is a constellation of eight GNSS-R LEO micro-
satellites launched in late 2016, each carrying on-board a
GNSS-R payload. Each payload has four GPS L1-band signal
tracking channels that can simultaneously receive four
reflected signals from the Earth's surface. Currently,
CYGNSS has demonstrated that it can be used for
environmental parameter retrieval such as sea surface wind
[1]. sea surface wave height [2], soil moisture [3], and
vegetation biomass [4]. Among them, in the last two years
monitoring surface inundation using CYGNSS data is a hot
research topic. Because it uses L-band signals transmitted by
GPS satellites, CYGNSS is less susceptible to clouds and rain
than optical remote sensing satellites. At the same time, the
short revisit period gives CYGNSS a better chance to monitor
short-term flood events than SAR satellites. The absence of a
specialized transmitter also means that CY GNSS has a much

lower cost than other traditional microwave remote sensing
satellites. The above advantages make CYGNSS uniquely
suited for flood monitoring.

However, most of the existing studies on flood
monitoring using CYGNSS data have focused on flood extent
mapping with very few studies focusing on flood water level
[5], [6]. Nevertheless, flood water level is an important
variable that should not be ignored in emergency response to
flood disasters. Although some works in the literature have
also investigated the feasibility of using CYGNSS data to
retrieve the water levels of inland water bodies, most of them
are based on the CYGNSS raw IF data, and use either time
delay or phase altimetry [7], [8]. Considering that the raw IF
data are not the standard data of CYGNSS, and that both the
time delay and phase altimetry require a certain amount of
computation, at the present time it is almost impossible to
apply them to the retrieval of water level in short-term
flooding events.

Inspired by [9], this study proposes a rapid retrieval
method of flood water levels by combining CYGNSS L1
standard data with Digital Terrain Mode (DTM). The
effectiveness of the proposed methodology is validated using
the 2022 Pakistan mega flood as a case study. As compared
to the IceSat-2 altimetry data, the bias of the CYGNSS results
is about — 0.2 m, the root mean squared error (RMSE) is
about 1.39 m, and the correlation between the two is R2> (.98,
The above results preliminarily validate the effectiveness of
the proposed method for rapid flood mapping.

2. DATA SOURCES AND METHODOLOGY

2.1. Approach to flood water level estimation by
combining DTM data

Digital Terrain Model represents the bare ground without any
objects, such as plants or buildings, and it is commonly used
for applications such as flood or drainage modelling, land use
studies, etc. The DTM data used in this study is FABDEM
(Forest and Buildings removed Copernicus DEM), which is a
global elevation map produced based on Copernicus GLO 30
Digital Elevation Model (DEM) data with building and tree
bias removed. The data cover the globe and are provided in a



1 arc second grid size [10]. Figure 1 illustrates the flood water
level estimation approach based on DTM data proposed in
this study.
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Fig. 1. Approach to estimate the flood water level by
combining flood extension maps from CYGNSS L1 data and
DTM data.

As it can be seen in Fig. 1, before using the flood water
levels estimation method, the surface first needs to be
categorized as flooded, and not flooded. After that, the DTM
data is introduced to transform the 2D surface inundation map
in plain view (Fig. 1(a)) into a 3D surface inundation map
including water levels, as shown in Fig. 1(b). Following the
determination of the boundaries of the flood extent (e.g., m
in Fig. 1(b)), the water levels of m must fall between the
DTM of [ and r. Further approximation, i.c.:

WL, € [DTM,, DTM,] ~ mean(DTM,,DTM,) (1)

After obtaining the water levels at the boundaries, the
water levels within the flood were derived by linearly
interpolating the water levels at the boundaries. In this study
the EGM2008 geoid undulations is used. The orthometric
height of water surface is also referred to as water level.
Given the unique advantages of CYGNSS data for flood
monitoring, we choose to use CYGNSS data to differentiate
between flooded and unflooded surfaces.

2.2. CYGNSS Surface Reflectivity

The CYGNSS data used in this study is the L1 Science Data
Record Version 3.1 [11]. The basic CYGNSS observable is
the Delay-Doppler Map (DDM). The DDM is generated from
the reflections from the Earth’s surface at different locations
near the specular point (glistening zone), and its shape
depends on the surface roughness and the relative motion of
the CYGNSS satellites, the GPS satellites, and the Earth’s
topography. The signal-to-noise ratio (SNR) as well as the
surface reflectivity (SR) obtained from the DDMs are highly
sensitive to the presence of water bodies in the CYGNSS
observation footprint. In general, the larger the proportion of
calm water bodies in the observation footprint, the larger the
proportion of coherent components in the reflected signal
[12], [13], and the larger the SR and the SNR of CYGNSS.
This is also the basic principle of flood detection (including
inland water bodies) using CYGNSS L1 data.

This study utilizes the CYGNSS SR threshold method to
differentiate the flooded state of a surface. That is, when the
SR exceeds a certain threshold, the surface is considered to
be flooded [5], [6], [14]. Besides the threshold method, some
studies have proposed other methods, such as the change
detection method [15], and the DDM coherence detection
method [16], etc. Based on the results in [17], this study uses
the SR of — 11 dB as the threshold. Taking into account the
spatial resolution of the CYGNSS L1 data, all observations
are gridded to 3 km x 3 km in order (o maintain a consistent
spatial and temporal datum. This resolution is roughly the
length of the dwell line per CYGNSS integration time (500
ms), and it is appropriate spatial resolution where there is a
coherent reflection on ground [12],[18]. Meanwhile, due to
the quasi-random spatial distribution properties of the
CYGNSS L1 data, to obtain observations with high spatial
and temporal resolution, the CYGNSS SR is interpolated
every three days using spatial interpolation based on previous
observations (POBI) [19]. Previous studies have
demonstrated the effectiveness of POBI inferpolation in the
detection of short-term flood events from CYGNSS data [20].

2.3. ICESat-2 data

In order to validate the effectiveness of the method to
combine CYGNSS L1 data with DTM information for rapid
estimation of flood water levels, Ice, Cloud, and land
Elevation Satellite 2 (ICESat-2) altimetry data were selected.
ICESat-2 is part of NASA's Earth Observing Systems and is
designed to measure ice-cap heights and sea-ice thickness,
while also providing global topographic measurements of
cities, lakes and reservoirs, oceans, and land surfaces. With
its on-board lidar, Advanced Topographic Laser Altimeter
System (ATLAS) and multiple pulses, ICESat-2 has a very
high altimetry density (10,000 laser pulses a second). The
ICESat-2 L3A Land and Vegetation Height V006 data is used
in this study, and they can be downloaded through the
National Snow & Ice Data Center (NSIDC) [21]. The surface
along-track height data from this dataset is used.

3. RESULTS

The effectiveness of our methodology is validated by using
the 2022 Pakistan mega-flood as a case study. Between June
and October 2022, intense monsoon rains led to the worst
floods in Pakistan's recorded history. The floods killed nearly
2,000 people, and caused cconomic losses of about $15
billion, The surface inundation distribution derived from
CYGNSS SR for August 29-31 and September 2-4, 2022 is
shown in Fig. 2.
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Fig. 2. Distribution of flood extent in Pakistan for August 29-
31 and September 2-4, 2022 (derived from CYGNSS SR),
with blue representing flooded and brown representing
unflooded.

As it can be seen in Fig. 2, the floods occurred mainly in
the Sindh province and the Balochistan province of Pakistan.
The corresponding flood water levels are further calculated
using the flood water levels estimation method incorporating
DTM data presented in Section 2.1. The results of the flood
water level retrieval are given in Fig. 3. along with the
obscrvation tracks of the ICESat-2 data used to validate
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Fig. 3. Distribution of flood water levels in Pakistan on
August 29-31 and September 2-4, 2022 (derived from
CYGNSS SR maps combined with DTM data). Red lines
represent the observation tracks of the corresponding ICESat-
2 satellites used for validation. ICESat-2 data dates: (a)
August 30, 2022; (b) September 3, 2022.

As it can be seen in Fig. 3, the proposed approach to
combine CYGNSS SR, and DTM data successfully retrieved
the water levels of Pakistan floods. Next, our results have
been validated using ICESat-2 altimetry data. The
comparison of ICESat-2 data with CYGNSS flood water
levels retrieval is given in Fig. 4.
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Fig. 4. Correlation of ICESat-2 data and CYGNSS flood
water levels retrievals.

As seen in Fig. 4, the flood water level retrievals obtained
by combining CYGNSS SR and DTM data are strongly
correlated to ICESat-2 data (R* > 0.98). As compared fo
ICESat-2 data, the bias of the CYGNSS-derived results is
about —0.2 m, and the RMSE is about 1.39 m. The good
agreement between the CYGNSS results and the ICESat-2
data initially proves the effectiveness of our proposed method.

4. CONCLUSIONS

This study proposes an effective and fast flood water level
retrieval technique by combining standard CYGNSS L1 data
with DTM information. By iniroducing topographic
information, flood monitoring results including water levels
were successfully obtained. The high consistency of the
comparison with ICESat-2 data in the 2022 Pakistan mega-
flood case study provides the effectiveness of our approach.

In contrast to other existing methods using CYGNSS
data to retrieve inland water levels, which mostly rely on raw
IF data and require a significant amount of computation, our
method is not only more efficient, but also uses CYGNSS L1
standard data, which allows for emergency monitoring of
unexpected flood events [8], [22]. Moreover, as compared to
the longer revisit period of other altimetry satellites (e.g.,
about 90 days for ICESat-2), the shorter revisit period of
CYGNSS data (median/average tevisit time of about
2.8h/7.2h) in conjunction with the POBI method [19], [20]
will be an important complement to the existing satellite
flood mapping capability and altimetry.
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